
DOCTORA L  T H E S I S

H
am

ed B
akhtiari - 

Department of Engineering Sciences and Mathematics
Division of Energy Science

ISSN 1402-1544
ISBN 978-91-8048-164-9
ISBN 978-91-8048-165-6

Luleå University of Technology 2022

Risk-Averse Planning, Operation, 
and Coordination of Energy Systems 

Considering Uncertainty Modeling and 
Flexibility Services

Hamed Bakhtiari

Electric Power Engineering

R
isk-A

verse Planning, O
peration, and C

oordination of E
nergy 

System
s C

onsidering U
ncertainty M

odeling and Flexibility Services

SV
ANENMÄRKET

Trycksak
3041 3042

Print: Lenanders Grafiska, 452075

5598744_Omslag.indd   35598744_Omslag.indd   3 2022-10-24   14:522022-10-24   14:52



DOCTORAL THESIS

Risk-Averse Planning, Operation, and
Coordination of Energy Systems

Considering Uncertainty Modeling and
Flexibility Services

Hamed Bakhtiari

Electrical Power Engineering

https://www.ltu.se/staff/h/hambak-1.181869?l=en


ii



iii

Risk-Averse Planning, Operation, and
Coordination of Energy Systems

Considering Uncertainty Modeling and
Flexibility Services

Hamed Bakhtiari

Department of Engineering Sciences and Mathematics

Division of Energy Science

Electrical Power Engineering

https://www.ltu.se/staff/h/hambak-1.181869?l=en
https://www.ltu.se/org/tvm?l=en
https://www.ltu.se/research/subjects/Energiteknik?l=en


iv



v

Abstract

Uncertainty sources a�ect the planning and operation of energy systems. Di�erent system op-
erators need proper alternatives to cope with these uncertainties and improve the operation of their
systems from technical and economical viewpoints. This thesis focuses on the risk-averse planning,
operation, and coordination of energy systems including the transmission systems, distribution sys-
tems, and stand-alone renewable energy-based microgrids. We develop the existing uncertainty
modeling methods and propose new mathematical models, pricing strategies, and operational co-
ordination frameworks to enhance the ability of system operators to cope with uncertainties in the
real-time operation of the energy systems and the electricity markets.

From the uncertainty modeling viewpoint, when it comes to planning and operation of power
systems with high penetration of renewable energy, since enough �exibility sources may not be
available to cope with the uncertainties in the real-time operation, e�ective uncertainty sources
need to be predicted accurately in the planning stage. Consequently, Bayesian statistics and a
stochastic-probabilistic method based on Metropolis-coupled Markov chain Monte Carlo simulation
are developed to predict the stochastic behavior of uncertainty sources in di�erent energy systems.
We utilized our proposed methods to model the stochastic behavior of wind speed, solar radiation,
the water �ow of a river, electrical load consumption, the behavior of electric vehicle customers, and
the harmonic hosting capacity calculation in di�erent case studies. A novel data classi�cation and
curve �tting methods are also proposed for deriving appropriate probability distribution functions
(PDFs) based on long-term historical data.

We consider demand response programs (DRPs), renewable energy sources, and the dynamic
line rating as the embedded resources to prepare �exibility services in the ancillary service market.
When it comes to utilizing DRPs, the uncertainty in customers' participation and responsiveness
profoundly a�ects the real-time operation of power systems. Therefore, the risk associated with
the utilization of uncertain DR is investigated. Moreover, we evaluate the eligibility conditions for
risk-averse utilization of DRPs and apply the risk management cost to the pricing policy of DRPs.

There are several �exibility service buyers in the power system that aim to activate �exibility
services based on their objectives. Consequently, there are con�icts between the interest of dif-
ferent buyers that a�ect the system operation and pay-o� mechanism in the electricity market.
Accordingly, proper mathematical structures, coordination frameworks, decomposition techniques,
and pay-o� mechanisms are needed to be introduced to enhance the coordination between di�erent
buyers of the �exibility services. Therefore, we propose a look-ahead multi-interval framework for
the TSO-DSO operational coordination problem. We develop the logic-based Benders decompo-
sition technique for our large-scale optimization problem, which is a bilevel mixed-integer linear
programming (MILP) problem.

Finally, the results verify that the proposed uncertainty modeling techniques positively a�ect
the planning and operation of di�erent energy systems, especially stand-alone renewable energy-
based microgrids. It is shown that the uncertainty of DRPs highly a�ected the operation of the
power system and the ancillary service market. The ramping capability of reserves is introduced
as an eligibility condition for risk-averse utilization of DRPs. Dynamic line rating can be used as a
reliable �exibility source in the real-time operation of the power system. Furthermore, the results
show that the proposed TSO-DSO coordination scheme can properly manage the con�ict between
the objectives of di�erent �exibility service buyers. Finally, the Logic-based Benders decomposition
(LBBD) can properly solve a large-scale bilevel MILP problem. The LBBD method also improves
the execution time of MILP problems.
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1 | Introduction

1.1 Background

Nowadays, renewable energy sources (RESs) are being used widely to supply electricity, especially
in remote areas [1]. Combining di�erent energy sources can improve the planning and operation of
energy systems from economic and technical viewpoints. Moreover, considering a hybrid RES-based
system enhances the �exibility of an energy system.

Load consumption is another critical source of uncertainty. The adequacy of reserves, keeping
the energy and power balance in the long-term planning and real-time operation, reliability, and
the capital and operation costs are essential issues in the planning, operation, and coordination of
energy systems [2, 3, 4, 5, 6]. Di�erent system operators use smart grid technologies, such as energy
storage, demand-side management, vehicle-to-grid, dynamic line rating, etc. to deal with these
uncertainties. Since the �exibility alternatives in the real-time operation of energy systems could
be limited, carefully considering these resources of uncertainty in the short-term and long-term
planning procedures will further help the system operators to keep the power balance challenges in
real-time.

Whilst in reality di�erent market participants and system operators including Transmission
System Operators (TSO), Distribution System operators (DSO), retailers, and Microgrid operators
are separate organizations, and they seek to optimize their own networks and objectives individually,
their operational decisions inevitably interact and therefore require a coordination process [2].

This thesis improves the existing uncertainty modeling methods and utilizes them in di�er-
ent problems in energy systems comprising the planning and operation of renewable energy-based
stand-alone microgrids, pricing of demand response programs, pay-o� mechanisms, and TSO-DSO
operational coordination problems.

1.2 Motivation

Uncertainties can highly a�ect the planning, operation, and coordination of di�erent energy systems.
In this thesis, we evaluate the impacts of uncertainty sources on the planning and operation of stand-
alone renewable energy-based microgrids, the risk-averse pricing of demand response programs,
TSO-DSO operational coordination problem, harmonic hosting capacity calculation of a fast EV
charging station, and the utilization of dynamic line rate in transmission systems.

1.2.1 Microgrid Planning

In the long-term planning of energy systems, in particular large electrical power systems, the sources
of uncertainties have not been considered with high temporal resolution. It has happened due to
an extensive range of available alternatives to cope with various sources of uncertainties. Moreover,
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the other reasons for this issue are the di�culty in gathering input data and the computational
complexity [7, 8, 9].

According to the U.S. Department of Energy, a microgrid is �a group of interconnected loads
and distributed energy resources with clearly de�ned electrical boundaries that acts as a single
controllable entity with respect to the grid and can connect and disconnect from the grid to enable
it to operate in both grid-connected or island modes� [10]. Microgrids are a popular alternative
to integrate RESs, which are becoming prevalent [11]. Nevertheless, the uncertainty of RESs is a
challenge not only in designing a RES-based microgrid but also in its operation [3]. This challenge
is becoming more prominent, especially when it comes to planning a stand-alone RES-based micro-
grid [12, 13]. Since there are no adequate alternatives to cope with these uncertainty sources in the
real-time operation of RES-based microgrids, the uncertainty sources should be de�ned carefully
at the planning level [4]. Moreover, uncertainty sources should be modeled in such a way that the
system operator should be able to cope with all scenarios from probability and impact viewpoints.

1.2.2 Risk-Averse Pricing

Demand response programs have recently been utilized to provide ancillary services for an extensive
range of purposes. Interruptible/curtailable demand response program (ICDRP) is part of dispatch-
able loads used during peak hours or emergencies [14]. It comes along with customer incentives that
provide a rate discount or bill credit for accepting to curtail load consumptions. Participants who
do not adjust their consumptions typically are obligated to pay penalties. The program has tradi-
tionally been o�ered only to large industrial and commercial customers.

Due to the uncertainty of customer behavior in a market, risk-based pricing for ICDRP is needed.
It is also necessary to evaluate the eligibility conditions for utilizing uncertain ICDRP as an ancillary
service. Moreover, since customers participate in the ICDRP in a cooperative setting, �nding the
real impacts of each participant on the real-time operation of the power system is required to be
considered in the payo� mechanism.

1.2.3 Dynamic Line Rating

The increased utilization of electric vehicles (EVs), as a part of growing electricity consumption
integration, plays an essential role in making transmission lines congested. Transmission lines are
a critical component of power systems that signi�cantly a�ect the reliable and a�ordable electric
power delivery [15]. The thermal limit is one of the main constraints which restricts the capacity
of the transmission lines. Dynamic line rating (DLR) is a grid-enhancing technology to enable
more e�ective use of the transmission capacity of existing infrastructure. However, one concern in
implementing DLR is to identify suitable transmission lines. Selecting the proper lines for DLR
implementation is necessary to exploit optimally the bene�ts of DLR.

Moreover, the growth in load consumption along with the high integration of electric vehicles
(EV) highlights the potential of DLR utilization for reducing congestion costs and overloading
risks. Nevertheless, the uncertainty of renewable energies and EV load consumption is needed to
be modeled properly to successfully exploit the maximum bene�ts of DLR implementation.

1.2.4 TSO-DSO Operational Coordination

In general, three TSO-DSO coordination frameworks have been proposed in the existing literature
speci�cally the TSO-managed model, the TSO-DSO hybrid managed model, and the DSO-managed
model [16]. In the TSO-managed model, there is a possibility of ine�cient facilitation of services
since the DSO is not responsible for the bid validation process. In the TSO-DSO hybrid-managed
model, since DSO is responsible for the bid validation process, DSO does not utilize the maximum
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capacity of the distribution system due to the lifetime issue. The DSO-managed model is based on
a sequential process in which DSO activates its required service prior to the TSO. The drawback
of the sequential process includes the inability to achieve e�ciency in the overall service allotment,
undesirable cross impacts between buyers, and the possibility of the free-rider strategy [2]. Fur-
thermore, in all proposed frameworks, the DSO and TSO objectives regarding �exibility service
activations have not been considered simultaneously in a market with a one-shot auction and they
mainly focus on di�erent decentralized models. In some articles such as [2, 17, 18, 19], the objective
functions of the TSO and DSO are modeled in the TDO-DSO coordination framework, but in a
sequential procurement process in which DSO activates its required service prior to the TSO [2].
Therefore, a proper operational coordination framework is needed to mitigate the con�icts between
di�erent service buyers in the real-time electricity market.

Additionally, the operational coordination between di�erent service buyers in the real-time op-
eration of energy systems forms a large-scale mixed-integer bilevel linear programming problem. In
this regard, whilst the Karush-Kuhn-Tucker (KKT) conditions are widely used to solve bilevel op-
timization programming problems in one shot [20], our proposed frameworks create computational
challenges which require special techniques. To be more speci�c, the standard Benders decomposi-
tion was proposed for mixed-integer linear programming (MILP) in which all integer variables could
be considered as complicating variables, and thus the standard duality theory could be applied to
the sub-problem to determine the required Benders cuts [21], [22]. If there are numerous binary
variables and complementary slackness conditions, as in our case, the sub-problem still contains
some integer variables since not all variables can be considered as complicating variables. In this
regard, standard duality theory cannot be utilized to determine the Benders cuts since the sub-
problem is no longer convex with zero duality gap [23]. Consequently, a new modi�cation of the
decomposition technique is needed.

There are several modi�cations of the classical Benders decomposition method which can address
integer sub-problems [24, 25, 26], logical propositions [27, 23], and non-linear constraints [28, 29].
However, these methods employ continuous relaxation in the sub-problem to calculate approximated
Benders cuts using the duality theorem. Moreover, these methods are very slow, especially when the
number of binary variables increases [25, 26]. We �nd that the logic-based Benders decomposition
(LBBD) method is the most appropriate method since it allows the sub-problem to be any opti-
mization problem rather than speci�cally a linear or convex nonlinear programming problem [21].
Moreover, our suggested LBBD is tractable for an expansive range of decomposable large-scale pro-
gramming problems with integer decision variables [30]. We use the concept of "inference dual"
in the sub-problem to �nd the tightest bound on the objective function of the master problem as
implied by its current solution. Then, the Benders cuts for the master problem are calculated based
on these bounds [23]. Nonetheless, there is no general method to determine logic-based Benders
cuts and each formulation requires a customized approach [30, 21], which means that a new method
for generating Benders cuts should be developed for any speci�c optimization problem. Therefore,
proposing a new decomposition method to solve large-scale MILP problems in a short duration of
time is necessary.

1.3 Scope

This thesis is directed toward modeling and evaluating the impacts of uncertainty sources in the
optimal planning, operation, and coordination of energy systems. The uncertainty modeling meth-
ods deal with the planning and operation stages of stand-alone renewable energy-based microgrids,
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dynamic transmission line rating in the real-time operation of power systems, hosting capacity cal-
culation in distribution systems, and operational coordination of Transmission-Dsitribution in the
�exibility service activation process.

The evaluation of uncertainty modeling methods in the planning and operation of stand-alone
renewable energy-based microgrids are framed within the following scope:

� In the optimal planning and operation of a stand-alone RES-based microgrid, solar radiation,
wind, and water �ow are considered the primary energy sources. Since a city in the northern
part of Sweden is considered, a few renewable energy sources are available within the year for
planning a stand-alone RES-based microgrid.

� The optimization problem focuses on �nding the optimal size of the energy generation and
storage units based on the aggregated value of hourly load consumption. The details of the
microgrid network topology are not considered in this work.

� The optimization process is done from the technical and economic viewpoints. Since a RES-
based microgrid is taken into account, the environmental viewpoint has not been considered
in the optimization problem.

� Two models comprising stochastic and deterministic simulations are used for modeling the
behavior of uncertainty sources. The retrospective model is a deterministic model that designs
a microgrid based on a selected year's data out of long-term historical data. Subsequently,
Monte Carlo, Markov chain Monte Carlo, and Metropolis-coupled Markov chain Monte Carlo
simulations are considered as stochastic models.

The risk-averse optimal utilization of ICDRP and DLR are framed within the following scope:

� ICDRP has been considered to be implemented at the peak hour of the day.

� Shapley value-based information gap decision theory has been used to evaluate the associated
risk of uncertain ICDRPs.

� The purchasing price of ICDRPs and the penalty of non-responsive participants is determined
based on the Shapely value calculation.

� The proposed methods are implemented on the IEEE 9 bus test system and IEEE 39 bus test
system for ICDRP and DLR utilization, respectively. An AC-OPF has been used to evaluate
the operation of the power system.

� A sensitivity analysis has been performed on the ramping reserve capacity of the system to
evaluate the associated risk of uncertain ICDRP.

� DLR utilization is evaluated from the reliability and risk assessment viewpoints.

� Eligibility conditions for risk-averse utilization of ICDRP programs in the real-time operation
of power systems are considered.

The TSO-DSO operational coordination framework and the logic-based Benders decomposition are
framed within the following frameworks:

� The TSO and DSO are independent non-pro�t �exibility service buyers whose �exibility in-
terests are con�dential and might con�ict with each other. Moreover, neither TSO nor DSO
is willing to reveal their network information. Consequently, we propose a new independent
non-pro�t regulated organization in the real-time �exibility market which is called Flexibility
Market Operator (FMO). The FMO receives all the required information in a short period of
time before power delivery in the power system (perhaps 15 minutes).
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� The proposed FMO has di�erent sub-organizations including anticipation, data collection, and
interface optimizer. Consequently, our new proposed organizational structure for TSO-DSO
operational coordination mechanism includes TSO, DSO, EER, and FMO.

� From the market participants' privacy viewpoint, since our proposed FMO is supposed to
operate only during the ancillary �exibility service market and it is completely independent
of TSO and DSO, privacy issues are mitigated. Furthermore, each sub-organization of FMO
can be considered independent to ensure a high level of participants' privacy.

� The proposed look-ahead multi-interval (LA-MI) operational coordination framework forms a
bilevel MILP problem.

� The system operators are able to cope with the real-time operational uncertainties provided
they are being prepared for the next four hours in the proposed LA-MI framework.

� The fast-decoupled load �ow assumption is considered in the AC-OPF problem.

� We assumed that PV panels and wind turbines are at the service providers' disposal which
means that the service providers embed the constraints and the cost functions of RES into
their submitted bids.

� In all case studies, it is assumed that forward market have cleared so that the objective of the
TSO-DSO coordination framework is to manage the real-time uncertainties using the available
�exibility services o�ered by market aggregators.

� �Turn-down� service activation refers to demand decrease (or generation increase) and vice
versa for �turn-up" service activation.

1.4 Approach

Di�erent approaches are used for three parts of this work. The �rst part is about modeling the
uncertainty sources in the planning and operation of a stand-alone RES-based microgrid. The
second part is about evaluating the associated risk of utilizing uncertain ICDRP and DLR in the
real-time operation of power systems. TSO-DSO operational coordination problem using a look-
ahead multi-interval framework is evaluated in the third part. The list of implemented approaches
is presented as follows.

� The retrospective model is used to model the stochastic behavior of uncertainty sources in
a deterministic way. Monte Carlo simulation, Markov chain Monte Carlo, and Metropolis-
coupled Markov chain Monte Carlo simulation are applied to model the behavior of uncertainty
sources in a stochastic way (Papers A, B, D, and E).

� A novel data classi�cation method is proposed to model the time-dependency in generated
values (Papers A and B). Moreover, a novel curve �tting approach is examined to improve
modeling accuracy of Markov chain states and the long-term probability of uncertainty sources
(Paper A).

� A multi-objective optimization problem has been solved using the particle swarm optimization
(PSO) method. The epsilon-constraint method is used to build the Pareto frontier (Paper B).

� The optimal risk-averse utilization of the demand response program is determined using in-
formation gap decision theory (IGDT). This method helps system operators to be prepared
to cope with the unknown uncertainties of customers' responses (Paper C).
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� Shapley value method is considered in our payo� mechanism which allocated the penalty of
the non-responsive ICDRP participants in a fair way (Papers C).

� The priority list method is considered the process of determining the proper lines for DLR
implementation (Paper D).

� The look-ahead multi-interval framework is proposed for the TSO-DSO coordination problem
in the real-time operation of power systems (Paper F).

� Generalized disjunctive programming is utilized to model the TSO-DSO coordination problem.
Instead of utilizing the big-M method, we employ the generalized disjunctive programming
along with the indicator constraints method to handle complementary slackness conditions
and disjunctive equations (Paper F).

� Logic-based Benders Decomposition (LBBD) is utilized in the proposed coordination problem
to solve a large-scale MILP problem with a huge number of binary variables (Paper F).

1.5 Contributions

The main contributions of this work are:

� Paper A: Using a modi�ed Metropolis-coupled Markov chain Monte Carlo simulation for
modeling the stochastic behavior of uncertainty sources in planning a stand-alone RES-
based microgrid. It also proposes a novel data classi�cation method within the Metropolis-
coupled MCMCS model for simulating the time-dependency in generated samples and cross-
dependency among di�erent uncertainty sources.

� Paper B: Risk-averse optimal planning of a stand-alone RES-based microgrid considering
the e�ective scenarios from probability, impacts, in�nite behavior, and time-dependency
viewpoints. Moreover, benchmarking and analyzing the designed microgrid by the modi-
�ed Metropolis-coupled Markov-chain Monte Carlo simulation model against the designed
microgrids by the retrospective model and the MCS model to show the impacts of di�erent
uncertainty modeling methods on the performance of the microgrid planning problem and
provide qualitative and quantitative comparisons.

� Paper C: Proposing a novel pricing strategy that assigns incentives and penalties regarding
the risk-averse utilization of ICDRP based on the impacts of the cooperative behavior of
participants in a coalition on power system operation. Furthermore, investigating the impact
of ramping capability reserve on the risk-averse optimal utilization of interruptible/curtailable
demand response program using the Shapley value-based IGDT method.

� Paper D: Proposing a new method to select proper lines for DLR implementation considering
the technical and economical aspects of power system operation. Moreover, developing the
existing criteria comprising the risk-based criteria, the expected energy not supplied, the
failure rate, and the economic-based criteria to identify proper lines for DLR implementation.

� Paper E: Evaluating the impacts of uncertainties in harmonic emission from a fast charger
and proposing a new method for including such uncertainties in the harmonic hosting capacity
calculation of an EV fast charging station.
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� Paper F: Implementing the LA-MI framework into the TSO-DSO operational coordination
mechanism for the �rst time using the following two approaches. The �rst is a pragmatic
re�ection of the current state of imperfect information by which the TSO seeks to use empirical
data on past activations by the DSO to have a statistical model of DSO responses in the TSO's
look ahead model. We do include an approach in which the TSO does not have access to DSO
data but just seeks to forecast their actions. Secondly, with the trend amongst regulators
to deal with progressive unbundling and market complexities by creating new intermediary
agents, it is quite likely that a regulator might seek to create a new independently regulated
market operator to ensure impartiality and e�ciency in the allocation of �exibility services.
We refer to this as a Flexibility Market Operator (FMO). The proposed model leads to a
bilevel programming problem in which the TSO and DSO objectives are optimized at the
upper and lower levels, respectively. Moreover, this paper develops the LBBD method for a
bilevel TSO-DSO coordination problem with a scheduling MILP problem at each level. A new
method to generate the logic-based Benders cuts is proposed.

1.6 Societal Aspects

This thesis contributes to the planning, operation, and coordination of energy systems including
transmission systems, distribution systems, and stand-alone renewable energy-based microgrids.
The thesis increases the knowledge of uncertainty modeling methods, risk assessment of microgrid
planning and operation, pricing of demand response programs in the forward electricity markets,
and the coordination framework of transmission and distribution systems in the real-time operation
of the power system.

Utilization and implementation of stand-alone renewable energy-based microgrids try to electrify
residential areas, data centers, agriculture, and telecommunications in rural and remote areas.
From an economic viewpoint, the stand-alone microgrids reduce the cost of network expansion and
decrease the energy price for the end users in rural areas. These microgrids introduce new local job
opportunities in rural areas (design, installation, operation, and maintenance). Moreover, a reliable
and a�ordable supply of electricity using renewable energy-based microgrids helps to promote the
local economy. However, since the uncertainty of renewable energies highly a�ects the process of
planning and operation of these microgrids, developing the existing uncertainty modeling methods
is required to achieve the advantages of utilizing renewable energy-based microgrids.

Demand response programs are valuable sources that can be used as a �exibility source in the
real-time operation of power systems and electricity markets. Demand response programs reduce
the real-time electricity price and the congestion problems in the power systems. These programs
also mitigate environmental problems by decreasing emissions. However, due to the uncertainty of
participants' responsiveness to their contracts, there is a risk associated with the utilization of these
programs in the real-time operation of the power systems. Therefore, this thesis proposes a novel
risk-averse pricing strategy to reduce the impact of uncertainty of demand response programs on
the power systems. Moreover, we evaluate the eligibility condition for the utilization of demand
response programs in the transmission systems.

Since di�erent sources of �exibility including renewable energies, demand response, and energy
storage systems are mainly located at the distribution level, there is a con�ict between the interest
of di�erent service buyers to activate their required �exibility services. In fact, the activated service
by each buyer might have impacts on the the rest of market participants. Therefore, this thesis
proposes a new operational coordination framework to improve the �exibility activation process
and mitigate possible con�icts. The proposed framework and mathematical methods improve the
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real-time operation of the power system and decrease the electricity price and the risk associated
with the uncertainty of renewable energy sources.

Therefore, the impacts of this thesis on society are related to the reliable, risk-averse, low-price,
and environmentally friendly planning, operation, and coordination of energy systems.

1.7 Outline of the thesis

This thesis is organized as follows.
Chapter 2 describes the di�erent stochastic and deterministic methods for modeling the stochas-

tic behavior of uncertainty sources. In Chapter 3, the proposed microgrid planning process is ex-
plained. Chapter 4 is about the Interruptible/Curtailable Demand Response Program. Chapter 5
presents our proposed operational coordination framework. Finally, conclusions and �ndings are
presented in Chapter 6.

1.8 Publications Originated From This Work

� Paper A: Bakhtiari, H., Zhong, J., & Alvarez, M. Predicting the stochastic behavior of un-
certainty sources in planning a stand-alone renewable energy-based microgrid using metropo-
lis�coupled markov chain monte carlo simulation. Applied Energy, 290, 116719 (2021).

� Paper B: Bakhtiari, H., Zhong, J., & Alvarez, M. Uncertainty modeling methods for risk-
averse planning and operation of stand-alone renewable energy-based microgrids. Renewable
Energy(2022).

� Paper C: Bakhtiari, H., Zhong, J., & Alvarez, M. Risk-Averse Pricing Strategy for Demand
Response. IEEE Transactions on Energy Markets, Policy and Regulation(2022).

� Paper D: Hajeforosh S, Bakhtiari H, Bollen M. Risk assessment criteria for utilizing dynamic
line rating in presence of electric vehicles uncertainty. Electric Power Systems Research. 2022
Nov 1;212:108643.

� Paper E: Nakhodchi, N., Bakhtiari, H., Bollen, M., & Sarah, K. R. Including uncertainties
in harmonic hosting capacity calculation of a fast EV charging station. Electric Power system
Research (2022).

� Paper F: Bakhtiari, H., Hesamzadeh, M. R., & Bunn, D. TSO-DSO Operational Coordination
Using a Look-Ahead Multi-Interval Framework. IEEE Transactions on Power Systems (2022).
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Part I

Theoretical Foundation
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2 | Uncertainty Modeling

There are various sources of uncertainty that can signi�cantly a�ect the operation and planning of
power systems. These uncertainty sources should be de�ned and appropriately modeled. Uncer-
tainty modeling is a milestone in the planning and operation of the power system. In this chapter,
di�erent uncertainty modeling methods that have been used in this thesis are presented. It de-
scribes the proposed modi�ed Metropolis-coupled Markov chain Monte Carlo (𝑀𝐶)3 simulation.
The modi�ed model is used to predict the stochastic behavior of di�erent uncertainty sources in
the planning of a stand-alone RES-based microgrid (Paper A and B). A novel data classi�cation
method and a new curve �tting method have been considered within the (𝑀𝐶)3 model. Besides,
information gap decision theory (IGDT) has been presented to evaluate the risk of the utilization
of uncertain ICDRPs (Paper C).

2.1 Uncertainty Modeling Criteria

2.1.1 Well-Known Uncertainty Sources (Papers A and B)

There are several uncertainty sources in the process of the planning and operation of RES-based
microgrids. Renewable energy generation is the primary source of uncertainty. The uncertainty of
electrical load consumption also signi�cantly a�ects the process.

Representative PDFs (probabilistic method), membership functions (possibilistic method), and
forecasting methods can appropriately model the uncertainty of RES, load consumption, and elec-
tricity price. These sources of uncertainty are called well-known uncertainties. System operators and
decision-makers can model the stochastic behavior of these uncertainty sources based on long-term
historical data.

Uncertainty sources can be modeled as a deterministic or stochastic model. There are several
criteria to model the stochastic behavior of uncertain variables comprising time-dependency, conti-
nuity of values, long-term behavior, the connection between di�erent uncertainty sources, probability
distribution function (PDF), and considering all scenarios from probability and impact viewpoints
(Paper A and B). Time-dependency signi�es that there should be a relationship between generated
values and the date and time of day.

2.1.1.1 Grid-Connected RES-Based Microgrids

Several uncertainty modeling method have been considered to model the stochastic behavior of
uncertain variables. In each method, some of aforementioned criteria have been considered. Fore-
casting methods have been used in several articles to model the uncertainty sources in the planning
of a grid-connected microgrid [3, 31, 32, 33]. These methods can model time-series, seasonality, and
long-term trend of uncertain variables for a speci�c time duration in the future. Nonetheless, there
are some problems associated with using well-known forecasting methods (i.e., ARMA, ARIMA,
and SARIMA) to design a stand-alone RES-based microgrid. Some occurrences in the past with
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rare probability (e.g., one stormy day in the last ten years) can not be generated by these methods.
Since the upstream network is considered a prominent �exibility source in planning a grid-connected
microgrid, the possible problems due to these occurrences could be �xed by support from the up-
stream network. Notwithstanding, there is no access to the upstream network in a stand-alone
RES-based microgrid. Consequently, the system planner should be prepared for all scenarios from
probability and impact viewpoints. Moreover, the PDF of uncertain variables can not be simulated
accurately using forecasting methods with a limited number of scenarios. Therefore, the retrospec-
tive and Monte Carlo simulation (MCS) models have been commonly used in planning a stand-alone
RES-based microgrid.

2.1.1.2 Stand-Alone RES-Based Microgrids

The retrospective model is one of the prevailing methods that considers one year out of long-term
historical data as a worst-case scenario [34, 35, 36, 37]. It is a deterministic method to model
uncertain variables' stochastic behavior. This method can represent the continuity of values, time-
dependency, and the connection between di�erent variables. Since RESs do not have a completely
periodic behavior, it is improbable to �nd a speci�c year out of long-term historical data in which
all possible scenarios with high probabilities and impacts be covered. Consequently, a year with
maximum load consumption, as the worst-case scenario, has been considered for all uncertain vari-
ables to design a microgrid in [35, 37]. For example, if the maximum load consumption had been
recorded in 2019, historical data of that year is considered for all uncertain variables. Notwith-
standing, when it comes to the planning and operation of a stand-alone RES-based microgrid, other
uncertainty sources (e.g., wind speed, solar radiation, water �ow) also have a signi�cant impact.
Therefore, considering the maximum load consumption as the only criterion does not necessarily
mean that the worst scenarios have been included [38]. Alternatively, for each source of uncertainty,
the worst-year has been considered in [34, 36]. Nevertheless, this concern is associated with three
problems: the occurrence probability of the selected years' values is too scarce; the optimization
process leads to an oversized microgrid; and the relationship between di�erent uncertainty sources
(e.g., inverse relationship between temperature and load consumption in Winter in the northern
part of Sweden) will be missed. Therefore, it is concluded that a stand-alone microgrid should be
designed using stochastic based methods [39, 40, 41, 42].

The MCS model is a prevalent method that has been used to predict the stochastic behavior
of uncertain variables in the planning of stand-alone RES-based microgrids [13, 40, 41, 43]. The
MCS generates stochastic samples based on the �tted PDF of uncertainty sources. The �tted
PDF can be simulated accurately using the MCS method. Therefore, there is a high correlation
between the �tted PDFs of long-term historical data and the histogram of predicted values by MCS.
Nevertheless, the lack of some information is associated with predicted values. The simple MCS
can only generate discrete time-independent scenarios accurately. However, di�erent continuous-
time-dependent uncertainties (e.g., time-dependent behavior of load consumption, wind speed, solar
radiation, water �ow) a�ect the planning and operation of stand-alone RES-based microgrids. For
instance, when wind speed (or water �ow) is too high, it will stay high for a couple of hours due
to windy (or rainy) days. Since the simple MCS generates samples in a time-independent process,
it can not predict windy, rainy, and snowy days. In addition, one �tted PDF is considered to
predict the stochastic behavior of uncertain variables with MCS in [44, 45, 46]. Generating samples
using only one �tted PDF have two signi�cant problems: there is no time-dependency in generated
values (i.e., the relationship between generated values and the day's date and time); there is no
relationship between the generated values of di�erent uncertainty sources. For instance, MCS may
generate maximum solar radiation at night in the winter. Moreover, there is an inverse relationship
between temperature and load consumption in the northern part of Sweden. The generated value
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of load consumption should be high when the temperature is low, but take into account only one
�tted PDF cannot generate such values. Subsequently, using a simple MCS con�nes the utilization
of renewable energy sources in the planning of stand-alone RES-based microgrids [13, 47].

The scenario-based approach has also been used within the MCS method. Nevertheless, this
approach can only reduce the computational complexity of MCS [44, 39, 48, 49]. Therefore, using
a simple MCS with one PDF is not accurate enough for predicting the continuous time-dependent
variables. Subsequently, the data classi�cation methods are needed to be implemented based on the
long-term historical data to generate values with time-dependency. It is also required to represent
the possible relationship between di�erent uncertain variables.

Markov chain Monte Carlo simulation has also been proposed to predict the stochastic behavior
of uncertain variables [50]. This method can generate samples with regards to the continuity of
generated values, the long-term behavior, and the �tted PDF of uncertain variables. Nonetheless,
due to the existence of multimodal PDFs of uncertain variables in the planning of stand-alone
RES-based microgrids, the convergence rate of the MCMC model is prolonged (or infeasible) [51].
Therefore, (𝑀𝐶)3 has been introduced to simulate the stochastic behavior of uncertain variables
with multimodal PDF in [52].

However, when it comes to planning a stand-alone RES-based microgrid, there is a lack of
knowledge with regard to applying (𝑀𝐶)3 to predict uncertain variables' stochastic behavior. In
this section, a modi�ed (𝑀𝐶)3 method is proposed by applying a novel data classi�cation and curve
�tting method to the (𝑀𝐶)3 simulation model. The advantages of using the modi�ed (𝑀𝐶)3 in
planning a stand-alone RES-based microgrid are compared with other methods in table 2.1.

Table 2.1: Comparison between di�erent methods to model the stochastic behavior
of uncertainty sources.

Characteristic Forecasting methods Retrospective model MCS simulation Modi�ed (𝑀𝐶)3

Time-dependency 3 3 3

Continuity of values 3 3 3

Long-term behavior 3 3

CBDUS* 3 3

PDF 3 3

HPIS** 3 3 3

Stochastic 3 3 3

* Note: CBDUS stands for conncetion between di�erent uncertainty sources.
** Note: HPIS stands for generating all scenarios from probability and impact viewpoints.

2.1.2 Uncertain Uncertainty Sources (Paper C)

Most of the uncertainty sources can be modeled using representative PDFs, membership functions,
forecasting methods, or determining pre-de�ned uncertainty sets. However, there are some un-
certainties (which are called uncertain uncertainty) in which the stochastic behavior of uncertain
variables can not be modeled using the methods mentioned above. Mainly there are two reasons:

� The stochastic behavior of such an uncertain variable is unknown.

� There is not enough information available.

The �nal response of ICDRP participants to the agreement is one of the uncertain uncertainty
sources. Based on di�erent interests, each consumer voluntarily decides on enrolling in ICDRPs and
subsequently responding at the due time [53, 54]. The �nal response to the contract depends on
participants' conditions (i.g., social behavior, revenue, incentives, and penalties). If the result of the
decision-making process is positive at due time, participants will respond to the contract. In practice,
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they often do not react despite being registered to participate. Consequently, ICDRP utilization
imposes a signi�cant burden of risk upon system operation [55, 53, 56, 57]. This uncertainty can
profoundly a�ect the advantages of using ICDRP as an ancillary service. Information gap decision
theory technique is one of the prevalent method to evaluate the associated risk of these uncertainty
sources.

2.2 Data Classi�cation Method (Papers A and B)

A novel data classi�cation method has been proposed for using within (𝑀𝐶)3 simulation to model
time-dependency and possible relationships between di�erent uncertainty sources. Long-term his-
torical data is divided into di�erent data sets called time-slices. Determining the minimum number
of time-slices is necessary from the computational and accuracy points of view. The correlation
between adjacent samples, along with the periodic behavior of them, is taken into account to deter-
mine the minimum number of time-slices. Figure 2.1 illustrates the concept of adjacent and periodic
sampling areas. The adjacent sampling creates data sets by considering the resemblance between

Figure 2.1: The illustration of the concept of adjacent and periodic sampling areas
(based on historical data). The length and number of time-slices (e.g., di�erent hourly

intervals in monthly or quarterly periods ) should be optimized.

adjacent hourly values in long-term historical data. The periodic sampling determines how long a
generated adjacent set continues. Figure 2.2 shows the �owchart of this classi�cation method.

Determining the minimum number of time-slices, by taking into account the adjacency and
periodic correlation, de�nes an optimization problem. The optimization problem, to achieve this
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Figure 2.2: Flowchart of the data classi�cation procedure

goal, is presented as follows.

min 𝑍 =

𝑁𝑃𝐷∑︁
𝑖=1

𝑁𝑇 𝑆𝑖 (2.1)

Subject to
1 ≤ 𝑁𝑇 𝑆𝑖 ≤ 24 ∀ 𝑖 ∈ 𝑁𝑃𝐷 (2.2)

1 ≤ 𝑁𝑃𝐷 ≤ 365 (2.3)

𝑁𝑇𝑆𝑖∑︁
𝑘=1

𝑆𝑁 𝑘 = 24 (2.4)
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𝑁𝑃𝐷∑︁
𝑛=1

𝐷𝑁𝑃𝐷𝑛
= 365 (2.5)

𝑟
(
𝑇𝑆𝑆𝑁𝑡

, 𝑇𝑆𝑆𝑁𝑡+1

)
≥ ϵ 1 ≤ 𝑡 ≤ 𝑆𝑁𝑇 𝑆𝑖 (2.6)

𝑟
(
𝑃𝑆𝑑 , 𝑃𝑆𝑑+1

)
≥ η 1 ≤ 𝑑 ≤ 𝐷𝑁𝑃𝐷𝑛

(2.7)

Where 𝑍 is the total number of time-slices, 𝑇𝑆 represents a time-slice, 𝑃𝐷 is a periodic duration
with the same time-slices, and 𝑁𝑃𝐷 is the total number of periodic duration. The numbers of days
and time-slices in each 𝑃𝐷 have been presented by 𝐷𝑁𝑃𝐷 and 𝑁𝑇 𝑆, respectively. Constraint (2.2)
represents that the number of time-slice in each periodic duration should be within the speci�c
boundary. In other words, as can be seen in �gure 2.1, there should be less than 24 time-slices (𝑇𝑆)
in each periodic duration (𝑃𝐷). Constraint (2.3) depicts that there should be less than 365 periodic
data sets. As shown in �gure 2.1, it means that at most, each day of a year can be considered as
a periodic duration. In accordance with (2.4), the summation of the hourly interval of time-slices
(𝑆𝑁), in each periodic interval, should equal to 24 hours. According to (2.5), the summation of the
daily duration of periodic intervals should equal to 365 days. Constraints (2.6) and (2.7) represent
that the Pearson correlation coe�cient (PCC) between adjacent (𝑇𝑆𝑆𝑁 ) and periodic samples (𝑃𝑆)
should be higher than the de�ned minimum level. The PCC is de�ned by (2.8) [58].

𝑟 (𝑋,𝑌 ) =
∑𝑛
𝑖=1(𝑥𝑖 − 𝑥) (𝑦𝑖 − 𝑦)√︁∑𝑛
𝑖=1(𝑥𝑖 − 𝑥)2(𝑦𝑖 − 𝑦)2

(2.8)

The proposed data classi�cation method classi�es the historical data of uncertain variables into
di�erent time-slices based on its variation. Consequently, it connects the variation of an uncertain
variable and the date and time of day. Besides, it can represent the possible connection between
di�erent uncertainty sources.

2.3 Curve Fitting Method (Paper A)

Uncertain variables with unimodal PDF (e.g., wind speed) can be appropriately �tted using well-
known distribution functions (e.g., Weibull, Rayleigh, Normal,etc). Nevertheless, since there are
several uncertainty sources with multimodal PDFs in the planning and operation of stand-alone
RES-based microgrid, using well-known unimodal PDFs to �t the PDF of these uncertainty sources
cannot represent the behavior of uncertain variables accurately. Therefore, since the accuracy and
convergence of (𝑀𝐶)3 strongly depend on �tted PDFs (prior distribution), particular emphasis
should be laid on using a proper curve �tting method within the (𝑀𝐶)3 model. In this section, a
new curve �tting method is proposed to determine the PDF of each time-slice. The histogram of
each time-slice is divided into di�erent sections. One PDF is selected, out of Normal, Beta, and
Uniform distributions for each section of the divided time-slice. Afterward, the weighting method is
used to assign a value to the selected PDF. Accordingly, in each section, the occurrence probability
of samples is determined by multiplying the weighted value by the probability of combined PDFs.
The correlation between the histogram of historical data and the combined PDFs should be higher
than the de�ned minimum level in each section. Moreover, the ultimate �tted PDF should have a
maximum correlation with the histogram of the main time-slice. Finally, the proposed model will
end up with a multi-combination PDF comprising Beta, Normal, and Uniform distributions. The
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optimization problem is presented as follows to achieve this goal.

max 𝐶𝑇 = 𝑟 (θ𝐻𝑇
, θ́𝑇 ) (2.9)

Subject to

θ́𝑇 (𝑥) =
𝑁𝑑𝑠∑︁
𝑖=1

𝑓 𝑥𝑖 (𝑥)𝐷𝑠𝑖 (2.10)

𝑁𝑑𝑠∑︁
𝑖=1

𝐷𝑠𝑖 = 1 (2.11)

𝑁𝑑𝑠∑︁
𝑖=1

∫ 𝑚𝑎𝑥 (𝑑𝑠𝑖)

𝑚𝑖𝑛(𝑑𝑠𝑖)
𝑓 𝑥𝑖 (𝑥)𝐷𝑠𝑖𝑑𝑥 = 1 (2.12)

𝑟
(
𝐻𝐶𝐷𝑆𝑖 , 𝐻𝐶𝐷𝑆𝑖

)
≥ ξ (2.13)

Where θ𝐻𝑇
is the histogram of the long-term historical data, 𝑓 𝑥𝑖 is the occurrence probability

of each sample, 𝑁𝑑𝑠 is the number of divided sections, and 𝑑𝑠 represents each section. The opti-
mization process aims to maximize the correlation between the histograms of historical data and
the determined PDF. The length of each section, weighted value, has been represented by 𝐷𝑠𝑖.
The minimum level of PCC is de�ned by ξ. The ultimate result of the curve �tting method, the
histograms of historical data and calculated PDF for each 𝐷𝑠𝑖, have been represented by θ́𝑇 , 𝐻𝐶𝐷𝑆𝑖 ,
𝐻𝐶𝐷𝑆𝑖 , respectively. Equation (2.10) represents that the �nal result of the optimization problem
for determining the PDF of each time-slice is based on the aggregated impact of selected PDFs in
di�erent sections. According to equation (2.11), the summation of weighted values should be one.
Equation (2.12) depict that the total probability of occurrence of each time-slice must be equal to
one. In accordance with (2.11), the correlation between the histograms of historical data and cal-
culated PDF in each 𝐷𝑠𝑖 should greater than determined value. The �owchart of the implemented
optimization procedure is shown in �gure 2.3.

2.4 Metropolis-Coupled Markov Chain Monte Carlo Simulation (Pa-
pers A, B, and D)

Markov chain Monte Carlo simulation (MCMCS) combines the concept of the Markov chain and
MCS model, which is becoming more prevalent [50]. Due to the presence of multimodal PDFs
and the steep-sided ridges in the likelihood functions, the convergence of the MCMC model is time-
consuming [51]. Consequently, in this study, a modi�ed (𝑀𝐶)3 simulation has been used to improve
the process of predicting the stochastic behavior of uncertain variables. The (𝑀𝐶)3 simulation is a
modi�cation of MCMCS, which increases the number of chains to search for the whole landscape
of samples [52]. The (𝑀𝐶)3 simulation has an iterative process which works as follows [52]:

� Consider \𝑖 as a current state. For each possible chain (𝑖 ∈ {1, .., 𝑛}), a random value, \́𝑖, is
generated. In each iteration of (𝑀𝐶)3 simulation, the posterior distribution function is raised
to the power of a fractional value of the number of chains (𝛽𝑖). Then, the decision about the
acceptance of \́𝑖 is made by comparing a randomly generated number (i.e., out of uniform
distribution function in the interval of zero to one) with the following formula:

𝑅𝑖 = 𝑚𝑖𝑛

{
1,

(
ℎ(𝑋 |\́𝑖)
ℎ(𝑋 |\𝑖)

× 𝑓 (\́𝑖)
𝑓 (\𝑖)

)𝛽𝑖
× 𝑔(\𝑖)
𝑔(\́𝑖)

}
(2.14)
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Figure 2.3: Flowchart of the curve �tting optimization procedure

If 𝑅𝑖 is greater than the randomly generated number, \́𝑖 will be accepted.

� Two randomly selected chains (𝑘 and 𝑗) are chosen to exchange states. Then, the decision
about the swap acceptance is made by comparing a new randomly generated number (i.e., out
of uniform distribution function in the interval of zero to one) with the following formula:

𝑅 = 𝑚𝑖𝑛

{
1,
ℎ(\𝑘 |𝑋)𝛽 𝑗 ℎ(\ 𝑗 |𝑋)𝛽𝑘
ℎ(\ 𝑗 |𝑋)𝛽 𝑗 ℎ(\𝑘 |𝑋)𝛽𝑘

}
(2.15)

If 𝑅 is greater than the randomly generated number, the proposed swap will be accepted.

Where \𝑖 and \́𝑖 have been considered as the current and proposed states for chain 𝑖, func-
tions ℎ and 𝑓 are the likelihood and prior distribution functions, and 𝑔(\́𝑖) is the probability of
proposing the new state.

A prior distribution and a likelihood function are required to implement the (𝑀𝐶)3 simulation
model for predicting the stochastic behavior of uncertain variables. In the proposed data clas-
si�cation method, the adjacent and periodic correlated samples have been taken into account to
divide the historical data into several time-slices. One likelihood function is determined for each
time-slice regarding the concept of stochastic transition probability matrix (STPM) in the Markov
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chain model. Afterward, for each de�ned time-slice, one prior distribution function is determined
by using the proposed curve �tting model. The curve �tting method is crucial because it has a sig-
ni�cant impact on calculating the STPM of the posterior distribution function. Figure 2.4 explains
the process of predicting the stochastic behavior of uncertainty sources using the modi�ed (𝑀𝐶)3
simulation.

Figure 2.4: The process of the modi�ed (𝑀𝐶)3 simulation model for predicting
the stochastic behavior of uncertain variables in planning a stand-alone RES-based

microgrid.

A cluster of Markov chains and a discrete Markov process, which have been mentioned in [59,
60], are implemented in this study. Two Markov chain models have been considered in the modi�ed
(𝑀𝐶)3 simulation model. One Markov chain model has been assigned to each uncertain variable.
Moreover, another Markov chain has been considered for each time-slice. According to these mod-
els, the width of input data variation is divided into equal sections to de�ne each Markov chain
state. Twenty and ten states are considered for each uncertain variable and time-slice, respectively.
Therefore, one Markov chain with ten states is assigned to each time-slice. Besides, one Markov
chain with 20 states is considered for each uncertain variable.

Matrices 𝑇𝑆 and 𝑇𝑆 illustrate the STPMs of historical data and the generated posterior distri-
bution in each time-slice, respectively.

𝑇𝑆 =


𝑃𝑆𝑎𝑎 𝑃𝑆𝑎𝑏 ... 𝑃𝑆𝑎 𝑗
𝑃𝑆𝑏𝑎 𝑃𝑆𝑏𝑏 ... 𝑃𝑆𝑏 𝑗
... ... ... ...

𝑃𝑆 𝑗𝑎 𝑃𝑆 𝑗𝑏 ... 𝑃𝑆 𝑗 𝑗


𝑇𝑆 =


𝑃𝑆𝑎𝑎 𝑃𝑆𝑎𝑏 ... 𝑃𝑆𝑎 𝑗
𝑃𝑆𝑏𝑎 𝑃𝑆𝑏𝑏 ... 𝑃𝑆𝑏 𝑗
... ... ... ...

𝑃𝑆 𝑗𝑎 𝑃𝑆 𝑗𝑏 ... 𝑃𝑆 𝑗 𝑗


Multiplying the STPM repeatedly by itself shows the steady-state probability of uncertain vari-

ables. In this work, the steady-state values of STPM are considered as an additional criterion to
improve the process of predicting the stochastic behavior of uncertain variables. The long-term
historical data contains the behavior of uncertain variables from several years ago until now. In the
modi�ed (𝑀𝐶)3, samples should be generated in such a way that the steady-state matrices of the
posterior distribution and long-term historical data have a high PCC.

(𝑇𝑆)𝑛 ' (𝑇𝑆)𝑛 (2.16)
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The optimization process aims to maximize the PCC between (𝑇𝑆)𝑛 and (𝑇𝑆)𝑛 for each time-slice
as well as all 8760 predicted samples. As a result of this, the generated posterior distribution (i.e.,
8760 predicted samples) can represent the long-term behavior of the uncertain variables properly.
The optimization problem, to achieve this goal, is presented as follows.

max 𝑀𝑇 = (
𝑁𝑇𝑆∑︁
𝑖=1

Υ𝑇𝑆𝑖
) + Υ𝑇 (2.17)

Subject to

Υ𝑇𝑆𝑖
= 𝑟

(
(𝑇𝑆𝑖 )𝑛, (𝑇𝑆𝑖 )𝑛

)
(2.18)

Υ𝑇 = 𝑟

(
(𝑇𝑇 )𝑛, (𝑇𝑇 )𝑛

)
(2.19)

𝑟

(
𝐻𝑆𝑖 , 𝐻𝑆𝑖

)
≥ γ (2.20)

𝑟

(
𝐻𝑇 , 𝐻𝑇

)
≥ θ (2.21)

Where 𝑀𝑇 is the summation of the total PCC between the steady-state values of the generated
samples and the long-term historical data (Υ𝑇 for 8760 predicted values and Υ𝑇 𝑆𝑖 for each time-
slice). The STPMs of the historical data and 8760 predicted values are presented by 𝑇𝑇 and 𝑇𝑇 .
Equations (2.20) and (2.21) represent the minimum de�ned level of PCC between the predicted
samples and historical data for each time-slice and 8760 predicted values, respectively. The his-
tograms of historical data and predicted samples, for each time slice and 8760 predicted values, are
represented by 𝐻𝑆𝑖 , 𝐻𝑆𝑖 , 𝐻𝑇 , 𝐻𝑇 , respectively.

2.5 Information Gap Decision Theory (Paper C)

The IGDT method presents e�cient and robust solutions when enough information about uncertain
variables, such as probability density function and membership function, is not available [61]. In
other words, it can determine the maximum tolerable uncertainty for the requisite cost target. A
general form of optimization problems is as follows [62].

min
𝑋

𝑍 = 𝑓 (𝑋,Ψ) (2.22)

𝐺 (𝑋,Ψ) ≤ 0 (2.23)

𝐻 (𝑋,Ψ) = 0 (2.24)

Ψ ∈ 𝑈 (Ψ̄, 𝛼) (2.25)

Where, 𝑍 is the objective function, 𝑋, Ψ, Ψ̄, and 𝛼 are the decision variables, input uncertain
parameters, the forecasted value of Ψ, and uncertainty radius, respectively. Inequality and equality
constraints are shown by (2.23) and (2.24), respectively. The uncertainty set of the uncertain input
parameters 𝑈, in (2.25), is presented as follows.

𝑈 (Ψ̄, 𝛼) = {Ψ : |Ψ − Ψ̄| ≤ 𝛼Z } (2.26)

where, Z is a known function which dictates the shape of the envelope, and the radius of uncertainty
(𝛼) determines the size of the envelope which is also uncertain.

When it comes to the IGDT method modeling, depending on the decision-makers' perspective,
there are two main strategies. The �rst one is chosen by conservative decision-makers, which is
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called the risk-averse approach. The latter one is the opportunity seeker, which is the choice of
optimistic decision-makers. In this work, a robust decision-making approach is needed due to the
importance of power balance in the power system operation. Consequently, the risk-averse strategy
is used to ensure the robustness of the objective function against the participant's uncertainty for
responding to the ICDRP contract.

At the �rst step, which is called the base case, it is assumed that the uncertain variable is
precisely equal to the predicted value. It means that in the base case problem, no uncertainty exists
in the model, so the radius of uncertainty would become zero. Therefore, the objective function
value is obtained without any uncertainty consideration. The base case is formulated as follows:

min
𝑋

𝑍bc = 𝑓 (𝑋, Ψ̄) (2.27)

𝐺 (𝑋, Ψ̄) ≤ 0 (2.28)

𝐻 (𝑋, Ψ̄) = 0 (2.29)

The base case optimization problem in (2.27)-(2.29), �nds the base value of the objective function
(i.e. 𝑍𝑏𝑐).

At the risk-averse strategy, the uncertainty of the parameter adversely a�ects the objective
function. The uncertainty of the parameter Ψ deteriorates the objective function value compared
with the value obtained in base case. Consequently, this strategy �nds the maximum tolerable
uncertainty radius for input parameters subject to a predetermined value of worsening the objective
function from its base value (i.e., 𝑍𝑏𝑐). It means that the optimal values of decision variables are
determined so that the maximum tolerable radius of uncertainty is attained for a preset allowable
deterioration of the objective function. Therefore, the risk-averse strategy is expressed as follows.

𝛼𝑐 = max
𝑋,Ψ

𝛼 (2.30)

Subject to:

𝑓 (𝑋,Ψ) ≤ Γ𝑐 (2.31)

𝐺 (𝑋,Ψ) ≤ 0 (2.32)

𝐻 (𝑋,Ψ) = 0 (2.33)

Ψ ≤ Ψ̄ × (1 − 𝛼) (2.34)

Γ𝑐 = 𝑍
𝑏𝑐 × (1 + 𝛽) (2.35)

0 ≤ 𝛼 ≤ 1 (2.36)

Γ𝑐 is the tolerable threshold of the objective function, which is speci�ed by decision maker. It
is de�ned as 𝛽 percent of increase in base case value of objective function (𝑍𝑏𝑐). It is noteworthy
that 𝛽 is greater than zero (i.e. 0 ≤ 𝛽). Also, 𝛼𝑐 is the maximum radius of uncertainty, which could
be attained, subject to the preset value of 𝛽.

2.6 Results and Discussions

The historical data of a city, in the northern part of Sweden, have been used as the input data
to test the modi�ed (𝑀𝐶)3. The daytime length varies from 3 hours (in Winter) to 22 hours (in
Summer). The hottest and coldest temperatures ever recorded in the city are 34°C and −36°C,
respectively. The uncertain variables in planning a RES-based microgrid include wind speed, solar
radiation, water �ow, load consumption, and electricity price. In this study, all simulations are
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carried using over 15 years of historical data. Moreover, the modi�ed (𝑀𝐶)3 simulation model has
been benchmarked against retrospective, simple MCS, and modi�ed MCS models.

The historical data have been classi�ed in di�erent time-slices using the concept of adjacency and
periodic sampling in the proposed data classi�cation method. The results have been presented in
table 2.2. The number of time-slices depends on the uncertain variables' variation and is determined
using the optimization process. Due to the high monthly, weekly, and hourly variation in solar
radiation in the northern part of Sweden, large numbers of time-slice have been determined to
model solar radiation's stochastic behavior. There are 49 time-slices for modeling solar radiation.

Table 2.2: The results of the proposed data classi�cation method for the uncertain
variables.

Uncertain
Variable

The number of
time-slices

The range of
adjacent samples

The range of
periodic samples

Solar radiation 49 2hr-18hr 2 weeks-2 months

Wind speed 12 24hr Monthly

Water �ow 12 24hr Monthly

Load consumption 26 2hr-8hr Quarterly

Electricity price 51 2hr-12hr One-three months

Moreover, the daily and monthly variation in electricity prices and load consumption are not
too high. Nevertheless, due to high hourly variation, 51 and 26 time-slices have been considered
for modeling the electricity price and load consumption, respectively. On the contrary, since the
monthly, daily, and hourly variation of wind speed and water �ow is low, a small number of time
slices have been considered for these uncertain variables. In other words, one time-slices has been
determined for each month.

Afterward, a prior distribution function (i.e., a �tted representative multimodal PDF) has been
determined for each time-slice using the proposed curve �tting method. For instance, the curve
�tting results for a time-slice of electricity price in Summer have been illustrated in �gure 2.5 and
table 2.3.

Figure 2.5: The result of the proposed curve �tting method for the electricity price
of a time-slice in summer (00:00∼08:00).
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Table 2.3: The result of the proposed curve �tting method for the electricity price
of a time-Slice in Summer (00:00∼08:00).

Uniform
distribution

Selected
distribution function

Coe�cient A
(Shape)

Coe�cient B
(Scale)

Electricity price
(𝑆𝐸𝐾/𝑀𝑊ℎ)

Min Max Min Max

0 0.033 Beta 2.97 0.8 0 55

0.033 0.117 Beta 23.2 23.4 15 135

0.117 0.183 Beta 1.98 0.95 40 130

0.183 0.283 Beta 2.01 0.96 120 205

0.283 0.467 Normal N∼(225,15) - - -

0.467 0.783 Normal N∼(275,25) - - -

0.783 0.817 Uniform - - 320 380

0.817 1 Normal N∼(480,70) - - -

In each iteration of MCS and modi�ed (𝑀𝐶)3, to generate random values using results in
table 2.3, a uniformly distributed random number is generated. According to the magnitude of the
randomly generated number (compare to the �rst two columns), one row's information in table 2.3
is selected. Afterward, one number, based on the selected distribution function, is generated. The
prior distribution function will be formed by continuing this process for a large number of iterations.
As shown in �gure 2.5, there is a high correlation between the histogram of historical data and the
�tted multimodal PDF in the selected time-slices. The proposed carve �tting method improves the
accuracy of determining the representative multimodal PDFs in planning a RES-based microgrid,
modeling uncertain variables' long-term behavior, and simulating di�erent states in the Markov
chain model.

For each uncertain variable and time-slice, the range of variations is divided into 20 and 10 equal
sections, respectively, for de�ning the states of the cluster of Markov chains. Each section represents
one state of the assigned Markov chain model. For instance, every 1 𝑚/𝑠 of the wind speed of a
time-slice with a variation from 0 to 10 𝑚/𝑠 has been considered one state. These de�ned states are
used to determine the likelihood function in the modi�ed (𝑀𝐶)3. The likelihood function has been
determined based on the variation of an uncertain variable between di�erent states of the Markov
chain. In other words, the likelihood function is determined based on the frequency of movement
between di�erent states.

After determining the likelihood and prior distribution functions, the modi�ed (𝑀𝐶)3 simu-
lation has been used to predict the uncertain variables' stochastic behavior. This work aims to
benchmark the modi�ed (𝑀𝐶)3 model against the MCS and the retrospective model. Accordingly,
the long-term historical data and the predicted values of the electrical load consumption by the
modi�ed (𝑀𝐶)3 and the MCS models have been considered to achieve this goal. Nine years of
historical data have been selected as nine retrospective models (nine worst-case scenarios). Subse-
quently, the PCC matrix has been calculated for evaluating the correlation between each year's load
consumption, long-term historical data, the MCS results, and modi�ed (𝑀𝐶)3 results. Figure 2.6
shows the calculated PCC matrix. As can be seen, the histograms of the 8760 predicted values by
the modi�ed (𝑀𝐶)3 and MCS have a high correlation with the histograms of each selected year
(each retrospective model) and the long-term historical data. The histogram of the predicted values
by the modi�ed (𝑀𝐶)3 simulation has the highest correlation. In most cases, there are low PCC
between the histograms of the selected year (each retrospective model) and the long-term historical
data. Therefore, using just one year out of long-term historical data as a worst-case scenario does
not properly represent uncertain variables' stochastic behavior.
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Figure 2.6: Pearson correlation coe�cient between the histograms of nine retro-
spective models (2010-2018), long-term historical data (LTHD), and MCS and (𝑀𝐶)3

results for load consumption.

On the other side, using a simple MCS model also has some problems. Since time-dependency,
continuity of values, and long-term behavior of uncertain variables have not been considered, a
simple MCS cannot appropriately describe uncertain variables' stochastic behavior. In �gure 2.7,
the steady-state probabilities of the predicted load consumption by the modi�ed (𝑀𝐶)3 simulation
have been benchmarked against the steady-state probabilities of long-term historical data and MCS
results. As can be seen, the steady-state probabilities of 8760 predicted values of the modi�ed
(𝑀𝐶)3 simulation and long-term historical data have the highest correlation. It means that 8760
predicted values by the modi�ed (𝑀𝐶)3 can properly model the long-term stochastic behavior of
uncertain variables.

Figure 2.7: Steady-state values of load consumption by using the STPM of MCS,
(𝑀𝐶)3 simulation, and long-term historical data.

Table 2.4 shows the correlation between the steady-state probabilities of long-term historical
data and the predicted values by the modi�ed (𝑀𝐶)3 and MCS for all uncertainty sources in the
planning a RES-based microgrid. The correlation between steady-state probabilities of the long-term
historical data and the predicted values by modi�ed (𝑀𝐶)3 simulation are 0.9823, 0.9807, 0.9877,
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0.9912, and 0.9731 for solar radiation, wind speed, water �ow, load consumption, and electricity
price, respectively. As can be seen, the modi�ed (𝑀𝐶)3 model has the highest correlation with the
long-term historical data, and it can appropriately model the steady-state probabilities of di�erent
uncertainty sources. Therefore, this model can predict stochastic variable behavior in the long-term
planning of a RES-based microgrid.

Table 2.4: The PCC between steady-state probabilities of the long-term historical
data and the predicted values by modi�ed (𝑀𝐶)3 and MCS models.

Uncertain variable
Load

consumption
Wind
speed

Solar
radiation

Water
�ow

Electricity
price

PCC ((𝑀𝐶)3) 0.9912 0.9807 0.9823 0.9877 0.9731
PCC (MCS) 0.89167 0.8813 0.9277 0.9232 0.8631

Finally, the predicted values of the modi�ed (𝑀𝐶)3 model's are benchmarked against the mod-
i�ed MCS model results from the continuity of values viewpoint. The proposed data classi�cation
method has been considered in both models. The 8760 predicted values by the modi�ed (𝑀𝐶)3 and
modi�ed MCS models, for each uncertain variable in planning a stand-alone RES-based microgrid,
are shown in �gure 2.8 and 2.9.

Figure 2.8: The 8760 Predicted values by MCS and modi�ed(𝑀𝐶)3 simulation for
load consumption and water �ow.

As can be seen, time-dependency has been simulated in both models using the proposed data
classi�cation method. Nevertheless, there are some problems associated with the MCS model.
Firstly, the predicted values should not change too much from hour to hour. Secondly, there is no
connection between the border of di�erent time-slices. For instance, in these �gures, the generated
samples should change gradually from one time-slice to an adjacent one. Nonetheless, there is no
connection between the last sample of one time slice and the �rst sample of the another. Conse-
quently, by using the modi�ed (𝑀𝐶)3 simulation model, predicted values can not only represent the
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Figure 2.9: The 8760 Predicted values by MCS and modi�ed(𝑀𝐶)3 simulation for
solar radiation and wind speed.

steady-state probability of uncertain variables but also describe the continuity between predicted
samples.

2.6.1 Uncertainty of Electric Vehicles Consumption

Four time-slices have been considered to represent the di�erent times of the day. Figure 2.10 shows
the histogram and the time series of the historical EV consumption data. As mentioned earlier,
there is a dominant rise in zero in Figure 2.10 (a) since there is no EV consumption at night.
While during the day there is a considerable variation in the charging consumption of stations,
Figure 2.10 (b). This highlights the uncertainty of EV behavior that depends on times of the day
and that should be considered during EV modeling.

Figure 2.11 (a) shows the histogram of the generated samples from EVs. Comparing Fig-
ure 2.10 (a) and Figure 2.11 (a), there is a considerable correlation between the histograms of
historical data and the generated data obtained from the modi�ed (𝑀𝐶)3 model. As can be seen
in Figure 2.11 (b), the association between generated samples and the time and date of the day has
been simulated. The results show that the model has addressed the stochastic behavior of EV con-
sumptions, including time dependency, continuity of values, and probability distribution function.

2.7 Summary

� A modi�ed (𝑀𝐶)3 simulation model has been presented to improve the process of predict-
ing stochastic behavior of wind speed, solar radiation, water �ow, load consumption, and
electricity price in planning a RES-based microgrid.
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Figure 2.10: (a) The histogram of the historical data of EV consumption, (b) Time-
series of the generated samples for EV consumption

Figure 2.11: (a) The histogram of the generated samples of EV consumption using
(𝑀𝐶)3 method, (b) Time-series of the generated samples of EV consumption using

(𝑀𝐶)3 method

� A novel data classi�cation method has been proposed by considering the concept of adjacency
and periodic correlation.

� A new curve �tting method has been proposed to determine the representative PDFs for
uncertainty sources with multimodal distribution function.

� The modi�ed (𝑀𝐶)3 has been benchmarked against the MCS and retrospective model from
di�erent viewpoints.
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3 | Microgrid Planning Process

Based on the time horizon of the planning process in di�erent projects, needed �exibility, uncertainty
sources, available asset, reliability, etc., there are several steps in planning a RES-based microgrid.
This chapter presents a description of these steps. Also, the results of planning a stand-alone
RES-based microgrid are presented.

3.1 Design Perspective

The objective function in the planning of microgrids can be de�ned from various perspectives,
including distribution system operator (DSO), investors, or customers [63]. From the operator's
perspective, the goal is to improve the network operation indices (such as security, reliability, and
environmental), reduce and stabilize the electricity prices, and subsequently achieve a high level of
social welfare [64]. Investors have focused on earning the highest possible �nancial bene�t while
complying with the rules [65]. Customers are increasingly interested in improving their reliability,
purchasing electricity at the lowest price, and earning money from selling electricity to the upstream
network. Therefore, the �rst essential step is to de�ne the perspective of the optimization problem.
In this study, a stand-alone RES-based microgrid has been designed from the system operator's
perspective.

3.2 Planning Time Horizon

Due to the lifespan of components of a microgrid, decision-makers' objectives, interest rate, mone-
tary policy operating procedures, energy management, etc., microgrids can be designed for di�erent
time horizons. The optimization process of microgrid planning can be solved for long-term or short-
term horizons. The cost of planning and operation, the combination of �exibility sources, energy
management strategies, and the reliability of a RES-based microgrid depend on the microgrid de-
signer's decision about the time horizon. Therefore, deciding the time horizon is essential in the
planning process [66, 67]. In this work, the lifespan of the project is 25 years.

3.3 Preparing the Input Data

There are several parameters and variables in planning a stand-alone RES-based microgrid. The
objective of this step is to de�ne parameters and variables. Consequently, gathering input data is
necessary to achieve this goal. The components' lifetime, interest rate, e�ciency, and cost of compo-
nents are examples of these parameters. Wind speed, solar radiation, water �ow, load consumption,
electricity price are examples of uncertain variables.

The critical issue is about modeling the stochastic behavior of uncertain variables. The planning
process could be done in a stochastic or deterministic way, depend on the method of describing
uncertain variables (Papers A and B).
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3.4 Mathematical Models for the Microgrid Components

The accuracy of microgrid planning improves using suitable mathematic models of components.
The components of a stand-alone RES-based microgrid include wind turbines, solar panels, fuel
cell, electrolyzer, battery, hydrogen storage, and hydro turbine, which are shown in Figure 3.1
(Paper B).

Figure 3.1: Components and energy �ow in a stand-alone RES-based microgrid

The models of system components are presented in the following.

3.4.1 Wind Turbine

The power generation of a wind turbine in terms of wind speed (𝑉) can be describe as (3.1).

𝑃𝑊𝑇 =


0 𝑓 𝑜𝑟 𝑉 < 𝑉𝑐𝑢𝑡−𝑖𝑛
𝑎𝑉3 + 𝑏𝑃𝑟 𝑓 𝑜𝑟 𝑉𝑐𝑢𝑡−𝑖𝑛 ≤ 𝑉 < 𝑉𝑟𝑎𝑡𝑒𝑑

𝑃𝑟 𝑓 𝑜𝑟 𝑉𝑟𝑎𝑡𝑒𝑑 ≤ 𝑉 ≤ 𝑉𝑐𝑢𝑡−𝑜𝑢𝑡
0 𝑓 𝑜𝑟 𝑉 > 𝑉𝑐𝑢𝑡−𝑜𝑢𝑡

(3.1)

Where 𝑃𝑊𝑇 and 𝑃𝑟 are output and rated power, respectively. 𝑉𝑐𝑢𝑡−𝑖𝑛, 𝑉𝑟𝑎𝑡𝑒𝑑, and 𝑉𝑐𝑢𝑡−𝑜𝑢𝑡 are
cut-in, rated, and cut-out wind speed, respectively. Coe�cients 𝑎 and 𝑏 are determined by (3.2)
and (3.3):

𝑎 =
𝑃𝑟

𝑉3
𝑟𝑎𝑡𝑒𝑑

−𝑉3
𝑐𝑢𝑡−𝑖𝑛

(3.2)

𝑏 =
𝑉3
𝑐𝑢𝑡−𝑖𝑛

𝑉3
𝑟𝑎𝑡𝑒𝑑

−𝑉3
𝑐𝑢𝑡−𝑖𝑛

(3.3)

3.4.2 Photovoltaic System

The output power of photovoltaic panels can be calculated by (3.4):

𝑃𝑝𝑣 = [𝐻𝐴 (3.4)
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Where [ is the e�ciency of the whole PV system, 𝐻 is solar radiation (𝑊/𝑚2), and 𝐴 is the total
area of the PV module (𝑚2).

3.4.3 Hydro Turbine

Depending on the features of a river, there are two di�erent approaches to generate electricity. The
�rst one is related to the kinetic energy of water �owing through the turbine. The second one is
associated with dam installation and converting the potential energy of stored water into electricity.
Since this study is based on the actual resources and data in northern Sweden, the latter approach
has been used in this study. The generated power depends on the height of water above a turbine
and the volume of water �owing. The following equation calculates the captured energy:

𝑃ℎ𝑦𝑑𝑟𝑜 = [𝐻𝜌𝑔𝑄 (3.5)

Where 𝜌 is the density of water (1000𝐾𝑔/𝑚3), 𝐻 is the head of water, 𝑔 is the gravitational constant
(9.8𝑚/𝑠2), 𝑄 is the volume of water �owing per second (the �ow rate in 𝑚3/𝑠) and [ is the e�ciency
of the turbine.

3.4.4 Fuel Cell

The chemical energy of combining oxygen and hydrogen can be directly transformed into electricity
by utilizing a fuel cell. A proton exchange membrane fuel cell has been considered in this study.
The heat generated by a fuel cell has not been taken into account. The following equation is used
to determine the DC voltage of a fuel cell [34].

𝐸𝐶𝑒𝑙𝑙 = 1.229 − 0.85 × 10−3(𝑇𝑐𝑒𝑙𝑙 − 298.15) + 𝑇𝑐𝑒𝑙𝑙
(
𝑙𝑛

𝑃𝐻2

101325 +
1
2 𝑙𝑛

𝑃𝑂2

101325

) (
4.3085 × 10−5

)
− 𝐸𝑑

(3.6)
Where 𝑇𝑐𝑒𝑙𝑙 is the cell temperature, 𝑃𝐻2and 𝑃𝑂2 are the pressure of hydrogen and oxygen, respec-
tively. The time delay of hydrogen and oxygen �ow is represented by 𝜏𝑒. The overall e�ect of the
fuel 𝐻2 and oxidant 𝑂2 dynamics has been taken into account by 𝐸𝑑, which is calculated by:

𝐸𝑑 = _𝑒 [𝑖(𝑡) − 𝑖(𝑡) ∗ 𝑒−
𝑡
𝜏𝑒 ] (3.7)

Where 𝑖(𝑡) is cell current, _𝑒 is a constant coe�cient, and ∗ is the convolution operator.

3.4.5 Electrolyzer

An electrical model for determining the voltage drop in an electrolyzer has been proposed in [68],
which include activation (𝑉𝑎𝑐𝑡), gas propagation (𝑉𝑝𝑟𝑜𝑝), and ohmic voltage drop (𝑉𝑜ℎ𝑚𝑖𝑐). The
voltage across the cell in zero-current conditions has been presented by 𝑉𝑟𝑒𝑣 .

𝑉𝑟𝑒𝑣 = 𝑉0 +
𝑅𝑇

2𝐹
ln

©«
𝑃𝐻2𝑃

1/2
𝑂2

𝑎𝐻2𝑂

ª®¬ (3.8)

Where 𝑇 is temperature, 𝑉0 is the open cell voltage, 𝑅 is the gas constant, and 𝐹 is Faraday's
constant. The water activity is shown by 𝛼𝐻2𝑂, which equals one when water is liquid. The
electrochemical synthetic of electrolyzer has been displayed by 𝑉𝑎𝑐𝑡 , which is determined as follows.

𝑉𝑎𝑐𝑡 =
𝑅𝑇

2𝛼𝐹
ln

(
𝐼

𝐼0

)
(3.9)
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Where 𝛼, in a range of 0 − 1, is the charge transfer coe�cient, which is used for describing the
kinetics of electrochemical reactions. The current when the voltage drop becomes apparent has
been shown by 𝐼0. The gas propagation, 𝑉𝑝𝑟𝑜𝑔, results in a reduction in reaction speed and causes
a voltage drop.

𝑉𝑝𝑟𝑜𝑔 =
𝑅𝑇

𝛽𝑛𝐹
ln

(
1 + 𝐼

𝐼lim

)
(3.10)

Where 𝛽 is a constant coe�cient and 𝐼𝑙𝑖𝑚 is the current limitation in the maximum gas propagation.

3.4.6 Hydrogen Tank

The amount of stored hydrogen in each iteration (𝑡), \ℎ, is determined as follows.

\ℎ (𝑡) = 𝑚𝑒𝑙𝑒 (𝑡) − 𝑚𝐹𝐶 (𝑡) (3.11)

Electrolyzer and fuel cell do not work at the same time. In this work, the leakage has not been
considered. The rate of generated hydrogen by electrolyzer is shown by 𝑚𝑒𝑙𝑒 (𝑡). The rate of hydrogen
consumption is presented by 𝑚𝐹𝐶 (𝑡). Regarding the Van der Waals equation, the pressure of the
hydrogen tank can be calculated by (3.12) [69].

𝑃ℎ𝑡 (𝑡) =
𝑅𝑇ℎ𝑡

𝑉ℎ𝑡
\ℎ (𝑡) (3.12)

Where 𝑉ℎ𝑡 , 𝑇ℎ𝑡 , \ℎ (𝑡), and 𝑃ℎ𝑡 are tank volume, tank temperature, hydrogen �ow, and tank
pressure, respectively.

3.4.7 Battery

In this work, the concept of battery duration (𝛼), which has been mentioned in [70], is considered.
Subsequently, two capacities for simulating battery is used. The �rst one is about the power capacity
and the latter one is related to the energy capacity. The battery duration equals energy capacity
(𝐸𝑏𝑎𝑡) divided by power capacity (𝑃𝑏𝑎𝑡).

𝛼 =
𝐸𝑏𝑎𝑡

𝑃𝑏𝑎𝑡
(3.13)

Short-duration refers to a battery storage system with a duration of less than 0.5. The medium-
duration includes a duration between 0.5 to 2 hours, while the long-duration category includes all
systems with duration more than 2 hours [70].

3.5 Flexibility Sources Selection

Di�erent uncertainty sources a�ect the operation of renewable energy-based microgrids. Since there
is a lack of �exibility sources in the real-time operation of microgrids, the system operator should
identify uncertainty sources and determine proper �exibility sources based on the impacts and
di�erent time horizons. Without �exibility sources, system operators may need to curtail load
consumption or renewable generation units frequently. In the absence of su�cient �exibility sources
in the planning of stand-alone RES-based microgrid, the optimal utilization of renewable sources
might be infeasible, the con�dence in revenue streams decreases, and curtailment risk increases
(Papers B and C).



3.6. Optimization Process 33

3.6 Optimization Process

A multi-objective optimization problem is used for planning a stand-alone RES-based microgrid.
Two objective functions are taken into account, which optimize total cost and total energy loss
(TEL). The epsilon constraint method is used to solve the multi-objective optimization problem.
An improved particle swarm optimization algorithm, which is de�ned in [71], is used to �nd the
optimal solution.

3.6.1 Objective Functions and Criteria

In the proposed optimization process, the total cost of the system (𝑇𝐶) and total energy loss (𝑇𝐸𝐿)
have been taken into account as objective functions for planning a stand-alone RES-based microgrid.
Moreover, the loss of power supply probability (𝐿𝑃𝑆𝑃), and state of charge have been considered
as a criterion.

3.6.1.1 Total Cost

The economic analysis is crucial for planning a microgrid. The net present value (𝑁𝑃𝐶) is the
cost of project lifespan, which is de�ned as the di�erence between the net present cost during the
project lifetime and the present amount of income during the same period. The 𝑁𝑃𝐶 is determined
by following formula [72].

𝑁𝑃𝐶 =
𝐶𝑎𝑛𝑛

𝐶𝑅𝐹 (𝑖, 𝑇) (3.14)

Where 𝐶𝑎𝑛𝑛 is the total annualized cost ($/𝑦𝑒𝑎𝑟), 𝑖 is the interest rate, and 𝑇 is the project lifetime.
The capital recovery factor is presented by 𝐶𝑅𝐹 (𝑖, 𝑇), which is determined as follows.

𝐶𝑅𝐹 (𝑖, 𝑇) = 𝑖(1 + 𝑖)𝑇
(1 + 𝑖)𝑇 − 1 (3.15)

The total cost of the project, 𝑇𝐶 , consists of capital, operating and maintenance, replacement, and
salvage costs, is formulated as (3.16).

𝑇𝐶 =
𝑁𝑐∑
=1
𝐶𝑐𝑎𝑝 𝑗

+
𝑁𝑐∑
𝑗=1
𝐶𝑂&𝑀 𝑗

𝐶𝑅𝐹 (𝑖, 𝑇) +
𝑁𝑐∑
𝑗=1
𝐶𝑟𝑒𝑝 𝑗

1

(1+𝑖)𝑇 𝑅 𝑗
−
𝑁𝑐∑
𝑗=1
𝐶𝑠𝑎𝑙𝑣𝑗

1

(1+𝑖)𝑇𝑆 𝑗
(3.16)

Where 𝑁𝑐 is the number of main components in a microgrid, 𝐶𝑐𝑎𝑝 𝑗
is the total capital cost, 𝐶𝑂&𝑀 𝑗

is the operation and maintenance cost, 𝐶𝑟𝑒𝑝 𝑗
is the cost of system components replacement, and

𝐶𝑠𝑎𝑙𝑣𝑗 is the present worth of the salvage value of system components.

3.6.1.2 Total Energy Loss (TEL)

In the planning of a stand-alone RES-based microgrid, considering overestimated capacities for
energy generation units will result in energy lost [73, 34]. Because of this, the amount of unused
energy will increase. In this study, TEL is considered as an objective function to calculate the
summation of energy lost, which is determined as follows.

𝑇𝐸𝐿 =


8760∑
𝑡=1

(
𝐸𝑔 (𝑡) − 𝐸𝑑 (𝑡)

)
𝑓 𝑜𝑟 𝐸𝑑 (𝑡) ≤ 𝐸𝑔 (𝑡)

0 𝑜𝑡ℎ𝑒𝑟

(3.17)



34 Chapter 3. Microgrid Planning Process

Where 𝐸𝑔 is the total energy generated by RESs. The energy demand, which includes energy
consumption and the stored energy, is shown by 𝐸𝑑.

3.6.1.3 Loss of Power Supply Probability (LPSP)

The power generation of RESs is strongly associated with uncertainties. Therefore, it is necessary
to take into account a reliability criterion in the planning of a stand-alone RES-based microgrid.
When it comes to dealing with uncertainty in the planning of a pure RES-based microgrid, LPSP
is one of the reliability criteria that is widely used in literature [74].

𝐿𝑃𝑆𝑃 =

8760∑
𝑡=1

(
𝐸𝐿 (𝑡) − 𝐸𝑔 (𝑡)

)
8760∑
𝑡=1

𝐸𝐿 (𝑡)
(3.18)

Where 𝐸𝐿 is the energy consumption, and 𝐸𝑔 is the total energy generated by wind turbine, PV
panels, hydro turbine, and energy storage systems.

3.6.1.4 State of Charge

State of charge of the battery is related to the stored energy in the system and can be determined
as follows:

𝑆𝑂𝐶 (𝑡 + 1) = 𝜎𝑆𝑂𝐶 (𝑡) + [𝑐ℎ𝐸𝑐ℎ (𝑡)
𝐸𝐶𝑏𝑎𝑡

− 𝐸𝑑𝑖𝑠 (𝑡)
[𝑑𝑖𝑠𝐸𝐶𝑏𝑎𝑡

(3.19)

Where 𝜎 is the battery self-discharge rate, 𝐸𝐶𝑏𝑎𝑡 is the energy capacity of the battery, 𝐸𝑐ℎ is the
amount of stored energy, and 𝐸𝑑𝑖𝑠 represents the amount of discharged energy. The charging and
discharging e�ciency have been shown by [𝑐ℎ and [𝑑𝑖𝑠, respectively.

3.6.2 Epsilon-Constraint Method

When it comes to solving an optimization problem with two objective functions, epsilon-constraint
is one of the most used methods [75]. In this method, one objective is considered as a �tness
function, and the other one is transferred into constraints. The domain of the transferred objective
is divided into equal intervals. Then, the optimization problem is solved several times with the
limits of those intervals. This process can generate non-convex Pareto sets.

min 𝐹 (𝑥) = 𝑓1,𝑘 (𝑥) 1 ≤ 𝑘 ≤ 𝑛𝑡 (3.20)

Subject to
𝑓2,𝑘 (𝑥) ≤ 𝜖𝑘 1 ≤ 𝑘 ≤ 𝑛𝑡 (3.21)

𝑔(𝑥) ≤ 0 (3.22)

ℎ(𝑥) = 0 (3.23)

Where 𝑓1 and 𝑓2 are objective functions, 𝜖𝑘 is the upper limit for transferred objective in each
iteration. The number of intervals and each iteration of the epsilon-constraint method are shown by
𝑛𝑡 and 𝑘, respectively. The inequality and equality constraints are shown by 𝑔(𝑥), ℎ(𝑥), respectively.
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3.6.3 Problem Formulation

The total cost of microgrid, over the 25-year lifetime, is considered as the main objective function in
the optimization problem. Regarding the epsilon-constraint method, total energy loss is transferred
into constraint, and its domain divided into equal intervals. Constraints comprise loss of power
supply, 𝑆𝑂𝐶, the level of hydrogen in a tank, and the boundary of optimization variables. The
optimization variables, 𝑉 , are de�ned as follows.

𝑉 = [𝐶𝑃𝑊𝑇 , 𝐶𝑃𝑃𝑉 , 𝐶𝑃𝐹𝐶 , 𝐶𝑃𝑒𝑙𝑒, 𝐶𝑃𝐻𝑌𝑇 , 𝐶𝐸𝑏𝑎𝑡 , 𝐶𝑃𝑏𝑎𝑡 , 𝐶𝑃𝐻𝑇 ] (3.24)

Where 𝐶𝑃𝑊𝑇 , 𝐶𝑃𝑃𝑉 , 𝐶𝑃𝐻𝑌𝑇 , 𝐶𝑃𝐹𝐶 , 𝐶𝑃𝑒𝑙𝑒, 𝐶𝑃𝐻𝑇 are the rated capacity of the wind turbine, PV
system, hydro turbine, fuel cell, electrolyzer, and hydrogen tank (in 𝑘𝑔), respectively. The energy
and power capacities of the battery are shown by 𝐶𝐸𝑏𝑎𝑡 and 𝐶𝑃𝑏𝑎𝑡 , respectively. The optimization
problem is represented as follows.

Minimize
Ω

𝑇𝐶𝑘
1 ≤ 𝑘 ≤ 𝑛𝑡 (3.25)

Subject to (3.1)-(3.19), and:
𝐶
𝑐𝑎𝑝

𝑗
= 𝑎

𝑐𝑎𝑝

𝑗
𝐶𝑃 𝑗 , ∀ 𝑗 ∈ 𝑁𝑐 (3.26)

𝐶𝑂&𝑀
𝑗 = 𝑎𝑂&𝑀

𝑗 𝐶𝑃 𝑗 , ∀ 𝑗 ∈ 𝑁𝑐 (3.27)

𝐶
𝑟𝑒𝑝

𝑗
= 𝑎

𝑟𝑒𝑝

𝑗
𝐶𝑃 𝑗 , ∀ 𝑗 ∈ 𝑁𝑐 (3.28)

𝐶𝑠𝑎𝑙𝑣𝑗 = 𝑎𝑠𝑎𝑙𝑣𝑗 𝐶𝑃 𝑗 , ∀ 𝑗 ∈ 𝑁𝑐 (3.29)

𝑇𝐸𝐿 ≤ Y𝑘 , ∀ 1 ≤ 𝑘 ≤ 𝑛𝑡 (3.30)

𝐿𝑃𝑆𝑃 ≤ Y𝐿𝑃𝑆𝑃 (3.31)

𝑆𝑂𝐶min ≤ 𝑆𝑂𝐶𝑡 ≤ 𝑆𝑂𝐶max , ∀ 𝑡 ∈ {1, 2, 3, ..., 8760} (3.32)

𝐿𝑂𝐻𝑚𝑖𝑛 ≤ 𝐿𝑂𝐻𝑡 ≤ 𝐿𝑂𝐻𝑚𝑎𝑥 , ∀ 𝑡 ∈ {1, 2, 3, ..., 8760} (3.33)

𝐶𝑃
𝑊𝑇
≤ 𝐶𝑃𝑊𝑇 ≤ 𝐶𝑃𝑊𝑇 (3.34)

𝐶𝑃
𝑃𝑉
≤ 𝐶𝑃𝑃𝑉 ≤ 𝐶𝑃𝑃𝑉 (3.35)

𝐶𝑃
𝐹𝐶
≤ 𝐶𝑃𝐹𝐶 ≤ 𝐶𝑃𝐹𝐶 (3.36)

𝐶𝑃
𝑒𝑙𝑒
≤ 𝐶𝑃𝑒𝑙𝑒 ≤ 𝐶𝑃𝑒𝑙𝑒 (3.37)

𝐶𝑃
𝐻𝑌𝑇

≤ 𝐶𝑃𝐻𝑌𝑇 ≤ 𝐶𝑃𝐻𝑌𝑇 (3.38)
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𝑃𝐶𝑏𝑎𝑡 ≤ 𝑃𝐶𝑏𝑎𝑡 ≤ 𝑃𝐶𝑏𝑎𝑡 (3.39)

𝐸𝐶𝑏𝑎𝑡 ≤ 𝐸𝐶𝑏𝑎𝑡 ≤ 𝐸𝐶𝑏𝑎𝑡 (3.40)

𝐸𝑐ℎ𝑡 ≤ 𝑃𝐶𝑏𝑎𝑡 , ∀ 𝑡 ∈ {1, 2, 3, ..., 8760} (3.41)

𝐸𝑑𝑖𝑠𝑡 ≤ 𝑃𝐶𝑏𝑎𝑡 , ∀ 𝑡 ∈ {1, 2, 3, ..., 8760} (3.42)

𝐸𝑑𝑖𝑠𝑡 . 𝐸𝑐ℎ𝑡 = 0 , ∀ 𝑡 ∈ {1, 2, 3, ..., 8760} (3.43)

𝑚𝑒𝑙𝑒𝑡 . 𝑚𝐹𝐶𝑡 = 0 , ∀ 𝑡 ∈ {1, 2, 3, ..., 8760} (3.44)

where set of optimization variables Ω = {𝑇𝐶𝑘
, 𝐶𝑃𝑊𝑇 , 𝐶𝑃𝑃𝑉 , 𝐶𝑃𝐹𝐶 , 𝐶𝑃𝑒𝑙𝑒, 𝐶𝑃𝐻𝑌𝑇 , 𝐸𝐶

𝑏𝑎𝑡 ,

𝑃𝐶𝑏𝑎𝑡 , 𝐶𝑃𝐻𝑇 , 𝑇𝐸𝐿, 𝑆𝑂𝐶, 𝐿𝑃𝑆𝑃, 𝐿𝑂𝐻, 𝐸
𝑔
𝑢𝑡 , 𝐸

𝑐ℎ
𝑡 , 𝐸

𝑑𝑖𝑠
𝑡 , \ℎ𝑡 , 𝑉𝐿

ℎ𝑡 , 𝑚𝑒𝑙𝑒𝑡 , 𝑚𝐹𝐶𝑡 }. Symbols 𝑇𝐶𝑘
,

𝐶𝑃𝑊𝑇 , 𝐶𝑃𝑃𝑉 , 𝐶𝑃𝐻𝑌𝑇 , 𝐶𝑃𝐹𝐶 , 𝐶𝑃𝑒𝑙𝑒, 𝐶𝑃𝐻𝑇 are the total cost of microgrid planning, the rated
capacity of the wind turbine, PV system, hydro turbine, fuel cell, electrolyzer, and hydrogen tank (in
𝑘𝑔), respectively. Constraints (3.32) and (3.33) represent the upper and lower limits of the battery
𝑆𝑂𝐶 and hydrogen tank level, respectively. Constraints (3.34)-(3.40) show the lower and upper
bounds of the decision variables. Symbol Δt represents the time interval between two iterations
(1 hour). The upper limit of loss of power supply probability is shown by Y𝐿𝑃𝑆𝑃. The amount of
total energy lost, in each iteration of the epsilon-constraint method, should be lower than Y𝐿𝑃𝑆𝑃.
Constraints (3.41) and (3.41) explain that the rate of charge and discharge of the battery should be
lower than its capacity. Moreover, constraints (3.43) and (3.44) explain that the process of charging
and discharging the battery and hydrogen tank should not occur simultaneously.

3.6.4 Evaluation of the Designed Microgrid Operation

Evaluating the operation of the designed microgrid shows the accuracy of the planning process. The
operation of the designed microgrid can be assessed using the registered historical data of previous
years. Besides, benchmarking the operation of the designed microgrid by the modi�ed model against
the other methods can verify the accuracy of the modi�ed model.

3.7 Results and Discussions

3.7.1 Case Study

A small city in the northern part of Sweden, with up to 2000 customers, has been considered to
examine the proposed method. Input data comprise wind speed, solar radiation, water �ow, and
load consumption. A stand-alone RES-based microgrid has been optimally planned based on actual
resources and data in the city. Accordingly, three wind turbines, with a capacity of 600 𝑘𝑊 , and
one hydro turbine, with a capacity of 1.9 𝑀𝑊 , which have already been installed in the city, have
been taken into account. The operational cost of pre-installed sources has been considered, while
the capital cost of them has been deducted from the cost function.

The proposed model is benchmarked against two other models. In the �rst model, the worst
scenarios out of long-term historical data are taken into account (retrospective model). In other
words, the years with the worst values are considered for each uncertain variable. The optimization
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problem is solved by using the simple MCS method in the second model. The process of these
optimization procedures are shown in Fig.3.2.

Figure 3.2: The procedure of the optimal sizing of a microgrid in three di�erent
models.

The cost function of each component and di�erent assumed parameters for de�ning the opti-
mization problem are presented in Table. 3.1 and Table. 3.2, respectively. The cost of the battery
is based on the concept of duration, which is de�ned in [70].

Table 3.1: The cost function of system components

Component Duration Cost($/𝑊)
Capital O&M Replacement

Wind turbine - 1.0191 0.0377 0.1528

PV panel - 1.09 0.01325 -

Hydro turbine - 1.5335 0.00025 0.23

Fuel cell - 0.507 0.06 0.026

Electrolyzer - 0.737 0.08 0.037

Battery (power)
0-0.5 0.944 0.0095 0.19
0.5-2 1.533 0.015 0.307
2< 2.43 0.024 0.47

Battery (energy)
0-0.5 2.597 0.026 0.52
0.5-2 1.352 0.014 0.27
2< 0.399 0.004 0.08

3.7.1.1 Years with the Worst Values

In the �rst model, the worst year of each uncertain RES has been considered for the planning
process. The worst years have been selected out of long-term historical data based on the statistical
criteria. The selected year for each uncertain RES is presented in Table 3.3.

3.7.1.2 The Simple Monte Carlo Simulation (MCS) Model

The MCS is used in the second model. The long-term historical data is classi�ed into di�erent time-
slices using the proposed data classi�cation method. One PDF is determined for each time-slice
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Table 3.2: Fixed values for planning a microgrid

Parameter Value

Project life time 25 Years

Rate of interest 10%

Solar panel e�ciency 22.8%

Converters e�ciency 90%

Hydro turbine e�ciency 75.1%

Hydrogen tank e�ciency 95%

Fuel cell e�ciency 45%

Electrolyzer e�ciency 72%

The minimum level of battery SOC 12%

The maximum level of battery SOC 100%

The minimum level of hydrogen in a
tank

5%

The maximum level of hydrogen in a
tank

100%

The lower limit of wind turbine size 1.8 𝑀𝑊

The lower limit of hydro turbine size 1.9 𝑀𝑊

The upper limit of LPSP 6.45e-4

Table 3.3: The selected years in the �rst model (retrospective model)

Uncertain variable Load consumption Wind speed Solar radiation Water �ow

Selected year 2010 2006 2015 2011

considering a curve �tting method. Finally, the calculated PDF is used for generating input data.
The �rst rows in Fig. 2.8 and Fig. 2.9 show the generated input data by MCS.

3.7.1.3 The Proposed Metropolis-Coupled Markov Chain Monte Carlo Simulation
Model

The proposed method has been used in the third model to design a stand-alone RES-based microgrid.
The calculated PDF of each time-slice, in the MCS model, is considered as a prior distribution
function. The stochastic transition probability matrix has been used to determine the likelihood
function for each determined time-slice. Then, 8760 stochastic values are generated by the (𝑀𝐶)3
simulation model to predict the stochastic behavior of uncertain variables. The generated stochastic
values are used as input data for planning a stand-alone RES-based microgrid. The predicted values
for each uncertain variable have been shown by the second rows in Fig. 2.8 and Fig. 2.9.

The PDFs of the generated values by MCS, (𝑀𝐶)3 simulation, and long-term historical data
are the same. Nonetheless, the (𝑀𝐶)3 simulation model generates values by considering the time-
dependency, long-term behavior of uncertainty sources, connection between uncertain variables,
scenarios with high probability and impact, and the continuity between generated values. In fact,
the variation of generated stochastic values is based on the calculated likelihood function and the
PDF of uncertain variables.

3.7.2 Results and Discussions

In this section, the results and discussions associated with three considered models are presented. In
each case, one microgrid is designed based on the corresponding input data. The calculated Pareto
frontiers of these models are shown in Fig. 3.3. As can be seen, the optimization problem in all
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cases has a convex Pareto frontier. The norm criterion has been used to �nd the best result out of
non-dominated sets. The dark red point in each curve shows the best result of the epsilon-constraint
method.

Figure 3.3: The calculated Pareto frontier for three considered models

The optimal size of the microgrid components for each model is shown in Table. 3.4. Each row
presents the optimal results of microgrid planning for each model. In the �rst case, considering
the worst years can assure the ability of the designed microgrid to cope with almost all possible
scenarios. Furthermore, since the real historical data are used in this model, the considered values
have continuous behavior and time-dependency. Nonetheless, there are two problems associated
with this model. Firstly, the occurrence probability of considered values is relatively low. Secondly,
compared to the rest of the models, the optimization problem has been ended up with oversized
microgrid (especially for the capacity of energy storage systems). Consequently, the total cost of the
designed microgrid with this model is too high. Moreover, the total energy loss is about 40𝐺𝑊ℎ.
Compared to other cases, it is too high, which shows that optimization has ended up over-sized
generation units.

Table 3.4: The results of microgrid planning with three simulation models
(LPSP=6.45e-4).

Objective
function

Simulation
model

𝑪𝑷𝑷𝑽

(MW)
𝑪𝑷𝑾𝑻

(MW)
𝑪𝑷𝑭𝑪

(MW)
𝑪𝑷𝒆𝒍𝒆

(MW)
𝑪𝑷𝒃𝒂𝒕

(MW)
𝑪𝑬𝒃𝒂𝒕

(MWh)
𝑪𝑷𝑯𝒀𝑻

(MW)
𝑪𝑷𝑯𝑻

(1000Kg)
𝒇𝑬𝑺

TEL
(GWh)

Total
cost ($)

Total cost&TEL
Retrospective model 59.69 94.35 6.67 16.51 8.51 44.98 1.9 4.26e+05 29 40 8.05e+08

MCS 0 192.36 6.14 10 16.33 48.97 1.9 2.37e+05 39 10 6.99e+08
Proposed model 43.12 66.4 5.11 8.96 4.4 27.4 1.9 3.05e+05 66 25 5.64e+08

Several �exibility sources are required to deal with the variation of the generated values in
the planning process with the MCS model. The simple MCS model generates only discrete time-
independent values. Several time-dependent uncertainties (e.g., windy and rainy days) can not
be modeled using MCS. For instance, on a windy day, wind speed remains continuously high for
some hours. As shown in Fig. 2.8 and Fig. 2.9, there is no continuous behavior in generated values
by the MCS model. The same condition exists for load consumption, solar radiation, and water
�ow. This circumstance would have a signi�cant impact on the planning of stand-alone RES-based
microgrid. Therefore, the MCS model does not represent the real behavior of uncertain variables.
Consequently, the designed microgrid is only prepared to cope with too much hourly variation of
the discrete time-independent values. From the power capacity point of view, considering the MCS
model unnecessarily increases the capacity of power generation components (e.g., the power capacity
of battery and wind turbine). In other words, the planning process ends up with oversized power
generation components. On the other hand, the MCS model also decreases the planning process's
accuracy from the energy capacity viewpoint. The designed microgrid can cope with the magnitude
of the worst discrete time-independent values, while it does not consider how long these values
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continue. The time-dependent uncertainty of variables is also one of the most critical issues that
should be considered. As a result of this, the planning process ends up with undersized components
from the energy capacity viewpoint.

Moreover, as can be seen in Table. 3.4, using the PV panel has not been recommended in
the MCS model, and the large capacity of wind turbines has been designed. These results have
appeared due to the restrictions mentioned above in the MCS model. For instance, on a windy day,
the energy storage system will be fully charged, and most of the time, the extra generated power by
wind turbines will be dumped. This situation will decrease the advantage of wind turbines. Since
the MCS model can not generate the random value of windy days, a large wind turbines capacity
has been designed in this model. Furthermore, due to the nonlinear modeling of wind turbine power
generation, wind turbines' output power is not highly sensitive to the variation of wind speed. On
the contrary, the generated power by PV panels depends entirely on the variation of solar radiation.
Therefore, the simulation results show the signi�cant impact of the MCS model on the optimal size
of wind turbines and PV panels.

The (𝑀𝐶)3 simulation model has been proposed for predicting the stochastic behavior of un-
certain variables. Using the (𝑀𝐶)3 simulation model also improves the stochastic planning process
by considering the time-dependency and continuity between generated values. Using (𝑀𝐶)3 simu-
lation, the time-dependent uncertainties like the windy and rainy days will occur. As can be seen
in Table. 3.4, the planning of a microgrid has been improved from the economic point of view using
the (𝑀𝐶)3 simulation model. The total cost has been decreased by about 30% compared to the
�rst case. Since the continuity between values has been considered, continuous behavior has been
modeled in the generated values. Therefore, the impact and bene�t of the wind turbines, PV panels,
and hydrogen storage systems on microgrid planning are presented appropriately using the (𝑀𝐶)3
simulation model.

Fig. 3.4 and Fig. 3.5 show the SOC of the battery and level of hydrogen in the tank for each
model, respectively. These �gures show the process that microgrids have been designed based on
three di�erent models. As can be seen, although the input data and the capacity of the energy
storage system in the �rst and third cases are di�erent, the variation of battery SOC and level of
hydrogen in both cases are similar. In the �rst and third cases, the battery storage system starts to
become fully charged in early Spring. Then, the battery has run down in late Autumn. In fact, it
shows that (𝑀𝐶)3 simulation has modeled the stochastic behavior of uncertain variables properly.

On the contrary, the calculated SOC of the simple MCS model shows the high variation of wind
speed, load consumption, and water �ow. Moreover, it illustrates that the power capacity of the
battery is large. As can be seen in Fig. 3.5, most of the time, the level of hydrogen in the tank
is low. The size of the battery storage system in the MCS model is much greater than the other
cases since the battery storage system has been used to cope with the time-independent variation of
the uncertain variables. Therefore, using the MCS model eliminates the impact and bene�t of the
hydrogen storage system. From the reliability point of view, since the microgrid depends on just
one source of energy and one type of energy storage system, the �exibility, reliability, and resilience
of the system will decrease. The (𝑀𝐶)3 simulation model improves the problems associated with
the MCS model. The proposed (𝑀𝐶)3 simulation model demonstrates the bene�t of PV panels and
Hydrogen storage systems.

The optimal capacity of the hydro turbines in all cases equals 1.9 MW, which is the minimum
acceptable capacity that has already been installed in the city. Regarding input data comprised
of water �ow, load consumption, wind speed, solar radiation, and the cost function of these units,
there is no need for new hydro turbine capacity.

The three microgrids have been designed based on three di�erent models, but the evaluation of
microgrids' operation in the real situation is essential. Accordingly, the last three years of historical
data have been considered for evaluating the proposed (𝑀𝐶)3 simulation model. It has been assumed
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Figure 3.4: The SOC of battery in di�erent models
based on generated input data.

Figure 3.5: The level of hydrogen in di�erent models
based on generated input data

that the battery and hydrogen tank is fully charged at �rst. The evaluation of the behavior of three
designed microgrids, which comprise the energy shortage and the level of hydrogen in the tank, has
been shown in Fig. 3.6. The histograms of SOC of three models have been displayed in Fig. 3.7.
The results of microgrids operation have illustrated in Table. 3.5. Since all the worst scenarios with
very low probability have been considered in the �rst model, the designed microgrid can operate
without any energy shortage. As can be seen, the designed microgrid has no energy de�cit, and the
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Figure 3.6: The energy de�cit and the level of hydrogen in the tank related to the
operation of three considered models in the last three years of historical data.

Figure 3.7: The frequency of SOC for the operation of three considered models in
last three years of historical data.

loss of power supply probability equals zero. The level of hydrogen in the tank has not ever reached
the minimum value. Moreover, the probability of not running out of battery is about 74%. Fig. 3.6
also shows that the battery is fully charged in 39% of the time. Therefore, from the technical point
of view, considering the worst scenarios is the best model. Nonetheless, it is not a rational decision
from an economic standpoint.

Table 3.5: The results of the operation of three considered models based on the last
three years of historical data.

Model TEL(GWh) LPSP Number of failure Energy shortage

Retrospective 147.4 0 0 0
MCS 39.97 0.2554 8540 29 GWh
Proposed model 88.5 3.69e-4 64 42 MWh

In the second case, there are lots of hours with an energy de�cit. The number and amount of
energy shortage are about 8540 times and 29𝐺𝑊ℎ in three years, respectively. Moreover, results
show that the system is run out of battery in about 58% of the time. In general, there are three
reasons for these problems. Firstly, the unnecessary large power capacity of batteries have designed
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to cope with the high hourly variation of generated values. Secondly, continuous time-dependent
scenarios have not been taken into account. Therefore, from the energy viewpoint, the designed
microgrid cannot cope with windy, rainy, snowy, and so on days. Thirdly, the PV panels and the
hydrogen storage system's advantages are eliminated by using the simple MCS model. Consequently,
the simple MCS model is not an appropriate model for planning a stand-alone RES-based microgrid.

Finally, as can be seen, the loss of power supply of the designed microgrid by (𝑀𝐶)3 simulation
is about 3.69𝑒 − 4 in three years. It means that the designed microgrid is in the limitation from the
reliability viewpoint. The number and amount of energy shortage are about 64 times and 42𝑀𝑊ℎ.
The probability of not being run out of battery is about 66% of all the time. The battery is fully
charged in 32% of the time. Therefore, all results show that using the (𝑀𝐶)3 simulation model
improves the planning process of a stand-alone RES-based microgrid.

3.8 Summary

� The (𝑀𝐶)3 simulation model has been used to predict uncertain variables' stochastic behavior
in planning a stand-alone RES-based microgrid comprising wind turbines, PV panels, and
hydro turbines, hydrogen storage system, and battery.

� The total cost of the system planning and the total energy loss have been taken into account
as objective functions in planning process.

� Two additional models, the retrospective and simple MCS models, have been considered to
verify the designed microgrid using the proposed method.

� The operations of three designed microgrids have been evaluated using the historical data of
the last three years.

� The retrospective model has designed an oversized microgrid. Using the MCS model has
ended up with oversized power capacity and undersized energy capacity.

� The results show that using the (𝑀𝐶)3 simulation model has improved the planning process of
a stand-alone RES-based microgrid from the economy and reliability viewpoints. The model
has decreased the total cost of planning by enhancing the representation of uncertain variables.

� The real impact and advantages of PV panels and hydrogen storage systems have been demon-
strated in a city in the northern part of Sweden. Furthermore, it shows that the designed
microgrid can cope with all possible worse scenarios like windy, rainy, and snowy days. In
other words, the planning process of a stand-alone RES-based microgrid has been improved
from both energy and power capacity viewpoints.
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4 | Interruptible/Curtailable Demand Re-
sponse Program (Paper C)

Electricity has become a vital element in the economic growth of countries. The importance of this
energy is increasing rapidly due to industrial progress, electri�cation of the industry, and the high
impact of electricity on the level of comfort of today's life. The electricity demand depends on a
wide range of consumers, moreover, seasons, days, hours, and other individual parameters of the
various countries [76].

In general, power generation is planned based on demand, so that if demand is high, then the
generation companies will increase their production capacity. Conversely, the generation companies
turn o� their units when the demand level decreased. Due to the reasons mentioned above and the
high impact of electricity on the gross domestic production of various countries, the pressure on
generation companies, system operators, electricity market policymakers, etc. has been increased
to provide sustainable power supply and ensure optimal utilization of the power system. The
essential issue in the performance and control of power systems is to keep the balance between
electricity production and load consumption. The production schedule faces several problems due
to the intermittent nature of renewable energy sources, uncertainties in electrical consumption, and
various contingency events. Therefore, this will increase the necessity of using ancillary services and
demand-side management (DSM) solutions.

Traditionally, ancillary services are provided by generators in an emergency occurrence [77]. On
the other hand, responsive loads can also act as an ancillary service [78]. It is important to note that
when electrical demand generates contingency reserve, responsive loads will not a�ect the power
�ow of transmission lines under the normal operating condition of the system. A few consumers
can participate in DRP at the time of occurrence of reliability issues. Therefore, a concept called
demand dispatch has been introduced to maximize the bene�ts of DRPs at all times. In this concept,
many electrical loads will have the same behavior as generators [79].

4.1 Demand Side Management

In general, DSM refers to programs implemented by the system operators to control energy con-
sumption and can be divided into energy e�ciency, energy conservation, and demand response
programs(DRPs) [80]. There are two parts of DRPs, including the price-based and incentive-based
programs. Price-based DRPs includes the time of use, real-time pricing, and critical peak pricing.

The decisions about the terms of contracts in incentive-based programs are made by policy-
makers, network operators, and load-serving entities. These programs are divided into direct load
control (DLC) programs, interruptible/curtailable demand response program (ICDRP), demand
bidding/buyback programs, EDRP, capacity market, and ancillary service market programs [81].
With the expansion of incentive-based programs and demand dispatch, the operation of DRPs will
be accompanied by some problems. Participation (or investment) in DRPs requires a variety of
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di�erent decisions. In the �rst step, consumers implicitly or explicitly determine the initial level of
their energy budget based on the expectation of the current and future average electricity prices,
and the amount of energy will be required at home or in their industry (as shown in Figure 4.1).
Consumers need to make the following decisions to participate in DRPs [53] :

1. Do you enroll in voluntary incentive-based programs?

2. Subsequently, do you respond to the sent commands?

Figure 4.1: Factors a�ecting customer decisions about ICDRP

Since decision-making on the �nal response to some of the programs depends on the state of par-
ticipants, optimal utilization of system with DRPs is accompanied with high uncertainty [53]. If each
step of the decision-making process exhibits the bene�ts of responding, consumers will participate
in the program. In practice, consumers often do not respond at di�erent times dependably, despite
being registered and contracting to participate in the program [82]. As a result, the participating
consumers' �nal response in the di�erent DRPs at all times is uncertain, inherently. Consequently,
ICDRP utilization imposes a signi�cant burden of risk upon system operation [55, 53, 56, 57]. This
uncertainty can profoundly a�ect the advantages of using ICDRP as an ancillary service.

4.2 Introduction of IGDT and Shapley Value Methods

The IGDT method presents e�cient and robust solutions when insu�cient information about un-
certain variables, such as probability density function and membership function, is available [61].
In other words, it can determine the maximum tolerable uncertainty for the requisite cost target.
In this paper, a risk-averse decision-making approach is considered due to the importance of power
balance in the power system operation.

The cooperative behavior of ICDRP participants and their locations in the power system (i.e.,
network topology) a�ect ICDRP risk management. In order to increase the transparency of pricing
policy of ICDRP, the incentives and penalties should be determined based on the impacts of the
cooperative behavior of participants on the system operation and risk management costs. The
Shapely value is a method that can be used to determine the pricing policy of ICDRP by allocating



4.3. Problem Formulation and Mathematical Models 47

the associated risk management costs to participants based on their impacts on system operations.
Consequently, this paper applies the Shapley value calculation to the IGDT-based AC-OPF problem
to propose a novel risk-based pricing strategy for ICDRP utilization.

Consider 𝑁𝐷𝑅 ⊆ 𝑁 are all possible buses with ICDRP participation. And, 𝑆 represents the
possible coalitions of 𝑁𝐷𝑅 (𝑆 ⊆ 𝑁𝐷𝑅). The impact of demand response on the system operation
cost for each coalition 𝑆 is represented by 𝜓(𝑆). For demand response at bus 𝑘 (𝑘 ∈ 𝑁𝐷𝑅), the
Shapley value 𝜑𝑘 (𝜓) is calculated by averaging the marginal contribution generated by bus 𝑘 to
all possible coalitions 𝑆 comprising bus 𝑘. The following equation is used to calculate the Shapley
value [83].

𝜑𝑘 (𝜓) =
∑︁

𝑆⊆𝑁𝐷𝑅

𝑘∈𝑆

( |𝑆 | − 1)!(𝑁𝐷𝑅 − |𝑆 |)!
(𝑁𝐷𝑅)!

[𝜓(𝑆) − 𝜓(𝑆 − {𝑘})]

where |𝑆 | is the number of participants in coalition 𝑆 comprising {𝑘}. We calculate the Shapley
value for each bus with ICDRP to determine the penalties and the optimal amount and price of
ICDRP.

4.3 Problem Formulation and Mathematical Models

In this paper, we assume that ICDRP is signed as a long-term contract in the electricity market. For
simplicity, we also assume that ICDRP is only applied to the peak-load hours. From the technical
viewpoint, since the uncertainty of ICDRP only increases the load consumption during the real-time
operation, the ramp-up capability of predetermined reserves de�nes the system operator's ability to
cope with the uncertainty of ICDRP. Sensitivity analyses are carried out to evaluate the impacts of
ramp-up capabilities of predetermined reserves, purchasing price of ICDRP, and available budget
for risk management on the risk-averse utilization of ICDRP.

4.3.1 Optimization Procedure

In this part, we explain the optimization steps of our proposed pricing strategy.
Firstly, we �nd the solution to the AC optimal power �ow problem of the system without ICDRP

utilization. In this calculation, the optimal operation of the system without ICDRP utilization is
determined to �nd the possible buses for ICDRP utilization and evaluate eligibility conditions. One
of the most important results in this step is determining the locational marginal price (LMP) for each
bus without ICDRP implementations. We retain the determined LMPs and total operation cost as
reference values for modi�cation of the ICDRP pricing policy regarding incentives and penalties.

A sensitivity analysis on the optimal price of purchasing ICDRP (incentives) is implemented in
the �rst step, which is the base case of the proposed optimization procedure. One hundred iterations
(𝑚 = 100) are considered for the lower limit of ICDRP purchasing price. At the initial iteration, the
lower limit of purchasing price starts from one percent of the retained LMP, in the previous step,
and is continued up to one hundred percent of the retained LMP at the last iteration. We �nd the
solution to the AC-OPF problem with ICDRP utilization, without any uncertainty, to determine
the optimal quantity and price of ICDRP for each iteration 𝑚. Consequently, there are one hundred
optimal pairs of quantity and price for purchasing ICDRP. Afterwards, at each iteration, we calculate
the Shapley values to determine the impacts of ICDRP on the system operation cost.

In the second step, at each iteration of the �rst step (𝑚), a sensitivity analysis is carried on the
available �nancial budget (𝛽) for coping with the uncertainty of ICDRP. The robust optimization is
solved for two hundred iterations (𝑒 = 200) for each 𝑚. At the initial iteration of this step, 𝛽 equals
one percent of the ICDRP purchasing cost and is continued up to two hundred percent. We utilize
the calculated Shapley values to adjust penalties for participants who are not responding to the
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contract. Shapley values allocate the costs of coping with the uncertain responsiveness of ICDRP,
risk management costs, to each participant based on the impacts of her cooperative behavior on the
system operation costs. Then, using the IGDT method, di�erent robustness levels of the system
operation are determined based on the available budget for risk management.

The proposed optimization process de�nes a pricing strategy with di�erent penalties for each bus
which are determined based on the impact of the level of non-responded ICDRP on the risk manage-
ment cost. A high purchasing price of ICDRP, incentive, encourages customers to participate in the
program. Besides, the higher the purchasing price, the more responsive participants. In other words,
a higher purchasing price is more likely to reduce the uncertainty of ICDRP. Nevertheless, there is
a limited budget for investing in ICDRP utilization. If system operators o�er more incentives, they
would not be able to purchase a larger amount of ICDRP. Accordingly, to successfully exploit the
bene�ts of ICDRP utilization to the full, the system operator should maximize both the purchasing
price and the amount of ICDRP. On the other side, the system operator de�nes penalties to punish
non-responsive participants and increase her ability to cope with the uncertainty of ICDRP. The
higher the penalties, the more responsive participants. But, considering higher penalties discourages
customers from participating in ICDRP. Moreover, at di�erent buses of the power system, di�erent
levels of ICDRP participations have non-linear and non-identical impacts on the electricity price.
In fact, the higher the amount of purchased ICDRP does not necessarily mean the higher electricity
price reduction. Therefore, we consider the impacts of di�erent levels of purchased ICDRP and the
power system topology on the electricity price reduction in our proposed pricing strategy.

Consequently, the main objective of the general optimization process, which consists of three
aforementioned optimization steps, is to �nd the maximum amount and purchasing price of ICDRPs
(i.e., incentive) and the minimum level of penalties while the system operator is able to cope with a
100-percent uncertainty radius of ICDRPs. Fig. 4.2 shows the �owchart of the proposed optimization
method.

Figure 4.2: The �owchart of proposed risk-averse optimization process
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4.3.2 AC-OPF without ICDRP (Prerequisite Calculation)

This step is necessary for determining LMP before ICDRP implementation. Besides, it is needed
for a feasibility study on the utilization of ICDRP. We use the Nomenclature as summarized in
Table 4.1.

Since the transmission systems have a very low R:X ratio, we ignore the loss terms in the
transmission network. Therefore, the fast-decoupled load �ow assumption is considered to decouple
active power �ow from 𝑣𝑠 terms and reactive power �ow from \𝑖 𝑗 terms. Considering these approx-
imations along with voltage angle approximations, which are discussed in [84], lead to a simpli�ed
AC-OPF model as follows:

Minimize
{𝑣𝑠

𝑖
, \𝑖 ,𝑃𝑖 𝑗 ,𝑄𝑖 𝑗 ,𝑃𝑖 ,𝑄𝑖 }

∑︁
𝑖∈𝑁𝑔

𝑓𝑖 (𝑃𝑔𝑖 ) (4.1a)

subject to:

𝐹𝑖 (𝑃𝐺𝑖
) = 𝑎𝑖𝑃2

𝑔𝑖
+ 𝑏𝑖𝑃𝑔𝑖 + 𝑐𝑖 , ∀ 𝑖 ∈ 𝑁𝑔 (4.1b)

𝑃𝑖 𝑗 ≈ −𝐵𝑖 𝑗\𝑖 𝑗 , ∀(𝑖 𝑗) ∈ 𝐿 (4.1c)

𝑄𝑖 𝑗 ≈ −𝐵𝑖 𝑗 (
𝑣𝑠
𝑖
− 𝑣𝑠

𝑗

2
) , ∀(𝑖 𝑗) ∈ 𝐿 (4.1d)

𝑃𝑖 =
∑︁
𝑖 𝑗∈𝐿

𝑃𝑖 𝑗 + 𝑣𝑠𝑖
∑︁
𝑗∈𝑁

𝐺𝑖 𝑗 ,∀𝑖 ∈ 𝑁 (4.1e)

𝑄𝑖 =
∑︁
𝑖 𝑗∈𝐿

𝑄𝑖 𝑗 − 𝑣𝑠𝑖
∑︁
𝑗∈𝑁

𝐵𝑖 𝑗 ,∀𝑖 ∈ 𝑁 (4.1f)

𝑃𝑖 ≤ 𝑃𝑖 ≤ 𝑃𝑖 , ∀𝑖 ∈ 𝑁 (4.1g)

𝑄
𝑖
≤ 𝑄𝑖 ≤ 𝑄𝑖 , ∀𝑖 ∈ 𝑁 (4.1h)

𝑣𝑠
𝑖
≤ 𝑣𝑠𝑖 ≤ 𝑣

𝑠
𝑖 , ∀𝑖 ∈ 𝑁 (4.1i)

𝑃𝑖 𝑗 ≤ 𝑃𝑖 𝑗 ≤ 𝑃𝑖 𝑗 , ∀(𝑖 𝑗) ∈ 𝐿 (4.1j)

𝑄
𝑖 𝑗
≤ 𝑄𝑖 𝑗 ≤ 𝑄𝑖 𝑗 , ∀(𝑖 𝑗) ∈ 𝐿 (4.1k)

{𝑣𝑠𝑖 , \𝑖 𝑗 , 𝑃𝑖 𝑗 , 𝑄𝑖 𝑗 , 𝑃𝑖 , 𝑄𝑖} ∈ R (4.1l)

where, \𝑖 𝑗 = \𝑖 − \ 𝑗 , ∀(𝑖 𝑗) ∈ 𝐿

The objective function (4.1a) minimizes the total cost. Equation (4.1b) describes the cost function
of generation units. The power �ow of lines are expressed by (4.1c) and (4.1d). The power balance
at each node is expressed by (4.1e) and (4.1f). System constraints are given in (4.1g)-(4.1l). The
calculated results of this step, including the total cost (𝑇𝐶) and locational marginal price (𝐿𝑀𝑃),
have been considered as reference values for the later steps, shown by 𝑇𝐶𝑟 and 𝐿𝑀𝑃

𝑟
𝑖
, respectively.

4.3.3 AC-OPF with ICDRP (First Step)

In this step, we �nd the solution to AC-OPF problem with the utilization of ICDRP without
considering the uncertain responsiveness of ICDRP participants. The optimization problem (4.2)
represents the base case which describes the impact of de�nite utilization of ICDRP on the system
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Table 4.1: Nomenclature

Indices
𝑖, 𝑗 Indices for system buses.
𝑘 Indices for system buses with ICDRP.
𝑙 Indices for transmission lines.
Sets
𝑁, 𝑁𝑔, 𝑁𝐷𝑅Sets of system buses, generation buses, and ICDRP buses.
𝐿 Set for line of the system.
𝑆 Sets of all possible coalitions in a cooperative game of ICDRP participants.
Parameters
𝑎𝑖 , 𝑏𝑖 , 𝑐𝑖 Cost coe�cients of generator connecting to bus 𝑖.
𝑇𝐶𝑟 The calculated operation cost in prerequisite step ($/ℎ).
𝐿𝑀𝑃𝑟

𝑖
The calculated LMP in prerequisite step for bus 𝑖.

𝐿𝑀𝑃𝐷𝑅
𝑖𝑚

The calculated LMP in the �rst step for bus 𝑖 and iteration 𝑚.
𝛽 Available budget to cope with ICDRP uncertainty($/ℎ).
𝑅𝑈𝑖 Maximum value of ramp-up (𝑀𝑊/ℎ).
Υ𝑆𝐻
𝑖

Cost coe�cients of load shedding connecting to bus 𝑖.
Variables
𝑇𝐶 Total operation cost without ICDRP in prerequisite step ($/ℎ).
𝑇𝐶𝐷𝑅𝑚 Total operation cost with ICDRP at each iteration of �rst step.
𝑃𝑔𝑖 Generated power of generator 𝑖𝑡ℎ in prerequisite step.
𝑄𝑔𝑖 Generated reactive power of generator 𝑖𝑡ℎ in prerequisite step.

𝑃𝑔𝑖/𝑃𝑔𝑖 Generated power of generator 𝑖𝑡ℎ in base/risk-averse case.
𝐹𝑖

(
𝑃𝑔𝑖

)
Generation cost of generator connecting to bus 𝑖.

𝐺𝑖 𝑗/𝐵𝑖 𝑗 Conductance/Susceptance between buses 𝑖 and 𝑗 .
𝑃𝑖/𝑄𝑖 Active/Reactive power injection at bus 𝑖.
𝑃𝑖 𝑗/𝑄𝑖 𝑗 Active/Reactive power �ow from bus 𝑖 to bus 𝑗 .
𝑣𝑠
𝑖
/\𝑖 Square of voltage magnitude/Phase angle at bus 𝑖.

𝑃𝐿𝑖/𝑃𝐿𝑖 The real/average power load connecting to bus 𝑖.

𝑃𝐿𝑖 Load consumption with uncertainty of ICDRP at bus 𝑖.
𝑄𝐿𝑖 The reactive power load connecting to bus 𝑖.
�̂�𝐷𝑅
𝑖

Amount of purchased ICDRP at the �rst step at bus 𝑖 (𝑀𝑊ℎ).

_̂𝐷𝑅
𝑖

Price of purchased ICDRP at the �rst step at bus 𝑖 ($/𝑀𝑊ℎ).
𝜎𝐷𝑅𝑖 Amount of responded ICDRP by participants at bus 𝑖 (𝑀𝑊ℎ).
𝛼 Maximum uncertainty radius per 𝛽 value.
𝛼𝑐 The tolerable uncertainty radius of ICDRP response
𝜋𝑚𝑒 Total available budget for risk-averse utilization of ICDRP.
𝜙𝑖 Shapley value for ICDRP participants at bus 𝑖.
Θ𝑖 Penalty for non-responsive ICDRP at bus 𝑖 ($/𝑀𝑊ℎ).
𝜎𝑆𝐻
𝑖

Amount of load shedding (𝑀𝑊ℎ).
_𝑆𝐻
𝑖

Price of load shedding ($/𝑀𝑊ℎ).
Abbreviations
𝐿𝑀𝑃 Locational marginal price.
𝐼𝐶𝐷𝑅𝑃 Interruptible/curtailable demand response program.
𝐼𝐺𝐷𝑇 Information gap decision theory.

operation. The formulation of this step is as follows.

Maximize
Ω1

{𝑇𝐶𝑟 − 𝑇𝐶𝐷𝑅𝑚 } , ∀ 𝑚 ∈ {1, 2, .., 100} (4.2a)

subject to (4.1b)-(4.1d), (4.1f)-(4.1l), and:

𝑃𝑔𝑖𝑚 − 𝑃𝐿𝑖 + �̂�𝐷𝑅𝑖𝑚 =
∑︁
𝑖 𝑗∈𝐿

𝑃𝑖 𝑗𝑚 + 𝑣𝑠𝑖𝑚
∑︁
𝑗∈𝑁

𝐺𝑖 𝑗 ,∀𝑖 ∈ 𝑁 (4.2b)

𝑇𝐶𝐷𝑅𝑚 =

𝑁𝐷𝑅∑︁
𝑘=1

�̂�𝐷𝑅𝑘𝑚 _̂
𝐷𝑅
𝑘𝑚 +

𝑁𝑔∑︁
𝑖=1

𝑓𝑖 (𝑃𝑔𝑖𝑚) (4.2c)
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𝑇𝐶𝑟 −
𝑁𝑔∑︁
𝑖=1

𝑓𝑖 (𝑃𝑔𝑖𝑚) ≥
𝑁𝐷𝑅∑︁
𝑘=1

�̂�𝐷𝑅𝑘𝑚 _̂
𝐷𝑅
𝑘𝑚 (4.2d)

0 ≤ �̂�𝐷𝑅𝑘𝑚 ≤ 𝑚𝑎𝑥{𝑃𝐿𝑘 } − 𝑃𝐿𝑘 , ∀ 𝑘 ∈ 𝑁𝐷𝑅 (4.2e)

( |𝑚 |
100
) ≤

_̂𝐷𝑅
𝑘𝑚

𝐿𝑀𝑃𝑟
𝑘

≤ 1 , ∀ 𝑘 ∈ 𝑁𝐷𝑅 (4.2f)

where, Ω1 = {𝑇𝐶𝐷𝑅𝑚 , 𝑃𝑔𝑖𝑚 , 𝑄𝑔𝑖𝑚 , �̂�
𝐷𝑅
𝑖𝑚

, 𝑣𝑠
𝑖𝑚
, \𝑖 𝑗𝑚, _̂

𝐷𝑅
𝑘𝑚
}. Symbols 𝑇𝐶𝑟 and 𝐿𝑀𝑃𝑟

𝑘
represent

exogenous parameters in the optimization problem (4.2) which were optimized in problem (5.2) in
the prerequisite step. The objective function (4.2a) aims to maximize the reduction of the system
operation cost due to ICDRP utilization. A sensitivity analysis with one hundred iterations (𝑚)
is considered for the lower boundary of ICDRP purchasing price (_̂𝐷𝑅

𝑘𝑚
) at each load bus. The

power balance with ICDRP at each node is expressed by (4.2b). Constraint (4.2c) represents
the cost of system operation with de�nite ICDRP participation. Constraint (4.2d) describes the
maximum available �nancial budget for ICDRP utilization which explains that the cost of purchasing
ICDRP should be lower than the reduced cost of system operation due to ICDRP. Constraints (4.2e)
and (4.2f) describe the boundary of optimization variables comprising the amount and price of
ICDRP, respectively. Symbol 𝑃𝐿𝑘 represents the calculated average value of load consumption.
Constraint (4.2e) represents an eligibility condition for ICDRP implementation. It shows that there
should be an acceptable di�erence between load consumptions during peak and o�-peak hours. The
determined amount and price of purchased ICDRP at each bus and each iteration of 𝑚 (�̂�𝐷𝑅

𝑘𝑚
and

_̂𝐷𝑅
𝑘𝑚

, respectively) have been considered as the base-case values for the next step.

4.3.3.1 Shapley Value Calculation

After �nding the optimal values of the amount and price of purchasing ICDRP at each iteration of
𝑚, we �nd the solution to the AC-OPF problem with ICDRP for each possible coalition of ICDRP
participants (𝑆 ⊆ 𝑁𝐷𝑅). Then, the Shapley value is determined for each bus with ICDRP. The
formulation of Shapley value calculation at the �rst step of this paper is presented as follows:

Maximize
Ω2

{𝑇𝐶𝑟 − 𝑇𝐶𝐷𝑅𝑚,𝑆} ,

∀𝑚 ∈ {1, 2, .., 100}, 𝑆 ⊆ 𝑁𝐷𝑅 (4.3a)

subject to (4.1b)-(4.1d), (4.1f)-(4.1l), and:

𝑃𝑔𝑖𝑚𝑆
− 𝑃𝐿𝑖 + �̂�𝐷𝑅𝑖𝑚𝑆 =

∑︁
𝑖 𝑗∈𝐾

𝑃𝑖 𝑗𝑚𝑆

+ 𝑣𝑠𝑖𝑚𝑆
∑︁
𝑗∈𝑁

𝐺𝑖 𝑗 , ∀𝑖 ∈ 𝑁 (4.3b)

𝑇𝐶𝐷𝑅𝑚𝑆 =

𝑁𝐷𝑅∑︁
𝑘=1

�̂�𝐷𝑅𝑖𝑚𝑆_̂
𝐷𝑅
𝑘𝑚𝑆 +

𝑁𝑔∑︁
𝑖=1

𝑓𝑖 (𝑃𝑔𝑖𝑚𝑆
) (4.3c)

𝑇𝐶𝑟 −
𝑁𝑔∑︁
𝑖=1

𝑓𝑖 (𝑃𝑔𝑖𝑚𝑆
) ≥

𝑁𝐷𝑅∑︁
𝑘=1

�̂�𝐷𝑅𝑖𝑚𝑆_̂
𝐷𝑅
𝑘𝑚𝑆 (4.3d){

0 ≤ �̂�𝐷𝑅
𝑖𝑚𝑆
≤ (𝑚𝑎𝑥{𝑃𝐿𝑘 } − 𝑃𝐿𝑘 ) 𝑘 ⊆ 𝑆

�̂�𝐷𝑅
𝑖𝑚𝑆

= 0 𝑘 * 𝑆
(4.3e)
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( |𝑚 |
100
) ≤

_̂𝐷𝑅
𝑘𝑚𝑆

𝐿𝑀𝑃𝑟
𝑘

≤ 1 , ∀ 𝑘 ∈ 𝑁𝐷𝑅 (4.3f)

where, Ω2 = {𝑇𝐶𝐷𝑅𝑚,𝑆, 𝑃𝑔𝑖𝑚𝑆
, 𝑄𝑔𝑖𝑚𝑆

, �̂�𝐷𝑅
𝑖𝑚𝑆

, 𝑣𝑠
𝑖𝑚𝑆

, \𝑖 𝑗𝑚𝑆, _̂
𝐷𝑅
𝑘𝑚𝑆
}. Formulas (4.3a)- (4.3f) calculate the

impact of di�erent coalitions of buses with ICDRP on the system operation cost. Finally, using the
following formula we calculate the Shapley value for each ICDRP participant.

𝜙𝑘𝑚 =
∑︁
𝑆

( |𝑆 | − 1)!(𝑁𝐷𝑅 − |𝑆 |)!
(𝑁𝐷𝑅)!

[𝑇𝐶𝐷𝑅
𝑚,𝑆
− 𝑇𝐶𝐷𝑅

𝑚, (𝑆−𝑘) ]

,∀ 𝑚 ∈ {1, 2, .., 100}, 𝑘 ∈ 𝑁𝐷𝑅
(4.4)

where, 𝑆 represents all possible coalition comprising {𝑘}, and 𝜙𝑘𝑚 is the Shapley value of each
bus with ICDRP at each iteration of 𝑚. The calculated Shapley value for each bus with ICDRP
participant (𝜙𝑘𝑚) is used to allocate the risk management cost of ICDRP at the next step.

4.3.4 Risk-Averse AC-OPF (Second Step)

In this step, the Shapley value-based IGDT method is applied to the AC-OPF problem to evaluate
the risks of uncertain responsiveness of ICDRP participants. At each purchasing price of ICDRP
(𝑚), a sensitivity analysis is carried out on the available �nancial budget for risk management and
the tolerable uncertainty radius of ICDRP response is determined using the IGDT method. The
objective function is about determining the maximum uncertainty radius that system operators can
cope with by spending the available �nancial budget. The formulation of this step is as follows.

𝛼𝑐𝑚𝑒
= Maximize

Ω3

𝛼𝑚𝑒 ,

∀ 𝑚 ∈ {1, 2, .., 100}, 𝑒 ∈ {1, 2, .., 200} (4.5a)

subject to (4.1c), (4.1d), (4.1f)-(4.1l), and:

𝑃𝑔𝑖𝑚𝑒 − 𝑃𝐿𝑖𝑚𝑒 =
∑︁
𝑖 𝑗∈𝐾

𝑃𝑖 𝑗𝑚𝑒 + 𝑣𝑠𝑖𝑚𝑒
∑︁
𝑗∈𝑁

𝐺𝑖 𝑗 , ∀ 𝑖 ∈ 𝑁 (4.5b)

𝑃𝐿𝑖𝑚𝑒 = 𝑃𝐿𝑖 − (𝜎𝐷𝑅𝑖𝑚𝑒 + 𝜎𝑆𝐻𝑖𝑚𝑒) , ∀ 𝑖 ∈ 𝑁 (4.5c)

𝑁𝐷𝑅∑︁
𝑘=1

(�̂�𝐷𝑅𝑘𝑚 − 𝜎
𝐷𝑅
𝑘𝑚𝑒) =

𝑁𝑔∑︁
𝑖=1

(
𝑃𝑔𝑖𝑚𝑒 − 𝑃𝑔𝑖𝑚

)
+

𝑁∑︁
𝑖=1

𝜎𝑆𝐻𝑖𝑚𝑒 (4.5d)

Θ𝑘𝑚𝑒 = 𝜙𝑘𝑚(𝛽𝑚𝑒
𝑁𝐷𝑅∑︁
𝑗=1

�̂�𝐷𝑅𝑗𝑚 _̂
𝐷𝑅
𝑗𝑚 ) , ∀ 𝑘 ∈ 𝑁𝐷𝑅 (4.5e)

𝛽𝑚𝑒

𝑁𝐷𝑅∑︁
𝑘=1

�̂�𝐷𝑅𝑘𝑚 _̂
𝐷𝑅
𝑘𝑚 =

𝑁𝑔∑︁
𝑖=1

(
𝑓𝑖 (𝑃𝑔𝑖𝑚𝑒 − 𝑃𝑔𝑖𝑚)

)
+
𝑁𝐷𝑅∑︁
𝑘=1

(
𝜎𝑆𝐻𝑘𝑚𝑒_

𝑆𝐻
𝑘 − Θ𝑘𝑚𝑒 (�̂�

𝐷𝑅
𝑘𝑚 − 𝜎

𝐷𝑅
𝑘𝑚𝑒)

)
(4.5f)

𝛽𝑚𝑒 =
|𝑒 |
100

, 0 ≤ 𝛼𝑚𝑒 ≤ 1 (4.5g)

𝑃𝑔𝑖𝑚𝑒 − 𝑃𝑔𝑖𝑚 ≤ 𝑅𝑈𝑖 , ∀ 𝑖 ∈ 𝑁𝑔 (4.5h)

𝑁𝐷𝑅∑︁
𝑘=1

𝜎𝐷𝑅𝑘𝑚𝑒 = (1 − 𝛼𝑚𝑒)
𝑁𝐷𝑅∑︁
𝑘=1

�̂�𝐷𝑅𝑘𝑚 (4.5i)
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{
_𝑆𝐻
𝑖

= Υ𝑆𝐻
𝑖
𝐿𝑀𝑃𝑟

𝑖

20 ≤ Υ𝑆𝐻
𝑖

,∀ 𝑖 ∈ 𝑁 (4.5j)

where, Ω3 = {𝛼𝑚𝑒, 𝑃𝑔𝑖𝑚𝑒, 𝑃𝐿𝑖𝑚𝑒, 𝑄𝑔𝑖𝑚𝑒
, �̂�𝐷𝑅

𝑖𝑚𝑆
, 𝑣𝑠

𝑖𝑚𝑒
, \𝑖 𝑗𝑚𝑒, _̂

𝐷𝑅
𝑘𝑚𝑒

, 𝜎𝐷𝑅𝑘𝑚𝑒, 𝜎
𝑆𝐻
𝑖𝑚𝑒

, _𝑆𝐻
𝑖

, Υ𝑆𝐻
𝑖

, Θ𝑘𝑚𝑒,
𝜋𝑚𝑒}. Equation (4.5b) represents the new power balance at each node. Regarding equation (4.5c),
the new load consumption is calculated by subtracting the amount of responsive ICDRP and load
shedding from the load consumption without ICDRP. Equation (4.5d) describes the balance of IC-
DRP participation, which means that extra load consumption due to the non-responsive ICDRP
participant, the uncertainty of ICDRP, is compensated with the available predetermined reserve
and load shedding. The system operator uses load shedding as an ultimate alternative to preserve
the balance between generation and load either when the amount of non-response ICDRP is greater
than the ramp-up capability of predetermined reserves or when all predetermined reserve capac-
ities are utilized. The second term in (4.5d) represents the amount of reserve capacity that the
system operator utilizes to manage the uncertainty of ICDRP. The penalties are determined based
on Shapley values for each load bus with ICDRP in equation (4.5e). It means that non-responsive
participants are penalized based on the impacts of their cooperative behavior on system operation.
According to the IGDT method, the available �nancial budget to cope with ICDRP uncertainty,
the risk management cost, is 𝛽 percent of ICDRP purchasing cost in the �rst step (base case).
Equation (4.5f) explains the �nancial balance to cope with uncertainties in the IGDT method. It
means that the total increment cost of system operation due to ICDRP uncertainty should be equal
to the available budget for risk management in the proposed risk-averse model. Constraint (4.5h)
illustrates that the required reserve capacity due to ICDRP uncertainty should be lower than the
ramp-up capability of reserve units. It shows that the di�erence between the power output of each
generator in the base case and the risk-averse case, the variation of each generator output to cope
with the uncertainty of ICDRP, should be lower than its ramp-up capability. The tolerable uncer-
tainty radius of the ICDRP response in the risk-averse approach is modeled by (4.5i). It represents,
for each level of the available �nancial budget for risk management, how much participation uncer-
tainty of the ICDRP contract can be controlled by the system operator without any load shedding.
Constraint (4.5j) describes the reliability worth of load shedding caused by the utilization of uncer-
tain ICDRP. The load shedding is a costly process in which system operators attempt not to use it
regularly. Therefore, reliability cost is considered notably high to restrict its usage in the normal
operation.

4.3.5 Risk-Averse Pricing Strategy

At each iteration of 𝑚, we can obtain the optimal amount of purchasing ICDRP, penalties for non-
responsive ICDRP participants, and the electricity price, while the system operator is able to cope
with 100 percent uncertainty of participant responsiveness. Then, we decide on the best pricing
strategy using the following formula as a pricing criterion.

𝑀𝑖𝑛{
Θ𝑘𝑚𝑒𝐿𝑀𝑃

𝐷𝑅
𝑖𝑚

_̂𝐷𝑅
𝑖𝑚
�̂�𝐷𝑅
𝑖𝑚

|𝛼𝑐𝑚𝑒
= 1} (4.6)

where, symbol 𝑀𝑖𝑛 represents the mathematical operation that returns the order of 𝑚 and 𝑒 asso-
ciated with the smallest value of the fraction, provided 𝛼𝑐𝑚𝑒

is equal to one. The whole process of
the proposed pricing strategy is presented in Algorithm 1.
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Algorithm 1 Risk-averse strategy for pricing ICDRP

1: Prerequisite step: AC-OPF without ICDRP
2: Solve the optimization problem (5.2)
3: (𝐿𝑀𝑃𝑟

𝑖
← 𝐿𝑀𝑃𝑖) , (𝑇𝐶𝑟 ← 𝑇𝐶)

4: for 𝑚 ← 1 to 100 do
5: Step (1): ICDRP utilization without uncertainty
6: Solve problem (4.2), (𝐿𝑀𝑃𝐷𝑅

𝑖𝑚
← 𝐿𝑀𝑃𝑖𝑚)

7: Save 𝑇𝐶𝐷𝑅𝑚 , �̂�𝐷𝑅
𝑖𝑚

, _̂𝐷𝑅
𝑖𝑚

, 𝐿𝑀𝑃𝐷𝑅
𝑖𝑚
.

8: Step (1a): Shapley value calculation
9: Solve the optimization problem (4.3), Save 𝜙𝑘𝑚
10: for 𝑒 ← 1 to 200 do
11: Step (2): ICDRP with uncertainty
12: Solve problem (4.5), Save 𝛼𝑐𝑚𝑒

,Θ𝑘𝑚𝑒
13: Step (2a): Pricing strategy
14: Find the correlation between _̂𝐷𝑅𝑖𝑚

and Θ𝑘𝑚𝑒, while 𝛼𝑐𝑚𝑒
= 1

15: end for
16: end for
17: Optimal strategy ← 𝑀𝑖𝑛{Θ𝑘𝑚𝑒𝐿𝑀𝑃

𝐷𝑅
𝑖𝑚

_̂𝐷𝑅𝑖𝑚
𝐷𝑅𝑖𝑚

|𝛼𝑐𝑚𝑒
= 1}

4.4 Case Studies

4.4.1 Test System

The modi�ed IEEE 9-bus test system is used to evaluate the feasibility and e�ectiveness of the
proposed risk-averse pricing strategy. The average daily load consumptions of three load buses
are shown in Fig. 4.3. We assume that the reserve capacities and load shedding are the only
available resources to cope with the uncertainty of ICDRP in the real-time operation of power
system. The proposed model is carried out for the peak demand hour (4 𝑝𝑚 to 5 𝑝𝑚). This
paper considers �ve case studies with di�erent ramp-up capabilities to investigate the ramp-up
capability of predetermined reserves as an eligibility condition for risk-averse utilization of ICDRP.
We assume that these �ve di�erent ramp-up capabilities of reserves are determined before the real-
time operation of power system. Table 4.2 provides di�erent ramp-up capabilities for �ve cases.

Our proposed pricing strategy should obtain the solutions to one optimization problem for the
prerequisite step, 100 times 200 optimization problems corresponding to each 𝑚 and 𝑒, and 100
times 18 optimization problems for Shapley value calculations. In total, our proposed strategy
�nds the solutions to 21801 optimization problems in which all of them are based on the AC-OPF
problem. The computer used for calculation is with Intel Core i7-8650U (2.11 GHz), 16G RAM.
Finding the solutions to the whole optimization process, using Julia programming language, takes
9 minutes and 23 seconds. It means that solving each iteration takes about 26 milliseconds. Since
each problem is calculated individually and independently, parallel computing can easily be used in
the computation process. This, in turn, signi�cantly decreases the computation time for large-scale
optimization problems.

4.4.2 Results and Discussions

This section presents the results and discussions regarding applying the proposed risk-averse pricing
strategy. It illustrates the risk assessment of ICDRP utilization and the process of applying the risk
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Figure 4.3: The average daily load consumption of three load buses.

Table 4.2: Ramp-up Capability of predetermined Reserves in Five Case Studies.

Case study Ramp-up capability of predetermined reserves (𝑀𝑊/ℎ)
Bus No.1 Bus No.2 Bus No.3

Case 1 5.5 5.5 4.5
Case 2 27.5 27.5 22.5
Case 3 55 55 45
Case 4 73.3 73.3 60
Case 5 110 110 90

management cost to the pricing strategy of ICDRP. Further, the impacts of the ramp-up capabilities
of predetermined reserves on the risk management cost of ICDRP are presented.

4.4.2.1 The First Step (Base Case Without ICDRP Uncertainty)

This step aims to �nd the maximum amount and price of purchasing ICDRP using sensitivity
analysis on the ICDRP purchasing price. The results are shown in Fig. 4.4. The red dotted line
shows the cost of system operation, which is the total cost of generation units without ICDRP. The
green dash-dotted line shows the impact of the purchasing price of ICDRP on the total cost of system
operation including the cost of generation and purchasing ICDRP. The total generation cost shown
by the gray dashed line decreases due to the utilization of ICDRP. The cost reduction of generation
units and system operation due to ICDRP utilization is represented by the yellow dotted line and
black dash-dotted line, respectively. As can be seen, the bene�t of ICDRP utilization decreases
with the increase of price for the purchasing prices higher than 49% of LMP. Besides, the reduction
in the purchasing prices, which are incentives, decreases the customers' willingness to participate
in the program and the probability of responding to the contracts. The optimal amount of ICDRP
and the average LMP at di�erent ICDRP purchasing prices is shown in Fig. 4.5. For the prices
lower than 49%, the optimal amount of ICDRP is equal to the maximum value that is de�ned by
the eligibility condition in constraint (4.2e).

Results show that, before any risk assessment, the system operator can o�er at most 49% of
LMP plus the buy-back costs of the purchased electricity to customers in order to encourage them to
participate in the program. The maximum amount of ICDRP at this price is about 102.61𝑀𝑊ℎ. The
optimal penetration of ICDRP equals 16.68% of load consumption. The LMP averages without and
after ICDRP utilization equal 35.67$/𝑀𝑊ℎ and 18.43$/𝑀𝑊ℎ, respectively. The optimal amounts
and prices of ICDRP at 49% of LMP for di�erent buses have been shown in Table 4.3. Since there
is a limited budget for utilizing ICDRP, the amount of purchasable ICDRP decreases by increasing
the price. Consequently, the best results are achieved when the purchasing price equals 49% of
LMP. The results of the �rst step demonstrate the high impacts of ICDRP without uncertainty
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Figure 4.4: The results of the base case, �rst step, for the IEEE 9-bus system using
sensitivity analysis of the purchasing price of ICDRP at 4 𝑝𝑚.

Figure 4.5: The optimal purchased ICDRP and average 𝐿𝑀𝑃 (base case).

on the system operation. Nonetheless, the impacts of utilizing the uncertain ICDRP needed to be
considered.

Table 4.3: The Results of Optimization Problem (4.2) at 49% of LMP.

Bus Number Purchasing price Purchased ICDR at the peak hour

Bus No.5 19.64 $/MWh 29.48MWh
Bus No.7 18.73 $/MWh 48.92MWh
Bus No.9 19.23 $/MWh 24.21MWh
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4.4.2.2 Shapley Value Calculation

From the economic viewpoint, the ICDRP participants at di�erent buses should be penalized based
on the impacts of their cooperative behavior on the risk management cost. The calculated Shapley
values are shown in Fig. 4.6. As can be seen, for prices lower than 49% of LMP, ICDRP partic-

Figure 4.6: Impacts of ICDRP purchasing price on Shapley value of each bus.

ipants on bus no. 7 have a notable impact on the system operation cost. Nonetheless, as shown
in Fig. 4.5, the optimal amount of ICDRP at bus no. 7 decreases when the purchasing price has
increased. Consequently, the Shapley value of this bus decreases when prices are higher than 49%.
In contrast to bus no. 7, bus no. 5 and bus no. 9 are applicable for an extensive range of prices.
The Shapley values of ICDRP participants at buses no. 5 and no. 9 increase when prices are higher
than 49%. Indeed, it implies that the impact of ICDRP on the power system operation depends on
the amount and price of purchased ICDRP at all buses, cooperative behavior of participants, and
system topology.

The next step evaluates the risk management cost associated with the uncertain ICDRP and
applies it to the pricing strategy using Shapley values.

4.4.2.3 The Risk-Averse Pricing Strategy

In the proposed risk-averse pricing strategy, for each ICDRP participant, the proper pricing policy is
selected based on the optimal amount and purchasing price of ICDRP, the penalty for not responding
to the contract, the impacts of ICDRP participant on the electricity price, and the ability of system
operator to cope with uncertainties. Sensitivity analyses are carried out to assess the impacts
of ICDRP purchasing price and available �nancial budget for risk management on the system
operator's ability to cope with the uncertainty of ICDRP. The available �nancial budget varies from
one up to two hundred percent of the ICDRP purchasing cost. Then, for each case, the uncertainty
radius that the system operator could cope with is determined using the Shapley value-based IGDT
method.

In this section, we assume that the available reserves are properly determined in the electricity
forward markets. The impacts of available predetermined reserves on the risk-averse utilization of
ICDRP are evaluated in the next section. Fig. 4.7 illustrates the relationships between uncertainty
radius, purchasing prices, and available �nancial budgets for risk management of ICDRP. The
tolerable uncertainty radius of ICDRP utilization has been shown by di�erent colors. As can be
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Figure 4.7: The results of risk-averse utilization of ICDRP.

seen, the ability of the system operator to cope with the uncertainties of ICDRP increases by
increasing the available budget for risk management and decreasing the ICDRP purchasing prices.
Penalizing the non-responsive participant, based on the Shapley value, helps the system operator to
cope with ICDRP uncertainty. The points on the border of the convex area with a crimson color, on
the left and down sides of the �gure, show the maximum purchasing prices, minimum penalties, and
100 percent tolerable uncertainty of ICDRP utilization. Nevertheless, the system operator should
consider other aspects to obtain the best pricing strategy as well.

Fig. 4.8 shows the correlation between the incentives and penalties of the points on the convex
area with a crimson color in Fig. 4.7. System operators should make a decision between two
boundaries including a low penetration strategy (maximum _̂𝐷𝑅

𝑘
and maximum penalty) and a high

penetration strategy (minimum _̂𝐷𝑅
𝑘

and minimum penalty). Purchasing price _̂𝐷𝑅
𝑘

varies from 63%
of LMP in the low penetration strategy to 28% in the high penetration strategy.

Figure 4.8: The Ratio between purchasing prices _̂𝐷𝑅
𝑘

and penalties of optimal
points in the border with crimson color in Fig. 4.7.

As can be seen, for the incentives (_̂𝐷𝑅
𝑘

) greater than 47%, penalties increase and the amount
of purchasable ICDRP at bus no. 7 decreases (due to limited budget for ICDRP utilization). Con-
sequently, the bene�t of ICDRP utilization decreases. For incentives lower than 47%, penalties and
amount of purchasable ICDRP are constant which discourage customers from participating in the
program. Finally, using the proposed risk-averse pricing strategy, Fig. 4.9 shows the relationship
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between the ICDRP purchasing price and the calculated pricing criterion in equation (4.6). The
optimal pricing strategies for three buses with ICDRP are the same. Therefore, the system operator
can purchase maximum ICDRP (102.61𝑀𝑊ℎ) with maximum incentives and minimum penalties
when _̂𝐷𝑅

𝑘
equals 47% of LMP. Table 4.4 represents the optimal results of the proposed risk-averse

pricing strategy at 47% of LMP.

Figure 4.9: Relation between the pricing coe�cient and ICDRP purchasing price.

Table 4.4: The Optimal Results at 47% of LMP for IEEE 9-bus System.

Optimal point Bus
Amount of

ICDRP (MW)
Incentive
($/MWh)

Penalty
($/MWh)

LMP ($/MWh)

_̂𝐷𝑅 𝛽 ICDRP Without

47% 118%
B5 29.48 18.93 22.68 20.06 41.22
B7 48.92 18.01 20.95 18.66 38.43
B9 24.21 18.58 22.41 19.71 39.14

In summary, the results show that the proposed pricing strategy takes into account the e�ective
parameters in the risk-averse utilization of ICDRP with the uncertain responsiveness of participants.

4.4.2.4 Investigating the Reserve Flexibility as An Eligibility Condition

As mentioned before, we have de�ned �ve case studies with di�erent ramp-up capabilities of reserves
to investigate the �exibility of predetermined reserves, in the electricity forward markets, as a
complementary eligibility condition for risk-averse utilization of ICDRP. Fig. 4.10 shows the tolerable
uncertainty radius of ICDRP utilization for �ve de�ned case studies. Table 4.5 shows the optimal
results of risk-averse utilization of ICDRP using the proposed pricing strategy for all �ve case
studies.

In the �rst case, the best results occur when purchasing price _̂𝐷𝑅
𝑘

equals 98% and 𝛽 equals 112%.
Due to the low ramp-up capability of predetermined reserves, the system operator cannot cope with
the 100% uncertainty of ICDRP within the peak-hour when the purchasing price is lower than 96%
of LMP. The results in Table 4.5 show that the optimal risk-averse penetration of ICDRP in the
�rst case equals 0.65% of load consumption (4 𝑀𝑊ℎ). This level of penetration cannot decrease
the electricity price and improve the operation of the power system. The results show that, even if
the load is highly �exible and the electricity price highly varies, since the system operator does not
have enough �exibility sources to cope with the uncertainty of ICDRP, the ICDRP cannot improve
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Figure 4.10: Risk-averse ICDRP utilization for the �ve case studies with di�erent
ramp-up capabilities of predetermined reserve (increasing from 1 to 5).

Table 4.5: The Results of Proposed Risk-Averse Optimization Method For Five
Case Studies (LMP Average without ICDRP=35.67$/𝑀𝑊ℎ)

Case
study

Total ramp-up
capability

Optimal point

(𝛼, _̂𝐷𝑅, 𝛽)

ICDRP
penetration

Average LMP
with ICDRP

Bus
number

Purchasing price
Amount of
ICDRP

Shapley value
Penalty
($/𝑀𝑊ℎ)

Case 1 15.5 𝑀𝑊/ℎ
{𝛼=100%

0.65% 34.26 $/𝑀𝑊ℎ
B5 39.47 $/𝑀𝑊ℎ 1.5 𝑀𝑊ℎ 0.38 43.32

_̂𝐷𝑅 = 98% B7 0 0 0 0
𝛽=112%} B9 38.75 $/𝑀𝑊ℎ 2.5 𝑀𝑊ℎ 0.62 42.08

Case 2 77.5 𝑀𝑊/ℎ
{𝛼=100%

3.52% 31.91 $/𝑀𝑊ℎ
B5 35.85 $/𝑀𝑊ℎ 8.12 𝑀𝑊ℎ 0.38 38.37

_̂𝐷𝑅 = 89% B7 0 0 0 0
𝛽=107%} B9 35.19 $/𝑀𝑊ℎ 13.55 𝑀𝑊ℎ 0.62 37.66

Case 3 155 𝑀𝑊/ℎ
{𝛼 = 100%

7.71% 27.62 $/𝑀𝑊ℎ
B5 30.61 $/𝑀𝑊ℎ 21.05 𝑀𝑊ℎ 0.45 32.35

_̂𝐷𝑅 = 76% B7 29.12 $/𝑀𝑊ℎ 2.17 𝑀𝑊ℎ 0.04 30.82
𝛽=106%} B9 30.05 $/𝑀𝑊ℎ 24.21 𝑀𝑊ℎ 0.51 31.96

Case 4 206.6 𝑀𝑊/ℎ
{𝛼 = 100%

11.91% 23.16 $/𝑀𝑊ℎ
B5 25.38 $/𝑀𝑊ℎ 29.48 𝑀𝑊ℎ 0.41 26.41

_̂𝐷𝑅 = 63% B7 24.14 $/𝑀𝑊ℎ 19.54 𝑀𝑊ℎ 0.26 24.77
𝛽=104%} B9 24.91 $/𝑀𝑊ℎ 24.21 𝑀𝑊ℎ 0.33 26.16

Case 5 310 𝑀𝑊/ℎ
{𝛼 = 100%

11.91∼16.68% 23.16∼18.33 $/𝑀𝑊ℎ
B5 25.38∼11.28 $/𝑀𝑊ℎ 29.48 𝑀𝑊ℎ 0.41∼0.30 26.41∼22.49

_̂𝐷𝑅 = 63% ∼ 28% B7 24.14∼10.73 $/𝑀𝑊ℎ 19.54∼48.92 𝑀𝑊ℎ 0.26∼0.46 24.77∼21.03
𝛽 =104% ∼ 194%} B9 24.91∼11.07 $/𝑀𝑊ℎ 24.21 𝑀𝑊ℎ 0.33∼0.24 26.16∼22.15

system operation. In fact, solely considering these two eligibility conditions for utilizing uncertain
ICDRP could even worsen the situation. For instance, if ICDRP is o�ered to customers at any price
lower than 53% of LMP in the �rst case, even by spending twice as the purchasing cost (𝛽 = 200),
the system operator cannot cope with more than 6% of the ICDRP uncertainty.

As shown in Fig. 4.10 and Table 4.5, the greater the ramp-up capability of predetermined
reserves, the higher the system operator's ability to cope with the uncertainty of ICDRP. The bene�t
of ICDRP utilization, the tolerable uncertainty radius, and the maximum amount of purchased
ICDRP increase from case 2 to case 5. The average LMP and the penalties also decrease by
increasing the ramp-up capability. The results show that ICDRP is a feasible resource when the
ramp-up capability of predetermined reserves is high. Therefore, it implies that the responsiveness
uncertainty of ICDRP participants is needed to be considered in the process of selecting required
reserves in the electricity forward markets.

In cases 2, 3, and 4, since there is a straight border of crimson color with the same purchasing
price on the right side of the �gures, only one non-dominated optimal point exists which is the
last point with a crimson color on the left side of the border. The non-dominated optimal point in
case 2 shows that the system operator can cope with 100% uncertainty of ICDRP when _̂𝐷𝑅

𝑘
and

𝛽 equal 89% and 107%, respectively. The results of non-dominated points in cases 3, 4, and 5 have
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been shown in Table 4.5. In case 5, since a high level of �exibility sources is available, the system
operator can cope with 100% uncertainty of ICDRP within a more inclusive range of penalties and
the amount and purchasing price of ICDRP. Therefore, there is a convex border with a crimson
color. Table 4.5 shows the results associated with the best optimal point in case 5. As can be
seen in Table 4.3, Table 4.4, and Table 4.5, the results of the best point in case 5 are close to the
results of the utilization of ICDRP without uncertainty. It shows that the proposed pricing strategy
makes ICDRP a more reliable ancillary service provided the system operator has access to adequate
reserve in the real-time operation.

Therefore, the �exibility of predetermined reserves in the electricity forward markets should be
considered as a complementary eligibility condition for risk-averse utilization of ICDRP with the
uncertain responsiveness of the participants.
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5 | Operational coordination of energy
systems

In this chapter, we describe our proposed TSO-DSO operational coordination framework, our new
organizational structure for TSO-DSO operational coordination, and the details of the logic-based
Benders decomposition technique.

5.1 The Look-Ahead Multi-Interval (LA-MI) Framework for TSO-
DSO Coordination

The length of intervals in the rolling horizon depends on several factors. The more the number
of intervals, the more the computational complexity of the optimization problem, and the less
the accuracy of the forecasted parameters (e.g., solar radiation, wind speed, and bids of ERRs).
Due to the ramping capabilities of reserve capacities and minimum up- or down-time constraints of
generation units, we assume that the system operators are able to cope with the real-time operational
uncertainties provided they are being prepared for the next four hours. Consequently, a LA-MI
framework with four rolling windows is proposed for improving TSO-DSO coordination in the
real-time operation of electricity market. The embedded energy resources in our set-up include
demand response (DR), battery storage systems, Photovoltaic (PV) panels, and wind turbines.
These uncertain energy resources are available to provide ancillary �exibility services to both the
DSO and TSO.

The proposed framework is compared with LA-SI framework in the real-time operation of elec-
tricity market. All contracts related to the day-ahead and hour-ahead markets are taken into
account as �rm contracts. Consequently, the proposed LA-MI framework is considered for hedging
against the uncertainty of Renewable Energy Source (RES) and load consumption in order to ful�l
all signed contracts in the forward market platforms. We treat all generators and �exibility service
providers as price takers with competitive o�ers.

The LA-MI rolling horizon for TSO-DSO co-ordination is illustrated in Fig. 5.1. A series of
TSO-DSO coordination problems are solved in a rolling implementation of the LA-MI framework.
Each look-ahead rolling window contains four delivery periods but only the results of the AC-OPF
for the upcoming interval are mandatory; the later ones are provisional. Likewise, only the prices for
the upcoming interval are used for settlement, the forward prices for the subsequent three periods
are used for the provisional look-ahead but are treated as indicative.

The objective function of the LA-MI framework is to minimize the total operation cost of the
TSO-DSO coordination over the relevant time horizon of rolling windows by solving a properly
linearized AC optimal power �ow model for both transmission and distribution systems. The
total cost of TSO-DSO coordination comprises the cost of generated power by the predetermined
operating reserve generators and the cost of providing the �exibility services by service providers
(aggregators).
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Figure 5.1: Series of TSO-DSO coordination problems solved in a rolling implemen-
tation of the LA-MI framework.

5.1.1 Market mechanism

The recently proposed mechanism in [2] is considered. The TSO and its inter-connected DSOs are
possible service buyers. The EERs are competing with available operating reserves which include
the spinning reserve as well as the non-spinning or supplemental reserve to provide �exibility at
the TSO level. At the DSO level, EERs are the only �exibility providers. According to the trading
platform of the market mechanism, �exibility is cleared in a one-shot auction. The complex utility
functions of the buyers are re�ected in the market-clearing problem to hedge against a possible
free-rider strategy.

The TSO and DSO are independent non-pro�t �exibility service buyers whose �exibility inter-
ests are con�dential and might con�ict with each other. Moreover, neither TSO nor DSO is willing
to reveal their network information. However, due to the free-rider strategy, the disadvantages of
the sequential �exibility activation process, and to improve the real-time operation of power sys-
tems, the coordinated TSO-DSO operation is necessary. The coordinated operation needs a high
level of information accessibility. Consequently, we propose a new independent non-pro�t regulated
organization in the real-time �exibility market which is called Flexibility Market Operator (FMO).
The FMO receives all the required information in a short period of time before power delivery in the
power system (perhaps 15 minutes). The proposed FMO has di�erent sub-organizations including
anticipation, data collection, and interface optimizer. Consequently, our new proposed organiza-
tional structure for TSO-DSO operational coordination mechanism includes TSO, DSO, EER, and
FMO. From the market participants' privacy viewpoint, since our proposed FMO is supposed to
operate only during the ancillary �exibility service market and it is completely independent of
TSO and DSO, privacy issues are mitigated. Furthermore, each sub-organization of FMO can be
considered independent to ensure a high level of participants' privacy.

The FMO anticipates uncertainty sources based on the received information from the market
participants, collects all required information to operate the proposed coordination model, forms
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and solves our bilevel TSO-DSO operational coordination problem, and �nally sends all dispatch
comments and market clearing outputs to the �exibility market participants. The FMO has no
access to the whole interest functions of the market participants. The exchanged information is
only the technical information of transmission and distribution systems as well as the o�er functions
of �exibility market participants in a short period of time before power delivery. Moreover, since
TSO, DSO, and FMO are independent non-pro�t regulated organizations, it is assumed that TSO
and DSOs would share the required information with FMO through an agreement.

The main objective function of the market-clearing problem is to maximize the total social
welfare of all service buyers. The considered mechanism has the properties of truthfulness and
e�ciency which means that the FMO maximizes social welfare while participants are incentivized
to submit true valuations.

In this paper, from the �exibility service term, we only refer to the "turn-up" and "turn-down"
service activation. The �turn-down� service activation refers to demand decrease (or generation
increase) and vice versa for �turn-up" service activation. We consider PV and wind generation
units as the turn-up service providers and DR aggregators as the turn-down service providers. The
battery storage systems can provide both turn-up and turn-down services which depend on the
submitted o�er functions by the battery system owner who includes all constraints and costs into
their o�er functions. Based on the battery storage constraints like SOC, battery system owners
can act as turn-up or turn-down service providers. The amount of �exibility that they can o�er
depends on their SOC and other technical constraints which are con�dential and FMO has no
information on them. When the SOC of the battery storage system is too low, which means that
the battery is fully discharged, the battery owners submit the maximum amount of their turn-up
�exibility. On the other side, when the battery system is fully charged, the battery owner can
o�er the maximum amount of turn-down �exibility. Nevertheless, neither FMO nor any other
organization has information about the actual capacity of the battery systems.

5.1.2 Optimal Power Flows for TSO and DSO

The total cost of TSO-DSO coordination to be minimized comprises the cost of generation to meet
demand and the cost of providing the �exibility services. The base AC-OPF model introduced
in [84] is taken. The OPF for the DSOs is formulated as follows:

Minimize
{𝑣𝑠𝐷𝑆

𝑖
, \𝐷𝑆

𝑖
,𝑃𝐷𝑆

𝑖 𝑗
,𝑄𝐷𝑆

𝑖 𝑗
,𝑃𝐷𝑆

𝑖
,𝑄𝐷𝑆

𝑖
}

∑︁
𝑖∈𝐼𝐷𝑆

𝑓𝑖 (𝑃𝐷𝑆𝑔𝑖 ) (5.1a)

subject to:

𝑃𝐷𝑆𝑖 𝑗 ≈ 𝑃𝐷𝑆𝑖 𝑗,0 + (∇𝑃
𝐷𝑆
𝑖 𝑗 |0)𝑇

©«
𝑣𝑠

𝐷𝑆

𝑖
− 𝑣𝑠𝐷𝑆

𝑖,0

𝑣𝑠
𝐷𝑆

𝑗
− 𝑣𝑠𝐷𝑆

𝑗 ,0

\𝐷𝑆
𝑖
− \𝐷𝑆

𝑖,0

\𝐷𝑆
𝑗
− \𝐷𝑆

𝑗,0

ª®®®®¬
,∀ (𝑖 𝑗) ∈ 𝐾𝐷𝑆 (5.1b)

𝑄𝐷𝑆𝑖 𝑗 ≈ 𝑄𝐷𝑆𝑖 𝑗,0 + (∇𝑄
𝐷𝑆
𝑖 𝑗 |0)𝑇

©«
𝑣𝑠

𝐷𝑆

𝑖
− 𝑣𝑠𝐷𝑆

𝑖,0

𝑣𝑠
𝐷𝑆

𝑗
− 𝑣𝑠𝐷𝑆

𝑗 ,0

\𝐷𝑆
𝑖
− \𝐷𝑆

𝑖,0

\𝐷𝑆
𝑗
− \𝐷𝑆

𝑗,0

ª®®®®¬
,∀ (𝑖 𝑗) ∈ 𝐾𝐷𝑆 (5.1c)

𝑃𝐷𝑆𝑖 =
∑︁

(𝑖 𝑗) ∈𝐾𝐷𝑆

𝑃𝐷𝑆𝑖 𝑗 + 𝑣𝑠
𝐷𝑆

𝑖

∑︁
𝑗∈𝐼𝐷𝑆

𝐺𝐷𝑆𝑖 𝑗 , ∀ 𝑖 ∈ 𝐼𝐷𝑆 (5.1d)
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𝑄𝐷𝑆𝑖 =
∑︁

(𝑖 𝑗) ∈𝐾𝐷𝑆

𝑄𝐷𝑆𝑖 𝑗 + 𝑣𝑠
𝐷𝑆

𝑖

∑︁
𝑗∈𝐼𝐷𝑆

−𝐵𝐷𝑆𝑖 𝑗 , ∀ 𝑖 ∈ 𝐼𝐷𝑆 (5.1e)

𝑃𝐷𝑆𝑖 ≤ 𝑃𝐷𝑆𝑖 ≤ 𝑃𝐷𝑆𝑖 , ∀ 𝑖 ∈ 𝐼𝐷𝑆 (5.1f)

𝑄𝐷𝑆
𝑖
≤ 𝑄𝐷𝑆𝑖 ≤ 𝑄𝐷𝑆𝑖 , ∀ 𝑖 ∈ 𝐼𝐷𝑆 (5.1g)

𝑣𝑠
𝐷𝑆

𝑖
≤ 𝑣𝑠𝐷𝑆

𝑖 ≤ 𝑣𝑠𝐷𝑆

𝑖 , ∀ 𝑖 ∈ 𝐼𝐷𝑆 (5.1h)

𝑃𝐷𝑆𝑖 𝑗 ≤ 𝑃
𝐷𝑆
𝑖 𝑗 ≤ 𝑃

𝐷𝑆

𝑖 𝑗 , ∀ (𝑖 𝑗) ∈ 𝐾𝐷𝑆 (5.1i)

𝑄𝐷𝑆
𝑖 𝑗
≤ 𝑄𝐷𝑆𝑖 𝑗 ≤ 𝑄

𝐷𝑆

𝑖 𝑗 , ∀ (𝑖 𝑗) ∈ 𝐾𝐷𝑆 (5.1j)

{𝑣𝑠𝐷𝑆

𝑖 , \𝐷𝑆𝑖 , 𝑃𝐷𝑆𝑖 𝑗 , 𝑄
𝐷𝑆
𝑖 𝑗 , 𝑃

𝐷𝑆
𝑖 , 𝑄𝐷𝑆𝑖 } ∈ R (5.1k)

where,

∇𝑃𝐷𝑆𝑖 𝑗 |0 =

©«

(1 −
𝑣𝐷𝑆
𝑗,0 𝑐𝑜𝑠\

𝐷𝑆
𝑖 𝑗,0

2𝑣𝐷𝑆
𝑖,0

)𝑔𝐷𝑆
𝑖 𝑗
−
𝑣𝐷𝑆
𝑗,0 𝑏

𝐷𝑆
𝑖 𝑗
𝑠𝑖𝑛\𝐷𝑆

𝑖 𝑗,0

2𝑣𝐷𝑆
𝑖,0

−𝑣𝐷𝑆
𝑖,0 𝑔

𝐷𝑆
𝑖 𝑗
𝑐𝑜𝑠\𝐷𝑆

𝑖 𝑗,0

2𝑣𝐷𝑆
𝑗,0

−
𝑣𝐷𝑆
𝑖,0 𝑏

𝐷𝑆
𝑖 𝑗
𝑠𝑖𝑛\𝐷𝑆

𝑖 𝑗,0

2𝑣𝐷𝑆
𝑗,0

𝑣𝐷𝑆
𝑖,0 𝑣

𝐷𝑆
𝑗,0 𝑔

𝐷𝑆
𝑖 𝑗
𝑠𝑖𝑛\𝐷𝑆

𝑖 𝑗,0 − 𝑣
𝐷𝑆
𝑖,0 𝑣

𝐷𝑆
𝑗,0 𝑏

𝐷𝑆
𝑖 𝑗
𝑐𝑜𝑠\𝐷𝑆

𝑖 𝑗,0

−𝑣𝐷𝑆
𝑖,0 𝑣

𝐷𝑆
𝑗,0 𝑔

𝐷𝑆
𝑖 𝑗
𝑠𝑖𝑛\𝐷𝑆

𝑖 𝑗,0 + 𝑣
𝐷𝑆
𝑖,0 𝑣

𝐷𝑆
𝑗,0 𝑏

𝐷𝑆
𝑖 𝑗
𝑐𝑜𝑠\𝐷𝑆

𝑖 𝑗,0

ª®®®®®®®¬
∇𝑄𝐷𝑆𝑖 𝑗 |0 =

©«

−(1 −
𝑣𝐷𝑆
𝑗,0 𝑐𝑜𝑠\

𝐷𝑆
𝑖 𝑗,0

2𝑣𝐷𝑆
𝑖,0

)𝑏𝐷𝑆
𝑖 𝑗
−
𝑣𝐷𝑆
𝑗,0 𝑔

𝐷𝑆
𝑖 𝑗
𝑠𝑖𝑛\𝐷𝑆

𝑖 𝑗,0

2𝑣𝐷𝑆
𝑖,0

𝑣𝐷𝑆
𝑖,0 𝑏

𝐷𝑆
𝑖 𝑗
𝑐𝑜𝑠\𝐷𝑆

𝑖 𝑗,0

2𝑣𝐷𝑆
𝑗,0

−
𝑣𝐷𝑆
𝑖,0 𝑔

𝐷𝑆
𝑖 𝑗
𝑠𝑖𝑛\𝐷𝑆

𝑖 𝑗,0

2𝑣𝐷𝑆
𝑗,0

−𝑣𝐷𝑆
𝑖,0 𝑣

𝐷𝑆
𝑗,0 𝑏

𝐷𝑆
𝑖 𝑗
𝑠𝑖𝑛\𝐷𝑆

𝑖 𝑗,0 − 𝑣
𝐷𝑆
𝑖,0 𝑣

𝐷𝑆
𝑗,0 𝑔

𝐷𝑆
𝑖 𝑗
𝑐𝑜𝑠\𝐷𝑆

𝑖 𝑗,0

𝑣𝐷𝑆
𝑖,0 𝑣

𝐷𝑆
𝑗,0 𝑏

𝐷𝑆
𝑖 𝑗
𝑠𝑖𝑛\𝐷𝑆

𝑖 𝑗,0 + 𝑣
𝐷𝑆
𝑖,0 𝑣

𝐷𝑆
𝑗,0 𝑔

𝐷𝑆
𝑖 𝑗
𝑐𝑜𝑠\𝐷𝑆

𝑖 𝑗,0

ª®®®®®®®¬
\𝐷𝑆𝑖 𝑗,0 = \

𝐷𝑆
𝑖,0 − \

𝐷𝑆
𝑗,0 ∀(𝑖 𝑗) ∈ 𝐾

𝐷𝑆

Equations (5.1b) and (5.1c) are the �rst-order Taylor series expansion for the active and reactive
power �ow on each branch (based out of the full AC-OPF equations [(3) and (4) of [84]] which
preserve all the components of branch �ow). Equations (5.1d) and (5.1e) represent the active and
reactive power balance at each bus.

The transmission systems have a very low R:X ratio. Due to this, we ignore the loss terms in
the transmission network. The fast-decoupled load �ow assumption is considered to decouple active
power �ow from 𝑣𝑠 terms and reactive power �ow from \𝑖 𝑗 terms. These approximations (along
with voltage angle approximations are discussed in [84]) lead to a simpli�ed AC-OPF model for
TSO as follows:

Minimize
{𝑣𝑠𝑇 𝑆

𝑏
, \𝑇𝑆

𝑏
,𝑃𝑇𝑆

𝑏𝑐
,𝑄𝑇𝑆

𝑏𝑐
,𝑃𝑇𝑆

𝑏
,𝑄𝑇𝑆

𝑏
}

∑︁
𝑏∈𝐼𝑇𝑆

𝑓𝑏 (𝑃𝑇 𝑆𝑔𝑏 ) (5.2a)

subject to:

𝑃𝑇 𝑆𝑏𝑐 ≈ −𝐵
𝑇 𝑆
𝑏𝑐 \

𝑇 𝑆
𝑏𝑐 , ∀(𝑏𝑐) ∈ 𝐾

𝑇 𝑆 (5.2b)
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𝑄𝑇 𝑆𝑏𝑐 ≈ −𝐵
𝑇 𝑆
𝑏𝑐 (

𝑣𝑠
𝑇𝑆

𝑏
− 𝑣𝑠𝑇𝑆

𝑐

2
) , ∀(𝑏𝑐) ∈ 𝐾𝑇 𝑆 (5.2c)

𝑃𝑇 𝑆𝑏 =
∑︁

𝑏𝑐∈𝐾𝑇𝑆

𝑃𝑇 𝑆𝑏𝑐 + 𝑣
𝑠𝑇𝑆

𝑏

∑︁
𝑐∈𝐼𝑇𝑆

𝐺𝑇 𝑆𝑏𝑐 ,∀𝑏 ∈ 𝐼
𝑇 𝑆 (5.2d)

𝑄𝑇 𝑆𝑏 =
∑︁

𝑏𝑐∈𝐾𝑇𝑆

𝑄𝑇 𝑆𝑏𝑐 − 𝑣
𝑠𝑇𝑆

𝑏

∑︁
𝑐∈𝐼𝑇𝑆

𝐵𝑇 𝑆𝑏𝑐 ,∀𝑏 ∈ 𝐼
𝑇 𝑆 (5.2e)

𝑃𝑇 𝑆𝑏 ≤ 𝑃
𝑇 𝑆
𝑏 ≤ 𝑃

𝑇 𝑆

𝑏 , ∀𝑏 ∈ 𝐼𝑇 𝑆 (5.2f)

𝑄𝑇 𝑆
𝑏
≤ 𝑄𝑇 𝑆𝑏 ≤ 𝑄

𝑇 𝑆

𝑏 , ∀𝑏 ∈ 𝐼𝑇 𝑆 (5.2g)

𝑣𝑠
𝑇𝑆

𝑏
≤ 𝑣𝑠𝑇𝑆

𝑏 ≤ 𝑣𝑠𝑇𝑆

𝑏 , ∀𝑏 ∈ 𝐼𝑇 𝑆 (5.2h)

𝑃𝑇 𝑆𝑏𝑐 ≤ 𝑃
𝑇 𝑆
𝑏𝑐 ≤ 𝑃

𝑇 𝑆

𝑏𝑐 , ∀(𝑏𝑐) ∈ 𝐾𝑇 𝑆 (5.2i)

𝑄𝑇 𝑆
𝑏𝑐
≤ 𝑄𝑇 𝑆𝑏𝑐 ≤ 𝑄

𝑇 𝑆

𝑏𝑐 , ∀(𝑏𝑐) ∈ 𝐾𝑇 𝑆 (5.2j)

{𝑣𝑠𝑇𝑆

𝑏 , \𝑇 𝑆𝑏𝑐 , 𝑃
𝑇 𝑆
𝑏𝑐 , 𝑄

𝑇 𝑆
𝑏𝑐 , 𝑃

𝑇 𝑆
𝑏 , 𝑄𝑇 𝑆𝑏 } ∈ R (5.2k)

where, \𝑇 𝑆𝑏𝑐 = \𝑇 𝑆𝑏 − \
𝑇 𝑆
𝑐 , ∀(𝑏𝑐) ∈ 𝐾𝑇 𝑆

The above OPF problems for TSO and DSO systems are generic formulations appropriate for
each system operator individually. The objective functions (5.1a) and (5.2a) could be any convex
cost function depending on the application. In next section, we develop these OPF formulations
for our TSO-DSO coordination problem with our particular objective functions and additional
constraints.

5.1.3 Optimization Procedure

We assume that PV panels, wind turbines, battery storage systems, and demand response resources
are at the service providers' disposal which means that the service providers embed all corresponding
constraints and cost functions into their submitted o�ers. We also assume that thermal units are the
only �exibility service providers at the TSO level and they are allowed to send linear o�er functions.
Their submitted o�er functions may or may not represent the actual cost function of the �exibility
service providers. The TSO-DSO coordination problem has an inherent and natural asymmetrical
and imperfect information property. We address this imperfect information issue using one of the
following optimization models.

In the �rst approach, we assume DSOs and EERs publish enough data such that the TSO can
properly anticipate their activities. Consequently, we propose the exogenous DSO modeling in the
TSO optimization problem. The TSO predicts the required information for its optimization model
from public published data of DSOs and EERs (and perhaps some agreements with them) and
solves its optimization problem. In this approach, the burden of the coordination is put on TSO
and TSO requires dealing with data collection and estimation, forecasting techniques, and perhaps
employing stochastic programming techniques.

In the second approach, we assume limited published data such that the required information
cannot be estimated by TSO. Consequently, we propose the embedded DSO model and an organiza-
tional setup based on the new FMO organization. The FMO is regulated and solves our TSO-DSO
coordination model through its interface optimizer. It communicates with TSO, DSOs, and EERs
to collect the required information and solves our optimization models. In our proposed model,
FMO has access only to the submitted linear o�er functions. The actual constraints, costs, and
interests of �exibility service providers are con�dential.
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5.1.3.1 Optimization with Exogenous DSO Activations

In this model, the DSO �exibility activation is a stochastic exogenous parameter and thus the
amount of anticipated DSO �exibility activation is deducted from the total available for the TSO.
The anticipation is based on previous knowledge of net energy transactions between the TSO and
DSO. This knowledge includes renewable energy output as well as the requested energy from the
TSO to DSO and vice versa. Consequently, the optimization problem is LA-MI mixed-integer linear
programming as follows:

Minimize
Ω1

∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

𝑓𝑏 (𝑃𝑇 𝑆𝑔𝑏𝑡 ) +
∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑑∈𝑁𝑑𝑏

𝐹𝐷𝑊𝑇𝑑𝑏𝑡 𝜋𝐷𝑊𝑑𝑏𝑡 +
∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑢∈𝑁𝑢𝑏

𝐹𝑈𝑃𝑇𝑢𝑏𝑡 𝜋𝑈𝑃𝑢𝑏𝑡 (5.3a)

subject to (4.1b), (4.1c), (4.1e)-(4.1k), and:

𝑃𝑇 𝑆𝑔𝑏𝑡 − 𝑃
𝑇 𝑆
𝐿𝑏𝑡
−

∑︁
𝑢∈𝑁𝑢𝑏

𝐹𝑈𝑃𝑇𝑢𝑏𝑡 +
∑︁
𝑑∈𝑁𝑑𝑏

𝐹𝐷𝑊𝑇𝑑𝑏𝑡 =

∑︁
(𝑏𝑐) ∈𝐾𝑇𝑆

𝑃𝑇 𝑆𝑏𝑐𝑡 + 𝑣
𝑠𝑇𝑆

𝑏𝑡

∑︁
𝑐∈𝐼𝑇𝑆

𝐺𝑇 𝑆𝑏𝑐 ,∀ 𝑏 ∈ 𝐼
𝑇 𝑆 , 𝑡 ∈ 𝑅𝑊 (5.3b)

𝑃𝑇 𝑆𝐿𝑝𝑡
= 𝑃𝐷𝑆𝑔𝑝𝑡 +

∑︁
𝑢∈𝑁𝑢𝑝

𝐹𝑈𝑃𝐷𝑢𝑝𝑡 −
∑︁

𝑑∈𝑁𝑑𝑝

𝐹𝐷𝑊𝐷
𝑑𝑝𝑡 , ∀ 𝑝 ∈ 𝑃𝐶𝐶 , 𝑡 ∈ 𝑅𝑊 (5.3c)

𝑄𝑇 𝑆𝐿𝑝𝑡
= 𝑄𝐷𝑆𝑔𝑝𝑡 , ∀ 𝑝 ∈ 𝑃𝐶𝐶 , 𝑡 ∈ 𝑅𝑊 (5.3d)

𝑃𝑇 𝑆𝑔𝑏𝑡 − 𝑃
𝑇 𝑆
𝑔𝑏 (𝑡−1) ≤ 𝛽

𝑈𝑃
𝑏𝑡 𝑅𝑈𝑏 , ∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑡 ∈ 𝑅𝑊 (5.3e)

− 𝑃𝑇 𝑆𝑔𝑏𝑡 + 𝑃
𝑇 𝑆
𝑔𝑏 (𝑡−1) ≤ 𝛽

𝐷𝑊
𝑏𝑡 𝑅𝐷𝑏,∀𝑏 ∈ 𝐼𝑇 𝑆 , 𝑡 ∈ 𝑅𝑊 (5.3f)

𝑓𝑏 (𝑃𝑇 𝑆𝑔𝑏𝑡 ) = 𝑎1,𝑏𝑃
𝑇 𝑆
𝑔𝑏𝑡
+ 𝑎0,𝑏 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑡 ∈ 𝑅𝑊 (5.3g)

(𝐹𝑈𝑃𝑇𝑢𝑏𝑡 + 𝐹
𝑈𝑃𝐷
𝑢𝑏𝑡 ) ≤ 𝛼

𝑈𝑃
𝑢𝑏𝑡 (Φ

𝑃𝑉
𝑢𝑏𝑡 +Φ

𝑊𝑇
𝑢𝑏𝑡 +Φ

𝐵𝐴
𝑢𝑏𝑡 ) , ∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑢 ∈ 𝑁𝑢𝑏, 𝑡 ∈ 𝑅𝑊 (5.3h)

(𝐹𝐷𝑊𝑇𝑑𝑏𝑡 + 𝐹𝐷𝑊𝐷
𝑑𝑏𝑡 ) ≤ 𝛼

𝐷𝑊
𝑑𝑏𝑡 (Φ

𝐷𝑅
𝑑𝑏𝑡 +Φ

𝐵𝐴
𝑑𝑏𝑡 ) , ∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑑 ∈ 𝑁𝑑𝑏 , 𝑡 ∈ 𝑅𝑊 (5.3i)

0 ≤ 𝛽𝑈𝑃𝑏𝑡 ⊥ 𝛽
𝐷𝑊
𝑏𝑡 ≥ 0 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑡 ∈ 𝑅𝑊 (5.3j)

0 ≤ 𝛼𝑈𝑃𝑖𝑏𝑡 ⊥ 𝛼
𝐷𝑊
𝑖𝑏𝑡 ≥ 0 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.3k)

{𝛽𝑈𝑃𝑏𝑡 , 𝛽
𝐷𝑊
𝑏𝑡 , 𝛼𝑈𝑃𝑢𝑏𝑡 , 𝛼

𝐷𝑊
𝑑𝑏𝑡 } ∈ {0, 1}, {𝐹

𝑈𝑃𝑇
𝑢𝑏𝑡 , 𝐹𝐷𝑊𝑇𝑑𝑏𝑡 } ∈ R≥0 (5.3l)

Set of variablesΩ1 = {𝑣𝑠
𝑇𝑆

𝑏𝑡
, \𝑇 𝑆
𝑏𝑡
, 𝑃𝑇 𝑆𝑔𝑏𝑡 , 𝑄

𝑇 𝑆
𝑔𝑏𝑡

, 𝑃𝑇 𝑆
𝑏𝑐𝑡
, 𝑄𝑇 𝑆

𝑏𝑐𝑡
, 𝑃𝑇 𝑆

𝐿𝑝𝑡
, 𝑃𝑇 𝑆

𝑏𝑡
, 𝑄𝑇 𝑆

𝑏𝑡
, 𝛼𝑈𝑃

𝑢𝑏𝑡
, 𝛼𝐷𝑊

𝑑𝑏𝑡
, 𝛽𝑈𝑃
𝑏𝑡

, 𝛽𝐷𝑊
𝑏𝑡

, 𝐹𝐷𝑊𝑇
𝑑𝑏𝑡

,

𝐹𝑈𝑃𝑇
𝑢𝑏𝑡
}. The objective function (5.3a) aims to minimize the system operation cost including gener-

ation cost and the cost of �exibility service activation. The power balance at each node is expressed
by (5.3b). The linking constraints between the TSO and DSO, constraints (5.3c) and (5.3d), repre-
sent that the load consumption at transmission buses connected to the distribution systems (point
of common coupling) should be equal to the generated power at the slack bus of the distribution
network. The ramping capabilities of generation units are described in (5.3e) and (5.3f). The
estimated cost function of generators is shown by (5.3g). As mentioned earlier, PV and wind gener-
ation are the only available turn-up service providers, and DR aggregators are the only turn-down
service providers that are competing with complementary reserves in the �exibility market. There-
fore, the binary variables 𝛽𝑈𝑃

𝑏𝑡
and 𝛽𝐷𝑊

𝑏𝑡
are considered to model the state of the reserve units

since all types of reserves including cold, hot, and spinning are assumed to be capable of providing
�exibility services. Binary variables 𝛼𝐷𝑊

𝑑𝑏𝑡
and 𝛼𝑈𝑃

𝑢𝑏𝑡
represent the state of service activation at each

bus of transmission and distribution systems, while variables 𝐹𝐷𝑊𝑇
𝑑𝑏𝑡

and 𝐹𝑈𝑃𝑇
𝑢𝑏𝑡

express the amount
of the activated services. Accordingly, constraint (5.3h) represents the maximum available turn-up
services at each distribution bus, which equals the summation of the validated submitted bids for
providing turn-up service by the owner of PV, battery storage systems, and wind generation. Con-
straint (5.3i) expresses that the maximum available turn-down service is equal to the bids of DR
aggregators and battery storage systems. Constraints (5.3j) and (5.3k) express that turn-up and
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turn-down services, including generation units and �exibility services, should not occur at each bus
simultaneously. Fig. 5.2 depicts the coupling constraints and the scheme of the proposed exogenous
DSO activation model.

Figure 5.2: The proposed TSO-DSO framework for the exogenous DSO activation
model.

The Standard Benders Decomposition (SBD) is applicable to solve this formulation. In this
version, the LA-MI optimization problem is decomposed into a master problem which selects the
optimal TSO nodes for activating DSO �exibility and a sub-problem which decides on the optimal
system operation levels. It implies that binary variables, 𝛼𝑈𝑃

𝑢𝑏𝑡
,𝛼𝐷𝑊
𝑑𝑏𝑡

, 𝛽𝑈𝑃
𝑏𝑡

, and 𝛽𝐷𝑊
𝑏𝑡

are complicating
variables that are going to be optimized in the master problem whilst the rest of the variables are
optimized through the sub-problem. Iterating between master problem and sub-problem through
Benders cuts solves the original problem.

5.1.3.2 Optimization with Embedded DSO Activations

From the optimization procedure viewpoint, it is assumed that the FMO has access to all the
technical and historical data of the transmission and distribution networks. For such information,
some monitoring devices (such as PMU and micro-PMU) are required in both transmission and
distribution networks or alternatively the FMO can gain such information through agreements
directly from TSO and DSOs. Besides, there might be some data which are needed to be directly
anticipated by the FMO itself. With this perspective, the FMO embeds the DSO's prospective
optimization within the TSO's real-time dispatch modeling. Consequently, this situation forms a
bilevel LA-MI mixed-logical linear program as follows.

5.1.3.2.1 Upper Level

The upper level of this model is as follows.

Minimize
Ω2

∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

𝑓𝑏 (𝑃𝑇 𝑆𝑔𝑏𝑡 ) +
∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑑∈𝑁𝑑𝑏

𝐹𝐷𝑊𝑇𝑑𝑏𝑡 𝜋𝐷𝑊𝑑𝑏𝑡 +
∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑢∈𝑁𝑢𝑏

𝐹𝑈𝑃𝑇𝑢𝑏𝑡 𝜋𝑈𝑃𝑢𝑏𝑡 (5.4a)

subject to (5.2b), (5.2c), (5.2e)-(5.2k), (5.3e)-(5.3g),(5.3j)-(5.3l) and:
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𝑃𝑇 𝑆𝑔𝑏𝑡 − 𝑃
𝑇 𝑆
𝐿𝑏𝑡
−

∑︁
𝑢∈𝑁𝑢𝑏

(𝐹𝑈𝑃𝑇𝑢𝑏𝑡 + 𝐹
𝑈𝑃𝐷
𝑢𝑏𝑡 ) +

∑︁
𝑑∈𝑁𝑑𝑏

(𝐹𝐷𝑊𝑇𝑑𝑏𝑡 + 𝐹𝐷𝑊𝐷
𝑑𝑏𝑡 ) =∑︁

(𝑏𝑐) ∈𝐾𝑇𝑆

𝑃𝑇 𝑆𝑏𝑐𝑡 + 𝑣
𝑠𝑇𝑆

𝑏𝑡

∑︁
𝑐∈𝐼𝑇𝑆

𝐺𝑇 𝑆𝑏𝑐 ,∀ 𝑏 ∈ 𝐼
𝑇 𝑆 , 𝑡 ∈ 𝑅𝑊 (5.4b)

(𝐹𝑈𝑃𝑇𝑢𝑏𝑡 + 𝐹
𝑈𝑃𝐷
𝑢𝑏𝑡 ) ≤ 𝛼

𝑈𝑃
𝑢𝑏𝑡 (Φ

𝑃𝑉
𝑢𝑏𝑡 +Φ

𝑊𝑇
𝑢𝑏𝑡 +Φ

𝐵𝐴
𝑢𝑏𝑡 ) , ∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑢 ∈ 𝑁𝑢𝑏, 𝑡 ∈ 𝑅𝑊 (5.4c)

(𝐹𝐷𝑊𝑇𝑑𝑏𝑡 + 𝐹𝐷𝑊𝐷
𝑑𝑏𝑡 ) ≤ 𝛼

𝐷𝑊
𝑑𝑏𝑡 (Φ

𝐷𝑅
𝑑𝑏𝑡 +Φ

𝐵𝐴
𝑑𝑏𝑡 ) , ∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑑 ∈ 𝑁𝑑𝑏 , 𝑡 ∈ 𝑅𝑊 (5.4d)

𝑃𝑇 𝑆𝐿𝑝𝑡
= 𝑃𝐷𝑆𝑔𝑝𝑡 ,∀ 𝑝 ∈ 𝑃𝐶𝐶, 𝑡 ∈ 𝑅𝑊 (5.4e)

𝑄𝑇 𝑆𝐿𝑝𝑡
= 𝑄𝐷𝑆𝑔𝑝𝑡 ,∀ 𝑝 ∈ 𝑃𝐶𝐶 , 𝑡 ∈ 𝑅𝑊 (5.4f)

𝑣𝑠
𝑇𝑆

𝑝𝑡 = 𝑣𝑠
𝐷𝑆

𝑝𝑡 ,∀ 𝑝 ∈ 𝑃𝐶𝐶 , 𝑡 ∈ 𝑅𝑊 (5.4g)

\𝑇 𝑆𝑝𝑡 = \𝐷𝑆𝑝𝑡 ,∀ 𝑝 ∈ 𝑃𝐶𝐶 , 𝑡 ∈ 𝑅𝑊 (5.4h)

where, Ω2={Ω1, 𝑄
𝑇 𝑆
𝐿𝑝𝑡

, 𝐹𝐷𝑊𝐷
𝑑𝑏𝑡

, 𝐹𝑈𝑃𝐷
𝑢𝑏𝑡

, 𝑃𝐷𝑆𝑔𝑝𝑡 , 𝑄
𝐷𝑆
𝑔𝑝𝑡

, \𝐷𝑆𝑝𝑡 , 𝑣
𝑠𝐷𝑆

𝑝𝑡 }. Constraints (5.4c) and (5.4d)

represent the maximum available turn-up and turn-down service activation, respectively. In the
embedded DSO activation model, since it is assumed that reserve generators and the EERs embed
all cost functions into the submitted o�er functions, there is no need to consider binary variables 𝛽
for de�ning the operation state of reserve generators. However, due to the mathematical concept
of implication in the inference dual theorem used in the logic-based Benders decomposition, we
need to assign binary variables 𝛼 and 𝛽 to the �exibility services again. The binary variables are
necessary since we cannot use the concept of implication for continuous variables in the inference
dual theorem which is based on Boolean logic. The conditions of TSO-DSO connection are modeled
by (5.4e)-(5.4h). Here, variables 𝑃𝐷𝑆𝑔𝑝𝑡 , 𝑄

𝐷𝑆
𝑔𝑝𝑡

, \𝐷𝑆𝑝𝑡 , 𝑣
𝑠𝐷𝑆

𝑝𝑡 , 𝐹𝐷𝑊𝐷
𝑑𝑏𝑡

, and 𝐹𝑈𝑃𝐷
𝑢𝑏𝑡

are determined through
following lower-level optimization.

5.1.3.2.2 Lower Level

The lower-level optimization problem is formulated as follows which represents the objective func-
tions of all DSOs.

Minimize
Ω3

∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑢∈𝑁𝑢𝑏

𝐹𝑈𝑃𝐷𝑢𝑏𝑡 𝜋𝑈𝑃𝑢𝑏𝑡 +
∑︁

𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑑∈𝑁𝑑𝑏

𝐹𝐷𝑊𝐷
𝑑𝑏𝑡 𝜋𝐷𝑊𝑑𝑏𝑡 (5.5a)

subject to (5.1b), (5.1c), (5.1e)-(5.1k), and:

𝑃𝐷𝑆𝑔𝑖𝑏𝑡 − 𝑃
𝐷𝑆
𝐿𝑖𝑏𝑡
+ 𝑃𝑉𝑖𝑏𝑡 +𝑊𝑇𝑖𝑏𝑡 + 𝐹𝐷𝑊𝑇𝑖𝑏𝑡 − 𝐹𝑈𝑃𝑇𝑖𝑏𝑡 + 𝐹𝐷𝑊𝐷

𝑖𝑏𝑡 − 𝐹𝑈𝑃𝐷𝑖𝑏𝑡 =∑︁
(𝑖 𝑗) ∈𝐾𝐷𝑆

𝑏

𝑃𝐷𝑆𝑖 𝑗𝑏𝑡 + 𝑣
𝑠𝐷𝑆

𝑖𝑏𝑡

∑︁
𝑗∈𝐼𝐷𝑆

𝑏

𝐺𝐷𝑆𝑖 𝑗𝑏 , ∀ 𝑏 ∈ 𝐼
𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.5b)

𝐹𝑈𝑃𝐷𝑢𝑏𝑡 ≤ (Φ𝑃𝑉𝑢𝑏𝑡 +Φ
𝑊𝑇
𝑢𝑏𝑡 +Φ

𝐵𝐴
𝑢𝑏𝑡 ) , ∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑢 ∈ 𝑁𝑢𝑏, 𝑡 ∈ 𝑅𝑊 (5.5c)

𝐹𝐷𝑊𝐷
𝑑𝑏𝑡 ≤ (Φ𝐷𝑅𝑑𝑏𝑡 +Φ

𝐵𝐴
𝑑𝑏𝑡 ) , ∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑑 ∈ 𝑁𝑑𝑏 , 𝑡 ∈ 𝑅𝑊 (5.5d)

where, Ω3={𝑣𝑠
𝐷𝑆

𝑖𝑏𝑡
, \𝐷𝑆

𝑖𝑏𝑡
, 𝑃𝐷𝑆

𝑖 𝑗𝑏𝑡
, 𝑄𝐷𝑆

𝑖 𝑗𝑏𝑡
, 𝑃𝐷𝑆

𝑖𝑏𝑡
, 𝑄𝐷𝑆

𝑖𝑏𝑡
, 𝐹𝑈𝑃𝐷

𝑖𝑏𝑡
, 𝐹𝐷𝑊𝐷

𝑖𝑏𝑡
}. The objective function (5.5a)

minimizes the total cost of �exibility service activation in each rolling window with four intervals
for each DSO. A new power balance with the impact of TSO and DSO �exibility service activation
is considered in constraint (5.5b). Constraints (5.5c) and (5.5d) represent the maximum available
turn-up and turn-down service activation, respectively. For solving the optimization problem of
the embedded DSO model, �rstly, the lower level is replaced by its Karush-Kuhn-Tucker (KKT)
optimality conditions as follows.
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5.1.4 Reformulated Mathematical Program with Complementarity Constraints

This step reformulates the bilevel LA-MI optimization problem into a single-level LA-MI optimiza-
tion problem:

Minimize
Ω4

∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

𝑓𝑏 (𝑃𝑇 𝑆𝑔𝑏𝑡 ) +
∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑑∈𝑁𝑑𝑏

𝐹𝐷𝑊𝑇𝑑𝑏𝑡 𝜋𝐷𝑊𝑑𝑏𝑡 +
∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑢∈𝑁𝑢𝑏

𝐹𝑈𝑃𝑇𝑢𝑏𝑡 𝜋𝑈𝑃𝑢𝑏𝑡 (5.6a)

subject to (5.1b),(5.1c),(5.1e),(5.1k),(5.2b),(5.2c),(5.2e)-(5.2k),(5.4b),(5.3e)-(5.3l),(5.4e)-(5.4h),

(5.5b), and:

{_,Π, `, 𝛿} ∈ R, {𝐷} ∈ R≥0 (5.6b)

_𝑖𝑏𝑡 + 𝐷3,𝑖𝑏𝑡 − 𝐷4,𝑖𝑏𝑡 = 0 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.6c)

Π𝑖𝑏𝑡 + 𝐷5,𝑖𝑏𝑡 − 𝐷6,𝑖𝑏𝑡 = 0 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.6d)

Π𝑖𝑏𝑡

∑︁
𝑗∈𝐼𝐷𝑆

𝑏

𝐵𝐷𝑆𝑖 𝑗𝑏 − _𝑖𝑡
∑︁
𝑗∈𝐼𝐷𝑆

𝑏

𝐺𝐷𝑆𝑖 𝑗𝑏 + 𝐷1,𝑖𝑏𝑡 − 𝐷2,𝑖𝑏𝑡 +
∑︁

(𝑖 𝑗) ∈𝐾𝐷𝑆
𝑏

`𝑖 𝑗𝑏𝑡 (−
𝜕𝑃𝐷𝑆

𝑖 𝑗𝑏𝑡

𝜕𝑣𝐷𝑆
𝑖𝑏𝑡

)+

∑︁
(𝑖 𝑗) ∈𝐾𝐷𝑆

𝑏

𝛿𝑖 𝑗𝑏𝑡 (−
𝜕𝑄𝐷𝑆

𝑖 𝑗𝑏𝑡

𝜕𝑣𝐷𝑆
𝑖𝑏𝑡

) = 0 ,∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊
(5.6e)

∑︁
(𝑖 𝑗) ∈𝐾𝐷𝑆

𝑏

`𝑖 𝑗𝑏𝑡 (−
𝜕𝑃𝐷𝑆

𝑖 𝑗𝑏𝑡

𝜕\𝐷𝑆
𝑖𝑏𝑡

) +
∑︁

(𝑖 𝑗) ∈𝐾𝐷𝑆
𝑏

𝛿𝑖 𝑗𝑏𝑡 (−
𝜕𝑄𝐷𝑆

𝑖 𝑗𝑏𝑡

𝜕\𝐷𝑆
𝑖𝑏𝑡

) = 0, ∀𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊

(5.6f)

𝑆𝐵𝜋
𝑈𝑃
𝑝𝑡 − _𝑢𝑝𝑡 + 𝐷11,𝑢𝑝𝑡 = 0 , ∀ 𝑝 ∈ 𝑃𝐶𝐶, 𝑢 ∈ 𝑁𝑢𝑝 , 𝑡 ∈ 𝑅𝑊 (5.6g)

𝑆𝐵𝜋
𝐷𝑊
𝑝𝑡 + _𝑑𝑝𝑡 + 𝐷12,𝑑𝑝𝑡 = 0 , ∀ 𝑝 ∈ 𝑃𝐶𝐶 , 𝑑 ∈ 𝑁𝑑𝑝 , 𝑡 ∈ 𝑅𝑊

(5.6h)

0 ≤ 𝐷1,𝑖𝑏𝑡 ⊥ (𝑣𝑠
𝐷𝑆

𝑖𝑏 − 𝑣
𝑠𝐷𝑆

𝑖𝑏𝑡 ) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊
(5.6i)

0 ≤ 𝐷2,𝑖𝑏𝑡 ⊥ (𝑣𝑠
𝐷𝑆

𝑖𝑏𝑡 − 𝑣
𝑠𝐷𝑆

𝑖𝑏
) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.6j)

0 ≤ 𝐷3,𝑖𝑏𝑡 ⊥ (𝑃
𝐷𝑆

𝑔𝑖𝑏
− 𝑃𝑔𝐷𝑆

𝑖𝑏𝑡
) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.6k)
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0 ≤ 𝐷4,𝑖𝑏𝑡 ⊥ (𝑃𝑔𝐷𝑆
𝑖𝑏𝑡
− 𝑃𝐷𝑆𝑔𝑖𝑏 ) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.6l)

0 ≤ 𝐷5,𝑖𝑏𝑡 ⊥ (𝑄
𝐷𝑆

𝑖 𝑗𝑏 −𝑄𝐷𝑆𝑖 𝑗𝑏𝑡 ) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , (𝑖 𝑗) ∈ 𝐾𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.6m)

0 ≤ 𝐷6,𝑖𝑏𝑡 ⊥ (𝑄𝐷𝑆𝑖 𝑗𝑏𝑡 −𝑄
𝐷𝑆

𝑖 𝑗𝑏
) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , (𝑖 𝑗) ∈ 𝐾𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.6n)

0 ≤ 𝐷7,𝑖 𝑗𝑏𝑡 ⊥ (𝑃
𝐷𝑆

𝑖 𝑗𝑏 − 𝑃𝐷𝑆𝑖 𝑗𝑏𝑡 ) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , (𝑖 𝑗) ∈ 𝐾𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊
(5.6o)

0 ≤ 𝐷8,𝑖 𝑗𝑏𝑡 ⊥ (𝑃𝐷𝑆𝑖 𝑗𝑏𝑡 − 𝑃
𝐷𝑆
𝑖 𝑗𝑏) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , (𝑖 𝑗) ∈ 𝐾𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊

(5.6p)

0 ≤ 𝐷9,𝑖 𝑗𝑏𝑡 ⊥ (𝑄
𝐷𝑆

𝑖 𝑗𝑏 −𝑄𝐷𝑆𝑖 𝑗𝑏𝑡 ) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , (𝑖 𝑗) ∈ 𝐾𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊
(5.6q)

0 ≤ 𝐷10,𝑖 𝑗𝑏𝑡 ⊥ (𝑄𝐷𝑆𝑖 𝑗𝑏𝑡 −𝑄
𝐷𝑆

𝑖 𝑗𝑏
) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , (𝑖 𝑗) ∈ 𝐾𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊

(5.6r)

0 ≤ 𝐷11,𝑢𝑏𝑡 ⊥ (Φ𝑃𝑉𝑢𝑏𝑡 +Φ
𝑊𝑇
𝑢𝑏𝑡 +Φ

𝐵𝐴
𝑢𝑏𝑡 − 𝐹

𝑈𝑃𝐷
𝑢𝑏𝑡 ) ≥ 0, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑢 ∈ 𝑁𝑢𝑏 , 𝑡 ∈ 𝑅𝑊

(5.6s)

0 ≤ 𝐷12,𝑑𝑏𝑡 ⊥ (Φ𝐷𝑅𝑑𝑏𝑡 +Φ
𝐵𝐴
𝑑𝑏𝑡 − 𝐹

𝐷𝑊𝐷
𝑑𝑏𝑡 ) ≥ 0 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑑 ∈ 𝑁𝑑𝑏 , 𝑡 ∈ 𝑅𝑊

(5.6t)

0 ≤ 𝐹𝑈𝑃𝐷𝑢𝑏𝑡 ⊥ 𝐹
𝐷𝑊𝐷
𝑑𝑏𝑡 ≥ 0, ∀{𝑏 ∈ 𝐼𝑇 𝑆 , 𝑢 ∈ 𝑁𝑢𝑏, 𝑑 ∈ 𝑁𝑑𝑏, 𝑡 ∈ 𝑅𝑊 |𝑢 = 𝑑} (5.6u)

where, Ω4={Ω1, Ω2, Ω3, 𝐷, _, Π, `, 𝛿}. Constraints (5.6c)-(5.6h) represent the derivative of the La-
grangian function with respect to the optimization variables in the DSO model. Constraints (5.6i)-
(5.6t) express the complementary slackness conditions for each inequality constraint in the lower
level (DSO model). Constraints (5.6u) represents that turn-up and turn-down services should not be
activated at one node of distribution network simultaneously. The whole structure of the proposed
organizational setup involving the FMO organization is shown in Fig. 5.3 .
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Figure 5.3: The proposed organizational setup based on the FMO coordinating
organization.

5.1.5 Generalized Disjunctive Programming (GDP) Model

In this step, constraints including (5.3j), (5.3k), and (5.6i)-(5.6u) are reformulated as disjunctive
inequalities.1

Minimize
Ω4

Objective Function of (5.6a) (5.7a)

subject to (5.1b),(5.1c),(5.1e), (5.1k), (5.2b), (5.2c), (5.2e)-(5.2k), (5.4b),

(5.3e) - (5.3l), (5.4e)-(5.4h), (5.5b), (5.6b)-(5.6h), and the equivalent

disjunctive form of constraints (5.6i)-(5.6u) are as follows:

[𝐷1,𝑖𝑏𝑡 ≤ 0] ∨ [𝑣𝑠𝐷𝑆

𝑖𝑏 − 𝑣
𝑠𝐷𝑆

𝑖𝑏𝑡 ≤ 0] , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.7b)

[𝐷2,𝑖𝑏𝑡 ≤ 0] ∨ [𝑣𝑠𝐷𝑆

𝑖𝑏𝑡 − 𝑣
𝑠𝐷𝑆

𝑖𝑏
≤ 0], ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.7c)

Similarly for (5.6k)-(5.6u) (5.7d)

where, constraints (5.7b) and (5.7c) show the disjunctive equivalent of (5.6i) and (5.6j), respectively.
Constraints (5.7d) express the same disjunctive equivalents for constraint (5.6k)-(5.6u).

One of the most common methods for �nding the solution to disjunctive programming problems
is to utilize the Big-M method to reformulate the problem as a mixed-integer linear/nonlinear
programming model. In optimization problem (7), the Big-M method can be used as in (5.8) below

1∨: Logical disjunction (OR)
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to linearize the disjunctive inequality (5.7b):

𝐷1,𝑖𝑏𝑡 ≤ 𝑀1,𝑖𝑏𝑡 (1 − 𝑌1,𝑖𝑏𝑡 ), ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.8a)

𝑣𝑠
𝐷𝑆

𝑖𝑏 − 𝑣
𝑠𝐷𝑆

𝑖𝑏𝑡 ≤ 𝑀2,𝑖𝑏𝑡 (1 − 𝑌2,𝑖𝑏𝑡 ), ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.8b)

2∑︁
𝑘=1

𝑌𝑘,𝑖𝑏𝑡 = 1 , 𝑌𝑘,𝑖𝑏𝑡 ∈ {1, 0} , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.8c)

Since solving optimization problems using the Big-M method with a large number of variables and
complementary conditions is an NP-hard problem [85], these Big-M based models tend to lead
to weak continuous relaxations and turn out to be unsolvable in practice [86]. Consequently, a
logic-based model is proposed to reformulate the disjunctive inequalities. Boolean variables and
propositional logic are considered in the optimization problem. The following represents the logical
form of disjunctive inequalities (5.7b) and (5.7c).2[

𝑌3,𝑖𝑏𝑡
𝐷1,𝑖𝑏𝑡 ≤ 0

]
∨
[

¬𝑌3,𝑖𝑏𝑡
𝑣𝑠

𝐷𝑆

𝑖𝑏 − 𝑣𝑠
𝐷𝑆

𝑖𝑏𝑡
≤ 0

]
, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.9a)

[
𝑌4,𝑖𝑏𝑡

𝐷2,𝑖𝑏𝑡 ≤ 0

]
∨
[

¬𝑌4,𝑖𝑏𝑡
𝑣𝑠

𝐷𝑆

𝑖𝑏𝑡
− 𝑣𝑠𝐷𝑆

𝑖𝑏
≤ 0

]
, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.9b)

¬𝑌3,𝑖𝑏𝑡 Y ¬𝑌4,𝑖𝑏𝑡 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.9c)

¬𝑌3,𝑖𝑏𝑡 =⇒ 𝑌4,𝑖𝑏𝑡 , ¬𝑌4,𝑖𝑏𝑡 =⇒ 𝑌3,𝑖𝑏𝑡 ,∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.9d)

Logical disjunction inequalities (5.9a) and (5.9b) represent that the equations corresponding to
true Boolean variables are added to the optimization problem. Constraints (5.9c)-(5.9d) explain
the logical propositions associated with constraints (5.9a) and (5.9b). For instance, in the logic

proposition (5.9c), ¬𝑌3,𝑖𝑏𝑡 implies 𝑣𝑠
𝐷𝑆

𝑖𝑏 =𝑣𝑠
𝐷𝑆

𝑖𝑏𝑡
. On the other side, ¬𝑌4,𝑖𝑏𝑡 implies 𝑣𝑠

𝐷𝑆

𝑖𝑏𝑡
=𝑣𝑠

𝐷𝑆

𝑖𝑏
. Con-

sequently, ¬𝑌3,𝑖𝑏𝑡 and ¬𝑌4,𝑖𝑏𝑡 cannot be true simultaneously. In the proposed logic-based model, all
disjunctives are handled using the indicator constraints method and MIP solver CPLEX in GAMS
platform [87].

The following is the new form of optimization (7) which expresses and exploits the inherent logic
structure of the optimization problem.

Minimize
Ω5

∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

𝑓𝑏 (𝑃𝑇 𝑆𝑔𝑏𝑡 ) +
∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑑∈𝑁𝑑𝑏

𝐹𝐷𝑊𝑇𝑑𝑏𝑡 𝜋𝐷𝑊𝑑𝑏𝑡 +
∑︁
𝑡 ∈𝑅𝑊

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑢∈𝑁𝑢𝑏

𝐹𝑈𝑃𝑇𝑢𝑏𝑡 𝜋𝑈𝑃𝑢𝑏𝑡 (5.10a)

subject to (5.1b), (5.1c), (5.1e), (5.1k), (5.2b), (5.2c), (5.2e)-(5.2k),

(5.4b), (5.3e)-(5.3l), (5.4e)-(5.4h), (5.5b), (5.6b)-(5.6h), (5.9a)-(5.9d), and:

2 ⇐⇒ : If and only if, Y: Exclusive disjunction (XOR),
=⇒ :Mathematical implication
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[
𝑌1,𝑏𝑡

𝛽𝑈𝑃
𝑏𝑡
≤ 0

]
∨
[
¬𝑌1,𝑏𝑡
𝛽𝐷𝑊
𝑏𝑡
≤ 0

]
, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑡 ∈ 𝑅𝑊 (5.10b)[

𝑌2,𝑖𝑏𝑡
𝛼𝑈𝑃
𝑖𝑏𝑡
≤ 0

]
∨
[
¬𝑌2,𝑖𝑏𝑡
𝛼𝐷𝑊
𝑖𝑏𝑡
≤ 0

]
,∀𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.10c)[

𝑌5,𝑖𝑏𝑡
𝐷3,𝑖𝑏𝑡 ≤ 0

]
∨
[

¬𝑌5,𝑖𝑏𝑡
𝑃
𝐷𝑆

𝑔𝑖𝑏
− 𝑃𝑔𝐷𝑆

𝑖𝑏𝑡
≤ 0

]
, ∀𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.10d)[

𝑌6,𝑖𝑏𝑡
𝐷4,𝑖𝑏𝑡 ≤ 0

]
∨
[

¬𝑌6,𝑖𝑏𝑡
𝑃𝑔𝐷𝑆

𝑖𝑏𝑡
− 𝑃𝐷𝑆𝑔𝑖𝑏 ≤ 0

]
, ∀𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.10e)

¬𝑌5,𝑖𝑏𝑡 Y ¬𝑌6,𝑖𝑏𝑡 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.10f)

¬𝑌5,𝑖𝑏𝑡 =⇒ 𝑌6,𝑖𝑏𝑡 , ¬𝑌6,𝑖𝑏𝑡 =⇒ 𝑌5,𝑖𝑏𝑡 , ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.10g)

Similarly for (5.6m)-(5.6u) (5.10h)

𝑌𝑘,𝑖𝑏𝑡 ∈ {𝐹𝑎𝑙𝑠𝑒, 𝑇𝑟𝑢𝑒}, 𝑘 = 1, ..., 15 (5.10i)

where, the set of variables Ω5={Ω4,𝑌𝑘,𝑖𝑏𝑡 }. Due to the non-convexity of plausible sub-problems,
obtaining the optimality cuts using the classical Benders decomposition method is challenging.
As mentioned in the Introduction, the standard Benders decomposition method cannot solve this
type of optimization programming with the non-convexity in the sub-problem. Accordingly, the
Logic-Based Benders Decomposition (LBBD) method is introduced as follows.

5.1.6 Logic-Based Benders Decomposition Method

In our proposed LBBD method, the master problem represents the relationship between the value
of the binary complicating variables and the objective functions of the cut calculation process.
The sub-problem optimizes the rest of the variables while the complicating variables are considered
exogenous parameters. Then, at the cut calculation process, all possible combinations of binary
complicating variables are enumerated while each combination implies particular values for sub-
problem variables. An illustrative example is presented in the Appendix to make the LBBD process
clearer.

Accordingly, the GDP problem (5.10) can be solved by our proposed LBBD method. Binary
variables related to the TSO turn-up and turn-down service activations are considered as complicat-
ing variables (sub-set 𝑁𝑚𝑣

𝑏
) to form the master problem. The sub-problem is formed to obtain the

optimal nodes for activating DSO �exibility and dispatch levels. This process is shown in Fig.5.4.
Accordingly, the sub-problem, master problem, and the cut calculation process are formulated as
follows.

Figure 5.4: The logic-based Benders decomposition for solving the embedded DSO
model.
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5.1.6.1 Sub-Problem

In the optimization problem (5.10), we de�ne the complicating variables 𝛼𝑈𝑃𝑢𝑡 and corresponding
logical indicators 𝑌2,𝑖𝑡 as exogenous parameters �̂�𝑈𝑃𝑢𝑡 and 𝑌2,𝑖𝑡 , respectively. These assumptions form
the sub-problem as follows.

Minimize
Ω5

Objective Function of (5.10a) (5.11a)

𝑠𝑢𝑏 𝑗𝑒𝑐𝑡 𝑡𝑜 (5.1b), (5.1c), (5.1e), (5.1k), (5.2b), (4.1c)5, (5.2e) − (5.2k), (5.4b),
(5.3e) − (5.3l), (5.4e) − (5.4h), (5.5b), (5.6b) − (5.6h), (5.9a) − (5.9d),
(5.10b), (5.10d) − (5.10i), 𝑎𝑛𝑑 :

𝛼𝑈𝑃𝑢𝑏𝑡 = �̂�
𝑈𝑃
𝑢𝑏𝑡 , ∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑢 ∈ 𝑁𝑚𝑣𝑏 , 𝑡 ∈ 𝑅𝑊 (5.11b)

𝑌2,𝑖𝑡 = 𝑌2,𝑖𝑡 , ∀ 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊 (5.11c)

Solving the sub-problem (5.11) determines the upper bound of the original optimization prob-
lem (5.10). If the di�erence between the lower and upper bounds is less than a pre-de�ned tolerance,
the process is �nished.

5.1.6.2 Master Problem

The master problem determines the optimal value of complicating variables using the concept of
inference dual. Before de�ning the inference dual concept, we introduce the notion of implication
with respect to a domain 𝐷.

De�nition 1 We assume that 𝐴 and 𝐵 are two propositions about 𝑥 ∈ 𝐷 where 𝐷 is the domain of

𝑥. We say, 𝐴 implies 𝐵 with respect to D (noted 𝐴
𝐷−→ 𝐵), if 𝐵 is true for any 𝑥 ∈ 𝐷 for which 𝐴 is

true [27].

Now we can de�ne the concept of inference dual as follows:

De�nition 2 For general optimization problem 𝑃1 = {𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑓 (𝑥) : 𝑥 ∈ 𝑆, 𝑥 ∈ 𝐷} with feasibil-
ity set 𝑆 and domain set 𝐷, the inference dual is the problem of inferring the possible tightest lower
bound on the optimal value of the objective function 𝑓 (𝑥) from the constraints (𝑥 ∈ 𝑆). The inference
dual of above optimization problem is as follows: 𝑃2 = {𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝜓 : 𝑥 ∈ 𝑆 𝐷−→ 𝑓 (𝑥) ≥ 𝜓}.

Using above de�nitions we have the strong inference duality theorem as follows:

Theorem 1 Strong inference duality: The optimization problem 𝑃1 has the same optimal value as
its inference dual problem 𝑃2.

Proof Let 𝜓∗ be the optimal value of 𝑃1. It is obvious that 𝑥 ∈ 𝑆 implies 𝑓 (𝑥) ≥ 𝜓∗, this in turn
shows that the optimal value of the dual is at least 𝜓∗. The optimal value of dual cannot be greater
than 𝜓∗, because this would mean that 𝑓 (𝑥) = 𝜓∗ cannot be achieved in 𝑃1 for any feasible 𝑥. If 𝑃1
is infeasible, then is 𝑃2 unbounded with optimal value ∞. If 𝑃1 is unbounded, then 𝑃2 is infeasible
with optimal value −∞ [88]. Applying Theorem 1 to our problem leads to following optimization
problem:

Maximize
Ω6

𝑊𝑡 (5.12a)

subject to: Ω5 ∈ 𝑓𝑆
D−−−−−−→ 𝑂𝐹(5.11a) ≥ 𝑊𝑡 ,∀ 𝑡 ∈ 𝑅𝑊 (5.12b)
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where, 𝑓𝑆 and 𝐷 are the feasibility and domain sets of sub-problem (5.11), respectively. Symbols
𝑊𝑡 and 𝑅𝑊 are the tightest lower bound and set of rolling windows, respectively. 𝑂𝐹 stands for
objective function.

In this regard, the proposed master problem is presented as follows.3

Minimize
𝑔𝑟𝑛𝑡 ,�̂�𝑢𝑏𝑟𝑛𝑡 ,𝛼

𝑈𝑃
𝑢𝑟𝑛𝑡 ,𝑍𝑡

∑︁
𝑡 ∈𝑅𝑊

𝑍𝑡 (5.13a)

subject to:

𝑍𝑡 ≥ Γ𝑟𝑛𝑡𝑔𝑟𝑛𝑡 ,∀ 𝑛 ∈ {1, .., 2𝑁
𝑚𝑣
𝑏 }, 𝑟 ∈ 𝐼𝑇 , 𝑡 ∈ 𝑅𝑊 (5.13b)

𝑔𝑟𝑛𝑡 = 1 ⇐⇒
𝐼𝑇𝑆∧
𝑏=1

𝑁𝑢𝑏∧
𝑢=1

𝐺𝑢𝑏𝑟𝑛𝑡 ,∀ 𝑛 ∈ {1, .., 2𝑁
𝑚𝑣
𝑏 }, 𝑟 ∈ 𝐼𝑇 , 𝑡 ∈ 𝑅𝑊 (5.13c)

𝐺𝑢𝑏𝑟𝑛𝑡 ⇐⇒ 𝛼𝑈𝑃𝑢𝑏𝑟𝑛𝑡 = 1 , ∀ 𝑢 ∈ 𝑁𝑚𝑣𝑏 , 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑛 ∈ {1, .., 2𝑁𝑚𝑣
𝑏 }, 𝑟 ∈ 𝐼𝑇 , 𝑡 ∈ 𝑅𝑊 (5.13d)

¬𝐺𝑢𝑏𝑟𝑛𝑡 ⇐⇒ 𝛼𝑈𝑃𝑢𝑏𝑟𝑛𝑡 = 0 , ∀ 𝑢 ∈ 𝑁𝑚𝑣𝑏 , 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑛 ∈ {1, .., 2𝑁𝑚𝑣
𝑏 }, 𝑟 ∈ 𝐼𝑇 , 𝑡 ∈ 𝑅𝑊 (5.13e)

𝑔 ∈ {0, 1}, 𝐺 ∈ {𝐹𝑎𝑙𝑠𝑒, 𝑇𝑟𝑢𝑒} (5.13f)

The calculated objective function in this step determines the lower bound of optimization problem.
Constraint (5.13b) represents the Benders cuts which are calculated based on the achieved optimal
value of the current sub-problem. Constraint (5.13c) explains the prede�ned logical proposition
related to the di�erent combinations of complicating variables which determines the selected nodes
for EER activation at each transmission and distribution bus. At each iteration, only one combi-
nation is selected. Constraints (5.13d) and (5.13e) explain that each combination of the Boolean
variables implies speci�c service activation.

5.1.6.3 Benders Cut Calculation

The following optimization problem calculates the LBBD cut for �exibility service activation. The
problem is solved for 2𝑁

𝑚𝑣
𝑏 iterations corresponding to all combinations of a subset of complicating

variables (𝑁𝑚𝑣
𝑏
⊆ 𝑁𝑢𝑏). At each iteration, the optimal value of the objective function Γ𝑟𝑛𝑡 is the

tightest bound to the master problem which is related to the speci�c combination of complicating
variables 𝛼𝑈𝑃

𝑢𝑏𝑟𝑛𝑡

∗
.

Minimize
Ω7

Γ𝑟𝑛𝑡 =

∑︁
𝑏∈𝐼𝑇𝑆

𝑓𝑏 (𝑃𝑇 𝑆𝑔𝑏𝑟𝑛𝑡 ) +
∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑑∈𝑁𝑑𝑏

𝐹𝐷𝑊𝑇𝑑𝑏𝑟𝑛𝑡 𝜋
𝐷𝑊
𝑑𝑏𝑡 +

∑︁
𝑏∈𝐼𝑇𝑆

∑︁
𝑢∈𝑁𝑚𝑣

𝑏

𝐹𝑈𝑃𝑇𝑢𝑏𝑟𝑛𝑡𝜋
𝑈𝑃
𝑢𝑏𝑡 ,

∀ 𝑛 ∈ {1, .., 2𝑁𝑚𝑣
𝑏 }, 𝑡 ∈ 𝑅𝑊, 𝑟 ∈ 𝐼𝑇 (5.14a)

3∧: Logical conjunction
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subject to (5.1b), (5.1c), (5.1e), (5.1k), (5.2b), (5.2c), (5.2e)-(5.2k),(5.4b),

(5.3e) − (5.3l), (5.4e) − (5.4h), (5.5b), (5.6b) − (5.6h), (5.9a) − (5.9d), (5.10b),
(5.10d)-(5.10i), and:

𝛼𝑈𝑃𝑢𝑏𝑟𝑛𝑡 = 𝛼
𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

∗
,∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑢 ∈ 𝑁𝑚𝑣𝑏 , 𝑡 ∈ 𝑅𝑊, 𝑛 ∈ {1, .., 2𝑁𝑚𝑣

𝑏 }, 𝑟 ∈ 𝐼𝑇 (5.14b)

𝛼𝐷𝑊𝑖𝑏𝑟𝑛𝑡 = {�̂�
𝐷𝑊
𝑖𝑏𝑟𝑛𝑡 |𝛼

𝑈𝑃
𝑖𝑏𝑟𝑛𝑡

∗
=⇒ [�̂�𝐷𝑊𝑖𝑏𝑟𝑛𝑡 ] ∧ [𝑌2,𝑖𝑏𝑟𝑛𝑡 ]},∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊, 𝑛 ∈ {1, .., 2𝑁𝑚𝑣
𝑏 }, 𝑟 ∈ 𝐼𝑇

(5.14c)

𝑌𝑖𝑏𝑟𝑛𝑡 = {𝑌𝑖𝑏𝑟𝑛𝑡 |𝛼𝑈𝑃𝑖𝑏𝑟𝑛𝑡
∗

=⇒ 𝑌𝑖𝑏𝑟𝑛𝑡 } ,∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊, 𝑛 ∈ {1, .., 2𝑁𝑚𝑣
𝑏 }, 𝑟 ∈ 𝐼𝑇 (5.14d)

𝐷𝑖 𝑗𝑏𝑟𝑛𝑡 = {�̂�𝑖 𝑗𝑏𝑟𝑛𝑡 |𝛼𝑈𝑃𝑖𝑏𝑟𝑛𝑡
∗

=⇒ �̂�𝑖 𝑗𝑏𝑟𝑛𝑡 } ,∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , (𝑖 𝑗) ∈ 𝐾𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊,
𝑛 ∈ {1, .., 2𝑁𝑚𝑣

𝑏 }, 𝑟 ∈ 𝐼𝑇 (5.14e)

𝐹𝑈𝑃𝐷𝑖𝑏𝑟𝑛𝑡 = {𝐹
𝑈𝑃𝐷
𝑖𝑏𝑟𝑛𝑡 |𝛼

𝑈𝑃
𝑖𝑏𝑟𝑛𝑡

∗
=⇒ 𝑌15,𝑖𝑏𝑟𝑛𝑡 } ,∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊, 𝑛 ∈ {1, .., 2𝑁𝑚𝑣

𝑏 }, 𝑟 ∈ 𝐼𝑇
(5.14f)

𝐹𝐷𝑊𝑖𝑏𝑟𝑛𝑡 = {𝐹
𝐷𝑊
𝑖𝑏𝑟𝑛𝑡 |𝛼

𝑈𝑃
𝑖𝑏𝑟𝑛𝑡

∗
=⇒ [𝑌14,𝑖𝑏𝑟𝑛𝑡 ] ∧ [𝑌15,𝑖𝑏𝑟𝑛𝑡 ]} ,∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊,

𝑛 ∈ {1, .., 2𝑁𝑚𝑣
𝑏 }, 𝑟 ∈ 𝐼𝑇 (5.14g)

𝑄𝑔𝑖𝑏𝑟𝑛𝑡 = {𝑄𝑔𝑖𝑏𝑟𝑛𝑡 |𝛼𝑈𝑃𝑖𝑏𝑟𝑛𝑡
∗

=⇒ [𝑌7,𝑖𝑏𝑟𝑛𝑡 ] ∧ [𝑌8,𝑖𝑏𝑟𝑛𝑡 ]},
∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊, 𝑛 ∈ {1, .., 2𝑁𝑚𝑣

𝑏 }, 𝑟 ∈ 𝐼𝑇 (5.14h)

𝑄𝑖 𝑗𝑏𝑟𝑛𝑡 = {𝑄𝑖 𝑗𝑏𝑟𝑛𝑡 |𝛼𝑈𝑃𝑖𝑏𝑟𝑛𝑡
∗

=⇒
[𝑌11,𝑖 𝑗𝑏𝑟𝑛𝑡 ] ∧ [𝑌12,𝑖 𝑗𝑏𝑟𝑛𝑡 ]}, ∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑖 ∈ 𝐼𝐷𝑆𝑏 ,

(𝑖 𝑗) ∈ 𝐾𝐷𝑆𝑏 , 𝑡 ∈ 𝑅𝑊, 𝑛 ∈ {1, .., 2𝑁𝑚𝑣
𝑏 }, 𝑟 ∈ 𝐼𝑇 (5.14i)

𝛿𝑑𝑏𝑟𝑛𝑡 = 𝛿𝑑𝑏𝑟𝑛𝑡 ,∀ 𝑏 ∈ 𝐼𝑇 𝑆 , 𝑑 ∈ 𝑁𝑑 , 𝑡 ∈ 𝑅𝑊, 𝑟 ∈ 𝐼𝑇, 𝑛 ∈ {1, .., 2𝑁
𝑚𝑣
𝑏 } (5.14j)

\𝑇 𝑆𝑏𝑟𝑛𝑡 = \̂
𝑇 𝑆
𝑏𝑟𝑛𝑡 ,∀ 𝑏 ∈ 𝐼

𝑇 𝑆 , 𝑡 ∈ 𝑅𝑊 , 𝑟 ∈ 𝐼𝑇 , 𝑛 ∈ {1, .., 2𝑁𝑚𝑣
𝑏 } (5.14k)

Where Ω7 = {Γ𝑟𝑛𝑡 , 𝑃𝑇 𝑆𝑏𝑐𝑟𝑛𝑡 , 𝑃
𝑇 𝑆
𝑏𝑟𝑛𝑡

, 𝑃𝐷𝑆
𝑖𝑏𝑟𝑛𝑡

, 𝑃𝐷𝑆
𝑖 𝑗𝑏𝑟𝑛𝑡

, 𝑣𝑠
𝐷𝑆

𝑖𝑏𝑟𝑛𝑡
, 𝐹𝑈𝑃𝑇

𝑢𝑏𝑡
}. Constraints (5.14b) represents the

selected combination of 𝛼𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

. Constraints (5.14c)-(5.14k) express the exogenous parameters in
the sub-problem (5.11). The whole process of the LBBD method is presented in Algorithm 2 and
Fig. 5.5.

5.1.7 Appendix: An illustrative example

For an illustration, we apply the LBBD method to a linear binary optimization problem, as follows.

Minimize
𝑋,𝑌 ,𝑍 ,𝐼

4∑︁
𝑖=1

𝛼𝑖𝑌𝑖 +
3∑︁
𝑗=1

𝛽 𝑗𝑋 𝑗 +
2∑︁
𝑘=1

𝛾𝑘𝑍𝑘 (5.15a)

subject to:
4∑︁
𝑖=1

𝑌𝑖 = 1,
3∑︁
𝑗=1

𝑋 𝑗 = 1,
2∑︁
𝑘=1

𝑍𝑘 = 1 (5.15b)

[
𝐼1

𝑌4 ≤ 0

]
∨


¬𝐼1
𝑋1 ≤ 0
𝑋2 ≤ 0
𝑋3 ≤ 0
𝑍1 ≤ 0


,

[
𝐼2

𝑍2 ≤ 0

]
∨


¬𝐼2
𝑌1 ≤ 0
𝑌2 ≤ 0
𝑌3 ≤ 0

 (5.15c)
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Algorithm 2 Logic-based Benders Decomposition

1: Take 𝛼𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

as complicating variables, 𝑟 ← 1

2: 𝛼𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

← 𝛼
𝑈𝑃(0)
𝑢𝑏𝑟𝑛𝑡

(initial guess) , 𝐿𝐵← −∞ , 𝑈𝐵←∞
3: while 𝑈𝐵 − 𝐿𝐵 ≥ 𝜖 do
4:

5: Step1: Master problem (MILP)
6: if 𝑟 ≥ 2 then
7: Solve the master problem (5.13) considering Γ𝑟𝑛𝑡

8: (�̂�𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

← 𝛼𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

) , (𝐿𝐵← 𝑛𝑒𝑤 𝐿𝐵)
9: end if
10:

11: Step2: Sub-problem (Linear logic-based program)
12: Solve the sub-problem (5.11)
13: 𝑈𝐵← 𝑛𝑒𝑤 𝑈𝐵 , Ω6 ← Ω6 (save all optimal values)
14:

15: Step3: Logic-based Benders cut calculation
16: for 𝑛← 1 to 2𝑁

𝑚𝑣
𝑏 do

17: if 𝑛 ≥ 2 then
18: 𝑔𝑟 (𝑛−1)𝑡 ← 0
19: end if

20: 𝑔𝑟𝑛𝑡 ← 1 ⇐⇒
𝐼𝑇𝑆∧
𝑏=1

𝑁𝑚𝑣
𝑏∧
𝑢=1

𝐺𝑢𝑏𝑟𝑛𝑡

21: (𝐺𝑢𝑏𝑟𝑛𝑡 ⇐⇒ 𝛼𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

← 1) , (𝛼𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

∗ ← 𝛼𝑈𝑃
𝑢𝑏𝑟𝑛𝑡

)
22: Solve the optimization problem (5.14)
23: Γ(𝑟+1)𝑛𝑡 ← Γ𝑟𝑛𝑡

24: end for 𝑟 ← 𝑟 + 1
25: end while

[
𝐼3

𝑌1 ≤ 0

]
∨

¬𝐼3
𝑋2 ≤ 0
𝑋3 ≤ 0

 ,
[

𝐼4
𝑌2 ≤ 0

]
∨

¬𝐼4
𝑋1 ≤ 0
𝑋3 ≤ 0

 (5.15d)

[
𝐼5

𝑌3 ≤ 0

]
∨

¬𝐼5
𝑋1 ≤ 0
𝑋2 ≤ 0

 ,
[
{𝑋,𝑌, 𝑍} ∈ {1, 0}
𝐼 ∈ {𝐹𝑎𝑙𝑠𝑒, 𝑇𝑟𝑢𝑒}

]
(5.15e)

We consider 𝑌 as complicating variable to utilize the LBBD method. Consequently, the master
problem is as follows.

Minimize
𝑌 ,𝑊

𝑊, (5.16)

subject to: 𝑊 ≥ Γ𝑎𝑚𝑌𝑖 ,

4∑︁
𝑖=1

𝑌𝑖 = 1 (5.17)

There are four complicating variables. Symbol Γ𝑎𝑚 is the logic-based Benders cut coe�cient
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Figure 5.5: The process of determining Benders cuts in our LBBD method.

where 𝑚 is an iteration counter and 𝑎 is an index for all possible combinations of 𝑌 . Since the sum-
mation of 𝑌 should be equal to one, there are four logic-based Benders cuts. We �x the complicating
variables 𝑌 at 𝑌 , which is found by solving (5.18), and form the sub-problem (5.18) below:

Minimize
𝑋,𝑌 ,𝑍 ,𝐼

Objective Function of (5.15a) (5.18a)

subject to (5.15b)-(5.15e), and 𝑌 = 𝑌 . (5.18b)

At this stage for cut calculation, all possible combinations of the complicating variable 𝑌 are
considered. Then, for each combination of 𝑌 , 𝑋 and 𝑍 are considered equal to the optimal values 𝑋
and 𝑍 (calculated for 𝑌 equals to 𝑌 from (5.18)) provided that speci�c combination of 𝑌 implies 𝑋
and 𝑍 . Then, Γ𝑎𝑚 is calculated for all possible combinations of complicating variable 𝑌 as follows:

Γ𝑎𝑚 =

4∑︁
𝑖=1

𝛼𝑖𝑌𝑖 +
3∑︁
𝑗=1

𝛽 𝑗𝑋 𝑗 +
2∑︁
𝑘=1

𝛾𝑘𝑍𝑘 ,∀ 𝑎 ∈ {1, .., 4}

subject to (5.15b)-(5.15e)

The master problem and sub-problem are solved iteratively until the di�erence between their solu-
tions meet the pre-de�ned tolerance.

5.1.8 Case Studies

5.1.8.1 Test System

A modi�ed IEEE 118-bus test system is applied as the transmission system that is connected to
two modi�ed IEEE 33-bus test systems as distribution networks (at bus No.102 and bus No.109).
Three di�erent case studies assess the proposed framework, and with sensitivity variations on load
consumption and renewable generation. In all case studies, it is assumed that forward market have
cleared so that the objective of the TSO-DSO coordination framework is to manage the real-time
uncertainties using the available �exibility services o�ered by market aggregators. Table 5.1 shows
the expected amount of available �exibility sources in two di�erent distribution systems for a six-
hour interval. The battery storage systems are only considered at 𝐷𝑆𝑂𝐵. Hourly delivery periods
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are assumed so that the available sources for �exibility service activation are obtained by multiplying
the values of Table 5.1 by the pro�les in Fig. 5.6. The service activation bids by EERs in each DSO
at each hour are shown in Fig. 5.7. The bids of EERs in 𝐷𝑆𝑂𝐴 and 𝐷𝑆𝑂𝐵 relate to the turn-up
and turn-down services, respectively. The MIP solver CPLEX [87] in the GAMS platform was used,
whilst the computer had Intel Core i7-8650U (2.11 GHz), and 16G RAM.

Table 5.1: Expected Amount of Flexibility Services in the Case Studies

Distribution network Node Turn-Down Turn-up

𝐷𝑆𝑂𝐴

No.07 𝐷𝑅1(0.2𝑀𝑊) 𝑊𝑇1(10.5𝑀𝑊)
No.08 𝐷𝑅2(0.2𝑀𝑊) 𝑃𝑉1(9𝑀𝑊)
No.24 - 𝑃𝑉2(9𝑀𝑊)
No.30 𝐷𝑅3(0.2𝑀𝑊) 𝑊𝑇2(9𝑀𝑊)
No.32 - 𝑃𝑉3(9𝑀𝑊)

𝐷𝑆𝑂𝐵

No.07 − 𝑃𝑉1(9𝑀𝑊)
No.18 𝐵𝐴1(5𝑀𝑊) 𝐵𝐴1(5𝑀𝑊)
No.22 𝐵𝐴2(7𝑀𝑊) 𝐵𝐴2(7𝑀𝑊)
No.24 𝐷𝑅1(1.52𝑀𝑊) 𝑃𝑉2(9𝑀𝑊)
No.25 𝐷𝑅2(1.42𝑀𝑊) 𝑃𝑉3(9𝑀𝑊)
No.32 𝐷𝑅3(0.8𝑀𝑊) 𝑊𝑇1(13.5𝑀𝑊)
No.33 𝐵𝐴3(5𝑀𝑊) 𝐵𝐴3(5𝑀𝑊)

Figure 5.6: Pro�le used in the case studies.

Figure 5.7: Bids for service activation in di�erent case studies.

The average computation time of all considered case studies was about 97 seconds. Nevertheless,
the convergence and the number of iterations of the LBBD method depends on the initial guesses
relating to the complicating variables. Since each LBBD cut is calculated individually and indepen-
dently, parallel computing techniques can be employed. Therefore, one of the main advantages of
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our developed LBBD method is that parallel computing can easily be employed in the computation
process and this, in turn, decreases the computation time for large-scale optimization problems
signi�cantly.

5.1.8.1.1 Case I (Unexpected Load Increment)

In this case, the average load consumption of 𝐷𝑆𝑂𝐵 is increased by 20 percent. This case is
de�ned only to evaluate the proposed methodology. Evidently, the di�erent percentages of load
increments have di�erent impacts on the results. Both TSO and DSO need to mitigate the resulting
congestion and voltage problem associated with unexpected load increases. Therefore, our proposed
framework mitigates these problems and ful�lls the signed contracts in the forward electricity market
by activating available EERs.

5.1.8.1.2 Case II (Unexpected Surplus Renewable Energy Generation)

In this case, the scheduled renewable energy generation in the forward market is available but the
actual load consumption becomes lower than the expected value due to the load decrease in the
𝐷𝑆𝑂𝐴. Therefore, there is an unexpected surplus of renewable energy generation. The PV and
wind-turbine owners, as well as EERs, are capable of providing turn-up services to overcome the
congestion, energy imbalance, and voltage problems in both TSO and DSO regions. The maximum
amount of available service equals the scheduled renewable generation in the forward market which
is showed by constraints (5.3h) and (5.3i). Consequently, at each hour, the upper limit of available
turn-up service is derived from the pro�le in Fig. 5.6 using the values in Table 5.1.

5.1.8.1.3 Case III (Con�ict Among TSO and DSO Objectives)

This case deals with a situation in 𝐷𝑆𝑂𝐵 that the load consumption is unpredictably increased at
buses No.31 and No.33, and it is decreased at buses No.24 and No.25. Therefore, there are surplus
renewable energy generation and load increments simultaneously. The TSO and DSO procure
�exibility services to overcome the congestion, energy imbalance, and voltage problems in their
regions. Compared to Table 5.1, the available DR at bus No.32 is increased to 2.8𝑀𝑊 . Moreover,
we consider di�erent o�er functions for �exibility service provider in Case III to show the e�ciency
of our model. Accordingly, we multiply the presented bids at each hour in Fig. 5.7 by a random
parameter, with uniformly distributed values between 0.9 and 1, to generate di�erent o�er functions
for each individual �exibility service provider. Therefore, all results related to Case III are based
on consideration of di�erent o�er functions for �exibility service providers.

In the TSO optimization with exogenous DSO activations, it is envisaged that the TSO would
seek in practice to use empirical data on past activations by the DSO to have a statistical model
of DSO responses in the TSO's look-ahead model. We can only make illustrative assumptions on
this aspect. In Case I, it is anticipated that the 𝐷𝑆𝑂𝐵 activates 40 percent of available �exibility
resources. In Case II, it is predicted that 𝐷𝑆𝑂𝐴 activates 90 percent of available �exibility resources.
In Case III, it is forecasted that 𝐷𝑆𝑂𝐵 activates 75 percent of turn-up services and 40 percent of
turn-down services. These are the exogenous DSO service activations in the optimization models
of both the LA-MI and LA-SI frameworks. Evidently, these are arbitrary values simply to test the
model formulations. How well TSOs can anticipate DSO activations and how much transparency
they have on the distribution system will necessarily be situation speci�c.

5.1.8.2 Results and Discussions

The LA-MI and LA-SI frameworks are applied to each case study. Two optimization models are
implemented in each framework being the SBD (for the exogenous DSO model), and the LBBD (for
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the embedded DSO model). Consequently, this experimental testing results in four optimization
problems comprising two bilevel mixed-integer linear problems related to the LA-MI and LA-SI
frameworks in the embedded DSO model, and two single-level mixed-integer linear problems related
to the exogenous DSO model. Fig. 5.8 depicts the optimization problems used in this paper. Six
hours of system operations are taken into account to evaluate the proposed models and frameworks.

Figure 5.8: The �owchart of all proposed optimization problems in the current
paper.

Table 5.2: Logic Proposition for De�ning Benders Cuts in the Proposed LBBD
Method

Benders Cuts
(Combination)

The location of turn up services at 𝐷𝑆𝑂𝐵

Bus No.7 Bus No.23 Bus No.25 Bus No.32

CUT 1 NOT NOT NOT NOT
CUT 2 AND NOT NOT NOT
CUT 3 NOT AND NOT NOT
CUT 4 NOT NOT AND NOT
CUT 5 NOT NOT NOT AND
CUT 6 AND AND NOT NOT
CUT 7 AND NOT AND NOT
CUT 8 AND NOT NOT AND
CUT 9 NOT AND AND NOT
CUT 10 NOT AND NOT AND
CUT 11 NOT NOT AND AND
CUT 12 AND AND AND NOT
CUT 13 AND AND NOT AND
CUT 14 AND NOT AND AND
CUT 15 NOT AND AND AND
CUT 16 AND AND AND AND

Regarding the market mechanism in [2], the EERs compete with available complementary re-
serves to provide �exibility services at the TSO level. Therefore, along with the available EERs in
DSOs, there is one complementary reserve unit at transmission bus No.1 that competes with EERs
to provide �exibility services in the transmission system.

In the process of solving the mixed-integer linear programming problem using the LBBD method,
the binary variables related to the turn-up �exibility service activation by TSO in the binding
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interval (from available turn-up services 𝛼𝑈𝑃𝑢𝑡 in 𝐷𝑆𝑂𝐵) are considered as complicating variables.
In the case studies, the number of complicating variables in the binding interval is equal to four,
being related to the turn-up services by three PV generation units along with one wind farm in
𝐷𝑆𝑂𝐵. Therefore, there are 16 combinations of complicating variables, which implies 16 Benders
cuts in our proposed LBBD methodology. Table 5.2 shows the logic propositions related to the
combination of the considered complicating variables. These combinations are represented by logic
propositions in the sub-problem. In each iteration of the LBBD method, after solving the sub-
problem, sixteen constraints are added to the master problem based on the value of the optimized
objective function in the sub-problem.

5.1.8.2.1 Results Regarding System Operation Cost

Table 5.3 shows the system operation costs for the four optimization problems in Case I. Sign ">"
represents that the total operation cost is greater than the right-hand side value due to the fact
that there are infeasible solutions in some hours. Evidently, the system operation cost in the LA-MI
framework is lower than the LA-SI framework in both optimizations. Moreover, the cost of system
operation in the second (embedded) DSO model is lower than the �rst (exogenous) DSO model
in each framework. Evidently, the absolute value of this bene�t is an artefact of the modelling
assumptions and the results are only meant to be indicative of the feasibility of the methodology.
When the LA-MI framework is implemented in both day-ahead and real-time markets, all forward

Table 5.3: System Operation Cost for Case I

Binding
Interval

Exogenous DSO model Embedded DSO model

LA-SI LA-MI LA-SI LA-MI

𝑡1 Infeasible 72413 ($/h) 74635 ($/h) 72378 ($/h)
𝑡2 87554 ($/h) 82200 ($/h) 87373 ($/h) 82134 ($/h)
𝑡3 100198 ($/h) 92564 ($/h) 99869 ($/h) 92502 ($/h)
𝑡4 Infeasible 84989 ($/h) Infeasible 84964 ($/h)
𝑡5 76424 ($/h) 76290 ($/h) 76320 ($/h) 76268 ($/h)
𝑡6 88098 ($/h) 87426 ($/h) 88006 ($/h) 87386 ($/h)

Total >511873($) 495882($) >511167($) 495632($)

contracts have been achieved with the available �exibility services. But, on the contrary, there are
some hours when it is impossible to mitigate the congestion and ful�ll all forward contracts with
the available �exibility sources when the LA-SI framework is implemented. It implies that even
when using all turn-down service activations, it is impossible to cope with the unexpected load
increments. In practice, this would lead to a resource adequacy intervention by the TSO, possibly
with disconnections.

Table 5.4 depicts the system operation costs for the four optimization problems in Case II.
In this case study, the TSO hedges against the congestion and energy imbalance problems in the
transmission network while DSO copes with voltage and congestion problems due to the unexpected
energy surplus in the distribution network. Therefore, the TSO and DSO compete with each
other to activate the available turn-up services to eliminate the surplus energy and relieve their
network problems. Similar to Case I, the LA-MI framework has lower operational costs in both
optimization models. The di�erence between the total operational cost of the proposed LA-MI and
LA-SI frameworks are signi�cant.

Table 5.5 depicts the system operation costs for the four optimization problems in Case III. From
the operational cost point of view, Case III is similar to Case I and Case II. DSO activates both
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Table 5.4: System Operation Cost for Case II

Binding Interval Exogenous DSO model Embedded DSO model

LA-SI LA-MI LA-SI LA-MI

𝑡1 74893 ($/h) 73194 ($/h) 74865 ($/h) 73153 ($/h)
𝑡2 87109 ($/h) 84111 ($/h) 86829 ($/h) 83927 ($/h)
𝑡3 99833 ($/h) 94472 ($/h) 98740 ($/h) 94320 ($/h)
𝑡4 89342 ($/h) 86490 ($/h) 88183 ($/h) 86468 ($/h)
𝑡5 77820 ($/h) 77306 ($/h) 77786 ($/h) 77272 ($/h)
𝑡6 89573 ($/h) 88178 ($/h) 89551 ($/h) 88131 ($/h)

Total 518570($/h) 503751($/h) 515954($/h) 503271($/h)

turn-up and turn-down services to mitigate the congestion, voltage, and energy imbalance problems
for di�erent parts of its network. TSO copes with the congestion in its network by activating
turn-down services. Again these results are consistent with engineering intuition.

Table 5.5: System Operation Cost for Case III

Binding Interval Exogenous DSO model Embedded DSO model

LA-SI LA-MI LA-SI LA-MI

𝑡1 73988 ($/h) 74270 ($/h) 73948 ($/h) 74193 ($/h)
𝑡2 Infeasible 84539 ($/h) Infeasible 83992 ($/h)
𝑡3 Infeasible 94897 ($/h) Infeasible 94560 ($/h)
𝑡4 Infeasible 87331 ($/h) Infeasible 86793 ($/h)
𝑡5 78954 ($/h) 78967 ($/h) 79009 ($/h) 77845 ($/h)
𝑡6 91660 ($/h) 90320 ($/h) 89976 ($/h) 88942 ($/h)

Total >511369($) 510324($) >508278($) 506325($)

The results in Table 4.4, Table 5.4, and Table 5.5 show that the LA-MI framework in the
exogenous DSO model is preferable to LA-SI in both models from both economic and feasibility
viewpoints. Furthermore, as mentioned before, the exogenous DSO model is based on what actually
occurs in the current �exibility markets. Therefore, although the LA-MI framework in the embedded
DSO model has the minimum operation cost, the complexity of this model is much higher than the
exogenous DSO model. The computational complexity of this framework is due to the existence of
non-convex sub-problems. Nonetheless, using the proposed methods in this paper including GDP
and LBBD reduces the computational complexity of the main optimization problem which in turn
will make them more feasible. Therefore, we continue to analyze the TSO-DSO coordination with
the LA-MI framework using LBBD.

Table 5.6: Flexibility Service Activation of LA-MI model for Case I

Binding Interval TSO service activation DSO service activation

Turn up Turn down Turn up Turn down

𝑡1 - 6.2 MW - 5.2 MW
𝑡2 - 5.6 MW - 8.6 MW
𝑡3 - 5.2 MW - 11.5 MW
𝑡4 - 5.7 MW - 9.5 MW
𝑡5 - 6.0 MW - 6.8 MW
𝑡6 - 5.4 MW - 9.1 MW
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Figure 5.9: Service Activation of LA-MI model for Case I.

5.1.8.2.2 Service Activation

Table 5.6 and Fig. 5.9 show the results of solving the logic-based problem related to the LA-MI
framework using LBBD in Case I. As can be seen, however, the proposed TSO-DSO coordination
has properly adapted to the unexpected variation in the load consumption. The TSO activates the
turn-down services in 𝐷𝑆𝑂𝐵 to cope with overloading problems in the transmission system. At the
same time, 𝐷𝑆𝑂𝐵 also activates down-services at its system to cope with the resulting congestion.
In this case, all available turn-down services are utilized by the TSO and 𝐷𝑆𝑂𝐵. The rest of the
unexpected load increment is compensated by the reserve capacity in the transmission system.

Table 5.7 and Fig. 5.10 show the results of surplus renewable energy production in Case II.
Evidently, the proposed TSO-DSO coordination with the LA-MI framework has properly coped with
the unexpected surplus RES generation. TSO has activated available turn-up �exibility services to
relieve the overloading problems. In the same way as the TSO, 𝐷𝑆𝑂𝐴 has also activated the available
turn-up services to cope with the congestion problem inside its distribution network. Most of the
available turn-up �exibility services has been activated by 𝐷𝑆𝑂𝐴 due to the impact of unexpected
surplus RES generation on the distribution network.

Table 5.7: Flexibility Service Activation of LA-MI for Case II

Binding Interval TSO service activation DSO service activation

Turn up Turn down Turn up Turn down

𝑡1 0.6 MW - 23.4 MW -
𝑡2 0.9 MW - 30.6 MW -
𝑡3 0.9 MW - 33.6 MW -
𝑡4 0.6 MW - 42.9 MW -
𝑡5 0.6 MW - 39.9 MW -
𝑡6 1.1 MW - 33.4 MW -

Table 5.8 and Fig. 5.11 show the results of both surplus renewable energy production and load
increment occurring in Case III. This case demonstrates the ability of the proposed framework
to handle the con�ict among TSO and 𝐷𝑆𝑂𝐵 objectives to activate available EERs. In the �rst
hour of the system operation, TSO and 𝐷𝑆𝑂𝐵 compete to activate turn-up services to eliminate
surplus renewable energy production and mitigate the congestion in their networks. In the second,
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Figure 5.10: Service Activation of LA-MI model for Case II.

Table 5.8: Flexibility Service Activation of LA-MI for Case III

Binding Interval TSO service activation DSO service activation

Turn up Turn down Turn up Turn down

𝑡1 - 16.4 MW 6.2 MW -
𝑡2 - 16.6 MW 6.1 MW -
𝑡3 - 18.7 MW 1.1 MW 4.2 MW
𝑡4 - 19.4 MW 1.5 MW 2.4 MW
𝑡5 - 17.0 MW 0.6 MW 3.3 MW
𝑡6 - 22.8 MW 1.0 MW -

Figure 5.11: Service Activation of LA-MI model for Case III.

third, and �fth hours of the system operation, 𝐷𝑆𝑂𝐵 needs to activate both turn-up and turn-down
services to cope with congestion due to load increment and energy surplus in di�erent parts of
the 𝐷𝑆𝑂𝐵 region. On the other hand, the TSO also activates turn-down service to overcome the
congestion in the transmission network. Consequently, the results show that our proposed LA-MI
framework with embedded DSO activation can properly handle di�erent simultaneous situations
that might arise in the coordination between TSO and DSOs.

In this research, the bilevel optimization problems for embedded DSO modeling case have binary
variables in their sub-problems and accordingly cannot be solved using the SBD. This is while,
as reported in our numerical experiments, the proposed LBBD can e�ciently solve these bilevel
programs.



88 Chapter 5. Operational coordination of energy systems



89

Part II

Conclusions



90



91

6 | Conclusion, Discussion, and Recom-
mendations

According to the material presented in this thesis, some of the �ndings are presented below, together
with a discussion around it.

6.1 Uncertainty Modeling and Microgrid Planning Process (Paper
A and Paper B)

6.1.1 Discussion and Conclusion

With regards to the simulation models to represent the stochastic behavior of uncertainty sources,
neither a retrospective model nor the Monte Carlo simulation (MCS) model is competitive in terms
of accuracy when compared to the Metropolis-coupled Markov chain Monte Carlo (𝑀𝐶)3 simulation
model.

In this work, the worst year data, out of long-term historical data, has been considered the input
data in a retrospective model. In the retrospective model, the occurrence probability of selected
values is too low, and the Pearson correlation coe�cient (PCC) between the histograms of the
selected values and the long-term historical data is low. Consequently, the planning process will
end up with an oversized microgrid. Although the MCS model generates samples in a stochastic
process with an accurate probability distribution function (PDF), it cannot represent the time-
dependency, the continuity of predicted values, and the steady-state probability of uncertainty
sources accurately.

The modi�ed (𝑀𝐶)3 simulation shows a high correlation between the histograms of the 8760
predicted values and the long-term historical data. The results con�rm that the time-dependency
and continuity of predicted samples have been appropriately modeled. Moreover, the high correla-
tion between the steady-state probabilities of the predicted values and the long-term historical data
represents that the modi�ed (𝑀𝐶)3 can model the long-term stochastic behavior of uncertainty
sources.

Applying the (𝑀𝐶)3 model improves the planning process of a stand-alone renewable energy
based microgrid from the economy and reliability viewpoints. The model decreases the total cost of
planning by enhancing the representation of uncertainty sources. The real impact and advantages
of PV panels and hydrogen storage systems have been demonstrated in a city in the northern part
of Sweden. Furthermore, it shows that the designed microgrid can cope with all possible worse
scenarios like windy, rainy, and snowy days. In other words, the planning process of a stand-alone
renewable energy based microgrid improves from both energy and power capacity viewpoints.
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6.1.2 Recommendation

Since the predicted time series using the proposed method in this work is going to be utilized in the
long-term planning of a microgrid, particular emphasis has been placed on the occurrence of critical
scenarios, and their speci�c time of occurrence in the future is not important in the proposed model.
Therefore, the number of iterations is enough as long as the proposed model be able to simulate
the critical characteristics of the stochastic behavior of uncertainty sources within 8760 samples.
Nevertheless, there is a potential obstacle associated with the number of iterations, especially if
there are too many time-slices in the proposed model. In such a case, the number of samples
(iterations) should be increased to 17520 or 26280.

The electricity prices have been predicted for feasibility analysis on the upstream network con-
nection in the long-term planning stage of a RES-based microgrid. Therefore, it is worth mentioning
that further attention is required to select the electricity price index when it comes to predicting the
hourly time series of electricity prices in the inter-day electricity market. Moreover, in predicting
the far-future events of some uncertainty sources using the proposed model, there is a potential
limitation associated with the non-stationarity in mean and variance values, which is needed to be
considered in the future development of the model.

6.2 Risk-Averse Pricing Strategy for Uncertain Demand Response
Program (Paper C)

6.2.1 Discussion and Conclusion

The risk-averse Shapley value-based IGDT method along with a novel pricing strategy has been
proposed to successfully exploit the bene�ts of ICDRP in the frequency regulation market. Sensitiv-
ity analyses are carried out to evaluate the impacts of available �nancial resources and the ramp-up
capability of predetermined reserves on the system operator's ability to cope with the uncertainty
of ICDRP.

The proposed method can assess and optimally manage the risks associated with ICDRP utiliza-
tion. The risk management costs have been considered in the proposed risk-based pricing strategy
which makes the system operator capable of purchasing ICDRP with an extended range of incentives
and penalties. The results for the IEEE 9-bus and IEEE 39-bus systems show that the proposed
pricing strategy takes into account the e�ective parameters in the risk-averse utilization of ICDRP
with the uncertain responsiveness of participants. The results also indicate that the �exibility of
predetermined reserves in the electricity forward markets should be considered as a complementary
eligibility condition for risk-averse utilization of ICDRP with the uncertain responsiveness of the
participants. In fact, it demonstrates that the uncertainty of ICDRP should be considered in the
process of determining the required reserve in the forward electricity markets.

6.2.2 Recommendation

Further studies are needed to investigate the impacts of utilizing uncertain ICDRP in multi-interval
real-time electricity markets. Moreover, the proposed pricing strategy and risk assessment method
can be developed for evaluating the impacts, bene�ts, and challenges of utilizing various �exibility
services and demand response programs in di�erent intervals of electricity markets operation.
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6.3 Utilization of Dynamic Line Rating (Paper D)

6.3.1 Discussion and Conclusion

Congestion problems in the transmission networks could happen due to di�erent reasons including
renewable energy generation and load consumption. Dynamic line rating is a grid-enhancing tech-
nology to enable more e�ective use of the transmission capacity of existing infrastructure. DLR
can also be considered a �exibility service to cope with the di�erent sources of uncertainty in the
real-time operation of the power system. The DLR postpones the transmission system expansion
planning and mitigates the overloading problems. However, there are risks associated with the uti-
lization of DLR in the real-time operation of power systems. Therefore, risk assessment is necessary
for any speci�c transmission system in order to utilize DLR.

In this work, a modi�ed (𝑀𝐶)3 simulation is applied to model the uncertainty behavior in the
EV loading pro�le and its impacts on the aggregated load consumption. There are some possible
congestion problems in the transmission network due to the increased load consumption. The results
show that utilization of DLR in a limited number of transmission lines can appropriately mitigate
most of the possible overloading problems throughout all transmission lines.

The proper transmission lines for DLR implementation should be determined with the minimum
possible risk considering the real-time operation of the power system from technical and economical
viewpoints. Therefore, the proposed risk-based criteria in this work determine the proper lines
for DLR implementation considering di�erent uncertainty sources in the real-time operation of the
power system. According to the results, the proposed line selection method allows considerable
integration of EVs and reduces the interruption cost. The method would enable network operators
to have a cost-e�ective operation and reduce the need for load curtailment. Furthermore, it has
been shown that there is no need to utilize 100 percent available capacity of DLR in the real-time
operation of the power system. In some cases, considering even less than 50 percent of available
DLR can highly improve the real-time operation of the power system with minimum possible risks.

6.3.2 Recommendation

The process of determining the proper lines for DLR implementation can also be done from the
electricity market viewpoint. DLR can be considered as a source of the �exibility of which trans-
mission system operators can activate it perhaps through an ancillary service market. However,
proposing such a process depends on the framework and schemes of di�erent electricity markets.
Consequently, from an electricity market viewpoint, developing a model to determine lines for DLR
implementation as a �exibility source would require a separate piece of research.

From the stochastic programming viewpoint, determining the proper lines for DLR implemen-
tation should be presented in the form of a stochastic bilevel Mixed-integer Linear programming
problem. However, solving such a programming problem requires proper models and solution meth-
ods which need a further piece of research.

6.4 TSO-DSO Operational Coordination Using a Look-AheadMulti-
Interval Framework (Paper F)

6.4.1 Discussion and Conclusion

An look-ahead multi-interval framework for coordinating TSO-DSO operational decisions is ana-
lyzed, in which, a new organizational setup based on the introduced �exibility market operator
organization is proposed. Two linearized AC-OPF models are introduced for the transmission and
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distribution systems to evaluate the coordination and two optimization models are formulated. A
logic-based Benders decomposition method is advocated to solve the resulting bilevel mixed-integer
linear programming problem and a new approach to determine the Benders cuts is proposed. A
comparison of our look-ahead multi-interval coordination framework with the current look-ahead
single-interval coordination framework widely used in Europe reveals lower costs and more e�cient
computations, as demonstrated through several numerical experiments.

In summary, our proposed logic-based Benders decomposition method has the following two
strong properties compared to the standard Benders decomposition method:

� The proposed logic-based Benders decomposition method can handle the situations where the
sub-problem has binary variables. This is performed using the concept of inference dual we
introduced in the current paper.

� Since, we do not reformulate the disjunctive constraints using the Big-M method, the disjunc-
tive parameters (or big-Ms) do not appear in our logic-based Benders decomposition method.
Hence, there is no need to tune these parameters (which is very hard task [85], if not impossible
[86]).

6.4.2 Recommendation

Expanding the logic-based Benders decomposition method to stochastic bi-level optimization is a
new challenge. Consequently, modeling the stochastic behavior of the in�uential uncertainty sources
in a stochastic TSO-DSO coordination problem with the logic-based Benders decomposition method
method is the scope of one important future study, which should improve the system operation and
the resilience of both the TSO and DSO for coping with uncertainties.

The coordination approach can also be extended to include renewable energy sources with non-
convex cost functions. For such an extension, new binary variables will be introduced into the
transmission-level model to model the non-convex cost functions and then the same methodology
as proposed in the paper should be applicable.

Finally, we are aware that the practical experiences in [23, 89] indicate that including a sub-
problem relaxation in the master problem can signi�cantly reduce the number of Benders itera-
tions. However, determining such a sub-problem relaxation depends on the structure of di�erent
optimization problems. Consequently, developing an appropriate algorithm to determine a speci�c
sub-problem relaxation would require a separate piece of research.
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A B S T R A C T

Due to the lack of available flexibility sources to cope with different uncertainties in the real-time operation
of stand-alone renewable energy-based microgrids, the stochastic behavior of uncertainty sources needs to be
included in the planning stage. Since there is a high association between some of the uncertainty sources,
defining a proper time series to represent the behavior of each source of uncertainty is a challenging issue.
Consequently, uncertainty sources should be modeled in such a way that the designed microgrid be able to cope
with all scenarios from probability and impact viewpoints. This paper proposes a modified Metropolis–coupled
Markov chain Monte Carlo (𝑀𝐶)3 simulation to predict the stochastic behavior of different uncertainty sources
in the planning of a stand-alone renewable energy-based microgrid. Solar radiation, wind speed, the water flow
of a river, load consumption, and electricity price have been considered as primary sources of uncertainty. A
novel data classification method is introduced within the (𝑀𝐶)3 simulation to model the time-dependency and
the association between different uncertainty sources. Moreover, a novel curve-fitting approach is proposed
to improve the accuracy of representing the multimodal distribution functions, modeling the Markov chain
states, and the long-term probability of uncertainty sources. The predicted representative time series with
the proposed modified (𝑀𝐶)3 model is benchmarked against the retrospective model, the long-term historical
data, and the simple Monte Carlo simulation model to capture the stochastic behavior of uncertainty sources.
The results show that the proposed model represents the probability distribution function of each source of
uncertainty, the continuity of samples, time dependency, the association between different uncertainty sources,
short-term and long-term trends, and the seasonality of uncertainty sources. Finally, results confirm that the
proposed modified (𝑀𝐶)3 can appropriately predict all scenarios with high probability and impact.

1. Introduction

Nowadays, the use of renewable energy sources (RESs) in the power
system (e.g., wind turbines, PV panels, and hydro turbines) has been in-
creased [1,2]. Recent studies have emphasized the benefit of transform-
ing conventional distribution networks into renewable energy-based
microgrids [3,4]. Nonetheless, since renewable energy generation is
strongly associated with uncertainties, the concerns about the conse-
quences of this growth are being increased [5]. On the other side, the
microgrid operator has to keep the balance between generation and
load consumption at any time. This balance should be preserved from
real-time operation to long-term planning of microgrids. Therefore, the
electrical load is also a prime source of uncertainty that should be taken
into account [6].

∗ Corresponding author.
E-mail addresses: hamed.bakhtiari@ltu.se (H. Bakhtiari), jzhong@eee.hku.hk (J. Zhong), manuel.alvarez@ltu.se (M. Alvarez).

Due to these uncertainty sources, there are some economic and
technical challenges for planning a RES-based microgrid (e.g., the
adequacy of reserves, high planning costs, the impacts of electricity
markets, reliability, security, and stability of microgrids) [2,4,7–9].
Energy storage systems, demand-side management, electric vehicles,
and so on are used as alternatives to support the microgrids against
different sources of uncertainties [2,10]. Nonetheless, since there are
no adequate alternatives to cope with these uncertainty sources in the
real-time operation of RES-based microgrids, the uncertainty sources
should be defined carefully at the planning stage [2]. This challenge
is becoming more prominent, especially when it comes to planning a
stand-alone RES-based microgrid [3,10].

The challenge is how to model the stochastic behavior of vari-
ous uncertainty sources and how to determine the appropriate level
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Table 1
Review of some literature on long-term planning of microgrid systems.

Ref Type of
microgrid

Uncertainty
sources

Simulation
model

Planning
horizon

Input data Uncertainty modeling
method

[11] Grid connected Solar, wind, temperature, load Deterministic 20 years 744 hours Forecasting method
[12] Grid connected Solar, wind, price, load Deterministic 20 years – Forecasting method
[8] Grid connected RES, price, load, grid connection Deterministic 20 years – Forecasting method
[13] Grid connected load Deterministic 20 years 8760 hours Forecasting method
[14] Grid connected Combination of RES, load Stochastic 10 years 40 scenarios Scenario based MCS
[15] Grid connected Combination of RES Stochastic 6 years Several iterations Prediction (MCS)
[16] Grid connected Wind, solar, Load Deterministic 20 years Worst year Retrospective model
[2] SAREBMGa Solar, load Deterministic 25 years Worst year Retrospective model
[17] SAREBMG Wind, solar, Load Deterministic 25 years Worst year Retrospective model
[18] SAREBMG Wind, solar, Load Stochastic 25 years One year Fuzzy model
[19] SAREBMG Wind, solar, Load Stochastic 20 years 80 scenarios Scenario based MCS
[20] SAREBMG Wind, solar, Load Stochastic 10 years Several iterations Prediction (MCS)
[21] SAREBMG Wind, solar, Load Stochastic 25 years 2500 iterations Prediction (MCS)
[22] SAREBMG Wind, solar, Load Stochastic 25 years 9568 iterations Prediction (MCS)
[10] SAREBMG Wind, solar, Load Stochastic 20 years 8760 iterations Prediction (MCS)
[23] SAREBMG Wind, solar, Load Stochastic 30 years 8760 iterations Prediction (MCS)

aNote: SAREBMG stands for stand-alone RES-based microgrid.

of details [24,25]. In Table 1, particular emphasis has been placed
on different types of microgrids, simulation model, input data, and
uncertainty modeling method in the planning process of microgrids.

There are several stochastic and deterministic methods to model the
behavior of uncertainty sources in the planning process of microgrids.
Forecasting methods have been used in several articles to design a grid-
connected microgrid [8,11–13]. These methods can model time series,
seasonality, and long-term trend of uncertainty sources for a specific
time duration in the future. Nonetheless, there are some problems asso-
ciated with using well-known forecasting methods (i.e., ARMA, ARIMA,
and SARIMA) to design a stand-alone RES-based microgrid. These
methods generate scenarios with high probability based on conditional
density by taking into account trends and seasonality. Nevertheless,
these methods cannot generate scenarios with a low probability but
high impact on the operation of stand-alone renewable energy-based
microgrids (e.g., one week with stormy weather every year). Since the
upstream network is considered a prominent flexibility source in plan-
ning a grid-connected microgrid, the possible problems due to these
occurrences could be fixed by support from the upstream network.
Notwithstanding, there is no access to the upstream network in a stand-
alone RES-based microgrid. Consequently, the system planner should
be prepared for all scenarios from probability and impact viewpoints.

Many years of historical data are required to address the inter-
annual variability of uncertainty sources in forecasting methods ap-
propriately [26]. Furthermore, modeling the energy system based on
renewable energy sources needs a high temporal resolution [27]. In
many realistic cases, when it comes to energy systems planning (es-
pecially renewable energy-based microgrids), solving the defined op-
timization problem (e.g., mix-integer non-linear optimization model)
using both a high temporal resolution and a long sample of data is
unfeasible [26,27]. Consequently, some authors have diminished the
temporal resolution by taking into account a long sample of data. More
extended input data with the fixed values for longer representative
intervals (e.g., seasonal, monthly, weekly, daily) have been used [26,
28]. The representative intervals with fixed values cannot characterize
the actual nature of uncertain variables with high accuracy. Therefore,
system planning will end up with sub-optimal results [29]. Conversely,
increasing the temporal resolution by decreasing the length of input
data has also been considered in [30]. Despite the computational
complexity, due to the inter-annual variability of uncertainty sources
and the lack of sufficient historical data, it has been proven that taking
into account just a high temporal resolution is not necessarily adequate
for simulating the uncertainty of renewable energy sources [26,31].
Therefore, reducing the length of input data or the temporal resolution
decreases the accuracy of forecasting the stochastic behavior of uncer-
tainty sources. Hence, in planning a stand-alone RES-based microgrid,

since there is no connection to the grids, particular emphasis should be
placed on appropriately determining representative time series.

On the other hand, well-known univariate time series forecast-
ing methods (i.e., ARMA, ARIMA, and SARIMA) cannot represent the
connection between different uncertainty sources (e.g., the relation-
ship between solar radiation, temperature, and load consumption).
Multivariate time-series analysis can appropriately represent the cross-
dependencies among different uncertainty sources. The only restriction
associated with the multivariate time-series analysis is the need for a
large sample of data to generate meaningful results. Otherwise, due to
high standard errors, the results will become spurious. Standard errors
determine the accuracy of the forecasted samples, and results from a
large sample would be more confident than a small one. Therefore, as
shown in Table 1, the retrospective and Monte Carlo simulation (MCS)
models have been commonly used in planning a stand-alone RES-based
microgrid to model all critical scenarios from probability and impact
viewpoints.

The retrospective model is one of the prevalent methods which
considers one year out of long-term historical data as a worst-case sce-
nario [17,32–34]. It is a deterministic method to model the stochastic
behavior of uncertainty sources. This method can represent the conti-
nuity of values, time-dependency, and the connection between different
uncertainty sources. Since RESs do not have a completely periodic be-
havior, it is improbable to find a specific year out of long-term historical
data in which all possible scenarios with high probabilities and impacts
be covered. Consequently, a year with maximum load consumption,
as the worst-case scenario, has been considered for all uncertainty
sources to design a microgrid in [32,34]. For example, if the maximum
load consumption had been recorded in 2019, historical data for that
year are considered for all uncertainty sources. Notwithstanding, when
it comes to the planning and operation of a stand-alone RES-based
microgrid, other uncertainty sources (e.g., wind speed, solar radiation,
water flow) also have a significant impact. Therefore, considering the
maximum load consumption as the only criterion does not necessarily
mean that the worst scenarios have been included [35]. Alternatively,
for each source of uncertainty, the worst-year has been considered
in [17,33]. Nevertheless, this concern is associated with three problems:
the occurrence probability of the selected years’ values is too low; the
optimization process leads to an oversized microgrid; and the relation-
ship between different uncertainty sources will be missed (e.g., inverse
relationship between temperature and load consumption in Winter in
the northern part of Sweden). Therefore, it is concluded that a stand-
alone microgrid should be designed using stochastic methods [14,15,
20,36].

The MCS model is a prevalent method that has been used to predict
the stochastic behavior of uncertainty sources in the planning of stand-
alone RES-based microgrids [10,15,20,37]. The MCS generates the
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Table 2
Comparison between different methods to model the stochastic behavior of uncertainty sources in the planning of a stand-alone RES-based
microgrid.

Characteristic Univariate
forecasting methods

Retrospective model MCS model Modified (𝑀𝐶)3

Time-dependency ✓ ✓ ✓

Continuity of values ✓ ✓ ✓

Long-term behavior ✓ ✓

CBDUSa ✓ ✓

PDF ✓ ✓

HPISb ✓ ✓ ✓

Stochastic ✓ ✓ ✓

aNote: CBDUS stands for connection between different uncertainty sources.
bNote: HPIS stands for generating all scenarios from probability and impact viewpoints.

stochastic samples based on the fitted PDF of uncertainty sources.
The fitted PDF can be simulated accurately using the MCS method.
Therefore, there is a high correlation between the fitted PDFs of long-
term historical data and the histogram of predicted samples with MCS.
Nevertheless, the lack of some information is associated with predicted
samples. The simple MCS can only generate discrete time-independent
scenarios accurately. However, different continuous time-dependent
uncertainties (e.g., time-dependent behavior of load consumption, wind
speed, solar radiation, water flow) affect the planning and operation of
stand-alone RES-based microgrids. For instance, when wind speed (or
water flow) is too high, it will stay high for a couple of hours due to
windy (or rainy) days. Since the simple MCS generates samples in a
time-independent process, it cannot predict windy, rainy, and snowy
days. In addition, one fitted PDF is considered to predict the stochastic
behavior of uncertainty sources with MCS in [6,38,39]. Generating
samples using only one fitted PDF have two significant problems:
there is no time-dependency in generated samples (i.e., the relationship
between generated samples and the day’s date and time); there is no
relationship between the generated samples of different uncertainty
sources. For instance, MCS may generate maximum solar radiation at
night in the Winter. Moreover, there is an inverse relationship between
temperature and load consumption in the northern part of Sweden.
The generated value of load consumption should be high when the
temperature is low, but take into account only one fitted PDF cannot
generate such values. Subsequently, using a simple MCS confines the
utilization of renewable energy sources in the planning of stand-alone
RES-based microgrids [10,40].

The scenario-based approach has also been used within the MCS
method. Nevertheless, this approach can only reduce the computational
complexity of MCS [6,14,19,41]. Therefore, using a simple MCS with
one PDF is not accurate enough for predicting the continuous time-
dependent uncertainty. Subsequently, the data classification methods
are needed to be implemented based on the long-term historical data to
generate values with time-dependency. It is also required to represent
the possible relationship between different uncertainty sources.

Markov chain Monte Carlo simulation has also been proposed
to predict the stochastic behavior of uncertainty sources [42]. This
method can generate samples regarding the continuity of values, the
long-term trend, and the fitted PDF of uncertainty sources. Nonetheless,
due to the existence of uncertainty sources with multimodal PDFs in the
planning of stand-alone RES-based microgrids, the convergence rate
of the Markov chain Monte Carlo simulation model is prolonged (or
infeasible) [43]. Therefore, (𝑀𝐶)3 has been introduced to simulate
the stochastic behavior of uncertainty sources with multimodal PDF
in [44].

However, when it comes to planning a stand-alone RES-based mi-
crogrid, there is a lack of knowledge with regard to applying (𝑀𝐶)3

to predict the stochastic behavior of uncertainty sources. In this paper,
a modified (𝑀𝐶)3 method is proposed by applying a novel data clas-
sification and curve-fitting methods to the (𝑀𝐶)3 simulation model.
The advantages of using the modified (𝑀𝐶)3 in planning a stand-alone
RES-based microgrid are compared with other methods in Table 2. This

paper aims to improve the process of predicting (not forecasting) the
stochastic behavior of uncertainty sources using the proposed modified
(𝑀𝐶)3 model. The proposed modified model tries to represent all
critical characteristics of the stochastic behavior of uncertainty sources
within 8760 samples. Moreover, the proposed model attempts to pre-
dict (simulate) a representative time series with 8760 samples whereby
all important occurrences, including scenarios with high probability
and impact, be covered. The predicted representative time series helps
the system planner be prepared to cope with all scenarios from prob-
ability and impact viewpoints in the planning process of a stand-alone
RES-based microgrid. Hence, hourly samples, which are the maximum
temporal resolution based on available historical data, are considered
the temporal resolution. Although the proposed model reduces the
length of the predicted samples (similar to forecasting methods with the
high temporal resolution and the short length of input data), it intends
to simulate all critical characteristic of uncertainty sources and all
scenarios from probability and impact viewpoints within the reduced
samples (i.e., 8760 representative samples). Therefore, the proposed
model reduces the length of data purposefully, and subsequently, miti-
gates the problems related to the short length of samples. Accordingly,
the contributions of the paper are as follows:

• It proposes a modified (𝑀𝐶)3 simulation to predict a representa-
tive time series with 8760 samples that can model the stochastic
behavior of uncertainty sources in the planning stage of a stand-
alone RES-based microgrid. The predicted representative time
series illustrates the time dependency, continuity of values, the
short-term and long-term trends, probability distribution func-
tion, the connection between different uncertainty sources, and
seasonality of uncertainty sources.

• The representative time series is predicted in such a way that all
continuous time-dependent scenarios with high probabilities and
impacts be considered. For instance, the representative time series
can predict the occurrence of scenarios like one windy, rainy, or
snowy week every year.

• It proposes a novel data classification method within the (𝑀𝐶)3
model for simulating the time-dependency in the generated val-
ues and the possible relationship between different uncertainty
sources.

• It proposes a novel curve-fitting method within the (𝑀𝐶)3 model
based on the concept of conditional probability. It can improve
the accuracy of determining the representative multimodal PDFs,
modeling the long-term behavior of uncertainty sources, and
simulating different states in the Markov chain model.

• It benchmarks the proposed model against the retrospective
model, long-term historical data, and simple MCS model to evalu-
ate the predicted representative time series from different aspects,
including PDF representation, short-term and long-term trends,
and the continuity of samples.

The rest of the paper is organized as follows. Section 2 introduces
methodologies, including data classification, curve-fitting method, and
(𝑀𝐶)3 simulation model. The case study, results, and discussions on
the proposed model are provided in Section 3. Section 4 presents the
conclusions.
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2. Methodologies

2.1. Data classification method

This paper has proposed a novel data classification method for using
within (𝑀𝐶)3 simulation to model time-dependency and the possible
relationship between different uncertainty sources. At the first step,
long-term historical data is categorized based on the order of the
hour. Since the weather data and the load consumption usually are
recorded on an hourly basis (e.g., in Sweden), the hourly sampling
frequency has been considered in the proposed model. Therefore, there
are 8760 groups based on the number of hours. The number of samples
in each hourly group equals the number of years in the long-term
historical data. For instance, if there are 15 years of historical data, the
categorization in the first step will put fifteen samples in each hourly
group.

Moreover, samples are labeled based on the order of the days.
Therefore, 8760 hourly groups are labeled in 365 days. On each day,
there are 24 hourly groups. The samples in adjacent hours with a high
correlation (e.g., the correlation between 15 samples in the first and
the second hours of a day) will be concatenated to form a new larger
group. It represents the consideration of the short-term trends in the
proposed data classification method. Besides, the correlation between
the samples with the same order of hours in adjacent days is calculated
(e.g., the correlation between 15 samples of the first hour of the first
day and 15 samples of the first hour of the second day). In this paper,
this correlation is called the periodic sampling area, which shows the
consideration of the seasonality in the proposed data classification
method. If the calculated correlation is greater than the predefined
level, these two hourly groups will be concatenated to form a bigger
group.

Fig. 1 illustrates the concept of adjacent and periodic sampling areas
(the short-term trend and seasonality). The adjacent sampling creates
data sets by considering the resemblance between adjacent hourly
values in long-term historical data. The periodic sampling determines
how long a generated adjacent set continues. The Pearson correlation
coefficient (𝑃𝐶𝐶) is considered to calculate the correlation between
samples. Fig. 2 shows the flowchart of this classification method.

As a result of the proposed process, long-term historical data are
divided into different groups called prediction time-slices. Determining
the minimum number of time-slices are necessary from the compu-
tational and accuracy points of view. The objective is to find the
minimum number of groups while there is a high Pearson correlation
between samples in each group. Consequently, determining the mini-
mum number of time-slices, by taking into account the adjacency and
periodic correlation, defines an optimization problem. The optimization
problem, to achieve this goal, is presented as follows.

min 𝑍 =
𝑛
∑

𝑖=1

𝑁𝑇𝑆𝑖
∑

𝑗=1
𝑇𝑆𝑖𝑗 (1)

Subject to

1 ≤ 𝑁𝑇𝑆𝑖
≤ 24 ∀ 𝑖 ∈ 𝑛 (2)

1 ≤ 𝐷𝑇𝑆𝑖𝑗
≤ 24 ∀ 𝑖 ∈ 𝑛 , ∀ 𝑗 ∈ 𝑁𝑇𝑆𝑖

(3)

𝑁𝑇𝑆𝑖
∑

𝑗=1
𝐷𝑇𝑆𝑖𝑗

= 24 ∀ 𝑖 ∈ 𝑛 (4)

1 ≤ 𝐷𝑃𝐷𝑖
≤ 365 ∀ 𝑖 ∈ 𝑛 (5)

𝑛
∑

𝑖=1
𝐷𝑃𝐷𝑖

= 365 (6)

𝑛
∑

𝑖=1

𝑁𝑇𝑆𝑖
∑

𝑗=1
𝐷𝑇𝑆𝑖𝑗

= 8760 (7)

Fig. 1. The illustration of the concept of adjacent and periodic sampling areas (based
on historical data). The length and number of time-slices (e.g., different hourly intervals
in monthly or quarterly periods) should be optimized.

𝑃𝐶𝐶
(

𝑆𝑇𝑆𝑖𝑗
, 𝑆𝑇𝑆𝑖(𝑗+1)

)

< 𝜖 ∀ 𝑖 ∈ 𝑛 , ∀ 𝑗 ∈ 𝑁𝑇𝑆𝑖
(8)

𝑃𝐶𝐶
(

𝑆𝑇𝑆𝑖𝑗
, 𝑆𝑇𝑆(𝑖+1)𝑗

)

< 𝜂 ∀ 𝑖 ∈ 𝑛 , ∀ 𝑗 ∈ 𝑁𝑇𝑆𝑖
(9)

where 𝑍 is the total number of time-slices (the total number of sections
in Fig. 1), 𝑇𝑆𝑖𝑗 represents each time-slice, 𝑛 is the number of periodic
duration (the total number of rows in Fig. 1), and 𝑁𝑇𝑆𝑖

is the number
of time-slices in each periodic duration (𝑃𝐷𝑖). The hourly length of
each time-slice and daily length of each periodic duration have been
presented by 𝐷𝑇𝑆𝑖𝑗

and 𝐷𝑃𝐷𝑖
, respectively. The Pearson correlation

coefficient has been shown by 𝑃𝐶𝐶. Samples in each time-slice have
been presented by 𝑆𝑇𝑆𝑖𝑗

. Constraint (2) represents that the number
of time-slice in each periodic duration should be within the specific
boundary. In other words, the number of time-slices in each periodic
duration should be more than zero and less than 25. Constraint (3)
describes that the hourly length of a time-slices should be greater than
zero and lower than 25. According to the constraint (4), the summation
of the hourly length of time-slices in a periodic duration should be
equal to 24. Constraint (5) explains that the daily length of a periodic
duration should be lower than 366 and greater than zero. In accordance
with the constraint (6), the summation of the daily length of all the
periodic durations should be equal to 365. Constraint (7) depicts that
the summation of the hourly length of all time-slices should be equal
to 8760. Constraints (8) and (9) represent that the PCC correlation
between the samples of two time-slices in the adjacent and periodic
sampling areas should be lower than the defined minimum level. In
other words, it means that if there is a high correlation between samples
of two different time-slices in the adjacent and periodic sampling areas,
these two time-slices should be concatenated to form a new bigger time-
slice. Parameters 𝜖 and 𝜂 are optimization parameters that adjust in
the optimization process to ensure a sufficient number of samples in
each determined time-slice. The Pearson correlation coefficient (𝑃𝐶𝐶)
is defined by (10) [45].

𝑃𝐶𝐶(𝑋, 𝑌 ) =
∑𝑛

𝑖=1(𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)
√

∑𝑛
𝑖=1(𝑥𝑖 − 𝑥)2(𝑦𝑖 − 𝑦)2

(10)

The proposed data classification method classifies the historical data
of uncertainty sources into different time-slices based on their vari-
ation. Consequently, it makes a connection between the variation of
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Fig. 2. Flowchart of the proposed data classification method to classify long-term historical data into different time-slices.

a source of uncertainty and the date and time of the day. Besides, it
can represent the possible connection between different uncertainty
sources.

2.2. Curve-fitting method

Uncertainty sources with unimodal PDF (e.g., wind speed) can
be appropriately fitted using well-known distribution functions (e.g.,
Weibull, Rayleigh, Normal, etc.). Nevertheless, since there are several
uncertainty sources with multimodal PDFs in the planning and op-
eration of stand-alone RES-based microgrid, fitting the PDF of these
uncertainty sources with well-known unimodal PDFs cannot represent
the stochastic behavior of uncertainty sources accurately. Moreover,
since the accuracy and convergence of (𝑀𝐶)3 strongly depend on fitted
PDFs (prior distribution), particular emphasis should be laid on using
a proper curve-fitting method within the (𝑀𝐶)3 model.

This section proposes a new curve-fitting method to determine
the representative PDF of each time-slice. The proposed curve-fitting
approach generates one combined PDF for each time-slice based on the
concept of conditional probability. Each function of combined PDFs
is selected out of Normal, Beta, and Uniform distribution. A Uniform
distribution function is used to assign a likelihood to each function
of combined PDFs. Hence, the likelihood of a Uniform distribution
function is divided into several sections with different lengths to assign
a likelihood to each selected function.

The fitted probability distribution function equals the union of
multiplying the selected PDFs by their likelihood. The ultimate fitted
PDF should have a maximum correlation with the histogram of the

main time-slice. Finally, the proposed model will end up with a multi-
combination PDF comprising Beta, Normal, and Uniform distributions.
This process forms an optimization problem, which is presented as
follows.

max 𝐶𝑇 = 𝑃𝐶𝐶
(

𝐻𝑖𝑠𝑡(𝑇𝑆), 𝐹𝑇 𝑃𝐷𝐹

)

(11)

Subject to

− 1 ≤ 𝐶𝑇 ≤ 1 (12)

𝐹𝑇 𝑃𝐷𝐹 =
𝑁𝐷𝑠
⋃

𝑖=1
𝑓𝑥𝑖𝜔𝑖 (13)

𝑓𝑥𝑖 ⊆ {𝑈 (𝑎, 𝑏), 𝑁(𝑚, 𝜎), 𝐵𝑒𝑡𝑎(𝛼, 𝛽)} ∀ 𝑖 ∈ 𝐷𝑠 (14)

𝜔𝑖 = 𝜆𝑖 − 𝜇𝑖 ∀ 𝑖 ∈ 𝐷𝑠 (15)

0 < 𝜔𝑖 ≤ 1 ∀ 𝑖 ∈ 𝐷𝑠 (16)

0 ≤ 𝜇𝑖 < 1 ∀ 𝑖 ∈ 𝐷𝑠 (17)

0 < 𝜆𝑖 ≤ 1 ∀ 𝑖 ∈ 𝐷𝑠 (18)

𝜇𝑖 = 𝜆𝑖−1 ∀ 𝑖 ∈ 𝐷𝑠 (19)

𝜆𝑖 = 𝜇𝑖+1 ∀ 𝑖 ∈ 𝐷𝑠 (20)

𝜆𝑁𝐷𝑠
− 𝜇1 = 1 (21)
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𝑁𝐷𝑠
∑

𝑖=1
𝜔𝑖 = 1 (22)

𝑈 (𝑎, 𝑏) = 𝑎 + (𝑏 − 𝑎)𝑟𝑛𝑑 (23)

𝑁(𝑚, 𝜎) = 1

𝜎
√

2𝜋
𝑒−(𝑥−𝑚)

2∕2𝜎2 (24)

𝐵𝑒𝑡𝑎(𝑥; 𝛼, 𝛽) = 𝑥𝑖𝑛 + (𝑥𝑒𝑛𝑑 − 𝑥𝑖𝑛)
𝛤 (𝛼 + 𝛽)
𝛤 (𝛼)𝛤 (𝛽)

𝑥𝛼−1(1 − 𝑥)𝛽−1 (25)

𝑁𝐷𝑠
∑

𝑖=1
∫

𝜆𝑖

𝜇𝑖
𝑓𝑥𝑖 (𝑥)𝜔𝑖𝑑𝑥 = 1 (26)

where 𝐶𝑇 is the Pearson correlation coefficient between the histogram
of a time-slice (𝐻𝑖𝑠𝑡(𝑇𝑆)) and the fitted combined PDF (𝐹𝑇 𝑃𝐷𝐹 ), 𝑓𝑥𝑖
is the selected PDF for each divided section (𝐷𝑠), 𝑁𝐷𝑠 is the total
number of divided sections, and 𝜔𝑖 is the assigned likelihood (weighted
value) to each divided section. The optimization process aims to max-
imize the correlation between the representative combined PDF and
the histogram of a determined time-slice. The upper and the lower
boundary of a divided section, 𝑖, for assigning a likelihood to a selected
PDF are presented by 𝜇𝑖 and 𝜆𝑖, respectively. Eq. (13) explains the
final result of the optimization problem for each time-slice, which is
the union of multiplying the selected PDFs by the assigned likelihood
in different sections. In accordance with Eq. (14), representative PDF
for each divided section should be selected out of Beta, Normal, and
Uniform distribution functions. Constraints (15)–(22) represent the
equality and inequality constraints of determining the upper and the
lower boundary of the divided sections. According to Eqs. (22), the
summation of assigned likelihoods (weighted values) should be equal
to one. Eqs. (23)–(25) depict the mathematical formulation of Uni-
form, Normal, and Beta distribution functions, respectively. According
to Eq. (26), the summation of the occurrence probability of selected
PDFs in each time-slice should be equal to one. The flowchart of the
implemented optimization procedure is shown in Fig. 3.

In the following, the process of generating samples using the com-
bined PDFs is presented. In each iteration of a stochastic prediction
methods (e.g., MCS and (𝑀𝐶)3), one uniformly distributed number is
generated. Then, the generated value is compared with the boundary of
different divided sections. A corresponding section with its associated
PDF will be selected. For instance, if the generated value is 0.376, a
section with a boundary of 0.355 and 0.431 will be selected. Then, one
number will be generated based on the properties of the selected PDF
(i.e., Normal, Beta, or Uniform distribution functions). After repeating
this process for a sufficiently large number of iterations, the histogram
of the generated numbers (i.e., the fitted representative PDF) will be
equal to the histogram of the selected time-slice.

2.3. Metropolis-Coupled Markov chain Monte Carlo simulation

Markov chain Monte Carlo simulation (MCMCS) combines the con-
cept of the Markov chain and MCS model, which is becoming more
prevalent [42]. This method is based on two functions comprising prior
distribution and likelihood functions. The prior distribution function is
the PDF of an uncertainty source, determined using curve-fitting of the
histogram of the available historical data. The likelihood function is
the likelihood of moving from a generated value to another, determined
based on the concept of the Markov chain model. The prior distribution
function and the likelihood function form the posterior distribution
function in the MCMCS model. If there is a multimodal PDF in the prior
distribution function and steep-sided ridges in the likelihood function,
the convergence of the MCMCS model will be time-consuming [43].
Consequently, the (𝑀𝐶)3 simulation model has been used to improve
the process of predicting the stochastic behavior of uncertainty sources.

The simple (𝑀𝐶)3 simulation is a modification of MCMCS, which
increases the number of chains to search for the whole landscape of
samples [44]. The simple (𝑀𝐶)3 simulation has an iterative process
which works as follows [44]:

Fig. 3. Flowchart of the proposed curve-fitting optimization method to assign one
combined PDF to each time-slice.

• Consider 𝜃𝑖 as a current state. For each possible chain (𝑖 ∈
{1,… , 𝑛}), a random value, �́�𝑖, is generated. In each iteration of
(𝑀𝐶)3 simulation, the posterior distribution function is raised to
the power of a fractional value of the number of chains (𝛽𝑖). Then,
the decision about the acceptance of �́�𝑖 is made by comparing
a randomly generated number (i.e., out of uniform distribution
function in the interval of zero to one) with the following formula:

𝑅𝑖 = 𝑚𝑖𝑛
{

1,

(

ℎ(𝑋|�́�𝑖)
ℎ(𝑋|𝜃𝑖)

×
𝑓 (�́�𝑖)
𝑓 (𝜃𝑖)

)𝛽𝑖

×
𝑔(𝜃𝑖)
𝑔(�́�𝑖)

}

(27)

𝛽𝑖 =
1

1 + 𝛥𝑇 (𝑖 − 1)
∀ 𝑖 ∈ 1,… , 𝑛 (28)

If 𝑅𝑖 is greater than the randomly generated number, �́�𝑖 will be
accepted.

• Two randomly selected chains (𝑘 and 𝑗) are chosen to exchange
states. Then, the decision about the swap acceptance is made
by comparing a new randomly generated number (i.e., out of
uniform distribution function in the interval of zero to one) with
the following formula:

𝑅 = 𝑚𝑖𝑛
{

1,
ℎ(𝜃𝑘|𝑋)𝛽𝑗ℎ(𝜃𝑗 |𝑋)𝛽𝑘

ℎ(𝜃𝑗 |𝑋)𝛽𝑗ℎ(𝜃𝑘|𝑋)𝛽𝑘

}

(29)

If 𝑅 is greater than the randomly generated number, the proposed
swap will be accepted.

where 𝜃𝑖 and �́�𝑖 have been considered as the current and proposed states
for chain 𝑖, functions ℎ and 𝑓 are the likelihood and prior distribution
functions, and 𝑔(�́�𝑖) is the probability of proposing the new state. The
temperature increment parameter has been shown by 𝛥𝑇 , which is
greater than one. This parameter is set so that the acceptance rate of



Applied Energy 290 (2021) 116719

7

H. Bakhtiari et al.

Fig. 4. The process of the modified (𝑀𝐶)3 simulation model for predicting the stochastic behavior of uncertainty sources in planning a stand-alone RES-based microgrid.

swapping is between 20% and 60% [44]. It thereby produces a suffi-
cient amount of mixing and justifies the use of the (𝑀𝐶)3 simulation
model. In other words, some of the chains are ‘heated’ by increasing the
posterior probability to the power of 𝛽𝑖. The acceptance probability of
new states is increased by heating a Markov chain. Consequently, if the
iterative process of the simple (𝑀𝐶)3 simulation model is repeated for
a sufficiently large number of iterations, the (𝑀𝐶)3 simulation model
will be able to go through all the possible states of the Markov chain
and generates samples that have even a very low probability.

However, since the stochastic behavior of each source of uncertainty
in planning a stand-alone renewable-based microgrid is modeled with
several time-slices, the simple (𝑀𝐶)3 model cannot predict represen-
tative time series of different uncertainty sources. In other words,
the simple (𝑀𝐶)3 model can predict the stochastic behavior of each
time-slice with a specific representative PDF accurately. Nevertheless,
when it comes to predicting the behavior of uncertainty sources with a
combination of several time-slices, the convergence rate of the simple
(𝑀𝐶)3 model is prolonged (or would be infeasible most of the time).
Consequently, a modified (𝑀𝐶)3 model is proposed in this paper to
predict a representative time series with 8760 samples that can model
the stochastic behavior of each source of uncertainty with several time-
slices (i.e., several combined PDFs). Fig. 4 explains the whole process
of predicting the stochastic behavior of uncertainty sources using the
proposed modified (𝑀𝐶)3 simulation model.

A prior distribution and a likelihood function are required to imple-
ment the modified (𝑀𝐶)3 simulation model for predicting the stochas-
tic behavior of different uncertainty sources. In the proposed modified
(𝑀𝐶)3 simulation model, the determined representative PDF in Sec-
tion 2.2 has been considered as the prior distribution function for
each time-slice. The likelihood function is calculated by multiplying
two functions. The first one is the likelihood function related to each
time-slice and the second one is the likelihood function related to
each source of uncertainty. These two functions are calculated based
on the stochastic transition probability matrix (STPM) in the Markov
chain model. A cluster of Markov chains and a discrete Markov pro-
cess, which have been mentioned in [46,47], are implemented in this
paper to calculate these two likelihood functions. Hence, two Markov
chain models have been considered in the modified (𝑀𝐶)3 simulation
model. One Markov chain model has been assigned to each source of
uncertainty and each time-slice. According to these models, the range
of the variation of samples is divided into equal sections to define
each Markov chain state. Twenty and ten states are considered for each
source of uncertainty and each time-slice, respectively. Therefore, one
Markov chain with ten states is assigned to each time-slice. Besides,
one Markov chain with 20 states is considered for each source of
uncertainty. Fig. 5 explains the first step of the proposed modified
(𝑀𝐶)3 simulation model, which is about calculating the likelihood
function based on two Markov chain models.

Fig. 5. The process of determining the likelihood function based on two Markov chain
models.

Matrices 𝑇𝑆 and �́�𝑆 illustrate the STPMs of historical data and the
generated posterior distribution for each time-slice, respectively.

𝑇𝑆 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑃𝑆𝑎𝑎 𝑃𝑆𝑎𝑏 ... 𝑃𝑆𝑎𝑗
𝑃𝑆𝑏𝑎 𝑃𝑆𝑏𝑏 ... 𝑃𝑆𝑏𝑗
... ... ... ...

𝑃𝑆𝑗𝑎 𝑃𝑆𝑗𝑏 ... 𝑃𝑆𝑗𝑗

⎤

⎥

⎥

⎥

⎥

⎦
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�́�𝑆 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑃𝑆𝑎𝑎 𝑃𝑆𝑎𝑏 ... 𝑃𝑆𝑎𝑗
𝑃𝑆𝑏𝑎 𝑃𝑆𝑏𝑏 ... 𝑃𝑆𝑏𝑗
... ... ... ...

𝑃𝑆𝑗𝑎 𝑃𝑆𝑗𝑏 ... 𝑃𝑆𝑗𝑗

⎤

⎥

⎥

⎥

⎥

⎦

Multiplying the STPM of each source of uncertainty repeatedly by itself
shows the steady-state probability of the uncertainty source (long-term
trend). In this paper, the steady-state values of STPM are considered
as an additional criterion to improve the process of predicting the
stochastic behavior of uncertainty sources. The long-term historical
data contain the behavior of uncertainty sources from several years ago
until now. Hence, in the modified (𝑀𝐶)3, samples should be generated
in such a way that the steady-state probability of the posterior distri-
bution and long-term historical data have a high Pearson correlation
coefficient.

(𝑇𝑇 )𝑛 ≃ (�́�𝑇 )𝑛 (30)

Matrices 𝑇𝑇 and �́�𝑇 show the STPMs of the long-term historical
data and the predicted representative time series (with 8760 samples),
respectively. Eq. (30) ensures the long-term trend in the predicted
representative time series. The histogram of the generated samples for
each time-slice should have high PCC with the prior distribution func-
tion (the determined PDF in Section 2.2). Moreover, the histogram of
the predicted representative time series (i.e., 8760 predicted samples)
should have high PCC with the histogram of the long-term historical
data for each source of uncertainty. Therefore, predicting the stochas-
tic behavior of uncertainty sources using the modified (𝑀𝐶)3 forms
an optimization problem. The algorithm for predicting the stochastic
behavior of uncertainty sources using the proposed modified (𝑀𝐶)3
model has been depicted in Fig. 6.

The iterative process of the proposed modified (𝑀𝐶)3 model works
as follows:

1. Take the results of the first step.
2. Set the optimization parameters.
3. First iteration (burn-in period), 𝑚 = 1.

(a) Generate a sample using the prior distribution function of
the first time-slice.

(b) Accept the generated sample.
(c) Generate a new sample.

(c1) Accept the generated sample.
(c2) Calculate the likelihood of moving from the state

of the previous sample to the state of the newly
generated sample.

𝑃 (𝑋|�́�𝑖) = 𝑞(𝑋|�́�𝑖) × ℎ(𝑋|�́�𝑖) (31)

(d) Generate a new sample.

(d1) Calculate step c2.
(d2) Decision about the acceptance of �́�𝑖 is made by

comparing a randomly generated number (i.e., out
of uniform distribution function in the interval of
zero to one) with the following formula:

𝑅𝑖 = 𝑚𝑖𝑛
{

1,

(

𝑞(𝑋|�́�𝑖)
𝑞(𝑋|𝜃𝑖)

×
ℎ(𝑋|�́�𝑖)
ℎ(𝑋|𝜃𝑖)

×
𝑓 (�́�𝑖)
𝑓 (𝜃𝑖)

)𝛽𝑖

×
𝑔(𝜃𝑖)
𝑔(�́�𝑖)

}

(32)

If 𝑅𝑖 is greater than the randomly generated num-
ber, �́�𝑖 will be accepted. Otherwise, reject the gen-
erated sample and stay at the current state.

(e) Repeat step (d) for a sufficiently large number of iter-
ations. Consider the sample at the last iteration as the
initial point of the proposed modified (𝑀𝐶)3 model. In
other words, take the accepted sample at the last iteration
of the burn-in period as the accepted initial sample at the
first step of the proposed (𝑀𝐶)3 model (𝑚 = 1).

4. Next iteration of the proposed modified (𝑀𝐶)3 model (𝑚 = 𝑚+1)

(a) Do the same calculation as section (d) in step 3.
(b) After repeating this step for sufficient number of iteration

(𝐾):

(b1) Randomly select two chains (𝑘, 𝑗) of Markov chain
model related to each time-slice. Besides, randomly
select two chains (𝑟, 𝑡) of Markov chain model re-
lated to each source of uncertainty. The swap of
states is accepted with the following probability

𝑅𝑗𝑘 = 𝑚𝑖𝑛
{

1,
ℎ(𝜃𝑘|𝑋)𝛽𝑗ℎ(𝜃𝑗 |𝑋)𝛽𝑘

ℎ(𝜃𝑗 |𝑋)𝛽𝑗ℎ(𝜃𝑘|𝑋)𝛽𝑘

}

(33)

𝑅𝑟𝑡 = 𝑚𝑖𝑛
{

1,
𝑞(𝜃𝑟|𝑋)𝛽𝑡𝑞(𝜃𝑡|𝑋)𝛽𝑟

𝑞(𝜃𝑡|𝑋)𝛽𝑡𝑞(𝜃𝑟|𝑋)𝛽𝑟

}

(34)

(b2) Generate a uniformly distributed random number
for each swap. If the random number is less than
the acceptance probability for each swap, then the
proposed swap of states is accepted.

5. Repeat step 4 until the number of iteration be equal to 8760
(𝑚 = 8760)

(a) Check all equality and inequality constraints of the opti-
mization problem.

(b) If all constraints have been satisfied, designate the 8760
generated samples as the predicted representative time
series for planning a stand-alone renewable energy-based
microgrid. Otherwise, adjust the optimization parameters
and go to step 3.

The results of the first step, including the likelihood functions and
prior distribution function, have been considered as the input data in
the proposed algorithm. Functions ℎ and 𝑞 represent the calculated
likelihood functions based on the considered Markov chain models
for each time-slice and each source of uncertainty, respectively. The
considered burn-in period aims to decrease the impact of the initial
point selection on the proposed model. In the proposed algorithm,
𝐾 is an optimization parameter for swapping the randomly selected
chains, which is set to ensure that all chains have advanced a given
number of iterations. The heated chains tend to accept more states
than cold chains, which allows a heated chain to cross valleys in the
landscape of trees of the Markov model more readily. It means that the
proposed model can predict the stochastic behavior of different uncer-
tainty sources with a multimodal distribution function. Furthermore,
the prediction process can move from one state to another (through
one heated chain) without crossing any other states and chains between
them. Therefore, the Markov chains with a low likelihood (between
different states) cannot restrict the prediction process to find the far
Markov states related to rare events. Hence, the proposed modified
model can predict scenarios with low probability and high impact
(e.g., scenarios related to stormy, rainy, windy, or snowy days) using
heated chains and swapping different chains based on their probability.

The optimization process aims to maximize the PCC between (𝑇𝑆 )𝑛

and (�́�𝑆 )𝑛 for each time-slice as well as all 8760 predicted samples.
As a result of this, the generated posterior distribution (i.e., 8760 pre-
dicted samples) can represent the long-term behavior of the uncertainty
sources properly. The optimization problem, to achieve this goal, is
presented as follows.

max 𝑀𝑇 = (
𝑁𝑇𝑆
∑

𝑖=1
𝛶𝑇𝑆 𝑖

) + 𝛶𝑇 (35)

Subject to

𝛶𝑇𝑆 𝑖
= 𝑃𝐶𝐶

(

(𝑇𝑆𝑖
)𝑛, (�́�𝑆𝑖

)𝑛
)

(36)
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Fig. 6. The algorithm of predicting the stochastic behavior of uncertainty sources using the modified (𝑀𝐶)3 simulation model.

𝛶𝑇 = 𝑃𝐶𝐶
(

(𝑇𝑇 )𝑛, (�́�𝑇 )𝑛
)

(37)

𝑃𝐶𝐶
(

𝐻𝑆𝑖
, �́�𝑆𝑖

)

≥ 𝛾 (38)

𝑃𝐶𝐶
(

𝐻𝑇 , �́�𝑇
)

≥ 𝜃 (39)

where 𝑀𝑇 is the summation of the total PCC between the steady-state
values of the generated samples and the long-term historical data (𝛶𝑇

for 8760 predicted samples and 𝛶𝑇𝑆𝑖
for each time-slice). Eqs. (38) and

(39) represent the minimum defined level of PCC between the predicted
samples and historical data in each time-slice and representative time
series, respectively. The histograms of historical data and the predicted
samples for each time-slice are represented by 𝐻𝑆𝑖

, �́�𝑆𝑖
, respectively.

The histograms of long-term historical data and the 8760 predicted
samples are shown by 𝐻𝑇 , �́�𝑇 , respectively.
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3. Case study, results, and discussions

3.1. Case study

The historical data of a city, in the northern part of Sweden, have
been used as the input data to test the modified (𝑀𝐶)3. The daytime
length varies from 3 h (in Winter) to 22 hours (in Summer). The
hottest and coldest temperatures ever recorded in the city are 34 ◦C
and −36 ◦C, respectively. The uncertainty sources in planning a RES-
based microgrid include wind speed, solar radiation, water flow, load
consumption, and electricity price. In this paper, all simulations are
carried using over 15 years of historical data. The calculated standard
settlement price by the Swedish power grid based on the spot price
of the Nord Pool electricity market (i.e., the electricity prices of intra-
day Nordic regulation market) is considered as electricity price [48].
Electricity price is shown based on the currency of Sweden, which
is the Swedish Krona (𝑆𝐸𝐾). Hence, the electricity price is shown
by 𝑆𝐸𝐾∕𝑀𝑊ℎ. Historical data for all uncertainty sources have been
recorded on an hourly basis. Consequently, in this study, the sampling
frequency of the proposed model (the temporal resolution) has been
considered hourly. Moreover, the modified (𝑀𝐶)3 simulation model
has been benchmarked against retrospective, simple MCS, and modified
MCS models.

3.2. Results and discussions

The historical data have been classified in different time-slices using
the concept of adjacent and periodic sampling areas in the proposed
data classification method (i.e., short-term trend and seasonality). Since
weather data have a time-dependent continuous behavior, taking into
account a method that classifies data based on time dependency and
continuity of samples is necessary. In contrast with other data classi-
fication methods (i.e., K-means clustering, mean-shift clustering, and
density-based spatial clustering of applications with noise), the pro-
posed classification method is based on calculating the short-term trend
and seasonality. Therefore, the time dependency, continuous behavior,
and the connection between different uncertainty sources (long-term
trend) have been considered in the proposed method. Moreover, the
proposed method decreases the number of time-slices and consequently
increases the accuracy of determining the Markov chain states in the
proposed (𝑀𝐶)3 model.

The results have been presented in Table 3. The number of time-
slices depends on the variation of uncertainty sources and is determined
using the optimization process. Regarding the considered historical
data, the minimum acceptable PCC between samples (constraints (8)
and (9)) has been determined in such a way that there be at least 900
samples in each time-slice.

Due to the high monthly, weekly, and hourly variations in solar
radiation in the northern part of Sweden, large numbers of time-
slice have been determined to model the stochastic behavior of solar
radiation. There are 49 time-slices for modeling solar radiation. Some
of the determined time-slices for solar radiation are related to a short
duration of time. The shortest time-slice represents two hours of the day
in one month, which includes 900 samples. These samples are sufficient
for calculating the representative PDF and determining different states
in the Markov chain model. The biggest time-slice of solar radiation

represents 18 h of the day in two months, including 16,740 samples.
The accuracy of calculating the representative PDF and determining
different states of the Markov chain model is too high with this number
of samples.

The daily and monthly variations in electricity prices and load con-
sumption are not too high. Nevertheless, due to high hourly variation,
51 and 26 time-slices have been considered for modeling the electricity
price and load consumption, respectively. It shows that samples have
been classified based on the short-term trends of uncertainty sources.
On the contrary, since the weekly, daily, and hourly variations of
wind speed and water flow are low, a small number of time-slices
have been considered for these uncertainty sources. In other words,
one time-slice has been determined for each month, which means that
samples have been classified based on periodic behavior of uncertainty
source (seasonality). Consequently, the results in Table 3 confirm that
the proposed data classification method can classify samples based on
short-term trends and seasonality.

Afterward, a prior distribution function (i.e., a fitted representative
multimodal PDF) has been determined for each time-slice using the
proposed curve-fitting method. For instance, the curve-fitting results
for a time-slice of electricity price in Summer have been illustrated in
Fig. 7 and Table 4.

The determined representative PDF works based on the concept
of conditional probability. The likelihood of a Uniform distribution
function has been divided into eight sections with different lengths
to assign a likelihood to each selected distribution function. In each
iteration of MCS and modified (𝑀𝐶)3, to generate random values
using results in Table 4, a uniformly distributed random number is
generated. According to the magnitude of the randomly generated
number (compare to the first two columns), one row’s information
in Table 4 is selected. Afterward, one number, based on the selected
distribution function, is generated. The prior distribution function will
be formed by continuing this process for a large number of iterations.
The red dash line shows the generated result of the proposed curve-
fitting method. As shown in Fig. 7, there is a high correlation between
the histogram of historical data and the fitted multimodal PDF in the
selected time-slices. Therefore, the proposed curve-fitting method im-
proves the accuracy of determining the representative multimodal PDFs
in planning a RES-based microgrid, modeling the long-term behavior of
uncertainty sources, and simulating different states in the Markov chain
model.

For each source of uncertainty and time-slice, the range of variations
is divided into 20 and 10 equal sections, respectively, for defining the
states of the cluster of Markov chains. Each section represents one
state of the assigned Markov chain model. For instance, every 1 𝑚∕𝑠
of the wind speed of a time-slice with a variation from 0 to 10 𝑚∕𝑠 has
been considered one state. These defined states are used to determine
the likelihood function in the modified (𝑀𝐶)3. The likelihood function
has been determined based on the variation of a source of uncertainty
between different states of the Markov chain model. In other words, the
likelihood function is determined based on the frequency of movement
between different states. For instance, in the historical data of wind
speed, 44,640 samples are located in state number four (i.e., the wind
speed between 3 m∕s and 4 m∕s). The frequency of moving to state
number seven (i.e., the wind speed between 6 m∕s and 7 m∕s) is equal

Table 3
The results of the proposed data classification method for the uncertainty sources.

Source of
Uncertainty

The number of
time-slices

The range of
adjacent samples

The range of
periodic samples

Solar radiation 49 2 h–18 h 2 weeks–2 months
Wind speed 12 24 h Monthly
Water flow 12 24 h Monthly
Load consumption 26 2 h–8 h Quarterly
Electricity price 51 2 h–12 h One–three months
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Fig. 7. The result of the proposed curve-fitting method for the electricity price of a time-slice in summer (08:00∼16:00).

Table 4
The result of the proposed curve-fitting method for the electricity price of a time-slice in summer (08:00∼16:00).

Uniform
distribution

Selected
distribution function

Coefficient A
(Shape)

Coefficient B
(Scale)

Electricity price
(SEK/MWh)

Min Max Min Max

0 0.033 Beta 2.97 0.8 0 55
0.033 0.117 Beta 23.2 23.4 15 135
0.117 0.183 Beta 1.98 0.95 40 130
0.183 0.283 Beta 2.01 0.96 120 205
0.283 0.467 Normal N∼(225,15) – – –
0.467 0.783 Normal N∼(275,25) – – –
0.783 0.817 Uniform – – 320 380
0.817 1 Normal N∼(480,70) – – –

to 2976. It means that the likelihood of moving from state four to state
seven equals 0.0667 (2976 divided by 44,640).

After determining the likelihood and prior distribution functions,
the modified (𝑀𝐶)3 simulation has been used to predict the stochastic
behavior of uncertainty sources. Therefore, 8760 samples have been
generated with the proposed modified (𝑀𝐶)3 model to determine the
representative time series for each source of uncertainty. This paper
aims to benchmark the proposed modified (𝑀𝐶)3 model against the
retrospective model, the long-term historical data, and the simple MCS
model results to evaluate the predicted representative time series from
different aspects, including PDF representation, short-term and long-
term trends, and the continuity of samples. The generated results of the
proposed data classification method (i.e., the determined time-slices)
have also been considered to generate samples in the MCS model.

At the first step, the histogram of the predicted representative
time series with the proposed modified (𝑀𝐶)3 model is benchmarked
against the histograms of the generated samples with the MCS model,
the samples of the retrospective model, and the long-term historical
data. This step aims to evaluate the proposed modified model from
a PDF representation viewpoint. Accordingly, the long-term historical
data and the predicted values of the electrical load consumption with
the modified (𝑀𝐶)3 and the MCS models have been considered to
achieve this goal. Nine years of historical data have also been selected
as nine retrospective models (nine worst-case scenarios). Subsequently,
the PCC matrix has been calculated for evaluating the correlation
between the histograms of each year’s load consumption, long-term
historical data, the MCS results, and modified (𝑀𝐶)3 results. Fig. 8
shows the calculated PCC matrix.

As can be seen, the histograms of the 8760 predicted values with the
modified (𝑀𝐶)3 and MCS have a high correlation with the histograms
of each selected year (each retrospective model) and the long-term
historical data. The histogram of the predicted values with the modified

(𝑀𝐶)3 simulation has the highest correlation. It confirms that only
from the probability of occurrence viewpoint (regardless of the time
dependency, the short-term and long-term trends, and the continuity
of samples) the predicted representative time series with the proposed
model can properly represent the PDF of uncertainty sources. In most
cases, there are low PCC correlations between the histograms of the
selected years (each retrospective model) and the long-term historical
data. For instance, if the samples of 2016 are considered in the planning
process, due to the low correlation between the histograms of the
samples of 2016, 2018, and 2010, the designed microgrid may not
be able to cope with the occurrence of probable samples similar to
the occurred samples in 2018 and 2010. Therefore, using just one
year out of long-term historical data as a worst-case scenario does not
correctly represent the stochastic behavior of uncertainty sources. The
same thing also happens to the forecast methods (e.g., ARMA, ARIMA,
and SARIMA). Since the long-term planning of an energy system is a
time-consuming process from the computational viewpoint, forecasting
methods consider only a limited number of scenarios (with a low
temporal resolution for a more extended time duration). Consequently,
it cannot represent the PDF of uncertainty sources with high accuracy.

On the other side, using a simple MCS model also has some prob-
lems. Since the long-term behavior of uncertainty sources,
time-dependency, and continuity of values have not been considered, a
simple MCS model cannot appropriately describe the stochastic behav-
ior of uncertainty sources. In this paper, the steady-state probability
has been considered an index for evaluating the long-term behavior
of uncertainty sources (long-term trend). Hence, three Markov chain
models with twenty states have been considered for the long-term
historical data, the predicted time series with the proposed model,
and the generated samples with the MCS model. Then, the steady-
state probability has been calculated based on the determined STPMs
to evaluate the long-term trends of the proposed model and the MCS
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Fig. 8. Pearson correlation coefficient between the histograms of nine retrospective models (2010–2018), long-term historical data (LTHD), and MCS and (𝑀𝐶)3 results for load
consumption.

model. Since the long-term historical data contain the long-term behav-
ior of uncertainty sources, it has been considered the reference case. In
other words, this step evaluates the proposed model from the ability to
represent the long-term trends of uncertainty sources.

In Fig. 9, the steady-state probabilities of the predicted load con-
sumption with the modified (𝑀𝐶)3 simulation have been benchmarked
against the steady-state probabilities of long-term historical data and
MCS results. As can be seen, the steady-state probabilities of 8760
predicted samples of the modified (𝑀𝐶)3 simulation and long-term
historical data have the highest correlation. It means that the predicted
representative time series with the modified (𝑀𝐶)3 can model the
long-term stochastic behavior (long-term trend) of uncertainty sources
properly. Moreover, It shows that the predicted samples with the
proposed modified model move between different Markov model states
in the same manner as the long-term historical data. The steady-state
probability associated with the far state of the predicted samples with
the proposed model is too close to the steady-state probability related
to the far states of the long-term historical data. It shows that the
proposed modified model can appropriately predict scenarios related to
rare events (i.e., far state of the Markov model). Hence, the proposed
model can predict all scenarios from probability and impact viewpoints
(e.g., windy, rainy, stormy, snowy days).

Table 5 shows the correlation between the steady-state probabilities
of long-term historical data and the predicted values with the modified
(𝑀𝐶)3 and MCS for all uncertainty sources in the planning of a RES-
based microgrid. The correlation between steady-state probabilities of
the long-term historical data and the predicted values with modified
(𝑀𝐶)3 simulation are 0.9823, 0.9807, 0.9877, 0.9912, and 0.9731
for solar radiation, wind speed, water flow, load consumption, and
electricity price, respectively. As can be seen, the modified (𝑀𝐶)3

model has the highest correlation with the long-term historical data,
and it can appropriately model the steady-state probabilities (long-
term trends) of different uncertainty sources. Therefore, the proposed

Fig. 9. The determined steady-state probability of load consumption (i.e., long-term
trends) for the long-term historical data, the generated samples with MCS method, and
the predicted representative time series with (𝑀𝐶)3 model.

model can predict the stochastic behavior of uncertainty sources in the
long-term planning of a RES-based microgrid.

The 8760 predicted values with the modified (𝑀𝐶)3 and modified
MCS models, for each source of uncertainty in planning a stand-alone
RES-based microgrid, are shown in Figs. 10 and 11. The proposed data
classification method has been considered in both models. As can be
seen, for all uncertainty sources, the association between generated
samples and the time and date of the day has been simulated in both
models. In other words, it confirms that the time-dependency has been
simulated in the predicted samples of both models using the proposed
data classification method. Moreover, the generated results in both

Table 5
The PCC correlation between the steady-state probabilities of the long-term historical data (LTHD) and the predicted values with the modified
(𝑀𝐶)3 and MCS models.

Source of
uncertainty

Load
consumption

Wind
speed

Solar
radiation

Water
flow

Electricity
price

PCC ((𝑀𝐶)3,LTHD) 0.9912 0.9807 0.9823 0.9877 0.9731
PCC (MCS,LTHD) 0.89167 0.8813 0.9277 0.9232 0.8631
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Fig. 10. The 8760 predicted values with MCS and modified(𝑀𝐶)3 simulation for load consumption and water flow.

Fig. 11. The 8760 predicted values with MCS and modified(𝑀𝐶)3 simulation for solar radiation and wind speed.
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cases show that the proposed data classification method has modeled
the connection between different uncertainty sources. For instance,
in the northern part of Sweden, the solar radiation is close to zero
for about one month in Winter. Therefore, due to street lights and
heating systems, load consumption is too high. As shown in Figs. 10
and 11, this connection between solar radiation and load consumption
has been modeled using the proposed data classification method (see
the iterations below 2000).

Finally, the predicted representative time series (8760 values) with
the modified (𝑀𝐶)3 model is benchmarked against the results of the
MCS model from the continuity of values viewpoint. Firstly, since
weather data and load consumption have continuous time-dependent
behavior, the predicted values should not change too much from hour
to hour. It ensures that the predicted samples can represent the short-
term trends of the different uncertainty sources. As shown in Figs. 10
and 11, contrary to the MCS model, there is a continuous variation
between adjacent samples of the predicted time series with the pro-
posed model. It confirms that the proposed model can represent the
short-term trend of uncertainty sources properly. For instance, when
wind speed is too high, it would stay high at least for a couple of
hours due to a windy or stormy day. Moreover, the results show that
the proposed model can also generate scenarios with low probability
and high impact from a short-term trend viewpoint (e.g., windy, rainy,
stormy, and snowy days).

Secondly, there should be a continuous variation in the border of
different time-slices. In other words, the generated samples should
change continuously from one time-slice to the adjacent time-slice. As
shown in Figs. 10 and 11, contrary to the MCS model results, there is
a smooth connection between the last samples of one time-slice and
the first samples of the next time-slice in the predicted representative
time series with the proposed model. Consequently, the results confirm
that the proposed modified (𝑀𝐶)3 model can properly represent the
continuous behavior of uncertainty sources.

Although the length of the predicted samples has been decreased
to 8760 samples using the proposed model, the results show that all
critical characteristics of the stochastic behavior of uncertainty sources
have been appropriately modeled. It means that the proposed model
mitigates the problems associated with considering the short length of
input data. Besides, it is worth mentioning that the proposed model is a
time-consuming process, and the computational cost has been increased
from the prediction process viewpoint. Nonetheless, compared to meth-
ods with the short length of samples, since the microgrid planning
optimization process is solved for a limited number of samples using
the proposed model, the computation cost is not increased from the
viewpoint of microgrid planning.

Since the predicted time series is going to be used in the long-term
planning of a microgrid, particular emphasis has been placed on the
occurrence of critical scenarios, and their specific time of occurrence
in the future is not important in the proposed model. Therefore, the
number of iterations is enough as long as the proposed model be
able to simulate the critical characteristics of the stochastic behavior
of uncertainty sources within 8760 samples. Nevertheless, there is a
potential obstacle associated with the number of iterations, especially
if there are too many time-slices in the proposed model. In such a case,
the number of samples (iterations) should be increased to 17 520 or
26 280.

The electricity prices have been predicted for feasibility analysis on
the upstream network connection in the long-term planning stage of
a RES-based microgrid. Therefore, it is worth mentioning that further
attention is required to select the electricity price index when it comes
to predicting the hourly time series of electricity prices in the inter-
day electricity market. Moreover, in predicting the far-future events of
some uncertainty sources using the proposed model, there is a potential
limitation associated with the non-stationarity in mean and variance

values, which is needed to be considered in the future development of
the model.

4. Conclusions

In this paper, a representative time series with 8760 samples is
predicted using a modified Metropolis-couples Markov chain Monte
Carlo simulation to model the stochastic behavior of each source of
uncertainty in the planning of a stand-alone renewable energy-based
microgrid. A novel data classification method is proposed to classify
the historical data based on the short-term trends and the seasonality
of uncertainty sources. A novel curve-fitting method based on condi-
tional probability is also introduced to determine the representative
multimodal distribution functions. In this paper, the proposed modified
model is applied to wind speed, solar radiation, water flow, load
consumption, and electricity price. The results of the proposed modified
model, which include the predicted time series for each source of
uncertainty, are benchmarked against the results of a simple Monte
Carlo simulation, the retrospective model, and the long-term historical
data. The results show that the proposed method can model the time
dependency, the connection between different uncertainty sources, the
continuous behavior of the predicted samples, the multimodal distri-
bution functions of uncertainty sources, the short-term trends, and the
seasonality of uncertainty sources. The predicted time series with the
proposed modified model represents all scenarios with high probability.
Moreover, it predicts the scenarios with low probability but high impact
on the planning and operation of a stand-alone renewable energy-based
microgrid.
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A B S T R A C T

The accuracy of models to capture the uncertainty of renewables significantly affects the planning and
operation of renewable energy-based stand-alone (REB-SA) microgrids. This paper aims to first study different
stochastic and deterministic models for renewables, then evaluate the performance of an REB-SA microgrid
planning problem and provide qualitative and quantitative comparisons. A modified Metropolis-coupled
Markov chain Monte Carlo simulation is considered for the first time in the planning of an REB-SA microgrid to
predict the behavior of renewables with minimum iterations. The modified model is benchmarked against two
prevalent models including the retrospective model with worst-case scenarios and the Monte Carlo simulation.
The operations of three designed microgrids (by these three methods) are evaluated using the last three-year
historical data of a city in northern Sweden including solar radiation, wind speed, the water flow of a river,
and load consumption. The impacts of the considered methods on using PV panels and hydrogen systems are
investigated. The results verify that the modified model decreases the risk of planning and operation of an
REB-SA microgrid from the energy and power shortage viewpoints. Moreover, the designed microgrid with the
modified model can cope with all possible scenarios from economic, technical, and environmental viewpoints.

1. Introduction

1.1. Motivation and incitement

Nowadays, renewable energy sources (RESs) are being used widely
to supply electricity demand. These are major energy resources of
microgrids, especially in remote areas. Nevertheless, the uncertainty
of RESs is a challenge not only in designing a stand-alone RES-based
microgrid but also in its operation [1–4]. Load consumption is another
critical source of uncertainty. The adequacy of reserves maintains the
energy and power balance in the long-term planning and the reliable
real-time operation of microgrids. Additionally, the capital and op-
eration costs are essential issues in microgrids planning [4–6]. The
operator of a microgrid uses smart grid technologies, such as energy
storage, demand-side management, vehicle-to-grid, etc. to deal with
uncertainties. Since the flexibility alternatives in the operation stage
can be limited, carefully considering these sources of uncertainty at
the planning level will further help the system operator to maintain the
power balance in the real-time operation of microgrids at the minimum
cost.

In this paper, we investigate the impacts of different stochastic
and deterministic uncertainty modeling techniques on the planning

∗ Corresponding author.
E-mail addresses: hamed.bakhtiari@ltu.se (H. Bakhtiari), jzhong@eee.hku.hk (J. Zhong), manuel.alvarez@ltu.se (M. Alvarez).

and operation of the REB-SA microgrids and provide qualitative and
quantitative comparisons.

1.2. Literature review

Various deterministic and stochastic processes have been used for
modeling different uncertainty sources in the planning of stand-alone
RES-based microgrid. A MILP-based planning model for the REB-SA mi-
crogrid has been proposed in [7] which considers a deterministic model
of uncertainty sources. A deterministic method based on a retrospective
model has been considered in the planning stage of REB-SA microgrids
in [8]. Authors in [9] used a scenario-based method to model the
behavior of the uncertainty sources in a multi-objective expansion
planning of an REB-SA microgrid in a stochastic way. A distributionally
robust optimization, which is a stochastic method, has been considered
in [10] to size the renewable energy sources and energy storage systems
in an REB-SA microgrid. A stochastic programming problem using
Monte Carlo simulation has been considered in [11] to plan an REB-SA
microgrid.
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Nomenclature

Indices

𝑡 Index for time (hour).
𝑗 Index for microgrid components.
𝑟 Index for the periodic duration.
𝑚 Index for the time slices.

Sets

𝑁𝑐 Set of microgrid components.
𝑁𝑇𝑆𝑟

Set for the number of time slices.
𝑛𝑑 Set for the number of periodic duration.

Parameters and variables

𝑎𝑊 𝑇 , 𝑏𝑊 𝑇 Coefficients for modeling wind turbine
generation.

𝑣 Wind speed (m/s).
𝑃𝑊 𝑇
𝑟 The rated power of wind turbine.

𝜂𝑃𝑉 Efficiency of the whole PV system.
𝛽𝑃𝑉 Solar radiation (W/m2).
𝐴𝑃𝑉 Total area of the PV module (m2).
𝜂ℎ𝑦𝑑𝑟𝑜 Efficiency of the hydro turbine.
𝐻 Head of water (m).
𝜌 Density of water (1000 Kg/m3).
𝑔 Gravitational constant (9.8 m/s2).
𝑄 Volume of water flowing per second

(m3/s).
𝐸𝐶𝑒𝑙𝑙 DC voltage of a fuel cell.
𝑇 Temperature.
𝜏𝑒 Time delay of hydrogen and oxygen flow.
𝑃H2

∕𝑃O2
Pressure of hydrogen/oxygen.

𝐼𝐹𝐶 Fuel cell current.
𝑁𝐶𝑒𝑙𝑙 Number of cells.
𝜂𝐹𝐶 Efficiency of the fuel cell.
𝑚𝐹𝐶
𝑡 Rate of hydrogen consumption.

𝛷H2
Hydrogen higher heating value (120–140
MJ/kg).

𝜂𝑒𝑙𝑒 Efficiency of the electrolyzer
𝑚𝑒𝑙𝑒
𝑡 Rate of generated hydrogen by electrolyzer.

𝐽𝑒𝑙𝑒 Current density of the electrolyzer.
𝑉 Voltage.
𝑉 𝑒𝑙𝑒
𝐼𝑁 The applied input voltage to the elec-

trolyzer.
𝑅 Gas constant.
𝐹 Faraday’s constant.
𝛼 Charge transfer coefficient for describing

the kinetics of electrochemical reactions.
𝐼𝑒𝑙𝑒 Electrolyzer current.
𝛽∕𝐼𝑙𝑖𝑚 Constant coefficient/Current limitation in

the maximum gas propagation.
𝑙𝑒𝑙𝑒𝑚 Membrane thickness(cm).
𝐴𝑒𝑙𝑒
𝑚 The membrane section area (cm2).

𝜆𝑒𝑙𝑒𝑚 The hydration ratio.

In the aforementioned articles [7–11], different uncertainty model-
ing methods have been considered. However, evaluation of the impacts
of different uncertainty modeling techniques on the planning and oper-
ation of REB-SA microgrids has received less attention. In the following,

𝜃ℎ𝑡 The amount of stored hydrogen in the
hydrogen tank.

𝑉 𝐿ℎ𝑡 The volume of hydrogen tank.
𝜃ℎ𝑡 Hydrogen flow.
𝑃ℎ𝑡 The pressure of hydrogen tank.
𝛼𝑏𝑎𝑡 Battery duration.
𝐸𝐶𝑏𝑎𝑡 Energy capacity of battery.
𝑃𝐶𝑏𝑎𝑡 Power capacity of battery.
𝜎 Battery self-discharge rate.
𝑖 Interest rate.
𝐶𝑎𝑛𝑛 Total annualized cost.
𝜆𝑇 project lifetime.
𝑇𝐶 Total cost.
𝐶𝑐𝑎𝑝 Total capital cost.
𝐶𝑂&𝑀 Operation and maintenance cost.
𝐶𝑟𝑒𝑝 Replacement cost of system components .
𝐶𝑠𝑎𝑙𝑣 Present worth of the salvage value of

system components.
𝑇𝑅 lifetime of system component.
𝐸𝑔 Total generation of renewable energies.
𝐸𝐿 Total energy demand.
𝜂𝑐ℎ∕𝜂𝑑𝑖𝑠 The charging/discharging efficiency of bat-

tery.
𝐸𝑐ℎ∕𝐸𝑑𝑖𝑠 The amount of charged/discharged energy

of battery.
𝐶𝑃𝑊 𝑇 The rated capacity of the wind turbine.
𝐶𝑃 𝑃𝑉 The rated capacity of the PV system.
𝐶𝑃𝐻𝑌 𝑇 The rated capacity of the hydro turbine.
𝐶𝑃 𝐹𝐶 The rated capacity of the fuel cell.
𝐶𝑃 𝑒𝑙𝑒 The rated capacity of the electrolyzer.
𝐶𝑃𝐻𝑇 The rated capacity of the hydrogen tank.
𝑆𝑇𝑆𝑟𝑚

Samples in each time-slice.
𝑍 The total number of time-slices.
𝑇𝑆 Time slice.
𝑃𝑊 𝑇 The output power of the wind turbine.
𝑃 𝑃𝑉 The output power of the PV panels.
𝑃 ℎ𝑦𝑑𝑟𝑜 The output power of the hydro turbine.
𝑃 𝐹𝐶
𝑡 The output power of the fuel cell.

𝑃 𝑒𝑙𝑒 Power consumption of the electrolyzer.

Abbreviations

REB-SA Renewable energy-based stand-alone.
RESs Renewable energy sources.
PDF Probability distribution function.
MCS Monte Carlo simulation.
MCMCS Markov chain Monte Carlo simulation.
PV Photovoltaic.
LPSP Loss of power supply probability.
TEL Total energy loss.
NPC Net present cost.
SOC State of charge.
PCC Pearson correlation coefficient
PEM Proton exchange membrane.
CRF Capital recovery factor.
WACC Weighted average cost of capital.

we scrutinize different uncertainty modeling methods used in literature

to design REB-SA microgrids.
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1.2.1. Retrospective model
Considering one year out of long-term historical data as a worst-case

scenario is one of the prevalent methods which is called the retro-
spective model [12–17]. It is a deterministic method representing the
behavior of uncertainty sources including time-dependency, continuity
of values, and cross-dependency among different uncertainty sources.
However, since uncertainty sources do not behave entirely periodically,
it is improbable to find a year out of long-term historical data in which
all possible behavior of uncertainty sources with high probabilities
and impacts be included. Therefore, some papers have considered the
historical data of a year with the highest load consumption as the worst-
case scenario for all uncertainty sources to design a microgrid [15,17].
For instance, if the maximum load consumption was recorded in 2015,
the historical data of 2015 is considered for all uncertainty sources as
well.

Since the uncertainty of wind speed, solar radiation, water flow,
etc., also has a significant impact on the planning and the operation
of a stand-alone RES-based microgrid, considering a year based solely
on the highest load consumption does not necessarily mean that the
worst scenarios have been included [18]. Alternatively, for each source
of uncertainty, a year with the worst values has been used in [14,16].
Three problems associated with considering the worst values for all
uncertainty sources can be identified: the occurrence probability of the
values in selected years is too low, cross-dependency between different
uncertainty sources is lost, and the optimization process leads to an
oversized microgrid. Consequently, several studies have reached the
conclusion that the planning of a stand-alone microgrid should be
carried out with stochastic based methods [9,11,19,20].

1.2.2. Temporal resolution
The process of scenario generation for different uncertainty sources

has a significant impact on microgrid planning. Depending on the vari-
ation rate and behavior of different sources of uncertainty, determining
the proper number and temporal resolution of generated scenarios are
crucial [20–24]. In the planning process of large energy systems, a
few scenarios with a low temporal resolution are considered [23–25].
The computational complexity, difficulty in gathering input data, and
an extensive range of available flexibility sources are the main reasons
for such a decision. For instance, one scenario has been considered for
each month and the variation of uncertainty sources within a month is
not considered. However, in the planning of a stand-alone RES-based
microgrid, the low temporal resolution does not accurately simulate
the stochastic behavior of uncertainty sources due to the high effect
of uncertainties [26,27]. On the other side, generating scenarios with a
high temporal resolution does not necessarily assure the best prediction
of uncertainty sources [23]. Consequently, it is essential to apply an
appropriate scenario generation method.

Several stochastic methods have been introduced for modeling un-
certainties [28]. An equivalent number of scenarios that cluster long-
term historical data can predict the behavior of uncertainty sources.
Recent literature shows that stochastic sampling methods with 8760
scenarios, which represent a high temporal resolution of uncertainty
sources, have become more common in the planning process of a
stand-alone RES-based microgrid [11–13,29]. Accordingly, determin-
ing representative stochastic samples in which all the high probability
and impact scenarios be considered is challenging.

1.2.3. Monte Carlo simulation
Monte Carlo simulation (MCS) has been applied for generating

representative stochastic samples [19,20,27,30]. Stochastic values are
generated based on the probability distribution function (PDF) of uncer-
tainty sources. Scenario-based approach can reduce the computational
complexity of MCS [9,30]. With the Monte Carlo simulation, the prob-
ability distribution of uncertainty sources can be simulated accurately,
so there is a high correlation between the PDFs of long-term historical
data and generated values. However, the results obtained by Monte

Carlo lack certain information: time-dependency, continuity between
generated values, the cross-dependency among different uncertainty
resources, and long-term behavior of uncertainty sources. That means,
Monte Carlo can generate discrete time-independent scenarios accu-
rately, but not continuous time-dependent values. Using Monte Carlo
simulation may not be accurate enough for continuous time-dependent
variables; the MCS confines the use of renewable energy in the planning
of stand-alone RES-based microgrids [11,27,30,31].

Additionally, considering one PDF to generate stochastic values in
MCS has been used in [30,32,33]. The generated samples with one
PDF have two significant problems: there is no time-dependency in
generated values (i.e., the relationship between generated values and
the day’s date and time); and there is no cross-dependency between
different uncertainty sources. For instance, the MCS model with one
PDF may generate maximum solar radiation for a time at night in the
winter; Or temperature and load consumption are inversely related to
each other. When temperature values are low, the load consumption
should be high, but using one PDF cannot generate such values. Con-
sequently, classifying the long-term historical data depending on the
day’s date and time is necessary to generate stochastic values with time-
dependency. It is also needed to model the possible cross-dependency
among different uncertainty sources.

1.2.4. Metropolis-couples Markov chain Monte Carlo
The combination of Markov chain and Monte Carlo simulations,

called Markov chain Monte Carlo simulation (MCMCS), has been pro-
posed in [34] to predict the stochastic behavior of uncertainty sources
considering the continuity of generated values, and the PDF and long-
term behavior of uncertainty sources. It is a sampling method that can
be used for determining the representative stochastic samples. Nonethe-
less, due to the multimodal PDFs’ existence in the planning of stand-
alone RES-based microgrids, the convergence of the MCMC model is
time-consuming [35]. Therefore, Metropolis-coupled MCMCS has been
introduced in [36] to model the stochastic behavior of uncertainty
sources with multimodal PDFs.

The modified Metropolis-couples MCMCS model is not a new
method and it has been verified that the Metropolis-couples MCMCS
is better than MCMCS, MCS, and retrospective models [37], but there
are some obstacles regarding the utilization of Metropolis-couples
MCMCS in the planning process of stand-alone renewable energy-
based microgrids. The first is related to modeling cross-dependency
among different uncertainty sources. The second is about predicting all
essential characteristics of uncertainty sources with within a limited
number of samples. Therefore, a modified Metropolis-coupled MCMCS
has recently been proposed in [37] which addresses these obstacles
and generates stochastic values in such a way that all continuous time-
dependent scenarios with high probabilities and impacts be modeled
within 8760 samples. The Metropolis-couples MCMCS model has been
used in [38] to model the stochastic behavior of electric vehicle
consumption in the real-time operation of the power system. Nonethe-
less, there is a lack of knowledge regarding the use of the modified
Metropolis-coupled MCMCS in the planning process of stand-alone
RES-based microgrids.

1.3. Contributions and paper organization

According to the explained research gap in the literature review
section, the major contributions of this paper are as follows:

• Applying the modified Metropolis-coupled Markov-chain Monte
Carlo simulation model for the first time to the risk-averse optimal
planning of a stand-alone renewable energy-based microgrid in
Northern Sweden.
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Fig. 1. Components and energy flow in a stand-alone RES-based microgrid.

• Benchmarking and analyzing the designed microgrid by the mod-
ified Metropolis-coupled Markov-chain Monte Carlo simulation
model against the designed microgrids by the retrospective model
and the MCS model to show the impacts of different uncertainty
modeling methods on the performance of the microgrid planning
problem and providing qualitative and quantitative comparisons.

• Evaluating the impact of different stochastic and deterministic
simulation methods on the penetration level of PV panels, wind
turbines, and energy storage systems in a microgrid planning
problem.

• Risk-averse optimal planning of a stand-alone RES-based micro-
grid considering the effective scenarios from probability, impacts,
infinite behavior, and time-dependency viewpoints.

• Introducing a novel data classification method in the microgrid
planning problem for considering time-dependency in generated
values, and the cross-dependency among different uncertainty
sources.

The rest of the paper is organized as follows. The mathematical mod-
els of renewable energy and microgrid components are presented in
Section 2. The planning process is derived in Section 3. In Section 4,
the proposed data classification is presented. Simulation results are
discussed in Section 5. Conclusions are drawn in Section 6.

2. Mathematical models for the microgrid components

In northern Sweden, there are 24 h of sunlight during the summer
and 24 h of darkness during the winter. Moreover, there are many
rivers available. Consequently, we consider PV panels, wind turbines,
and hydro turbines as the main sources of energy generation. Never-
theless, the wind speed and water flow of the rivers during winter
are at their minimum levels. On the other hand, load consumption
is at its maximum level during the winter due to electrical heating
loads. Therefore, since there is a huge amount of energy surplus during
summer and a huge amount of energy and power shortage during
winter, we consider the hydrogen energy storage system including the
fuel cell, electrolyzer, and hydrogen tank. The hydrogen storage system
generates hydrogen from surplus energy during summer and generates
electricity from the produced hydrogen during winter. Consequently,
since we are planning a stand-alone renewable energy-based microgrid,
the hydrogen storage system is necessary to provide stable energy

access during all seasons. The components of a stand-alone RES-based
microgrid include wind turbines, solar panels, fuel cell, electrolyzer,
battery, hydrogen storage, and hydro turbine, which are shown in
Fig. 1. The models of system components are presented individually
in following sub-sections.

2.1. Wind turbine

The power generation of a wind turbine in terms of wind speed (𝑉 )
can be describe as (1).

𝑃𝑊 𝑇
𝑡 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

0 ∀ 𝑣 < 𝑣𝑐𝑢𝑡−𝑖𝑛
𝑎𝑊 𝑇 𝑣3𝑡 + 𝑏𝑊 𝑇 𝑃𝑊 𝑇

𝑟 ∀ 𝑣𝑐𝑢𝑡−𝑖𝑛 ≤ 𝑣 < 𝑣𝑟𝑎𝑡𝑒𝑑
𝑃𝑊 𝑇
𝑟 ∀ 𝑣𝑟𝑎𝑡𝑒𝑑 ≤ 𝑣 ≤ 𝑣𝑐𝑢𝑡−𝑜𝑢𝑡

0 ∀ 𝑣 > 𝑣𝑐𝑢𝑡−𝑜𝑢𝑡

(1)

where 𝑃𝑊 𝑇
𝑡 and 𝑃𝑊 𝑇

𝑟 are output and rated power, respectively. 𝑣𝑐𝑢𝑡−𝑖𝑛,
𝑣𝑟𝑎𝑡𝑒𝑑 , and 𝑣𝑐𝑢𝑡−𝑜𝑢𝑡 are cut-in, rated, and cut-out wind speed, respec-
tively. Coefficients 𝑎 and 𝑏 are determined by (2) and (3):

𝑎𝑊 𝑇 =
𝑃𝑊 𝑇
𝑟

𝑣3𝑟𝑎𝑡𝑒𝑑 − 𝑣3𝑐𝑢𝑡−𝑖𝑛
(2)

𝑏𝑊 𝑇 =
𝑣3𝑐𝑢𝑡−𝑖𝑛

𝑣3𝑟𝑎𝑡𝑒𝑑 − 𝑣3𝑐𝑢𝑡−𝑖𝑛
(3)

2.2. Photovoltaic system

The output power of photovoltaic panels can be calculated by (4):

𝑃 𝑃𝑉
𝑡 = 𝜂𝑃𝑉 𝛽𝑃𝑉 𝐴𝑃𝑉 (4)

where 𝜂𝑃𝑉 is the efficiency of the whole PV system, 𝛽𝑃𝑉 is solar
radiation (W∕m2), and 𝐴𝑃𝑉 is the total area of the PV module (m2).

2.3. Hydro turbine

Depending on the features of a river, there are two different ap-
proaches to generate electricity. The first one is related to the kinetic
energy of water flowing through the turbine. The second one is associ-
ated with dam installation and converting the potential energy of stored
water into electricity. Since this paper is based on the actual resources
and data in northern Sweden, the latter approach has been used in
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this paper. The generated power depends on the height of water above
a turbine and the volume of water flowing. The following equation
calculates the captured energy:

𝑃 ℎ𝑦𝑑𝑟𝑜
𝑡 = 𝜂ℎ𝑦𝑑𝑟𝑜𝐻𝜌𝑔𝑄𝑡 (5)

where 𝜌 is the density of water (1000 Kg∕m3), 𝐻 is the head of water,
𝑔 is the gravitational constant (9.8 m∕s2), 𝑄 is the volume of water
flowing per second (the flow rate in m3∕s) and 𝜂ℎ𝑦𝑑𝑟𝑜 is the efficiency
of the turbine.

2.4. Fuel cell

The chemical energy of combining oxygen and hydrogen can be
directly transformed into electricity by utilizing a fuel cell. A proton
exchange membrane (PEM) fuel cell has been considered in this paper.
The heat generated by a fuel cell has not been taken into account. We
assumed that PEM cells are connected in series and parallel circuits to
form a larger fuel cell. The following equation is used to determine the
DC voltage of a fuel cell [14].

𝐸𝐶𝑒𝑙𝑙 = 1.229 − 0.85 × 10−3(𝑇𝑐𝑒𝑙𝑙 − 298.15)

+ 𝑇𝑐𝑒𝑙𝑙

(

𝑙𝑛
𝑃H2

101325
+ 1

2
𝑙𝑛

𝑃O2

101325

)

(

4.3085 × 10−5
)

− 𝐸𝑑 (6)

where 𝑇𝑐𝑒𝑙𝑙 is the cell temperature, 𝑃H2
and 𝑃O2

are the pressure of
hydrogen and oxygen, respectively. The time delay of hydrogen and
oxygen flow is represented by 𝜏𝑒. The overall effect of the fuel H2
and oxidant O2 dynamics has been taken into account by 𝐸𝑑 , which
is calculated by:

𝐸𝑑 = 𝜆𝑒(𝐼𝐹𝐶
𝑡 − [𝐼𝐹𝐶

𝑡 ∗ 𝑒−
𝑡
𝜏𝑒 ]) (7)

where 𝐼𝐹𝐶
𝑡 is cell current, 𝜆𝑒 is a constant coefficient, and ∗ is the

convolution operator. The power output of a PEM fuel cell is calculated
as follows [39].

𝑃 𝐹𝐶
𝑡 = 𝐸𝐶𝑒𝑙𝑙 𝑁𝐶𝑒𝑙𝑙 𝑖

𝐹𝐶
𝑡 (8)

where, 𝑁𝐶𝑒𝑙𝑙 is the number of cells. The efficiency of fuel cells are
calculated as follows.

𝜂𝐹𝐶 =
𝑃 𝐹𝐶
𝑡

𝑚𝐹𝐶
𝑡 𝛷H2

(9)

where, 𝑚𝐹𝐶
𝑡 is the rate of hydrogen consumption and 𝛷H2

is the
hydrogen higher heating value (120–140 MJ/kg).

2.5. Electrolyzer

The electrolyzers charge the hydrogen tanks if surplus energy is
available. It transforms the water into hydrogen and oxygen using
electrical energy. The required energy for hydrogen production in the
electrolyzer is calculated as follows.

𝑃 𝑒𝑙𝑒
𝑡 =

𝑚𝑒𝑙𝑒
𝑡 𝛷H2

𝜂𝑒𝑙𝑒
(10)

𝑚𝑒𝑙𝑒
𝑡 =

𝐽𝑒𝑙𝑒
2𝐹

(11)

𝑚𝑒𝑙𝑒
𝑡 𝛷H2

= 𝐽𝑒𝑙𝑒 𝑉𝑒𝑙𝑒 (12)

where 𝑚𝑒𝑙𝑒
𝑡 is the rate of generated hydrogen by electrolyzer, 𝜂𝑒𝑙𝑒 is the

efficiency of the electrolyzer, 𝐽𝑒𝑙𝑒 is the current density, 𝑉𝑑𝑟𝑜𝑝 is the
electrolyzer voltage drop, and 𝐹 is Faraday’s constant.

An electrical model for determining the voltage in an electrolyzer
(𝑉𝑒𝑙𝑒) has been proposed in [40], which include reversible 𝑉𝑟𝑒𝑣, acti-
vation (𝑉𝑎𝑐𝑡), gas propagation (𝑉𝑝𝑟𝑜𝑝), and ohmic voltage drop (𝑉𝑜ℎ𝑚𝑖𝑐).
The voltage of electrolyzer is calculated as follows.

𝑉𝑒𝑙𝑒 = 𝑉 𝑒𝑙𝑒
𝐼𝑁 − 𝑉𝑟𝑒𝑣 − 𝑉𝑎𝑐𝑡 − 𝑉𝑝𝑟𝑜𝑝 − 𝑉𝑜ℎ𝑚𝑖𝑐 (13)

where 𝑉 𝑒𝑙𝑒
𝐼𝑁 is the applied input voltage to the electrolyzer. The voltage

across the cell in zero-current conditions (𝑉𝑟𝑒𝑣) is calculated as follows.

𝑉𝑟𝑒𝑣 = 𝑉0 +
𝑅 𝑇
2𝐹

ln
⎛

⎜

⎜

⎝

𝑃H2
𝑃 1∕2
O2

𝑎H2𝑂

⎞

⎟

⎟

⎠

(14)

where 𝑇 is temperature, 𝑉0 is the open cell voltage, and 𝑅 is the gas
constant. It represents the cell potential when the current is zero. The
water activity is shown by 𝑎H2O, which equals one when water is liquid.

The electrochemical synthetic of electrolyzer has been displayed by
𝑉𝑎𝑐𝑡, which is determined as follows.

𝑉𝑎𝑐𝑡 =
𝑅 𝑇
𝛼𝑛𝐹

ln

(

𝐼𝑒𝑙𝑒

𝐼𝑒𝑙𝑒0

)

(15)

where 𝛼, in a range of 0 − 1, is the charge transfer coefficient, which
is used for describing the kinetics of electrochemical reactions. The
current when the voltage drop becomes apparent has been shown by
𝐼0.

The gas propagation, 𝑉𝑝𝑟𝑜𝑔 , results in a reduction in reaction speed
and causes a voltage drop.

𝑉𝑝𝑟𝑜𝑔 = 𝑅 𝑇
𝛽𝑛𝐹

ln

(

1 + 𝐼𝑒𝑙𝑒

𝐼𝑒𝑙𝑒𝑙𝑖𝑚

)

(16)

where 𝛽 is a constant coefficient and 𝐼𝑒𝑙𝑒𝑙𝑖𝑚 is the current limitation in
the maximum gas propagation.

The resistance of the polymer membrane causes the ohmic voltage
drop (𝑉𝑜ℎ𝑚𝑖𝑐) which is calculated as follows.

𝑉𝑜ℎ𝑚𝑖𝑐 =
𝑙𝑒𝑙𝑒𝑚

𝐴𝑒𝑙𝑒
𝑚 (0.005139 𝜆𝑒𝑙𝑒𝑚 + 0.00326)𝑒𝑥𝑝(1267( 1

303 − 1
𝑇 ))

𝐼𝑒𝑙𝑒 (17)

2.6. Hydrogen tank

The amount of stored hydrogen in each iteration (𝑡), 𝜃ℎ, is deter-
mined as follows.

𝜃ℎ𝑡𝑡 = 𝑚𝑒𝑙𝑒
𝑡 − 𝑚𝐹𝐶

𝑡 (18)

Electrolyzer and fuel cell do not work at the same time. In this pa-
per, the leakage has not been considered. Regarding the Van der
Waals equation, the pressure of the hydrogen tank can be calculated
by (19) [41].

𝑃 ℎ𝑡
𝑡 =

𝑅 𝑇 ℎ𝑡
𝑡

𝑉 𝐿ℎ𝑡 𝜃
ℎ𝑡
𝑡 (19)

where 𝑉 𝐿ℎ𝑡, 𝑇 ℎ𝑡
𝑡 , 𝜃ℎ𝑡𝑡 , and 𝑃ℎ𝑡 are tank volume, tank temperature, tank

pressure, and hydrogen flow, respectively.

2.7. Battery

In this paper, the concept of battery duration (𝛼), which has been
mentioned in [42], is considered. Subsequently, two capacities for
simulating battery is used. The first one is about the power capacity
and the latter one is related to the energy capacity. The battery duration
equals energy capacity (𝐸𝐶𝑏𝑎𝑡) divided by power capacity (𝑃𝐶𝑏𝑎𝑡).

𝛼𝑏𝑎𝑡 = 𝐸𝐶𝑏𝑎𝑡

𝑃𝐶𝑏𝑎𝑡 (20)

Short-duration refers to a battery storage system with a duration of
less than 0.5. The medium-duration includes a duration between 0.5 to
2 h, while the long-duration category includes all systems with duration
more than 2 h [42].
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3. Planning process

3.1. Objective functions and criteria

In the proposed optimization process, the total cost of the system
(𝑇𝐶 ) and the total energy loss (𝑇𝐸𝐿) have been taken into account
as objective functions for planning a stand-alone RES-based microgrid.
Moreover, the loss of power supply probability (𝐿𝑃𝑆𝑃 ), and state of
charge have been considered as a criterion.

3.1.1. Total cost
The economic analysis is crucial for planning a microgrid. The net

present cost (𝑁𝑃𝐶) is the cost of project lifespan, which is defined as
the difference between the net present cost during the project lifetime
and the present amount of income during the same period. The 𝑁𝑃𝐶
is determined by following formula [43].

𝑁𝑃𝐶 =
𝐶𝑎𝑛𝑛

𝐶𝑅𝐹 (𝑖, 𝜆𝑇 )
(21)

where 𝐶𝑎𝑛𝑛 is the total annualized cost ($∕𝑦𝑒𝑎𝑟), 𝑖 is the interest rate,
and 𝜆𝑇 is the project lifetime. The capital recovery factor is presented
by 𝐶𝑅𝐹 (𝑖, 𝜆𝑇 ), which is determined as follows.

𝐶𝑅𝐹 (𝑖, 𝜆𝑇 ) =
𝑖(1 + 𝑖)𝜆𝑇

(1 + 𝑖)𝜆𝑇 − 1
(22)

The total cost of the project, 𝑇𝐶 , consists of capital, operating and
maintenance, replacement, and salvage costs, is formulated as (23).

𝑇𝐶 =
𝑁𝑐
∑

𝑗=1
𝐶𝑐𝑎𝑝
𝑗 +

𝑁𝑐
∑

𝑗=1

𝐶𝑂&𝑀
𝑗

𝐶𝑅𝐹 (𝑖, 𝜆𝑇 )
+

𝑁𝑐
∑

𝑗=1
𝐶𝑟𝑒𝑝
𝑗

1
(1 + 𝑖)𝑇𝑅𝑗

−
𝑁𝑐
∑

𝑗=1
𝐶𝑠𝑎𝑙𝑣
𝑗

1
(1 + 𝑖)𝑇𝑆𝑗

(23)

where 𝑁𝑐 is the number of main components in a microgrid, 𝐶𝑐𝑎𝑝
𝑗 is the

total capital cost, 𝐶𝑂&𝑀
𝑗 is the operation and maintenance cost, 𝐶𝑟𝑒𝑝

𝑗 is
the cost of system components replacement, and 𝐶𝑠𝑎𝑙𝑣

𝑗 is the present
worth of the salvage value of system components.

3.1.2. Total energy lost (TEL)
In the planning of a stand-alone RES-based microgrid, considering

overestimated capacities for energy generation units will result in
energy lost [14,44]. Because of this, the amount of unused energy will
increase. In this paper, TEL is considered as an objective function to
calculate the summation of energy lost, which is determined as follows.

𝑇𝐸𝐿 =

⎧

⎪

⎨

⎪

⎩

8760
∑

𝑡=1

(

𝐸𝑔(𝑡) − 𝐸𝐿(𝑡)
)

𝑓𝑜𝑟 𝐸𝐿(𝑡) ≤ 𝐸𝑔(𝑡)

0 𝑜𝑡ℎ𝑒𝑟
(24)

where 𝐸𝑔 is the total energy generated by RESs. The energy demand,
which includes energy consumption and the stored energy, is shown by
𝐸𝐿.

3.1.3. Loss of power supply probability (LPSP)
The power generation of RESs is strongly associated with uncertain-

ties. Therefore, it is necessary to take into account a reliability criterion
in the planning of a stand-alone RES-based microgrid. When it comes
to dealing with uncertainties in the planning of a purely RES-based
microgrid, LPSP is one of the reliability criteria that is widely used in
literature [45].

𝐿𝑃𝑆𝑃 =

∑8760
𝑡=1

(

𝐸𝐿(𝑡) − 𝐸𝑔(𝑡)
)

∑8760
𝑡=1 𝐸𝐿(𝑡)

(25)

3.1.4. State of charge
State of charge of the battery is related to the stored energy in the

battery system and can be determined as follows:

𝑆𝑂𝐶(𝑡+1) = 𝜎𝑆𝑂𝐶𝑡 +
𝜂𝑐ℎ𝐸𝑐ℎ

𝑡
𝐸𝐶𝑏𝑎𝑡

−
𝐸𝑑𝑖𝑠
𝑡

𝜂𝑑𝑖𝑠𝐸𝐶𝑏𝑎𝑡
(26)

where 𝜎 is the battery self-discharge rate, 𝐸𝐶𝑏𝑎𝑡 is the energy capacity
of the battery, 𝐸𝑐ℎ is the amount of stored energy, and 𝐸𝑑𝑖𝑠 repre-
sents the amount of discharged energy. The charging and discharging
efficiency have been shown by 𝜂𝑐ℎ and 𝜂𝑑𝑖𝑠, respectively.

3.2. Optimization procedure

A multi-objective optimization problem is used for planning a stand-
alone RES-based microgrid. As mentioned, two objective functions
are taken into account, which optimize both the total cost and the
total energy lost. The epsilon constraint method is used to solve the
multi-objective optimization problem. An improved particle swarm
optimization algorithm, which is defined in [46], is used to find the
optimal solution.

3.2.1. Epsilon-constraint method
When it comes to solving an optimization problem with two objec-

tive functions, epsilon-constraint is one of the most used methods [47].
In this method, one objective is considered as a fitness function, and
the other one is transferred into constraints. The domain of the trans-
ferred objective is divided into equal intervals. Then, the optimization
problem is solved several times with the limits of those intervals. This
process can generate non-convex Pareto sets.

Minimize
𝑥

𝐹 (𝑥) = 𝑓1,𝑘(𝑥) 1 ≤ 𝑘 ≤ 𝑛𝑡 (27)

Subject to

𝑓2,𝑘(𝑥) ≤ 𝜖𝑘 1 ≤ 𝑘 ≤ 𝑛𝑡 (28)

𝑔(𝑥) ≤ 0 (29)

ℎ(𝑥) = 0 (30)

where 𝑓1 and 𝑓2 are objective functions, 𝜖𝑘 is the upper limit for
transferred objective in each iteration. The number of intervals and
each iteration of the epsilon-constraint method are shown by 𝑛𝑡 and
𝑘, respectively. The inequality and equality constraints are shown by
𝑔(𝑥), ℎ(𝑥), respectively.

3.3. Problem formulation

The total cost of microgrid, over the 25-year lifetime, is considered
as the main objective function in the optimization problem. Regarding
the epsilon-constraint method, total energy lost is transferred into
constraint, and its domain divided into equal intervals. Constraints
comprise loss of power supply, state of charge (𝑆𝑂𝐶), the level of
hydrogen in a tank, and the boundary of optimization variables. The
optimization problem is represented as follows.

Minimize
𝛺

𝑇𝐶𝑘
1 ≤ 𝑘 ≤ 𝑛𝑡 (31)

Subject to (1)–(26), and:

𝐶𝑐𝑎𝑝
𝑗 = 𝑎𝑐𝑎𝑝𝑗 𝐶𝑃𝑗 , ∀𝑗 ∈ 𝑁𝑐 (32)

𝐶𝑂&𝑀
𝑗 = 𝑎𝑂&𝑀

𝑗 𝐶𝑃𝑗 , ∀𝑗 ∈ 𝑁𝑐 (33)

𝐶𝑟𝑒𝑝
𝑗 = 𝑎𝑟𝑒𝑝𝑗 𝐶𝑃𝑗 , ∀𝑗 ∈ 𝑁𝑐 (34)

𝐶𝑠𝑎𝑙𝑣
𝑗 = 𝑎𝑠𝑎𝑙𝑣𝑗 𝐶𝑃𝑗 , ∀𝑗 ∈ 𝑁𝑐 (35)
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𝑇𝐸𝐿 ≤ 𝜀𝑘 , ∀ 1 ≤ 𝑘 ≤ 𝑛𝑡 (36)

𝐿𝑃𝑆𝑃 ≤ 𝜀𝐿𝑃𝑆𝑃 (37)

𝑆𝑂𝐶min ≤ 𝑆𝑂𝐶𝑡 ≤ 𝑆𝑂𝐶max , ∀ 𝑡 ∈ {1, 2, 3,… , 8760} (38)

𝐿𝑂𝐻𝑚𝑖𝑛 ≤ 𝐿𝑂𝐻𝑡 ≤ 𝐿𝑂𝐻𝑚𝑎𝑥 , ∀ 𝑡 ∈ {1, 2, 3,… , 8760} (39)

𝐶𝑃𝑊 𝑇 ≤ 𝐶𝑃𝑊 𝑇 ≤ 𝐶𝑃𝑊 𝑇 (40)

𝐶𝑃 𝑃𝑉 ≤ 𝐶𝑃 𝑃𝑉 ≤ 𝐶𝑃 𝑃𝑉 (41)

𝐶𝑃 𝐹𝐶 ≤ 𝐶𝑃 𝐹𝐶 ≤ 𝐶𝑃 𝐹𝐶 (42)

𝐶𝑃 𝑒𝑙𝑒 ≤ 𝐶𝑃 𝑒𝑙𝑒 ≤ 𝐶𝑃 𝑒𝑙𝑒 (43)

𝐶𝑃𝐻𝑌 𝑇 ≤ 𝐶𝑃𝐻𝑌 𝑇 ≤ 𝐶𝑃𝐻𝑌 𝑇 (44)

𝑃𝐶𝑏𝑎𝑡 ≤ 𝑃𝐶𝑏𝑎𝑡 ≤ 𝑃𝐶
𝑏𝑎𝑡

(45)

𝐸𝐶𝑏𝑎𝑡 ≤ 𝐸𝐶𝑏𝑎𝑡 ≤ 𝐸𝐶
𝑏𝑎𝑡

(46)

𝐸𝑐ℎ
𝑡 ≤ 𝑃𝐶𝑏𝑎𝑡 , ∀ 𝑡 ∈ {1, 2, 3,… , 8760} (47)

𝐸𝑑𝑖𝑠
𝑡 ≤ 𝑃𝐶𝑏𝑎𝑡 , ∀ 𝑡 ∈ {1, 2, 3,… , 8760} (48)

𝐸𝑑𝑖𝑠
𝑡 . 𝐸𝑐ℎ

𝑡 = 0 , ∀ 𝑡 ∈ {1, 2, 3,… , 8760} (49)

𝑚𝑒𝑙𝑒
𝑡 . 𝑚𝐹𝐶

𝑡 = 0 , ∀ 𝑡 ∈ {1, 2, 3,… , 8760} (50)

where set of optimization variables 𝛺 = {𝑇𝐶𝑘
, 𝐶𝑃𝑊 𝑇 , 𝐶𝑃 𝑃𝑉 , 𝐶𝑃 𝐹𝐶 ,

𝐶𝑃 𝑒𝑙𝑒, 𝐶𝑃𝐻𝑌 𝑇 , 𝐸𝐶𝑏𝑎𝑡, 𝑃𝐶𝑏𝑎𝑡, 𝐶𝑃𝐻𝑇 , 𝑇𝐸𝐿, 𝑆𝑂𝐶, 𝐿𝑃𝑆𝑃 , 𝐿𝑂𝐻, 𝐸𝑔
𝑢𝑡,

𝐸𝑐ℎ
𝑡 , 𝐸𝑑𝑖𝑠

𝑡 , 𝜃ℎ𝑡, 𝑉 𝐿ℎ𝑡, 𝑚𝑒𝑙𝑒
𝑡 , 𝑚𝐹𝐶

𝑡 }. Symbols 𝑇𝐶𝑘
, 𝐶𝑃𝑊 𝑇 , 𝐶𝑃 𝑃𝑉 , 𝐶𝑃𝐻𝑌 𝑇 ,

𝐶𝑃 𝐹𝐶 , 𝐶𝑃 𝑒𝑙𝑒, 𝐶𝑃𝐻𝑇 are the total cost of microgrid planning, the
rated capacity of the wind turbine, PV system, hydro turbine, fuel cell,
electrolyzer, and hydrogen tank (in kg), respectively. Constraints (38)
and (39) represent the upper and lower limits of the battery 𝑆𝑂𝐶
and hydrogen tank level, respectively. Constraints (40)–(46) show the
lower and upper bounds of the decision variables. Symbol 𝛥t represents
the time interval between two iterations (1 h). The upper limit of
loss of power supply probability is shown by 𝜀𝐿𝑃𝑆𝑃 . The amount of
total energy lost, in each iteration of the epsilon-constraint method,
should be lower than 𝜀𝐿𝑃𝑆𝑃 . Constraints (47) and (47) explain that the
rate of charge and discharge of the battery should be lower than its
capacity. Moreover, constraints (49) and (50) explain that the process
of charging and discharging the battery and hydrogen tank should not
occur simultaneously.

4. Data classification

Samples should be generated in such a way that the first four statisti-
cal moments (mean, variance, skewness, and kurtosis) of the whole gen-
erated samples be similar to the statistical moments of long-term his-
torical data. Moreover, the time-dependency and the cross-dependency
between different uncertainty sources should also be modeled in the
generated samples.

Including any simple constraint to the optimization problem of
the microgrid planning to make a decision about the acceptance or
rejection of the generated samples highly affects the statistical moments
(mean, variance, skewness, and kurtosis) of the generated samples.

Therefore, a proper method is needed to be considered. Metropolis–
Hastings algorithm along with data classification is one useful method
to decide about the acceptance of generated samples considering sta-
tistical moments [48]. In this section, we explain our proposed data
classification method.

Although considering only one PDF can accurately model the first
four statistical moments for each source of uncertainty, it cannot model
the possible time-dependency and cross-dependency among different
sources of uncertainty. For instance, modeling the uncertain behavior
of solar radiation and temperature using only one PDF may end up
with the maximum solar radiation and minimum temperature simul-
taneously in one scenario, which is impossible to occur in northern
Sweden. Consequently, considering only one PDF fails to describe the
real behavior of uncertainty sources. Accordingly, classifying historical
data is necessary for the stochastic planning of a microgrid. Data
classification methods divide input data into different data sets called
time-slices [22]. Data classification assigns a PDF to different time-
slices (e.g., hour, day, month, and season of samples). In the MCS
and Metropolis-coupled MCMCS model, using the data classification
method generates stochastic values based on the PDF of each time slice.

On the other side, determining the minimum number of time-
slices are necessary from the computational complexity and accuracy
viewpoints. Accordingly, a novel data classification method is proposed
in this paper for using within Metropolis-coupled MCMCS and MCS
model. The Pearson Correlation Coefficient (PCC) between adjacent
samples, as well as the periodic behavior of adjacent correlated sam-
ples, are considered to calculate the minimum number of time-slices.
The concepts of adjacent and periodic sampling areas are depicted in
Fig. 2.

The resemblance between adjacent hourly samples is used as a
criterion to create adjacent data sets. Then, periodic sampling finds how
long the generated adjacent set continues. Determining the minimum
number of time-slices using adjacency and periodic correlation forms an
optimization problem. The optimization process aims to find the max-
imum length of the correlated samples in both adjacent and periodic
areas. The optimization model is shown in (51)–(59).

Minimize
𝛺2

{

𝑍 =
𝑛𝑑
∑

𝑟=1

𝑁𝑇𝑆𝑟
∑

𝑚=1
𝑇𝑆𝑟𝑚

}

(51)

Subject to

1 ≤ 𝑁𝑇𝑆𝑟
≤ 24 ∀ 𝑟 ∈ 𝑛𝑑 (52)

1 ≤ 𝐷𝑇𝑆𝑟𝑚
≤ 24 ∀ 𝑟 ∈ 𝑛𝑑 , ∀ 𝑚 ∈ 𝑁𝑇𝑆𝑟

(53)

𝑁𝑇𝑆𝑟
∑

𝑚=1
𝐷𝑇𝑆𝑟𝑚

= 24 ∀ 𝑟 ∈ 𝑛𝑑 (54)

1 ≤ 𝐷𝑃𝐷𝑟
≤ 365 ∀ 𝑟 ∈ 𝑛𝑑 (55)

𝑛𝑑
∑

𝑟=1
𝐷𝑃𝐷𝑟

= 365 (56)

𝑛𝑑
∑

𝑟=1

𝑁𝑇𝑆𝑟
∑

𝑚=1
𝐷𝑇𝑆𝑟𝑚

= 8, 760 (57)

𝑃𝐶𝐶
(

𝑆𝑇𝑆𝑟𝑚
, 𝑆𝑇𝑆𝑟(𝑚+1)

)

< 𝜖𝑟 ∀ 𝑟 ∈ 𝑛𝑑 , ∀ 𝑚 ∈ 𝑁𝑇𝑆𝑟
(58)

𝑃𝐶𝐶
(

𝑆𝑇𝑆𝑟𝑚
, 𝑆𝑇𝑆(𝑟+1)𝑚

)

< 𝜖𝑚 ∀ 𝑟 ∈ 𝑛𝑑 , ∀ 𝑚 ∈ 𝑁𝑇𝑆𝑟
(59)

where, 𝛺2 = {𝑍, 𝑁𝑇𝑆𝑟
, 𝐷𝑇𝑆𝑟𝑚

, 𝐷𝑃𝐷𝑟
, 𝑇𝑆𝑟𝑚}, 𝑍 is the total number of

time-slices, 𝑇𝑆𝑟𝑚 represents a time-slice, 𝑃𝐷 represents periodic dura-
tion with the same time-slice, 𝑛𝑑 is the number of periodic duration, and
𝑁𝑇𝑆𝑟

is the number of time slices in each periodic duration. The daily
length of each periodic duration and hourly length of each time-slice
have been presented by 𝐷𝑃𝐷𝑟

and 𝐷𝑇𝑆𝑟𝑚
, respectively. Samples in each



Renewable Energy 199 (2022) 866–880

873

H. Bakhtiari et al.

Fig. 2. Illustration of the concept of adjacent and periodic sampling areas (based on historical data). The number of representative intervals and their length (e.g., different hourly
intervals in monthly or quarterly periods) should be optimized.

time-slice have been shown by 𝑆𝑇𝑆𝑟𝑚
. Constraint (52) represents that

the number of time-slices in each periodic duration should be lower
than 25. Constraint (53) describes that the hourly length of a time-
slices should be less than 25. According to the constraint (54), in each
periodic duration, the summation of the hourly length of time-slices
should be equal to 24. Constraint (55) describes that, in each periodic
duration, the daily length should be less than 366. Constraint (56)
explain that the summation of the daily length of all the periodic
durations should be equal to 365. Constraint (57) depicts that the
summation of the hourly length of all time-slices should be equal to
8760. Provided there is a high correlation between samples of two
different time-slices in the adjacent and periodic sampling areas, these
two time-slices should be concatenated to form a new bigger time slice.
Constraints (58) and (59) explain the PCC between samples of two time-
slices in the adjacent and periodic sampling areas should be lower than
the defined minimum level. Parameter ϵ is optimization parameters
that adjust in the optimization process to ensure a sufficient number
of samples in each determined time-slice.

5. Results and discussions

5.1. Case study

The data of a city in the northern part of Sweden, with up to
2000 customers, has been used to examine the considered uncertainty
modeling methods. Input data include wind speed, solar radiation,
water flow, and load consumption. A stand-alone RES-based microgrid
has been optimally planned based on actual resources and data from
the city. Three wind turbines with a capacity of 600 kW and one hydro
turbine with a capacity of 1.9 MW, which are installed already in the
city, have been taken into account. The operational cost of pre-installed
sources has been considered, while the capital cost of them has been
deducted from the cost function.

The designed microgrid with the modified Metropolis-coupled
MCMCS model has been benchmarked against the designed microgrids
with two other models to compare the risk of planning and operation.
In the first model, the worst scenarios out of long-term historical data
are taken into account (retrospective model). In other words, the years
with the worst values are considered for each uncertain variable. The
optimization problem is solved by using the MCS method in the second
model. In the third case, the modified Metropolis-coupled Markov chain
Monte Carlo simulation method has been considered in the planning of
a stand-alone RES-based microgrid. The process for these optimization
procedures is shown in Fig. 3.

Table 1
The cost data and lifetime of system components.
Component Duration Cost ($/W) Life-time Salvage

revenue
($/W)

Capital O&M Replacement

Wind turbine – 1.0191 0.0377 0.1528 20y 0.1162
PV panel – 1.09 0.01325 – 25y 0.0437
Hydro turbine – 1.5335 0.00025 0.23 25y 0.3321
Fuel cell – 0.507 0.06 0.026 5y 0.0152
Electrolyzer – 0.737 0.08 0.037 20y 0.0841

Battery (power)
0-0.5 0.944 0.0095 0.19 6y 0.0008
0.5–2 1.533 0.015 0.307 6y 0.0012
2< 2.43 0.024 0.47 6y 0.0019

Battery (energy)
0-0.5 2.597 0.026 0.52 6y 0.0021
0.5–2 1.352 0.014 0.27 6y 0.0014
2< 0.399 0.004 0.08 6y 0.0006

Table 2
Fixed values for planning a microgrid.

Parameter Value

Project life time 25 Years
WACC 10%
Solar panel efficiency 22.8%
Converters efficiency 90%
Hydro turbine efficiency 75.1%
Hydrogen tank efficiency 95%
Fuel cell efficiency 45%
Electrolyzer efficiency 72%
The minimum level of battery SOC 12%
The maximum level of battery SOC 100%
The minimum level of hydrogen in a tank 5%
The maximum level of hydrogen in a tank 100%
The lower limit of wind turbine size 1.8 MW
The lower limit of hydro turbine size 1.9 MW
The upper limit of LPSP 6.45e−4

The cost function of each component and different assumed param-
eters for defining the optimization problem are presented in Tables 1
and 2, respectively. The cost of the battery is based on the concept of
the duration of battery operation, which is defined in [42].

In the considered epsilon constraint method, we consider 30
amounts for the upper limit of TEL with the same incremental values.
Then, we solve the optimization problem for each considered TEL.
Since the number of samples for all considered uncertainty modeling
methods are the same, the execution time of the optimization problems
is similar for all of them. The execution time of the optimization
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Fig. 3. The procedure of the optimal sizing of a microgrid in three different models. (𝑀𝐶)3 represents the modified Metropolis-coupled MCMCS model.

Fig. 4. The Generated samples by MCS and modified Metropolis-coupled MCMCS for load consumption and water flow.

problem for each TEL is about 20 min. The whole process of micro-
grid planning for each uncertainty modeling method takes less than
550 min. Since the optimization problem related to each considered
TEL is completely independent of the others, a parallel computing mode
can be used to reduce the execution time of the whole process. The
computer used for calculation is with Intel Core i7-8650U (2.11 GHz),
and 16G RAM.

5.1.1. Years with the worst values of uncertainty sources
In the first model, the worst year of each uncertain RES has been

considered for the planning process. The worst years have been selected

from long-term historical data based on the statistical criteria. The se-
lected year for each uncertain renewable energy source is presented in
Table 3. The worst scenario of load consumption indicates the highest
energy demand which depends on several factors including economic
advancement, population growth, and extreme weather conditions.
Therefore, the worst scenario of load consumption has been determined
based on the historical data of 2010 considering effective parameters.

5.1.2. The Monte Carlo simulation model
The Monte Carlo simulation (MCS) is used in the second microgrid

planning model. The long-term historical data is classified into different
time-slices using the proposed data classification method. One PDF



Renewable Energy 199 (2022) 866–880

875

H. Bakhtiari et al.

Fig. 5. The Generated samples by MCS and modified Metropolis-coupled MCMCS for solar radiation and wind speed.

Table 3
The selected years in the first model (retrospective model).

Uncertain variable Load consumption Wind speed Solar radiation Water flow

Selected year 2010 2006 2015 2011

is determined for each time-slice considering a curve fitting method.
Finally, the calculated PDF is used for generating input data. The first
rows in Figs. 4 and 5 show the generated input data by MCS.

5.1.3. The modified Metropolis-coupled MCMCS model
The modified Metropolis-coupled MCMCS model has been used

in the third model to represent the uncertain behavior of variables
in the planning of a stand-alone RES-based microgrid. The model is
based on three functions, which are prior distribution, likelihood, and
posterior distribution functions. In the planning of a microgrid, the
prior distribution function is the PDF of uncertainty sources, the like-
lihood function is the stochastic transition probability matrix, and the
posterior distribution function is the output of the MCMCS model. The
calculated PDF of each time-slice, in the MCS model, is considered as a
prior distribution function. 8760 stochastic values are generated by the
modified Metropolis-coupled MCMCS model to predict the stochastic
behavior of uncertainty sources. The generated stochastic values are
used as input data for planning a stand-alone RES-based microgrid. The
predicted values for each uncertain variable are shown by the second
rows in Figs. 4 and 5.

The PDFs of the generated values by MCS, modified Metropolis-
coupled MCMCS, and long-term historical data are the same. Nonethe-
less, the modified Metropolis-coupled MCMCS model generates values
by considering the time-dependency, long-term behavior of uncertainty
sources, cross-dependency among different uncertainty sources, sce-
narios with high probability and impact, and the continuity between
generated values. In fact, the variation of generated stochastic values is
based on the calculated likelihood function and the PDF of uncertainty
sources.

5.2. Results and discussions

In this section, the results and discussions associated with the
impacts of three uncertainty modeling methods on the risk-averse
planning of stand-alone RES-based microgrids are presented. In each
case, one microgrid is designed based on the corresponding input data.
The LPSP calculation is considered in both the planning and operation
of microgrids separately. In the planning process of all cases, LPSP
is a constraint that should be lower than 6.45 × 10−4. The calculated
Pareto frontiers of these models are shown in Fig. 6. As can be seen,
the optimization problem in all cases has a convex Pareto frontier. The
minimum norm criterion has been used to find the best result out of
non-dominated sets. The dark red point in each curve shows the best
result of the epsilon-constraint method.

The optimal size of the microgrid components for each model is
shown in Table 4. Each row presents the optimal results of microgrid
planning for each model. In the first case, considering the worst years
can assure the ability of the designed microgrid to cope with almost
all possible scenarios. Furthermore, since the real historical data are
used in this model, the considered values have continuous behavior
and time-dependency. Nonetheless, there are three problems associated
with this model. Firstly, the occurrence probability of considered values
is relatively low. Secondly, compared to the rest of the models, the
optimization problem has been ended up with an oversized microgrid
(especially for the capacity of the energy storage systems). Thirdly,
there is no cross-dependency among different uncertainty sources. Con-
sequently, the total cost of the designed microgrid with this model is
high compared to the others in the table. Moreover, the total energy
loss is about 40 GWh. Compared to other cases, it is high, which shows
that optimization has ended up over-sized generation units.

Several flexibility sources are required to deal with the variation
of the generated values in the planning process of a stand-alone RES-
based microgrid with the MCS model. The MCS model generates only
discrete time-independent values. Several time-dependent uncertain-
ties (e.g., windy and rainy days) cannot be modeled using MCS. For
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Fig. 6. The calculated Pareto frontier for three considered models.

Table 4
The results of microgrid planning with three simulation models (LPSP = 6.45e−4).

Objective
function

Simulation
model

𝐶𝑃 𝑃𝑉
(MW)

𝐶𝑃𝑊 𝑇
(MW)

𝐶𝑃 𝐹𝐶
(MW)

𝐶𝑃 𝑒𝑙𝑒
(MW)

𝑃𝐶𝑏𝑎𝑡

(MW)
𝐸𝐶𝑏𝑎𝑡

(MWh)
𝐶𝑃𝐻𝑌 𝑇
(MW)

𝐶𝑃𝐻𝑇
(1000 kg)

TEL
(GWh)

Total
cost ($)

Total cost & TEL
Retrospective
model

59.69 94.35 6.67 16.51 8.51 44.98 1.9 4.26e+05 40 8.05e+08

MCS 0 192.36 6.14 10 16.33 48.97 1.9 2.37e+05 10 6.99e+08
(𝑀𝐶)3 model 43.12 66.4 5.11 8.96 4.4 27.4 1.9 3.05e+05 25 5.64e+08

instance, on a windy day, wind speed remains continuously high for
some hours. As shown in Figs. 4 and 5, there is no continuous be-
havior in generated values by the MCS model. The same condition
exists for load consumption, solar radiation, and water flow. Therefore,
the MCS model does not represent the real behavior of uncertainty
sources accurately. This circumstance would have a significant impact
on the planning of stand-alone RES-based microgrid. Consequently, the
designed microgrid with MCS model is only prepared to cope with
the hourly variation of the discrete time-independent values. From the
power capacity point of view, considering the MCS model unnecessarily
increases the investment in the capacity of power generation compo-
nents (e.g., the power capacity of battery and wind turbine). In other
words, the planning process ends up with oversized power generation
components. On the other hand, the MCS model also decreases the
accuracy of the planning process from the energy capacity viewpoint
since it cannot model the duration of time-dependent uncertainties like
windy, rainy, and snowy days. The designed microgrid can cope with
the magnitude of the worst discrete time-independent values, while it
does not consider how long these values continue. The time-dependent
uncertainty of variables is also one of the most critical issues that
should be considered. As a result of this, the planning process ends up
with undersized components from the energy capacity viewpoint.

Moreover, as can be seen in Table 4, using the PV panel has not
been recommended in the MCS model, and the large capacity of wind
turbines has been designed. These results have appeared due to the
restrictions mentioned above in the MCS model. For instance, on a
windy day, the energy storage system will be fully charged, and most of
the time, the extra generated power by wind turbines will be dumped.
This situation will decrease the advantage of wind turbines. Since
the MCS model cannot generate the random value of windy days,
a large capacity of wind turbines has been designed in this model.
Furthermore, due to the nonlinear modeling of wind turbine power
generation, wind turbines’ output is not highly sensitive to the variation
of wind speed. On the contrary, the generated power by PV panels
depends entirely on the variation of solar radiation. Therefore, the
simulation results show the significant impact of the MCS model on
the optimal size of wind turbines and PV panels.

The modified Metropolis-coupled MCMCS model has been consid-
ered for predicting the stochastic behavior of uncertainty sources in the
third case. The modified Metropolis-coupled MCMCS model improves
the stochastic planning process by considering the time-dependency
and continuity between generated values. Using modified Metropolis-
coupled MCMCS, the time-dependent uncertainties like the windy and

rainy days will occur. As can be seen in Table 4, the planning of a
microgrid has been improved from the economic point of view using
the modified Metropolis-coupled MCMCS model. The total cost has
been decreased by about 30% compared to the first case. Since the
continuity between values has been considered, continuous behavior
has been modeled in the generated values. Therefore, the impact and
benefit of the wind turbines, PV panels, and hydrogen storage systems
on microgrid planning are presented appropriately using the modified
Metropolis-coupled MCMCS model.

Figs. 7 and 8 show the SOC of the battery and level of hydrogen in
the tank for each model, respectively. These figures show the process
that microgrids have been designed based on three different models.
As can be seen, although the input data and the capacity of the energy
storage system in the first and third cases are different, the variation
of battery SOC and level of hydrogen in both cases are similar. In the
first and third cases, the battery storage system starts to become fully
charged in early Spring. Then, the battery has run down in late Autumn.
In fact, it shows that modified Metropolis-coupled MCMCS has modeled
the stochastic behavior of uncertainty sources properly.

On the contrary, the calculated SOC of the MCS model shows
the high variation of wind speed, load consumption, and water flow.
Moreover, it illustrates that the power capacity of the battery is large.
As can be seen in Fig. 8, most of the time, the level of hydrogen in
the tank is low. The size of the battery storage system in the MCS
model is much greater than the other cases since the battery storage
system has been used to cope with the time-independent variation of
the uncertainty sources. Therefore, using the MCS model eliminates the
impact and benefit of the hydrogen storage system. From the reliability
point of view, since the microgrid depends on just one source of
energy and one type of energy storage system, the flexibility, reliability,
and resilience of the system will decrease. The modified Metropolis-
coupled MCMCS model solves the problems associated with the MCS
model. Consequently, the modified Metropolis-coupled MCMCS model
demonstrates the benefit of PV panels and hydrogen storage systems.

The optimal capacity of the hydro turbines in all cases equals 1.9
MW, which is the minimum acceptable capacity that has already been
installed in the city. Regarding input data comprised of water flow, load
consumption, wind speed, solar radiation, and the cost function of these
units, there is no need for new hydro turbine capacity.

Now, after designing three microgrids based on the three considered
methods for uncertainty modeling, it is essential to evaluate the oper-
ation of the designed microgrids in a real situation. Accordingly, the
last three years of recorded historical data of a small city in Northern
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Fig. 7. The SOC of battery in different models based on generated input data.

Fig. 8. The level of hydrogen in different models based on generated input data.

Sweden with 26,604 samples have been considered for benchmarking
and analyzing the designed microgrids. It is assumed that the battery
and hydrogen tank is fully charged at first. The operation of three
designed microgrids, which comprise the energy shortage and the level
of hydrogen in the tank, is shown in Fig. 9. The histograms of the
battery SOC of the three microgrids are shown in Fig. 10. The results of
microgrids operations are illustrated in Table 5. In the planning stage,
the three microgrids were designed considering LPSP as a constraint
that was equal to 6.45e−4.

As can be seen Figs. 9, 10, and Table 5, since all the worst scenarios
with very low probability has been considered in the planning process
of the first model, the designed microgrid can operate without any
energy shortage based on the considered historical data of the last three
years. Consequently, there is no energy deficit in the operation of the
designed microgrid, and LPSP equals zero from a microgrid operation
viewpoint. The level of hydrogen in the tank has not ever reached the
minimum value. Moreover, the probability of not running out of battery
is about 74%. Fig. 9 also shows that the battery is fully charged in 39%
of the time. Therefore, from the technical point of view, considering

Table 5
The results of the operation of three considered models based on the last three years
of historical data.

Model TEL
(GWh)

LPSP from
operation
viewpoint

Number of
failure
(out of 26,304)

Energy
shortage

Retrospective 147.4 0 0 0
MCS 39.97 0.2554 8540 29 GWh
(𝑀𝐶)3 model 88.5 3.69e−4 64 42 MWh

the worst scenario is the best model. Nonetheless, it is not a rational
decision from an economic standpoint.

In the second case, there are lots of hours with an energy deficit.
The number and amount of energy shortage are about 8540 times (out
of 26,304 samples) and 29 GWh in three years, respectively. Moreover,
results show that the system runs out of battery about 58% of the
time. In general, there are three reasons for these problems. Firstly,
the unnecessary large power capacity of batteries have designed to
cope with the high hourly variation of generated values. Secondly,
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Fig. 9. The energy deficit and the level of hydrogen in the tank related to the operation of three considered models in the last three years of historical data.

Fig. 10. The frequency of SOC for the operation of three considered models during last three years of historical data.

continuous time-dependent scenarios have not been taken into account.
Therefore, from the energy viewpoint, the designed microgrid cannot
cope with windy, rainy, snowy, and so on days. Thirdly, the PV panels
and the hydrogen storage system’s advantages are eliminated by using
the MCS model. Consequently, the MCS model is not an appropriate
model for planning a stand-alone RES-based microgrid.

Finally, as can be seen, LPSP based on the operation the designed
microgrid by modified Metropolis-coupled MCMCS is about 3.69𝑒 − 4
in three years. It means that, using the modified model, the microgrid
has been designed properly from the reliability viewpoints. The number
and amount of energy shortage are about 64 times and 42 MWh. The
probability of not being run out of battery is about 66% of all the
time. The battery is fully charged in 32% of the time. Therefore, all
results show that using the modified Metropolis-coupled MCMCS model
improves the planning process of a stand-alone RES-based microgrid.

6. Conclusions

The planning problem of stand-alone renewable energy-based mi-
crogrids has been evaluated using three uncertainty modeling methods
comprising a modified Metropolis-coupled MCMCS, MCS, and retro-
spective models. The modified Metropolis-coupled MCMCS is imple-
mented in the planning of a stand-alone RES-based microgrid for the

first time to predicting the stochastic behavior of uncertainty sources.
The time-dependency in generated values and the cross-dependency
among different uncertainty sources have been modeled using the data
classification method. The total cost of the system planning and the
total energy lost have been taken into account as objective functions
in the microgrid planning problem. The designed microgrid by the
modified Metropolis-coupled MCMCS method has been benchmarked
against two additional designed microgrids by the retrospective and
MCS models. Qualitative and quantitative comparisons between these
three methods have also been presented. The operations of three de-
signed microgrids have been evaluated using the historical data of the
last three years.

The results show that the retrospective model has designed an
oversized microgrid compared to the other two models. Using the
MCS model has ended up with an oversized power capacity and an
undersized energy capacity. The results confirm that using the mod-
ified Metropolis-coupled MCMCS model has improved the planning
process of a stand-alone RES-based microgrid from the economy and
reliability viewpoints. The modified Metropolis-coupled MCMCS model
has decreased the total cost of planning by enhancing the represen-
tation of uncertainty sources. The real impact and advantages of PV
panels and hydrogen storage systems have been demonstrated in a
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city in the northern part of Sweden using the modified Metropolis-
coupled MCMCS model. Furthermore, the designed microgrid using the
modified Metropolis-coupled MCMCS model can cope with all possible
worse scenarios like windy, rainy, and snowy days. In other words,
the planning process of stand-alone RES-based microgrids has been
improved from both energy and power capacity viewpoints.
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Abstract—Interruptible/curtailable demand response program
(ICDRP) is a valuable ancillary service resource in electricity
markets. Due to the uncertainty of customer behavior in a
market, risk-based pricing for ICDRP is needed. It is also neces-
sary to evaluate the eligibility conditions for utilizing uncertain
ICDRP as an ancillary service. In this paper, we first propose a
pricing strategy that allocates payoffs to the coalition of ICDRP
participants considering risk management costs caused by the
uncertain responsiveness of ICDRP participants while maxi-
mizing the system operator’s ability to cope with uncertainties
and optimizing generation outputs and regulation price in the
frequency regulation market. Then, we investigate the flexibility
of predetermined reserves in the forward electricity market as an
eligibility condition for risk-averse utilization of ICDRP. A risk-
averse Shapley value method is developed in the proposed pricing
strategy. Finally, we carry out numerical studies to illustrate the
feasibility and effectiveness of the proposed pricing strategy to
determine the incentives and penalties in a fair way. We also
demonstrate the necessity of considering the uncertainties of
ICDRP responsiveness in the required reserve selection process
to successfully exploit the benefits of ICDRP in the frequency
regulation market.

Index Terms—Interruptible/curtailable demand response, pric-
ing strategy, risk management, Shapley value

I. INTRODUCTION

DEMAND response programs have recently been utilized
to provide ancillary services for an extensive range of

purposes. Interruptible/curtailable demand response program
(ICDRP) is part of dispatchable loads used during peak hours
or emergencies [1]. It comes along with customer incentives
that provide a rate discount or bill credit for accepting to
curtail load consumptions. Participants who do not adjust their
consumptions typically are obligated to pay penalties. The
program has traditionally been offered only to large industrial
and commercial customers. The terms of ICDRP contracts are
negotiated by policy-makers, the network operator, and load-
serving entities. The final response to the contract depends
on the conditions of the participants such as social behavior,
revenue, incentives, penalties, etc. In practice, ICDRP utiliza-
tion imposes a big burden of risk upon system operation since
participants often do not respond to their contracts [2], [3].
This uncertainty affects the advantages of using ICDRP as an
ancillary service and the transparency of its pricing policy.

Proposing a proper pricing strategy regarding the utilization
of demand response is the focal point of interest in several
studies. In [4], a hybrid pricing mechanism is considered for
demand response programs in which the distribution system
operator offers incentives to minimize the operation cost and
encourage customers to participate in the program. A pricing

Hamed Bakhtiari is with Luleå University of Technology, Luleå, Sweden.
Jin Zhong is with University of Hong Kong, Hong Kong, Manuel Alvarez is
with Luleå University of Technology, Luleå, Sweden..

method for managing direct load control programs in the
distribution network is introduced in [5], which maximizes
the benefit from the aggregator’s viewpoints. A dynamic
pricing method is proposed in [6], which maximizes the
benefit of electric heating load consumers as participants in
demand response programs. The impacts of dynamic pricing
and load shifting on the supplied electricity by retailers in
the electricity market are investigated in [7], in which the
response uncertainty of participants is predicted. Authors
in [8], consider an online pricing method for incentive-based
demand response from the service provider’s viewpoint, which
illustrates the correlation between incentives and unknown
behavior of participants. Different pricing strategies have been
proposed for demand response in the distribution network [9];
modifying real-time pricing for demand response to coordinate
the balance of supply and demand-sides [10]; dynamic pricing
of demand response from the retailer viewpoint using demand
elasticity matrix [11]; determining risk-sensitive payoff for
demand response from the utility viewpoint [12]; and deter-
mining reward-penalty for tackling congestions caused by the
broad utilizations of demand response [13].

Although there have been a lot of studies on determining
proper pricing strategies for incentive-based demand response
as mentioned above, there are limitations from various aspects
that need to be further studied. Firstly, the response uncer-
tainties of participants are not fully considered in the above
pricing strategies. Secondly, the risk management cost and the
ability of the system operator to cope with uncertainties need
to be modeled. Thirdly, the benefits of cooperative behavior
of market participants and a fair allocation of benefits could
provide incentives or penalties to the market participants.
Additionally, maximizing the risk-averse utilization of ICDRP,
which minimizes generation outputs and market prices, needs
to be applied in the pricing strategy.

Therefore, one of the main contributions of this paper is
to propose a novel pricing strategy that can solve these prob-
lems for a better utilization of ICDRP considering uncertain
participant responsiveness in the frequency regulation market.

Since the responses of ICDRP participants to their contracts
depend on some unknown circumstances [2], there has been
a growing interest in defining a framework to evaluate the
associated risks of utilizing ICDRP. When it comes to evalu-
ating the risks associated with unknown uncertainty sources,
the information gap decision theory (IGDT) has been used
frequently [14]. It helps decision-makers to determine the
maximum tolerable uncertainty radius of unknown sources at
a predefined level of risk. Consequently, we apply IGDT to
our proposed pricing strategy to evaluate the associated risks
of utilizing ICDRP with uncertain responses to the contracts in
the frequency regulation market. The considered methodology
determines the maximum tolerable uncertainty radius of the
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responses of ICDRP participants to their contracts considering
a predefined increase in the risk management cost.

Incentives and penalties, regarding the utilization of IC-
DRP with uncertain participant responsiveness, should be
considered in the pricing strategy in such a way that the
system operator is able to cope with maximum tolerable
risks caused by ICDRP responsiveness, with the minimum
cost. A model considering customer benefit function and
demand elasticity has been introduced for ICDRP utilization
in [1], which assessed the impacts of incentives and penalties.
Since ICDRP activation on one node has both positive and
negative effects on the rest of the system, it is essential
to establish a fair payoff allocation process. The Shapley
value method is one of the techniques that is usually used
in policy-making problems to allocate costs and profits. In
this regard, the Shapley value is utilized in [15] to quantify
the impacts of flexibility restrictions on the economic potential
of load-shifting based demand response program. The overall
gain of the cooperative energy management of multi-energy
hub systems including demand response and ice storage is
allocated to each participant using Shapley value in [16]. A
coalition game model has been considered in [17] whereby
prosumers trade energy in a cooperative way, but demand
response is not considered in the coalition. Shapley value
method is used in [18] to design a reward mechanism to
compensate demand response aggregators. Authors in [19]
use the Shapley value to allocate demand response revenue
between aggregators in a cooperative game model. The profit
resulting from the cooperation of wind power producers,
electric vehicle aggregators, and demand response aggregators
in a day-ahead electricity market is allocated using Shapley
value in [20]. Authors in [21] utilize the Shapley value for
compensating participants in the demand response program
without any uncertainty.

Nevertheless, there is a lack of information regarding
utilizing the Shapley value method in a cooperative game
for ICDRP pricing strategy to determine the corresponding
incentives and penalties of each participant in the coalition.
Therefore, one of the main contributions of this paper is
developing the IGDT method for risk-averse pricing of ICDRP
by including Shapley value calculations. In the proposed risk-
based pricing strategy, we allocate the risk management cost
to the participants in a fair way based on their Shapley values.

From the economic viewpoint, the benefits of ICDRP
utilization strongly rely on price differences between peak
and off-peak hours [22]. Moreover, it has been illustrated
in [23] that, despite the flexibility of load consumption, if the
electricity price is not volatile throughout the day, the benefit
of participation does not encourage customers. In fact, load
flexibility and market price volatility are the first and second
eligibility conditions for demand response utilizations, respec-
tively. However, even with these two eligibility conditions, the
utilization of ICDRP in real-time markets imposes additional
risks on the system operation [2], [3]. Consequently, finding all
required eligibility conditions for utilizing uncertain ICDRP is
necessary to reduce potential risks.

The system operator utilizes different types of reserves with
different response times and ramping capabilities, which are

prequalified. Different uncertainties and contingencies are con-
sidered in the risk-averse process of determining the required
level of reserves [24], [25]. The predetermined reserves in the
electricity forward market specify the ability of the system
operator to cope with various sources of uncertainties in the
real-time operation of the power system. Since there is a
limited amount of reserve available in the market consisting
of spinning, non-spinning, and supplementary reserves, the
utilization of ICDRP as an ancillary service improves power
system operation. Nonetheless, the responsiveness uncertainty
of ICDRP participants highly affects the operation of fre-
quency regulation market.

Although considerable research has been devoted to eval-
uating the impacts of ICDRP on power system operations,
less attention has been paid to determining the impacts of
the flexibility of predetermined reserves on the risk-averse
utilization of ICDRP in the ancillary service market. Hence,
the next major contribution of this paper is investigating the
ramp-up capability of the available predetermined reserves
as a new eligibility condition to risk-averse utilization of
ICDRP. Actually, this paper aims to show that, for successfully
exploiting the benefits of ICDRP utilization to the full, the re-
sponsiveness uncertainty of participants should be considered
in the process of determining the required level of reserves.

In summary, the contributions of this paper are as follows:
1) We propose a novel pricing strategy that assigns incen-

tives and penalties regarding the risk-averse utilization
of ICDRP based on the impacts of the cooperative
behavior of participants in a coalition on power system
operation. The risk management costs, due to the un-
certain responsiveness of participants, are allocated in a
fair way. The proposed strategy maximizes the tolerable
uncertainty radius of the responsiveness of participants
and minimizes the generation outputs and regulation price
in the frequency regulation market.

2) We utilize the Shapley value method in a cooperative
game of ICDRP participants to allocate the risk man-
agement cost caused by uncertain responsiveness to each
participant in the coalition in a fair way. We evaluate the
risks of utilizing ICDRP with uncertain responsiveness of
participants to their contracts, as an ancillary service, by
applying IGDT method to the pricing strategy.

3) We scrutinize the ramp-up capability of the predetermined
reserves as a supplementary eligibility condition to risk-
averse utilization of ICDRP with uncertain responsiveness
of participants in the frequency regulation market.

The rest of the paper is organized as follows. Section II
introduces IGDT and Shapley value methods. The problem
formulation and mathematical models are provided in Section
III. Section IV presents case studies. Finally, conclusions are
drawn in Section V.

II. INTRODUCTION OF IGDT AND SHAPLEY VALUE
METHODS

The IGDT method presents efficient and robust solutions
when insufficient information about uncertain variables, such
as probability density function and membership function, is
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available [26]. In other words, it can determine the maximum
tolerable uncertainty for the requisite cost target. In this paper,
a risk-averse decision-making approach is considered due
to the importance of power balance in the power system
operation.

The cooperative behavior of ICDRP participants and their
locations in the power system (i.e., network topology) affect
ICDRP risk management. In order to increase the transparency
of pricing policy of ICDRP, the incentives and penalties
should be determined based on the impacts of the cooperative
behavior of participants on the system operation and risk
management costs. The Shapely value is a method that can be
used to determine the pricing policy of ICDRP by allocating
the associated risk management costs to participants based on
their impacts on system operations. Consequently, this paper
applies the Shapley value calculation to the IGDT-based AC-
OPF problem to propose a novel risk-based pricing strategy
for ICDRP utilization.

Consider NDR ⊆ N are all possible buses with ICDRP
participation. And, S represents the possible coalitions of NDR
(S ⊆ NDR). The impact of demand response on the system
operation cost for each coalition S is represented by ψ(S).
For demand response at bus k (k ∈ NDR), the Shapley value
ϕk(ψ) is calculated by averaging the marginal contribution
generated by bus k to all possible coalitions S comprising
bus k. The following equation is used to calculate the Shapley
value [27].

ϕk(ψ) =
∑

S⊆NDR
k∈S

(|S| − 1)!(NDR − |S|)!
(NDR)!

[ψ(S)−ψ(S−{k})]

where |S| is the number of participants in coalition S com-
prising {k}. We calculate the Shapley value for each bus with
ICDRP to determine the penalties and the optimal amount and
price of ICDRP.

III. PROBLEM FORMULATION AND MATHEMATICAL
MODELS

In this paper, we assume that ICDRP is signed as a long-
term contract in the electricity market. For simplicity, we
also assume that ICDRP is only applied to the peak-load
hours. From the technical viewpoint, since the uncertainty
of ICDRP only increases the load consumption during the
real-time operation, the ramp-up capability of predetermined
reserves defines the system operator’s ability to cope with the
uncertainty of ICDRP. Sensitivity analyses are carried out to
evaluate the impacts of ramp-up capabilities of predetermined
reserves, purchasing price of ICDRP, and available budget for
risk management on the risk-averse utilization of ICDRP.

A. Optimization Procedure

In this part, we explain the optimization steps of our
proposed pricing strategy.

Firstly, we find the solution to the AC optimal power
flow problem of the system without ICDRP utilization. In
this calculation, the optimal operation of the system without
ICDRP utilization is determined to find the possible buses

for ICDRP utilization and evaluate eligibility conditions. One
of the most important results in this step is determining the
locational marginal price (LMP) for each bus without ICDRP
implementations. We retain the determined LMPs and total
operation cost as reference values for modification of the
ICDRP pricing policy regarding incentives and penalties.

A sensitivity analysis on the optimal price of purchasing
ICDRP (incentives) is implemented in the first step, which is
the base case of the proposed optimization procedure. One
hundred iterations (m = 100) are considered for the lower
limit of ICDRP purchasing price. At the initial iteration, the
lower limit of purchasing price starts from one percent of
the retained LMP, in the previous step, and is continued
up to one hundred percent of the retained LMP at the last
iteration. We find the solution to the AC-OPF problem with
ICDRP utilization, without any uncertainty, to determine the
optimal quantity and price of ICDRP for each iteration m.
Consequently, there are one hundred optimal pairs of quantity
and price for purchasing ICDRP. Afterwards, at each iteration,
we calculate the Shapley values to determine the impacts of
ICDRP on the system operation cost.

In the second step, at each iteration of the first step (m), a
sensitivity analysis is carried on the available financial budget
(β) for coping with the uncertainty of ICDRP. The robust
optimization is solved for two hundred iterations (e = 200) for
each m. At the initial iteration of this step, β equals one per-
cent of the ICDRP purchasing cost and is continued up to two
hundred percent. We utilize the calculated Shapley values to
adjust penalties for participants who are not responding to the
contract. Shapley values allocate the costs of coping with the
uncertain responsiveness of ICDRP, risk management costs,
to each participant based on the impacts of her cooperative
behavior on the system operation costs. Then, using the IGDT
method, different robustness levels of the system operation are
determined based on the available budget for risk management.

The proposed optimization process defines a pricing strategy
with different penalties for each bus which are determined
based on the impact of the level of non-responded ICDRP
on the risk management cost. A high purchasing price of
ICDRP, incentive, encourages customers to participate in the
program. Besides, the higher the purchasing price, the more
responsive participants. In other words, a higher purchasing
price is more likely to reduce the uncertainty of ICDRP.
Nevertheless, there is a limited budget for investing in ICDRP
utilization. If system operators offer more incentives, they
would not be able to purchase a larger amount of ICDRP.
Accordingly, to successfully exploit the benefits of ICDRP
utilization to the full, the system operator should maximize
both the purchasing price and the amount of ICDRP. On the
other side, the system operator defines penalties to punish non-
responsive participants and increase her ability to cope with
the uncertainty of ICDRP. The higher the penalties, the more
responsive participants. But, considering higher penalties dis-
courages customers from participating in ICDRP. Moreover, at
different buses of the power system, different levels of ICDRP
participations have non-linear and non-identical impacts on the
electricity price. In fact, the higher the amount of purchased
ICDRP does not necessarily mean the higher electricity price
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Fig. 1. The flowchart of proposed risk-averse optimization process

reduction. Therefore, we consider the impacts of different
levels of purchased ICDRP and the power system topology on
the electricity price reduction in our proposed pricing strategy.

Consequently, the main objective of the general optimization
process, which consists of three aforementioned optimization
steps, is to find the maximum amount and purchasing price of
ICDRPs (i.e., incentive) and the minimum level of penalties
while the system operator is able to cope with a 100-percent
uncertainty radius of ICDRPs. Fig. 1 shows the flowchart of
the proposed optimization method.

B. AC-OPF without ICDRP (Prerequisite Calculation)

This step is necessary for determining LMP before ICDRP
implementation. Besides, it is needed for a feasibility study
on the utilization of ICDRP. We use the Nomenclature as
summarized in Table I.

Since the transmission systems have a very low R:X ratio,
we ignore the loss terms in the transmission network. There-
fore, the fast-decoupled load flow assumption is considered
to decouple active power flow from vs terms and reactive
power flow from θij terms. Considering these approximations
along with voltage angle approximations, which are discussed
in [28], lead to a simplified AC-OPF model as follows:

Minimize
{vsi ,θi,Pij ,Qij ,Pi,Qi}

∑

i∈Ng

fi(Pgi) (1a)

subject to:

Fi(PGi
) = aiP

2
gi + biPgi + ci , ∀ i ∈ Ng (1b)

Pij ≈ −Bijθij , ∀(ij) ∈ L (1c)

Qij ≈ −Bij(
vsi − vsj

2
) , ∀(ij) ∈ L (1d)

Pi =
∑

ij∈L
Pij + vsi

∑

j∈N
Gij ,∀i ∈ N (1e)

Qi =
∑

ij∈L
Qij − vsi

∑

j∈N
Bij ,∀i ∈ N (1f)

P i ≤ Pi ≤ P i , ∀i ∈ N (1g)

Q
i
≤ Qi ≤ Qi , ∀i ∈ N (1h)

vsi ≤ vsi ≤ vsi , ∀i ∈ N (1i)

P ij ≤ Pij ≤ P ij , ∀(ij) ∈ L (1j)

TABLE I
NOMENCLATURE

Indices
i, j Indices for system buses.
k Indices for system buses with ICDRP.
l Indices for transmission lines.
Sets
N,Ng , NDR Sets of system buses, generation buses, and ICDRP buses.
L Set for line of the system.
S Sets of all possible coalitions in a cooperative game of ICDRP participants.
Parameters
ai, bi, ci Cost coefficients of generator connecting to bus i.
TCr The calculated operation cost in prerequisite step ($/h).
LMP r

i The calculated LMP in prerequisite step for bus i.
LMPDR

im The calculated LMP in the first step for bus i and iteration m.
β Available budget to cope with ICDRP uncertainty($/h).
RU i Maximum value of ramp-up (MW/h).
ΥSH

i Cost coefficients of load shedding connecting to bus i.
Variables
TC Total operation cost without ICDRP in prerequisite step ($/h).
TCDR

m Total operation cost with ICDRP at each iteration of first step.
Pgi Generated power of generator ith in prerequisite step.
Qgi Generated reactive power of generator ith in prerequisite step.
P̂gi/Pgi Generated power of generator ith in base/risk-averse case.
Fi (Pgi ) Generation cost of generator connecting to bus i.
Gij/Bij Conductance/Susceptance between buses i and j.
Pi/Qi Active/Reactive power injection at bus i.
Pij/Qij Active/Reactive power flow from bus i to bus j.
vsi /θi Square of voltage magnitude/Phase angle at bus i.
PLi

/P̂Li
The real/average power load connecting to bus i.

PLi Load consumption with uncertainty of ICDRP at bus i.
QLi

The reactive power load connecting to bus i.
σ̂DR
i Amount of purchased ICDRP at the first step at bus i (MWh).
λ̂DR
i Price of purchased ICDRP at the first step at bus i ($/MWh).
σDR
i Amount of responded ICDRP by participants at bus i (MWh).
α Maximum uncertainty radius per β value.
αc The tolerable uncertainty radius of ICDRP response
πme Total available budget for risk-averse utilization of ICDRP.
φi Shapley value for ICDRP participants at bus i.
Θi Penalty for non-responsive ICDRP at bus i ($/MWh).
σSH
i Amount of load shedding (MWh).
λSH
i Price of load shedding ($/MWh).

Abbreviations
LMP Locational marginal price.
ICDRP Interruptible/curtailable demand response program.
IGDT Information gap decision theory.

Q
ij
≤ Qij ≤ Qij , ∀(ij) ∈ L (1k)

{vsi , θij , Pij , Qij , Pi, Qi} ∈ R (1l)
where, θij = θi − θj , ∀(ij) ∈ L

The objective function (1a) minimizes the total cost. Equa-
tion (1b) describes the cost function of generation units. The
power flow of lines are expressed by (1c) and (1d). The power
balance at each node is expressed by (1e) and (1f). System
constraints are given in (1g)-(1l). The calculated results of
this step, including the total cost (TC) and locational marginal
price (LMP ), have been considered as reference values for the
later steps, shown by TCr and LMP ri , respectively.

C. AC-OPF with ICDRP (First Step)

In this step, we find the solution to AC-OPF problem with
the utilization of ICDRP without considering the uncertain
responsiveness of ICDRP participants. The optimization prob-
lem (2) represents the base case which describes the impact
of definite utilization of ICDRP on the system operation. The
formulation of this step is as follows.

Maximize
Ω1

{TCr − TCDRm } , ∀ m ∈ {1, 2, .., 100} (2a)

subject to (1b)-(1d), (1f)-(1l), and:

P̂gim − PLi
+ σ̂DRim =

∑

ij∈L
Pijm + vsim

∑

j∈N
Gij ,∀i ∈ N

(2b)
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TCDRm =
NDR∑

k=1

σ̂DRkm λ̂
DR
km +

Ng∑

i=1

fi(P̂gim) (2c)

TCr −
Ng∑

i=1

fi(P̂gim) ≥
NDR∑

k=1

σ̂DRkm λ̂
DR
km (2d)

0 ≤ σ̂DRkm ≤ max{PLk
} − P̂Lk

, ∀ k ∈ NDR (2e)

(
|m|
100

) ≤ λ̂DRkm
LMP rk

≤ 1 , ∀ k ∈ NDR (2f)

where, Ω1 = {TCDRm , P̂gim , Qgim , σ̂DRim , vsim, θijm, λ̂DRkm }.
Symbols TCr and LMP rk represent exogenous parameters in
the optimization problem (2) which were optimized in prob-
lem (1) in the prerequisite step. The objective function (2a)
aims to maximize the reduction of the system operation cost
due to ICDRP utilization. A sensitivity analysis with one
hundred iterations (m) is considered for the lower boundary
of ICDRP purchasing price (λ̂DRkm ) at each load bus. The
power balance with ICDRP at each node is expressed by (2b).
Constraint (2c) represents the cost of system operation with
definite ICDRP participation. Constraint (2d) describes the
maximum available financial budget for ICDRP utilization
which explains that the cost of purchasing ICDRP should
be lower than the reduced cost of system operation due to
ICDRP. Constraints (2e) and (2f) describe the boundary of
optimization variables comprising the amount and price of
ICDRP, respectively. Symbol P̂Lk

represents the calculated
average value of load consumption. Constraint (2e) represents
an eligibility condition for ICDRP implementation. It shows
that there should be an acceptable difference between load
consumptions during peak and off-peak hours. The determined
amount and price of purchased ICDRP at each bus and
each iteration of m (σ̂DRkm and λ̂DRkm , respectively) have been
considered as the base-case values for the next step.

1) Shapley Value Calculation: After finding the optimal
values of the amount and price of purchasing ICDRP at each
iteration of m, we find the solution to the AC-OPF problem
with ICDRP for each possible coalition of ICDRP participants
(S ⊆ NDR). Then, the Shapley value is determined for each
bus with ICDRP. The formulation of Shapley value calculation
at the first step of this paper is presented as follows:

Maximize
Ω2

{TCr − TCDRm,S} ,
∀m ∈ {1, 2, .., 100}, S ⊆ NDR (3a)
subject to (1b)-(1d), (1f)-(1l), and:

P̂gimS
− PLi

+ σ̂DRimS =
∑

ij∈K
PijmS

+ vsimS
∑

j∈N
Gij , ∀i ∈ N (3b)

TCDRmS =
NDR∑

k=1

σ̂DRimS λ̂
DR
kmS +

Ng∑

i=1

fi(P̂gimS
) (3c)

TCr −
Ng∑

i=1

fi(P̂gimS
) ≥

NDR∑

k=1

σ̂DRimS λ̂
DR
kmS (3d)

{
0 ≤ σ̂DR

imS ≤ (max{PLk
} − P̂Lk

) k ⊆ S
σ̂DR
imS = 0 k * S

(3e)

(
|m|
100

) ≤ λ̂DRkmS
LMP rk

≤ 1 , ∀ k ∈ NDR (3f)

where, Ω2 = {TCDRm,S , P̂gimS
, QgimS

, σ̂DRimS , vsimS , θijmS ,
λ̂DRkmS}. Formulas (3a)- (3f) calculate the impact of different
coalitions of buses with ICDRP on the system operation cost.
Finally, using the following formula we calculate the Shapley
value for each ICDRP participant.

φkm =
∑

S

(|S| − 1)!(NDR − |S|)!
(NDR)!

[TCDR
m,S − TCDR

m,(S−k)]

, ∀m ∈ {1, 2, .., 100}, k ∈ NDR

(4)

where, S represents all possible coalition comprising {k},
and φkm is the Shapley value of each bus with ICDRP at
each iteration of m. The calculated Shapley value for each
bus with ICDRP participant (φkm) is used to allocate the risk
management cost of ICDRP at the next step.

D. Risk-Averse AC-OPF (Second Step)

In this step, the Shapley value-based IGDT method is
applied to the AC-OPF problem to evaluate the risks of
uncertain responsiveness of ICDRP participants. At each pur-
chasing price of ICDRP (m), a sensitivity analysis is carried
out on the available financial budget for risk management
and the tolerable uncertainty radius of ICDRP response is
determined using the IGDT method. The objective function is
about determining the maximum uncertainty radius that system
operators can cope with by spending the available financial
budget. The formulation of this step is as follows.

αcme
= Maximize

Ω3

αme ,

∀ m ∈ {1, 2, .., 100}, e ∈ {1, 2, .., 200} (5a)
subject to (1c), (1d), (1f)-(1l), and:

Pgime − PLime =
∑

ij∈K
Pijme + vsime

∑

j∈N
Gij , ∀ i ∈ N

(5b)
PLime = PLi

− (σDRime + σSHime) , ∀ i ∈ N (5c)
NDR∑

k=1

(σ̂DRkm − σDRkme) =
Ng∑

i=1

(
Pgime − P̂gim

)
+

N∑

i=1

σSHime

(5d)

Θkme = φkm(βme
NDR∑

j=1

σ̂DRjm λ̂DRjm ) , ∀ k ∈ NDR (5e)

βme
NDR∑

k=1

σ̂DRkm λ̂
DR
km =

Ng∑

i=1

(
fi(Pgime − P̂gim)

)

+

NDR∑

k=1

(
σSHkmeλ

SH
k −Θkme(σ̂

DR
km − σDRkme)

)
(5f)

βme =
|e|
100

, 0 ≤ αme ≤ 1 (5g)

Pgime − P̂gim ≤ RU i , ∀ i ∈ Ng (5h)
NDR∑

k=1

σDRkme = (1− αme)
NDR∑

k=1

σ̂DRkm (5i)
{
λSH
i = ΥSH

i LMP r
i

20 ≤ ΥSH
i

,∀ i ∈ N (5j)

where, Ω3 = {αme, Pgime, PLime, Qgime
, σ̂DRimS , vsime, θijme,

λ̂DRkme, σ
DR
kme, σ

SH
ime, λ

SH
i , ΥSH

i , Θkme, πme}. Equation (5b)
represents the new power balance at each node. Regarding
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equation (5c), the new load consumption is calculated by sub-
tracting the amount of responsive ICDRP and load shedding
from the load consumption without ICDRP. Equation (5d)
describes the balance of ICDRP participation, which means
that extra load consumption due to the non-responsive ICDRP
participant, the uncertainty of ICDRP, is compensated with
the available predetermined reserve and load shedding. The
system operator uses load shedding as an ultimate alternative
to preserve the balance between generation and load either
when the amount of non-response ICDRP is greater than
the ramp-up capability of predetermined reserves or when
all predetermined reserve capacities are utilized. The second
term in (5d) represents the amount of reserve capacity that
the system operator utilizes to manage the uncertainty of
ICDRP. The penalties are determined based on Shapley values
for each load bus with ICDRP in equation (5e). It means
that non-responsive participants are penalized based on the
impacts of their cooperative behavior on system operation.
According to the IGDT method, the available financial budget
to cope with ICDRP uncertainty, the risk management cost, is
β percent of ICDRP purchasing cost in the first step (base
case). Equation (5f) explains the financial balance to cope
with uncertainties in the IGDT method. It means that the total
increment cost of system operation due to ICDRP uncertainty
should be equal to the available budget for risk management in
the proposed risk-averse model. Constraint (5h) illustrates that
the required reserve capacity due to ICDRP uncertainty should
be lower than the ramp-up capability of reserve units. It shows
that the difference between the power output of each generator
in the base case and the risk-averse case, the variation of each
generator output to cope with the uncertainty of ICDRP, should
be lower than its ramp-up capability. The tolerable uncertainty
radius of the ICDRP response in the risk-averse approach is
modeled by (5i). It represents, for each level of the available
financial budget for risk management, how much participation
uncertainty of the ICDRP contract can be controlled by the
system operator without any load shedding. Constraint (5j)
describes the reliability worth of load shedding caused by
the utilization of uncertain ICDRP. The load shedding is a
costly process in which system operators attempt not to use it
regularly. Therefore, reliability cost is considered notably high
to restrict its usage in the normal operation.

E. Risk-Averse Pricing Strategy
At each iteration of m, we can obtain the optimal amount of

purchasing ICDRP, penalties for non-responsive ICDRP par-
ticipants, and the electricity price, while the system operator
is able to cope with 100 percent uncertainty of participant
responsiveness. Then, we decide on the best pricing strategy
using the following formula as a pricing criterion.

Min{ΘkmeLMPDRim

λ̂DRim σ̂DRim
|αcme = 1} (6)

where, symbol Min represents the mathematical operation
that returns the order of m and e associated with the smallest
value of the fraction, provided αcme is equal to one. The
whole process of the proposed pricing strategy is presented
in Algorithm 1.

Algorithm 1 Risk-averse strategy for pricing ICDRP
1: Prerequisite step: AC-OPF without ICDRP
2: Solve the optimization problem (1)
3: (LMP ri ← LMPi) , (TCr ← TC)
4: for m← 1 to 100 do
5: Step (1): ICDRP utilization without uncertainty
6: Solve problem (2), (LMPDRim ← LMPim)
7: Save TCDRm , σ̂DRim , λ̂DRim , LMPDRim .
8: Step (1a): Shapley value calculation
9: Solve the optimization problem (3), Save φkm

10: for e← 1 to 200 do
11: Step (2): ICDRP with uncertainty
12: Solve problem (5), Save αcme

,Θkme

13: Step (2a): Pricing strategy
14: Find the correlation between λ̂DRim

and Θkme,
while αcme

= 1
15: end for
16: end for
17: Optimal strategy ←Min{ΘkmeLMPDR

im

λ̂DRim
D̂Rim

|αcme = 1}

IV. CASE STUDIES

A. Test System

The modified IEEE 9-bus test system is used to evaluate
the feasibility and effectiveness of the proposed risk-averse
pricing strategy. The average daily load consumptions of
three load buses are shown in Fig. 2. We assume that the
reserve capacities and load shedding are the only available
resources to cope with the uncertainty of ICDRP in the real-
time operation of power system. The proposed model is carried
out for the peak demand hour (4 pm to 5 pm). This paper
considers five case studies with different ramp-up capabilities
to investigate the ramp-up capability of predetermined reserves
as an eligibility condition for risk-averse utilization of ICDRP.
We assume that these five different ramp-up capabilities of
reserves are determined before the real-time operation of
power system. Table II provides different ramp-up capabilities
for five cases.

Our proposed pricing strategy should obtain the solutions
to one optimization problem for the prerequisite step, 100
times 200 optimization problems corresponding to each m
and e, and 100 times 18 optimization problems for Shapley
value calculations. In total, our proposed strategy finds the
solutions to 21801 optimization problems in which all of
them are based on the AC-OPF problem. The computer used
for calculation is with Intel Core i7-8650U (2.11 GHz), 16G
RAM. Finding the solutions to the whole optimization process,

Fig. 2. The average daily load consumption of three load buses.
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TABLE II
RAMP-UP CAPABILITY OF PREDETERMINED RESERVES IN FIVE CASE

STUDIES.

Case study Ramp-up capability of predetermined reserves (MW/h)

Bus No.1 Bus No.2 Bus No.3

Case 1 5.5 5.5 4.5
Case 2 27.5 27.5 22.5
Case 3 55 55 45
Case 4 73.3 73.3 60
Case 5 110 110 90

using Julia programming language, takes 9 minutes and 23
seconds. It means that solving each iteration takes about 26
milliseconds. Since each problem is calculated individually
and independently, parallel computing can easily be used in
the computation process. This, in turn, significantly decreases
the computation time for large-scale optimization problems.

B. Results and Discussions

This section presents the results and discussions regarding
applying the proposed risk-averse pricing strategy. It illustrates
the risk assessment of ICDRP utilization and the process of
applying the risk management cost to the pricing strategy of
ICDRP. Further, the impacts of the ramp-up capabilities of
predetermined reserves on the risk management cost of ICDRP
are presented.

1) The First Step (Base Case Without ICDRP Uncertainty):
This step aims to find the maximum amount and price of
purchasing ICDRP using sensitivity analysis on the ICDRP
purchasing price. The results are shown in Fig. 3. The red
dotted line shows the cost of system operation, which is the
total cost of generation units without ICDRP. The green dash-
dotted line shows the impact of the purchasing price of ICDRP
on the total cost of system operation including the cost of
generation and purchasing ICDRP. The total generation cost
shown by the gray dashed line decreases due to the utilization
of ICDRP. The cost reduction of generation units and system
operation due to ICDRP utilization is represented by the
yellow dotted line and black dash-dotted line, respectively. As
can be seen, the benefit of ICDRP utilization decreases with
the increase of price for the purchasing prices higher than
49% of LMP. Besides, the reduction in the purchasing prices,
which are incentives, decreases the customers’ willingness to
participate in the program and the probability of responding to
the contracts. The optimal amount of ICDRP and the average
LMP at different ICDRP purchasing prices is shown in Fig. 4.
For the prices lower than 49%, the optimal amount of ICDRP
is equal to the maximum value that is defined by the eligibility
condition in constraint (2e).

Results show that, before any risk assessment, the system
operator can offer at most 49% of LMP plus the buy-back costs
of the purchased electricity to customers in order to encourage
them to participate in the program. The maximum amount
of ICDRP at this price is about 102.61MWh. The optimal
penetration of ICDRP equals 16.68% of load consumption.
The LMP averages without and after ICDRP utilization equal
35.67$/MWh and 18.43$/MWh, respectively. The optimal
amounts and prices of ICDRP at 49% of LMP for different

Fig. 3. The results of the base case, first step, for the IEEE 9-bus system
using sensitivity analysis of the purchasing price of ICDRP at 4 pm.

Fig. 4. The optimal purchased ICDRP and average LMP (base case).

TABLE III
THE RESULTS OF OPTIMIZATION PROBLEM (2) AT 49% OF LMP.

Bus Number Purchasing price Purchased ICDR at the peak hour
Bus No.5 19.64 $/MWh 29.48MWh
Bus No.7 18.73 $/MWh 48.92MWh
Bus No.9 19.23 $/MWh 24.21MWh

buses have been shown in Table III. Since there is a lim-
ited budget for utilizing ICDRP, the amount of purchasable
ICDRP decreases by increasing the price. Consequently, the
best results are achieved when the purchasing price equals
49% of LMP. The results of the first step demonstrate the
high impacts of ICDRP without uncertainty on the system
operation. Nonetheless, the impacts of utilizing the uncertain
ICDRP needed to be considered.

2) Shapley Value Calculation: From the economic view-
point, the ICDRP participants at different buses should be
penalized based on the impacts of their cooperative behavior
on the risk management cost. The calculated Shapley values
are shown in Fig. 5. As can be seen, for prices lower than
49% of LMP, ICDRP participants on bus no. 7 have a notable
impact on the system operation cost. Nonetheless, as shown in
Fig. 4, the optimal amount of ICDRP at bus no. 7 decreases
when the purchasing price has increased. Consequently, the
Shapley value of this bus decreases when prices are higher
than 49%. In contrast to bus no. 7, bus no. 5 and bus no. 9
are applicable for an extensive range of prices. The Shapley
values of ICDRP participants at buses no. 5 and no. 9 increase
when prices are higher than 49%. Indeed, it implies that the
impact of ICDRP on the power system operation depends



8

Fig. 5. Impacts of ICDRP purchasing price on Shapley value of each bus.

on the amount and price of purchased ICDRP at all buses,
cooperative behavior of participants, and system topology.

The next step evaluates the risk management cost associated
with the uncertain ICDRP and applies it to the pricing strategy
using Shapley values.

3) The Risk-Averse Pricing Strategy: In the proposed risk-
averse pricing strategy, for each ICDRP participant, the proper
pricing policy is selected based on the optimal amount and
purchasing price of ICDRP, the penalty for not responding
to the contract, the impacts of ICDRP participant on the
electricity price, and the ability of system operator to cope
with uncertainties. Sensitivity analyses are carried out to assess
the impacts of ICDRP purchasing price and available financial
budget for risk management on the system operator’s ability
to cope with the uncertainty of ICDRP. The available financial
budget varies from one up to two hundred percent of the
ICDRP purchasing cost. Then, for each case, the uncertainty
radius that the system operator could cope with is determined
using the Shapley value-based IGDT method.

In this section, we assume that the available reserves
are properly determined in the electricity forward markets.
The impacts of available predetermined reserves on the risk-
averse utilization of ICDRP are evaluated in the next section.
Fig. 6 illustrates the relationships between uncertainty radius,
purchasing prices, and available financial budgets for risk
management of ICDRP. The tolerable uncertainty radius of
ICDRP utilization has been shown by different colors. As
can be seen, the ability of the system operator to cope with
the uncertainties of ICDRP increases by increasing the avail-
able budget for risk management and decreasing the ICDRP
purchasing prices. Penalizing the non-responsive participant,
based on the Shapley value, helps the system operator to
cope with ICDRP uncertainty. The points on the border of
the convex area with a crimson color, on the left and down
sides of the figure, show the maximum purchasing prices,

Fig. 6. The results of risk-averse utilization of ICDRP.

minimum penalties, and 100 percent tolerable uncertainty of
ICDRP utilization. Nevertheless, the system operator should
consider other aspects to obtain the best pricing strategy as
well.

Fig. 7 shows the correlation between the incentives and
penalties of the points on the convex area with a crimson
color in Fig. 6. System operators should make a decision
between two boundaries including a low penetration strategy
(maximum λ̂DRk and maximum penalty) and a high penetration
strategy (minimum λ̂DRk and minimum penalty). Purchasing
price λ̂DRk varies from 63% of LMP in the low penetration
strategy to 28% in the high penetration strategy.

Fig. 7. The Ratio between purchasing prices λ̂DR
k and penalties of optimal

points in the border with crimson color in Fig. 6.

As can be seen, for the incentives (λ̂DRk ) greater than
47%, penalties increase and the amount of purchasable ICDRP
at bus no. 7 decreases (due to limited budget for ICDRP
utilization). Consequently, the benefit of ICDRP utilization
decreases. For incentives lower than 47%, penalties and
amount of purchasable ICDRP are constant which discourage
customers from participating in the program. Finally, using the
proposed risk-averse pricing strategy, Fig. 8 shows the relation-

Fig. 8. Relation between the pricing coefficient and ICDRP purchasing price.

TABLE IV
THE OPTIMAL RESULTS AT 47% OF LMP FOR IEEE 9-BUS SYSTEM.

Optimal point Bus Amount of
ICDRP (MW)

Incentive
($/MWh)

Penalty
($/MWh) LMP ($/MWh)

λ̂DR β ICDRP Without

47% 118%
B5 29.48 18.93 22.68 20.06 41.22
B7 48.92 18.01 20.95 18.66 38.43
B9 24.21 18.58 22.41 19.71 39.14
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Fig. 9. Risk-averse ICDRP utilization for the five case studies with different ramp-up capabilities of predetermined reserve (increasing from 1 to 5).

TABLE V
THE RESULTS OF PROPOSED RISK-AVERSE OPTIMIZATION METHOD FOR FIVE CASE STUDIES (LMP AVERAGE WITHOUT ICDRP=35.67$/MWh)

Case
study

Total ramp-up
capability

Optimal point
(α, λ̂DR, β)

ICDRP
penetration

Average LMP
with ICDRP

Bus
number Purchasing price Amount of

ICDRP Shapley value Penalty
($/MWh)

Case 1 15.5 MW/h
{α=100%

0.65% 34.26 $/MWh
B5 39.47 $/MWh 1.5 MWh 0.38 43.32

λ̂DR = 98% B7 0 0 0 0
β=112%} B9 38.75 $/MWh 2.5 MWh 0.62 42.08

Case 2 77.5 MW/h
{α=100%

3.52% 31.91 $/MWh
B5 35.85 $/MWh 8.12 MWh 0.38 38.37

λ̂DR = 89% B7 0 0 0 0
β=107%} B9 35.19 $/MWh 13.55 MWh 0.62 37.66

Case 3 155 MW/h
{α = 100%

7.71% 27.62 $/MWh
B5 30.61 $/MWh 21.05 MWh 0.45 32.35

λ̂DR = 76% B7 29.12 $/MWh 2.17 MWh 0.04 30.82
β=106%} B9 30.05 $/MWh 24.21 MWh 0.51 31.96

Case 4 206.6 MW/h
{α = 100%

11.91% 23.16 $/MWh
B5 25.38 $/MWh 29.48 MWh 0.41 26.41

λ̂DR = 63% B7 24.14 $/MWh 19.54 MWh 0.26 24.77
β=104%} B9 24.91 $/MWh 24.21 MWh 0.33 26.16

Case 5 310 MW/h
{α = 100%

11.91∼16.68% 23.16∼18.33 $/MWh
B5 25.38∼11.28 $/MWh 29.48 MWh 0.41∼0.30 26.41∼22.49

λ̂DR = 63% ∼ 28% B7 24.14∼10.73 $/MWh 19.54∼48.92 MWh 0.26∼0.46 24.77∼21.03
β =104% ∼ 194%} B9 24.91∼11.07 $/MWh 24.21 MWh 0.33∼0.24 26.16∼22.15

ship between the ICDRP purchasing price and the calculated
pricing criterion in equation (6). The optimal pricing strategies
for three buses with ICDRP are the same. Therefore, the sys-
tem operator can purchase maximum ICDRP (102.61MWh)
with maximum incentives and minimum penalties when λ̂DRk
equals 47% of LMP. Table IV represents the optimal results
of the proposed risk-averse pricing strategy at 47% of LMP.

In summary, the results show that the proposed pricing
strategy takes into account the effective parameters in the risk-
averse utilization of ICDRP with the uncertain responsiveness
of participants.

4) Investigating the Reserve Flexibility as An Eligibility
Condition: As mentioned before, we have defined five case
studies with different ramp-up capabilities of reserves to
investigate the flexibility of predetermined reserves, in the
electricity forward markets, as a complementary eligibility
condition for risk-averse utilization of ICDRP. Fig. 9 shows
the tolerable uncertainty radius of ICDRP utilization for five
defined case studies. Table V shows the optimal results of
risk-averse utilization of ICDRP using the proposed pricing
strategy for all five case studies.

In the first case, the best results occur when purchasing price
λ̂DRk equals 98% and β equals 112%. Due to the low ramp-
up capability of predetermined reserves, the system operator
cannot cope with the 100% uncertainty of ICDRP within the
peak-hour when the purchasing price is lower than 96% of
LMP. The results in Table V show that the optimal risk-

averse penetration of ICDRP in the first case equals 0.65% of
load consumption (4 MWh). This level of penetration cannot
decrease the electricity price and improve the operation of
the power system. The results show that, even if the load is
highly flexible and the electricity price highly varies, since
the system operator does not have enough flexibility sources
to cope with the uncertainty of ICDRP, the ICDRP cannot
improve system operation. In fact, solely considering these
two eligibility conditions for utilizing uncertain ICDRP could
even worsen the situation. For instance, if ICDRP is offered to
customers at any price lower than 53% of LMP in the first case,
even by spending twice as the purchasing cost (β = 200), the
system operator cannot cope with more than 6% of the ICDRP
uncertainty.

As shown in Fig. 9 and Table V, the greater the ramp-up
capability of predetermined reserves, the higher the system
operator’s ability to cope with the uncertainty of ICDRP. The
benefit of ICDRP utilization, the tolerable uncertainty radius,
and the maximum amount of purchased ICDRP increase from
case 2 to case 5. The average LMP and the penalties also de-
crease by increasing the ramp-up capability. The results show
that ICDRP is a feasible resource when the ramp-up capability
of predetermined reserves is high. Therefore, it implies that the
responsiveness uncertainty of ICDRP participants is needed to
be considered in the process of selecting required reserves in
the electricity forward markets.

In cases 2, 3, and 4, since there is a straight border of
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crimson color with the same purchasing price on the right
side of the figures, only one non-dominated optimal point
exists which is the last point with a crimson color on the
left side of the border. The non-dominated optimal point in
case 2 shows that the system operator can cope with 100%
uncertainty of ICDRP when λ̂DRk and β equal 89% and 107%,
respectively. The results of non-dominated points in cases 3,
4, and 5 have been shown in Table V. In case 5, since a high
level of flexibility sources is available, the system operator can
cope with 100% uncertainty of ICDRP within a more inclusive
range of penalties and the amount and purchasing price of
ICDRP. Therefore, there is a convex border with a crimson
color. Table V shows the results associated with the best
optimal point in case 5. As can be seen in Table III, Table IV,
and Table V, the results of the best point in case 5 are close
to the results of the utilization of ICDRP without uncertainty.
It shows that the proposed pricing strategy makes ICDRP a
more reliable ancillary service provided the system operator
has access to adequate reserve in the real-time operation.

Therefore, the flexibility of predetermined reserves in the
electricity forward markets should be considered as a com-
plementary eligibility condition for risk-averse utilization of
ICDRP with the uncertain responsiveness of the participants.

V. CONCLUSIONS

A risk-averse Shapley value-based pricing strategy has been
proposed to successfully exploit the benefits of ICDRP in the
frequency regulation market. Sensitivity analyses are carried
out to evaluate the impacts of available financial resources
and the ramp-up capability of predetermined reserves on
the system operator’s ability to cope with the uncertainty
of ICDRP. The proposed method can assess and optimally
manage the risks associated with ICDRP utilization. The
risk management costs have been considered in the proposed
risk-based pricing strategy which makes the system operator
capable of purchasing ICDRP with an extended range of
incentives and penalties. The results also indicate that the
ramp-up capability of available reserves should be considered
an eligibility condition for risk-averse utilization of ICDRP. In
fact, it demonstrates that the uncertainty of ICDRP should be
considered in the process of determining the required reserve
in the forward electricity markets. Further studies are needed to
investigate the impacts of utilizing uncertain ICDRP in multi-
interval real-time electricity markets.
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A B S T R A C T

Dynamic line rating (DLR) is a grid enhancing technology to enable a more effective use of transmission
capacity of existing infrastructure. The growth in load consumption along with a high integration of electric
vehicles (EV) highlights the potential of DLR utilization for reducing the congestion costs and overloading
risks. Selecting the proper lines for DLR implementation is necessary to exploit optimally the benefits of DLR.
In this paper, we propose risk assessment criteria to select proper lines for DLR implementation to minimize
the system operation costs and the risk of overloading caused by high EV integration. A stochastic method is
introduced to model the uncertain behavior of EV in charging stations. Furthermore, we analyze the impact of
inherent uncertainties in DLR by comparing different DLR percentages. The benefits of using DLR in different
percentages are then quantified in terms of supply and interruption costs. The results show improvements in
system supply cost, system reliability, and operation risks.

1. Introduction

The increased utilization of electric vehicles (EVs), as a part of
growing electricity consumption integration, plays an essential role in
making transmission lines congested. Transmission lines are a critical
component of power systems which significantly affect the reliable
and affordable electric power delivery [1]. The thermal limit is one
of the main constraints which restricts the capacity of the transmission
lines. The thermal limit expresses the maximum operating temperature
at which a line can be operated without violating reliability and safety
requirements. The highest permissible load current that corresponds
to the maximum temperature is typically determined by using the
worst-case weather conditions, known as static line rating (SLR).

There are many hours in a year with higher wind speed or lower
temperature. Keeping the current below the SLR would lead to the
under-utilization of the line during most hours of the year and a large
hidden current-carrying capacity. Dynamic Line Rating (DLR) on the
other hand employs a time-varying current capacity dependent on the
weather conditions and line characteristics. DLR allows exploiting more
of the hidden capacity of the transmission line and operating much
closer to its maximum physical capacity. Consequently, DLR utilization
allows network operators to take advantage of the fact that lower
temperatures and higher winds could provide cooling that increases the
thermal limits of transmission lines [2,3]. Compared to the transmission
expansion planning process, DLR is more profitable from technical and
economical viewpoints since it utilizes the maximum plausible capacity

∗ Correspondence to: Forskargatan 1, 931-87, Skellefteå, Sweden.
E-mail address: hamed.bakhtiari@ltu.se (H. Bakhtiari).

of the existing grid infrastructure [4]. Furthermore, the implementation
of DLR can also enhance the efficiency of the power system operation.

Several papers have studied DLR technology with a focus on reliev-
ing transmission line congestion. In [5,6], authors proposed congestion
management models considering DLR in real-time operation. Both mod-
els represent that DLR integration helps to mitigate the congestion and,
consequently, it reduces the congestion costs. In [7], sequential Monte
Carlo simulation has been used to assess the impact of DLR on the
reliability of the network. It has been shown that calculating the dy-
namic thermal limits of highly loaded lines improves the reliability and
protects transmission equipment by informing protection devices. A
stochastic transmission expansion planning has been introduced in [8]
incorporating DLR. The model assists in preventing the expansion of
new transmission lines. Authors in [9] proposed an adaptive DLR to in-
crease system ramping capabilities and to provide loading relief during
operation and short-term planning. A mathematical framework, around
DLR, is proposed in [10] to better facilitate the integration of wind
farms considering (N-1) and (N-2) outages. The approach in [11] uses a
probabilistic DLR analysis and quantifies associated risks by increasing
the load levels. Studies in [12,13] quantify the risks and benefits of
DLR implementation through a field study. Likewise, authors in [14]
showed the applicability of using DLR on long lines without violating
other limits. A flexible load shedding scheme based on real-time DLR is
proposed in [15]. Authors showed that DLR implementation can help to

https://doi.org/10.1016/j.epsr.2022.108643
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Nomenclature

Parameters

𝑉 Voltage magnitude.
𝑃𝐿∕𝑄𝐿 Total active/reactive power consumption.
𝑃𝐸 Active power consumption by electric vehi-

cles.
𝑅𝑈𝑖∕𝑅𝐷𝑖 Ramp up/down limit for unit i.
𝑃𝑆 Active power of lines with SLR.
𝑃 rc Value represents different percentages of

DLR.

Indices

𝑡 Index for time period, 𝑡 ∈ 𝑇 .
𝑙 Index for lines, 𝑙 ∈ 𝐿.
𝐷 Index of a line with DLR, 𝐷 ∈ 𝐿.
𝑖, 𝑗 Index for Buses, 𝑖, 𝑗 ∈ 𝑁 .
𝑠 Index for scenarios

Sets

𝑁𝐺 Set of generation buses.
𝑁 Set of buses.
𝐿 Set of branches.
𝜔 Set of scenarios.
𝑇 Set of hourly time period.

Variables

𝑛 Frequency of a failure.
𝐶𝑆 Supply cost with SLR.
𝑅tot Total risk.
𝐸con Economic indicator.
𝑇𝑐 Total production cost.
𝑆𝐷∕𝑆𝑙 Apparent power of lines with/without DLR.
𝑃𝑔∕𝑄𝑔 Active/reactive power generated by units.
𝐹𝑟 Failure rate.
𝐶int Interruption cost.
𝑃new Active power of lines with different per-

centages of DLR.
𝑃𝐷 Active power of lines with DLR.

Abbreviation

𝐷𝐿𝑅∕𝑆𝐿𝑅 Dynamic/Static Line Rating.
𝐸𝑉 Electric Vehicle.
𝐸𝐸𝑁𝑆 Expected Energy not Supplied.
(𝑀𝐶)3 Metropolis-Coupled Markov chain Monte

Carlo.
𝑉 𝑂𝐿𝐿 Value of Lost Load.
𝑆𝑇𝑃𝑀 Stochastic Transition Probability Matrix.
𝑀𝑆𝐸𝐾 Million Swedish Krona.
𝑂𝑃𝐹 Optimal Power Flow.

reduce congestion costs and therefore load-shedding risk. An overview
of some practical implementations of DLR is also presented in [16].

One concern in implementing DLR is to identify suitable transmis-
sion lines. Several methods have been introduced to select candidate
lines for DLR implementation. In [17], a statistical approach has been
presented for identifying critical spans along long lines. Results in [18]
demonstrated that having DLR on every line does not necessarily
increase the reliability of the system; it is important to have a concrete

model for properly selecting lines. Moreover, dynamic rating does not
seem to be useful for lightly loaded transmission lines, except during
contingencies. Authors in [19] show that lines can be selected for DLR
employment based on their load levels. Another alternative is to select
transmission lines with high historical congestion problems [20]. In
particular, lines can be selected among frequently congested lines as
congestion constraints can necessitate increased capacity. In [21], line
selection is proposed based on historical-simulated weather data to
select DLR for lines with a critical span. A method for the optimal
allocation of the energy storage system, wind farm, and solar plant is
presented in [22]. A security-constrained unit commitment problem is
then developed to find the candidate lines with minimum load shedding
cost. As mentioned above, a high EV integration impacts the overall
operation of the power system. For instance, congestion may occur
in already heavily loaded lines where the peak load periods coincide
with EV consumption periods [23]. Therefore, it is important to have
an accurate consumption behavior for further analysis of transmission
lines with a high associated risk of overloading. Due to medium to
low levels of EV integration it is difficult to have a large data set [24].
Consequently, accurate long-term predictions are difficult. Moreover,
the data set needs to be correlated with drivers’ behavior and with
the presence of other types of load. There are several methods to
model EV behavior by considering deterministic approaches. However,
the stochastic modeling could reveal more realistic EVs characteristics.
Detailed analysis of EV behavior has been presented in [24], where the
distribution of vehicles in the charging stations, their average plug time,
and the energy shortage, are modeled using a Markov chain simulation.
Stochastic models based on the probability distribution of EV numbers
are proposed in [25,26], and [27]. In [28], the random charging time,
charging duration, and charging locations are modeled using a Monte-
Carlo simulation. However, most of the aforementioned studies need
a significant amount of data for determining a proper time series to
represent EV consumption behavior.

In this paper, we propose a line selection method to find the suitable
placement of DLR on transmission lines. The method is based on three
evaluation criteria to assess the risk of DLR utilization. It considers the
technical and economical aspects of DLR with high EV integration. A
stochastic model for EV consumption is used that considers high EV
integration. The EV consumption behavior is modeled using modified
Metropolis-coupled Markov chain Monte Carlo simulation (𝑀𝐶)3 [29].
This simulation method is able to accurately represent the seasonality
of uncertainty sources, short-term and long-term trends, the relation-
ship between different sources of uncertainty, continuity of samples,
and time dependency. For evaluating the performance of the line
selection method, an optimization process is formulated through AC
optimal power flow (AC-OPF). The pre-selection of the suitable lines is
performed according to the priority list method. As part of the study, we
define different DLR percentages to analyze the impact of DLR inherent
uncertainty on its cost benefits.

In summary, the contributions of this paper are as follows:

• We Propose a new method to select proper lines for DLR imple-
mentation considering the technical and economical aspects of
power system operation.

• We develop the existing criteria comprising the risk-based crite-
ria, the expected energy not supplied (EENS), the failure rate (Fr),
and the economic-based criteria (Econ) to identify proper lines
for DLR implementation. The benefits of using DLR are analyzed
through calculating the cost of interruption with different DLR
percentages.

• We develop the Metropolis-Coupled Markov chain Monte Carlo
simulation (MC)3 to model the stochastic behavior of EV con-
sumption at different times of the day.

For evaluating the proposed method’s performance, simulations are
presented in MATLAB software for the IEEE 39-bus test system [30,31].
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The rest of the paper is organized as follows. Section 2 introduces
methodologies, including DLR technology, EV modeling with (𝑀𝐶)3

method, and formulates the optimization problem. The test system
is introduced in Section 3. In Section 4 results and discussion of
the proposed model are presented and finally Section 5 presents the
conclusions from the study.

2. Methodology

In this section, we first explain the applied models for DLR and
EV consumption. Then, the proposed risk criteria for selecting the
suitable lines are presented. Afterward, we propose an optimization
procedure with three consecutive steps to find the suitable lines for DLR
implementation.

2.1. Dynamic line rating

DLR is a flexibility source during the operation stage of the power
system. The use of DLR as a flexibility option has many potential techni-
cal and economic benefits. Some TSOs have invested in DLR technology
to increase their operational flexibility and enhance their asset man-
agement strategy [32]. An essential part of any DLR implementation is
the measurement or estimation of the conductor temperature. Several
industrial standards provide guidelines for assessing temperature and
rating of overhead lines. Two of the most commonly used methods,
IEEE [33] and CIGRE [34], give similar results, and can be considered
equivalent [35]. Line rating calculations in this study use the procedure
outlined in IEEE std. 738 [33]. Under steady-state conditions, the total
heat gain of the conductor is equal to the total heat loss according to
the heat balance Eq. (1),

𝑞𝑠 + 𝑞𝑗 (𝑇𝑐 , 𝐼) = 𝑞𝑐 (𝑇𝑐 , 𝑇𝑎, 𝑉𝑚, 𝜑) + 𝑞𝑟(𝑇𝑐 , 𝑇𝑎) (1)

where 𝑞𝑠 represents the heat absorbed from solar radiation and 𝑞𝑗 is
the joule heating of the conductor due to resistive losses. The amount
of heat emitted into the environment is described by 𝑞𝑐 and is depen-
dent on the conductor temperature, 𝑇𝑐 , ambient temperature, 𝑇𝑎, wind
speed, 𝑉𝑚, and wind angle attack, 𝜑. The radiated heat loss, 𝑞𝑟, depends
on the difference between the conductor and ambient temperature. The
line rating, the current that would cause the temperature 𝑇𝑐 of the
conductor to reach its maximum allowable value, 𝑇𝑚𝑎𝑥, can be obtained
from (2) for known weather parameters. That allows us to calculate the
current for which the conductor, in steady state, reaches its maximum
allowable temperature. In this paper, we define the line rating for
given weather parameters and maximum conductor temperature by the
following equation,

𝐼 =

√

𝑞𝑐 (𝑇𝑚𝑎𝑥, 𝑇𝑎, 𝑉𝑚, 𝜑) + 𝑞𝑟(𝑇𝑚𝑎𝑥, 𝑇𝑎) − 𝑞𝑠
𝑅(𝑇𝑚𝑎𝑥)

(2)

2.2. EV modeling using modified (𝑀𝐶)3

In order to model the stochastic behavior of EV load consumptions,
a modified (𝑀𝐶)3 simulation is used, as presented in [29]. The method
predicts the stochastic behavior of uncertainty sources considering the
cross dependency between those sources, continuity between generated
samples, time dependency, short-term and long-term trends, and the
seasonality of the uncertainty sources. Fig. 1 illustrates the whole
process of predicting the stochastic behavior of EV uncertainty using
the modified (𝑀𝐶)3 simulation model.

To implement the modified (𝑀𝐶)3 simulation, prior probability
distribution and a likelihood function are required. Furthermore, a
curve-fitting method is applied to determine the representative PDF of
each time-slice which is then used as the prior distribution function for
relative time-slice. The likelihood function is calculated by multiplying
two functions; one is related to each time-slice and the second is related
to each source of uncertainty. These two functions are calculated based

on the stochastic transition probability matrix (STPM) in the Markov
chain model. Two Markov chain models have been considered in
the modified (𝑀𝐶)3 model. One model is assigned to each source of
uncertainty and another to each time-slice. According to these models,
the range of the variation of samples is divided into several sections
with equal intervals to define each Markov chain state. The iterative
process of the modified (𝑀𝐶)3 model is summarized as follows [29]:

• Let us say 𝜙𝑚 is our current state. We generate a random value
�́�𝑚 for each possible chain 𝑚 ∈ {1,… , 𝑛}. Then, in each iteration
of (𝑀𝐶)3 simulation, we raise the posterior distribution function
to the power of a fractional value of the number of chains 𝛽𝑚.
Afterward, we generate a random number based on the uniform
distribution function and compare it with the following formula
to decide about the acceptance of �́�𝑚:

𝑅𝑚 = 𝑚𝑖𝑛
{

1,

(

ℎ(𝑋|�́�𝑚)
ℎ(𝑋|𝜙𝑚)

×
𝑓 (�́�𝑚)
𝑓 (𝜙𝑚)

)𝛽𝑚

×
𝑔(𝜙𝑚)
𝑔(�́�𝑚)

}

(3)

𝛽𝑚 = 1
1 + 𝛥𝑇 (𝑚 − 1)

, ∀ 𝑚 ∈ 1,… , 𝑛 (4)

We accept �́�𝑚 provided 𝑅𝑚 is greater than the randomly generated
number.

• We randomly select two chains 𝑢 and 𝑧 in order to exchange the
states. Then, We accept the swap by comparing a new randomly
generated number, based on the Uniform distribution function,
with the following formula:

𝑅 = 𝑚𝑖𝑛
{

1,
ℎ(𝜙𝑢|𝑋)𝛽𝑧ℎ(𝜙𝑧|𝑋)𝛽𝑢

ℎ(𝜙𝑧|𝑋)𝛽𝑧ℎ(𝜙𝑢|𝑋)𝛽𝑢

}

(5)

Then, we accept the proposed swap provided 𝑅 is greater than
the randomly generated number.

where, functions ℎ and 𝑓 are the likelihood and prior distribution
functions, 𝜙𝑚 and �́�𝑚 are the current and proposed states for chain 𝑚,
and 𝑔(�́�𝑚) is the probability of proposing a new state. Symbol 𝛥𝑇 shows
the temperature increment parameter which should be greater than
one. We determine the value of 𝛥𝑇 in such a way that the acceptance
rate of swapping is between 20% and 60% [36]. To be more specific,
we ‘‘heat’’ some of the chains by increasing the posterior probability
to the power of 𝛽𝑚. Accordingly, the acceptance probability of new
states increases by heating a Markov chain. Consequently, the (𝑀𝐶)3

simulation model goes through all the possible states of the Markov
chain and generates samples with even a very low probability provided
the iterative process of the (𝑀𝐶)3 simulation model is repeated for a
sufficiently large number of iterations.

Taking the results from the modified (𝑀𝐶)3 model and setting the
optimization parameters constitute the first and second steps of the
model. The initial point is determined by performing the algorithm for
a sufficiently large number of iterations. The sample obtained from the
last iteration is considered as the initial point of the modified (𝑀𝐶)3

model. Afterward, the modified (𝑀𝐶)3 is applied to the rest of the
iterations until the iterations cover the entire period under study.
If all constraints have been satisfied, the designated samples form
the predicted representative time series, otherwise, the optimization
parameters should be adjusted from the first iteration.

2.3. Line selection criteria

This study proposes three indicators including two risk-based crite-
ria and one economic-based criterion to define a priority list of lines
for DLR implementation. In this study, risk is evaluated based on the
impact of DLR on the failure rate (Fr), and expected energy not supplied
(EENS). A failure is defined as a situation in which a number of EVs
cannot be charged to avoid that the line loading exceeds the static or
dynamic rating, i.e. to avoid the line from being overloaded. Eq. (6)
defined the failure rate as the number of times, over the total time
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Fig. 1. The process of the modified (𝑀𝐶)3 simulation model for predicting the stochastic behavior of EV.

under study, that a line would be overloaded. The probability of load
shedding due to overloading is shown in Eq. (7). The fraction represents
the amount of demanded EV charging that cannot be delivered; it is
calculated as the total difference between power flow and maximum
flow over the total flow not satisfied.

Frl =
∑

𝑡 𝑛(𝑆𝑙𝑡 > 𝑆𝑙max
)

𝑇
, ∀𝑙 ∈ 𝐿 (6)

EENSl =
∑

𝑡(𝑆𝑙𝑡 − 𝑆𝑙max
)

∑

𝑡(𝑆𝑙𝑡 )
, ∀ {𝑙 ∈ 𝐿 ∣ 𝑆𝑙𝑡 > 𝑆𝑙max

} (7)

These risk-based criteria are used for identifying thermally con-
gested lines. Meanwhile, some lines are not congested by overloading
but still have the potential for DLR. An economic-based criterion, (𝐸con),
is used for identifying these lines. Eq. (8) describes the total difference
between DLR of each line and power flow. Implementing DLR on such
lines will prevent overloading in other thermally limited lines while
providing a cost-effective operation.

Econl =
𝑇
∑

𝑡=1
(𝑆𝐷𝑡

− 𝑆𝑙𝑡), ∀{𝑙 ∈ 𝐿, 𝐷 ⊆ 𝑙|𝑆𝐷𝑡
⟩𝑆𝑙𝑡} (8)

Afterward, with respect to certain weighing values, the total risk
(𝑅tot) is calculated in Eq. (9) according to the estimated EENS, 𝐹𝑟,
and 𝐸con. The weighing values are defined based on the impact of each
criterion on the total risk.

𝑅totl = 𝑤1 (EENSl) +𝑤2 (Econl) +𝑤3 (Frl), ∀𝑙 ∈ 𝐿 (9)

where 𝑤1, 𝑤2, and 𝑤3 are weighing values that are given to evaluation
criteria. For this study, we assume that EENS has the highest impact in
the calculation. Thus, 𝑤1 has the highest value, (𝑤1 = 0.6). It shows
the impact of congested lines on the supply cost. To assign the impact
of 𝐸con, 𝑤2 is set to be 0.3. This value describes lines with less potential
in increasing the line capacity with DLR. And finally, 𝑤3 is set to 0.1.

Improving the grid capacity to accept increased consumption is one
of the benefits achieved by DLR. But, more consumption needs more
production which leads to increased supply cost. In this context, to
quantify the benefits of DLR in terms of less EV curtailment, we use
Eq. (10). It shows the total difference between consumed power from
EV that can be supplied with DLR and SLR. The difference is then
multiplied by the value of lost load 𝐶VOLL and added to the supply cost
before DLR, to give the total load shedding cost, 𝐶int .

𝐶int = 𝐶𝑆 + (𝑃𝑆 − 𝑃𝐷)𝐶𝑉 𝑂𝐿𝐿 (10)

where 𝐶S is the supply cost before applying DLR. 𝑃S and 𝑃D% are power
consumptions before and after applying DLR. 𝐶VOLL is an economic

value that is given to consumers as a result of curtailment due to
capacity shortage. In this part, the value of VOLL used is for planned
interruptions and obtained from the Swedish industry year 2016, that
is 68.76 𝑆𝐸𝐾∕𝑘𝑊 ℎ [37].

2.4. DLR line selection procedure

This section illustrates the proposed DLR line selection procedure.
An overview of the proposed method is given in Fig. 2. The proposed
optimization process selects the proper lines for DLR implementation.
The main objective of the proposed three-step process is to minimize
the supply cost with maximum EV consumption.

Initially, the AC-OPF is carried out without any DLR implementation
on lines. This is a prerequisite step to estimate the EENS and 𝐹𝑟. In this
step we do analysis to find maximum number of EVs.

Next, we assume that all lines are equipped with DLR, and AC-OPF
is carried out once again. It is the first step in the simulation process
to find the potential lines by evaluating both risk and economical
criteria. Then, 𝑅𝑡𝑜𝑡 is calculated by assigning weights to each of the
aforementioned criteria. Based on the results, nominated lines are
ranked in the priority list. The line with the highest 𝑅𝑡𝑜𝑡 is ordered
first. During the simulation process, DLR is considered as an exogenous
variable. Thus, the results of the optimization do not affect the values
of DLR.

Finally, in the last step, the nominated lines are included in the
optimization problem. The process begins by selecting the first line
on top of the priority list. The expected 𝑅𝑡𝑜𝑡 is then calculated with
the maximum number of EVs that can be connected to chargers. The
iteration is finished when the expected 𝑅𝑡𝑜𝑡 becomes equal to zero.
Otherwise, the next line in the list is selected until the end of the list.

2.4.1. AC-OPF without DLR (prerequisite condition)
This is a necessary step of the proposed model before applying DLR.

The objective function (11a) minimizes the total supply cost in the
presence of EVs.

Minimize
𝑣𝑖𝑡 ,𝜃𝑖𝑗𝑡 ,𝑃𝑔𝑖𝑡 ,𝑄𝑔𝑖𝑡

∑

𝑡∈𝑇

∑

𝑖∈𝑁𝐺
𝑓𝑖(𝑃𝑔𝑖𝑡 ) (11a)

subjected to:

𝑓𝑖(𝑃𝑔𝑖𝑡) = 𝛼𝑖𝑃𝑔
2
𝑖𝑡 + 𝛽𝑖𝑃𝑔𝑖𝑡 + 𝑐𝑖, ∀𝑖 ∈ 𝑁𝐺 , 𝑡 ∈ 𝑇 (11b)

𝑃𝑔𝑖𝑡 − 𝑃𝐿𝑖𝑡 − 𝑃𝐸𝑉𝑖𝑡 =
𝑉𝑖𝑡

∑𝑁
𝑗=1 𝑉𝑗𝑡(𝐺𝑖𝑗𝑐𝑜𝑠𝜃𝑖𝑗𝑡 + 𝐵𝑖𝑗𝑠𝑖𝑛𝜃𝑖𝑗𝑡), ∀𝑖, 𝑗 ∈ 𝑁, 𝑡 ∈ 𝑇

(11c)
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Fig. 2. Flowchart of the proposed line selection procedure.

𝑄𝑔𝑖𝑡 −𝑄𝐿𝑖𝑡 = 𝑉𝑖𝑡
𝑁
∑

𝑗=1
𝑉𝑗𝑡(𝐺𝑖𝑗𝑠𝑖𝑛𝜃𝑖𝑗𝑡 − 𝐵𝑖𝑗𝑐𝑜𝑠𝜃𝑖𝑗𝑡), ∀𝑖, 𝑗 ∈ 𝑁, 𝑡 ∈ 𝑇 (11d)

𝑃𝑔𝑚𝑖𝑛𝑖 ≤ 𝑃𝑔𝑖𝑡 ≤ 𝑃𝑔𝑚𝑎𝑥𝑖 , ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 (11e)

𝑄𝑔𝑚𝑖𝑛𝑖 ≤ 𝑄𝑔𝑖𝑡 ≤ 𝑄𝑔𝑚𝑎𝑥𝑖 , ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 (11f)

𝑉 𝑚𝑖𝑛 ≤ 𝑉𝑖𝑡 ≤ 𝑉 𝑚𝑎𝑥, ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 (11g)

𝑃𝑔𝑖𝑡 − 𝑃𝑔𝑖(𝑡−1) ≤ 𝑅𝑈𝑖, ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 (11h)

𝑃𝑔𝑖(𝑡−1) − 𝑃𝑔𝑖𝑡 ≤ 𝑅𝐷𝑖, ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 (11i)

𝑆𝑙𝑡 ≤ 𝑆𝑙𝑚𝑎𝑥 , ∀𝑙 ∈ 𝐿, 𝑡 ∈ 𝑇 (11j)

{𝑣𝑖𝑡, 𝜃𝑖𝑗𝑡, 𝑃𝑔𝑖𝑡 , 𝑄𝑔𝑖𝑡} ∈ R (11k)

where, constraint (11b) shows the cost function of each generator. The
active and reactive power balance constraints are shown by (11c) and
(11d), respectively. Constraints (11e) and (11f) illustrate the unit gen-
eration limits. Voltage limits, the unit ramping up and down capability
limits are shown by constraints (11g), (11h), and (11i), respectively.
Constraint (11j) represents the typical loading capability of the line.
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2.4.2. AC-OPF with DLR on all lines (first step)
The objective function (12a) minimizes the total supply cost when

the power flow limit of all lines changes from SLR to DLR, Eq. (12b)

Minimize
𝑣𝑖𝑡 ,𝜃𝑖𝑗𝑡 ,𝑃𝑔𝑖𝑡 ,𝑄𝑔𝑖𝑡

Objective Function of (11a) (12a)

subject to (11b)–(11i), (11k), and:

𝑆𝑙𝑡 ≤ 𝑆𝐷𝑡
, ∀𝑙 ∈ 𝐿, 𝑡 ∈ 𝑇 (12b)

There are several factors that need to be taken in to account in order
to go forward to the second step. First, if DLR in all lines cannot solve
the congestion problem, the number of EVs should be reduced and the
first step repeated until finding the maximum number of EVs. Second,
the selection of the weighting values, as part of 𝑅𝑡𝑜𝑡 estimation, is an
important part that directly impacts the final results and values would
be different in different system studies. Third, the voltage limit must
be satisfied according to Eq. (11g).

2.4.3. AC-OPF with DLR on feasible scenarios (second step)
The objective function in Eq. (13a) is minimizing the total supply

cost for all selected scenarios.
Minimize

𝑣𝑖𝑡𝑠 ,𝜃𝑖𝑗𝑡𝑠 ,𝑃𝑔𝑖𝑡𝑠 ,𝑄𝑔𝑖𝑡𝑠

∑

𝑡∈𝑇
∑

𝑖∈𝑁𝐺
𝑓𝑖(𝑃𝑔𝑖𝑡𝑠 ) (13a)

subjected to:

𝑓𝑖𝑡𝑠(𝑃𝑔𝑖𝑡𝑠) = 𝛼𝑖𝑃𝑔
2
𝑖𝑡𝑠 + 𝛽𝑖𝑃𝑔𝑖𝑡𝑠 + 𝑐𝑖, ∀𝑖 ∈ 𝑁𝐺 , 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔 (13b)

𝑃𝑔𝑖𝑡𝑠 − 𝑃𝐿𝑖𝑡 − 𝑃𝐸𝑉𝑖𝑡 =
𝑉𝑖𝑡𝑠

∑𝑁
𝑗=1 𝑉𝑗𝑡𝑠(𝐺𝑖𝑗𝑐𝑜𝑠𝜃𝑖𝑗𝑡𝑠 + 𝐵𝑖𝑗𝑠𝑖𝑛𝜃𝑖𝑗𝑡𝑠), ∀𝑖, 𝑗 ∈ 𝑁, 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔

(13c)

𝑄𝑔𝑖𝑡𝑠 −𝑄𝐿𝑖𝑡 =
𝑉𝑖𝑡𝑠

∑𝑁
𝑗=1 𝑉𝑗𝑡𝑠(𝐺𝑖𝑗𝑠𝑖𝑛𝜃𝑖𝑗𝑡𝑠 − 𝐵𝑖𝑗𝑐𝑜𝑠𝜃𝑖𝑗𝑡𝑠), ∀𝑖, 𝑗 ∈ 𝑁, 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔

(13d)

𝑃𝑔𝑚𝑖𝑛𝑖 ≤ 𝑃𝑔𝑖𝑡𝑠 ≤ 𝑃𝑔𝑚𝑎𝑥𝑖 , ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔 (13e)

𝑄𝑔𝑚𝑖𝑛𝑖 ≤ 𝑄𝑔𝑖𝑡𝑠 ≤ 𝑄𝑔𝑚𝑎𝑥𝑖 , ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔 (13f)

𝑉 𝑚𝑖𝑛 ≤ 𝑉𝑖𝑡𝑠 ≤ 𝑉 𝑚𝑎𝑥, ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔 (13g)

𝑃𝑔𝑖𝑡𝑠 − 𝑃𝑔𝑖(𝑡−1)𝑠 ≤ 𝑅𝑈𝑖, ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔 (13h)

𝑃𝑔𝑖(𝑡−1)𝑠 − 𝑃𝑔𝑖𝑡𝑠 ≤ 𝑅𝐷𝑖, ∀𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔 (13i)

𝑆𝑙𝑡𝑠 ≤ 𝑆𝑚𝑎𝑥
𝑙𝑡𝑠

, ∀𝑙 ∈ 𝐿, 𝑡 ∈ 𝑇 , 𝑠 ∈ 𝜔 (13j)

{𝑣𝑖𝑡𝑠, 𝜃𝑖𝑗𝑡𝑠, 𝑃𝑔𝑖𝑡𝑠 , 𝑄𝑔𝑖𝑡𝑠} ∈ R (13k)

Eqs. (13a)–(13j) are the same as Eqs. (11a)–(11j), but for certain
scenarios of candidate lines.

3. Test systems

We apply our proposed method to a modified IEEE 39-bus test
system to study its performance. The weather data used in this paper
is the weather data of a city in northern Sweden and taken from the
Swedish Meteorological and Hydrological Institute (SMHI).

The ambient temperature of the SLR case is considered to be equal
to the maximum temperature of all seasons, 25 ◦ C, wind speed
0.6 m/s, and that wind direction is in parallel with the overhead line.
The rating of conductors is calculated for 75 ◦ C maximum conductor
temperatures, and transmission lines are rated hourly based on the
weather parameters of their location.

The EV consumption is obtained from seven charging stations in
a city in Sweden to model the uncertain behavior of EVs in charging
stations. It is assumed that charging stations have slow chargers up to
7 kW and are spread over all load buses. Moreover, charging stations

Fig. 3. Consumption without EV integration.

are for commercial purposes and there will be no EV consumption
between 9 pm and 6 am. Therefore, the value of EV consumption
equals zero in this period. Furthermore, it is assumed that the number
of stations in the area is known and is sufficient to cover all EV
connections. Fig. 3 represents the loading profile, before EV integration.

In this study, it is assumed that the consumption is known. But
increased consumption is due to EV integration and the variation in
consumption is from the uncertainty in EV behavior. In this context,
any load shedding is also referred to EV disconnection from the grid.

Finally, we define four cases with 25%, 50%, 75%, and 95% per-
centages of DLR to address inherent uncertainty in DLR. We first calcu-
late the difference between DLR and SLR to find the new rating. Then
the calculated amount is multiplied by each of the aforementioned
percentages. Finally, this value is added to the existing SLR to get the
new DLR value, Eq. (14). Different percentages of DLR are used for
calculating the reliability worth of DLR and to what extent we can get
benefits. The results are then compared to the case with SLR.

𝑃new = 𝑃𝑆 + (𝑃𝑆 − 𝑃𝐷)𝑃 rc (14)

Where 𝑃𝑛𝑒𝑤 is the calculated power after adding different percentages
and 𝑃𝑟𝑐 is representing different percentages. The flowchart in Fig. 4
describes the process.

4. Simulation results

In this section, simulation results of the proposed line selection
method are presented for the aforementioned test system. Following
that, we analyze the impact of different percentages of DLR on the
performance of the system. Finally, the reliability worth in each of the
scenarios has been calculated.

4.1. Stochastic model of EV load consumption

Four time-slices have been considered to represent the different
times of the day. Fig. 5 shows the histogram and the time series of
the historical EV consumption data. As mentioned earlier, there is a
dominant rise in zero in Fig. 5(a) since there is no EV consumption
at night. While during the day there is a considerable variation in
the charging consumption of stations, Fig. 5(b). This highlights the
uncertainty of EV behavior that depends on times of the day and that
should be considered during EV modeling.

Fig. 6(a) shows the histogram of the generated samples from EVs.
Comparing Figs. 5(a) and 6(a), there is a considerable correlation be-
tween the histograms of historical data and the generated data obtained
from the modified (𝑀𝐶)3 model. As can be seen in Fig. 6(b), the
association between generated samples and the time and date of the day
has been simulated. The results show that the model has addressed the
stochastic behavior of EV consumptions, including time dependency,
continuity of values, and probability distribution function [29].
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Fig. 4. Flowchart to show the impact of DLR percentages on the maximum-acceptable number of EVs.

Fig. 5. (a) The histogram of the historical data of EV consumption, (b) Time-series of the generated samples for EV consumption.

Table 1
List of candidate lines obtained from prerequisite step.

Line Number 27 3 5 13

𝑅𝑡𝑜𝑡 0.87 0.77 0.30 0.30

4.2. Results from line selection method

Four candidate lines, 27, 3, 5, and 13 are selected as most suitable
to be equipped with DLR by using the risk evaluation, Table 1.

Line 27 has the highest 𝑅𝑡𝑜𝑡 with 0.87 and line 13 has the lowest
value, 0.3. Figs. 7 to 10 illustrate the results from the method on the
rating of each line. DLR is shown by a red line and a dashed orange line
represents the SLR. The black line shows the highest consumption (pre-
EV plus EV charging demand) that can be supplied without violations
when DLR is used. Without DLR, the line loading will be limited by

the SLR as shown by a black line. As can be seen, DLR has a high
potential for increasing the line capacity. Without DLR, during certain
hours the line exceeds its static rating and there is a need to shed some
EV consumption. Only by taking line 27 and implementing DLR on it,
congestion in lines 5 and 13 become solved. Taking into account line
3 in addition to line 27 helps to bring the expected 𝑅𝑡𝑜𝑡 down to zero.
Whereas, with static rating 𝑅𝑡𝑜𝑡 was estimated to be 0.87. The method
can find the minimum set of lines for applying DLR.

Through our proposed method we would be able to remove con-
gestion on overloaded lines. In addition, the method helps to improve
the maximum capacity of other lightly loaded lines. It will therefore
reduce the need for curtailment in the coming hours. DLR may not
always have the resolution to represent the actual line rating [2]. An
overestimation of DLR may result in exceeding the maximum allowable
conductor temperature that is designed. As such, there is a need to
assess the benefits of using DLR if it is not estimated 100% accurate.
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Fig. 6. (a) The histogram of the generated samples of EV consumption using (𝑀𝐶)3 method, (b) Time-series of the generated samples of EV consumption using (𝑀𝐶)3 method.

Fig. 7. The line rating and the power flow of line 27 with and without DLR.

Table 2
Cost benefits of different DLR percentages on the EV load growth.

DLR% Capacity (MW) EVs 𝐶𝑠𝑢𝑝𝑝𝑙𝑦 (MSEK) 𝐶𝑖𝑛𝑡 (MSEK)

27 3

0 400 500 100,000 1.45 –
25 490 578 112,500 1.46 1.49
50 534 607 155,000 1.49 1.66
75 554 631 157,500 1.50 1.68
95 569 678 177,500 1.51 1.77
100 573 680 182,500 1.52 1.78

4.3. DLR evaluation

There are several uncertainties in DLR system and it is not always
possible to exploit all the additional capacity brought by DLR. To avoid
any risks regarding the DLR decisions, an additional safety margin
is needed. In this regard, we consider different percentages of DLR
according to [38]. For each scenario, starting from 25% DLR, we found
the maximum number of EVs explained earlier in the flowchart Fig. 4.

Table 2 depicts that accepting higher DLR percentages will increase
the number of EVs that are possible without their charging causing

any violation in the system. As we can see, SLR for lines 27 and 3 are
400 MW and 500 MW respectively. By having 50% DLR we could expect
the increase in lines capacity to 534 MW and 607 MW. By increasing
DLR to 100% we, the capacity of lines will become 573 MW and
680 MW. The comparison shows that considerable improvement will
happen when 50% is in use. The results can also be extended to the
maximum number of EVs. With 100% DLR, the maximum number of
EVs increases from 100,000 cars to 182,500 vehicles. The main increase
is observed between 25% and 50% where 42,500 more EVs are getting
connected to the grid. Accepting 75% DLR, we expect only 2500 more
EVs compared to 50%.

As can be seen in Table 2, the loadability of lines increases which
correspond to higher supply cost. To show the benefits of using DLR
with different percentages, we use 𝐶VOLL as described in Eq. (10). When
25% DLR is in use, using DLR can save 30 thousand SEK. If we take
50%, this value will increase to 170 thousand SEK. But if we assume
the estimated DLR is the actual rating (100%), DLR improves the grid
performance by saving 260 thousand SEK.



Electric Power Systems Research 212 (2022) 108643

9

S. Hajeforosh et al.

Fig. 8. The line rating and the power flow of line 3 with and without DLR.

Fig. 9. The line rating and the power flow of line 5 with and without DLR.

4.4. Discussion

One concern in implementing DLR is to identify suitable lines on
which to implement it. Lines can be selected for DLR employment
based on their typical load levels, but it might be difficult to measure
data accurately when overhead transmission lines are lightly loaded.
In addition, it is more frequent in the literature to select lines among
frequently congested lines. To have a cost-effective implementation, it
is important to consider the supply cost and the cost of load curtailment
(interruption cost) while identifying suitable lines. The proposed line
selection method can reduce the aforementioned costs to increase the
capacity of the grid for EV charging.

The process of determining the proper lines for DLR implementation
can also be done from the electricity market viewpoint. DLR can be
considered as a source of the flexibility of which transmission system
operators can activate it perhaps through an ancillary service market.
However, proposing such a process depends on the framework and

schemes of different electricity markets. Consequently, from an electric-
ity market viewpoint, developing a model to determine lines for DLR
implementation as a flexibility source would require a separate piece
of research.

To show the uncertainty in DLR and its impact on the number of EVs
and interruption cost, this paper uses results from [38]. Authors in [38]
introduced different fixed values as a percentage for DLR. It was shown
that 50% DLR could be an acceptable value that could considerably
reduce the curtailment. However, future study is needed to assess the
risks brought by DLR overestimation or underestimation on the line
selection model.

5. Conclusion

This paper proposes a line selection method to increase the integra-
tion of EVs into the power system with DLR technology. A modified
(𝑀𝐶)3 simulation is applied to model the uncertainty behavior in the



Electric Power Systems Research 212 (2022) 108643

10

S. Hajeforosh et al.

Fig. 10. The line rating and the power flow of line 13 with and without DLR.

EV loading profile. The results from applying different percentages of
DLR are then compared to assess the associated risk with DLR and EV.
According to the results, the proposed line selection method allows
considerable integration of EVs and reduces the interruption cost.
The method would enable network operators to have a cost-effective
operation and reduce the need for curtailment.
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Abstract 

The harmonic emission from an electric vehicle fast charger depends on factors like charger 

topology, EV type, initial state of charge of EV battery, as well as supply voltage and 

background distortion. This paper presents the results from harmonic current measurement of 

a fast charger for a period of one month in Sweden that has charged a variety of EVs from 

different brands under different state of charge and background distortion. Besides the 

common harmonic emission pattern, a high level of variation in emission is observed that can 

affect the aggregation of the emission from multiple chargers. To include such uncertainties, 

the harmonic hosting capacity is obtained for a fast EV charging station in a stochastic way. A 

new method, based on Bayesian statistics and the correlation between harmonic magnitude 

and fundamental magnitude, is proposed for the generation of stochastic samples. It is shown 

that the proposed method, to a high extent, can model the stochastic behavior of harmonic 

emission from a fast charger. Furthermore, the results show that neglecting the correlation 

between harmonic magnitude and fundamental magnitude can underestimate the harmonic 

hosting capacity. 

Keywords: Electric vehicle charging, harmonic analysis, harmonic distortion, hosting 

capacity, power system harmonics. 

1. Introduction

About 14% of the total greenhouse gas emission in the world is attributed to the transport 

sector and this value is about 27% for Europe [1], [2]. According to the European 
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Commission, the transport related greenhouse gas emission by 2050 should be reduced to 

60% of the 1990 level [3]. Replacing conventional combustion engine vehicles with electric 

vehicles (EVs) is considered as a promising way to meet this target. The more EVs on the 

road, the higher demand for EV battery charging. This is expected to have significant impacts 

on the power network including on power quality [4]. Among other power quality issues, 

harmonic emission from EV chargers has received lots of attention during the last decade [5]–

[10].  

Several factors and uncertainties can affect the harmonic emission from an EV charger. This 

emission depends on charger circuit topology, the EV model, the supply voltage distortion 

(background distortion), and the state-of-charge (SOC) of the battery. As experimentally 

shown in [11], EV diversity and the state of charge of the batteries can highly affect the 

harmonic emission during a charging cycle. Different vehicles give different emission, even 

for the same charger. This influence is commonly neglected in EV harmonic studies such as 

[12], [13]. It is also shown that the variation in supply voltage distortion can change the 

harmonic current emission from any non-linear device including EV chargers [5], [6], [14]–

[16]. Background distortion varies on time-scales from a few cycles through a few years. This 

adds additional uncertainty. Apart from the before mentioned uncertainties, the harmonic 

emission during a charging period is not constant and has its own variation, which results in 

another source of uncertainty. All these uncertainties result in an uncertainty of the harmonic 

emission from an EV charging installation. This in turn results in uncertainty in the 

aggregated emission from a number of installations. 

Initially, the term “hosting capacity” has been defined as “the maximum penetration of 

distributed energy resources (DER) for which the power system operates satisfactorily” [17]; 

later it has been extended to the load context and reformulated as the maximum number of 

DERs or loads that can be connected to the grid at a specific point before exceeding certain 

performance limits. In the power quality context, hosting capacity can be obtained, among 

others, based on overvoltage [18], voltage unbalance [19], and harmonic distortion [20]. 

Individual harmonic distortion (IHD) and total harmonic distortion (THD) are two 

performance indices used in harmonic hosting capacity studies [20]–[24]. 

Concerning harmonic hosting capacity for an EV charging station, there are different types of 

uncertainty that should be treated differently. The number of EVs charging at the same time is 

a stochastic variable. The charging power and the duration of charging also show stochastic 

behavior. Finally, the harmonic emission of each EV being charged has a high level of 
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uncertainty. While the other uncertainties have already been addressed in several other studies 

[25]–[28], the latter one is considered in this study.    

Several stochastic approaches have been proposed to obtain the aggregated harmonic 

emission from multiple harmonic sources [29]–[31]. The generation of harmonic magnitude 

and phase angle has been done mainly based on the minimum and maximum values and using 

a Gaussian or uniform distribution. The correlation between fundamental and magnitude and 

phase angle has not been considered. Several deterministic and stochastic methods have been 

proposed concerning the aggregation of EV chargers. The deterministic method, in [6], is 

based on laboratory measurements of 19 different EVs. The magnitudes and phase angles 

have been measured but only for the operating state when the EVs draw the maximum 

current; the variation of harmonic magnitude and phase angle during the charging cycle is 

neglected. It is assumed in [6] that all EVs take maximum power at the same time, which is 

not likely to happen. In the work presented in [8], the emission from different types of EV 

chargers is obtained based on their electric circuit configuration and the diversity is simulated 

by varying the characteristic of the EV chargers such as duty cycle or PWM converter 

frequency. Further contributions were made by [32], [33] in a stochastic manner. In [32], 

based on the result from a measurement campaign, the Gaussian probability function is 

suggested for harmonic current magnitude and phase angle of different EVs for all harmonic 

orders up to 25th. Next, the median values of the magnitude and phase angle are used in a 

deterministic way for the harmonic analysis of an MV distribution network. An alternative 

approach is presented in [33] where the real and imaginary components of the harmonic 

currents are approximated as a polynomial function of the active power and it is assumed that 

the charging power has a Gaussian distribution. The probability distribution functions of the 

real and imaginary parts are obtained and, using stochastic methods, the probability 

distribution of total harmonic emission from a group of multiple chargers is calculated. It is 

assumed in this study that all EVs have the same charging pattern, which is not the case in the 

real world. Additionally, the uncertainty caused by variation in the initial SOC of the EVs can 

influence the active power values, which is not considered in [33] either. The aggregation 

method proposed in [29] is used in [34] for stochastic harmonic analysis of EV impact in a 

microgrid. The samples are generated based on active power and harmonics maximum and 

minimum values, assuming Gaussian and uniform distribution for harmonic magnitude and 

phase angle. The measurements have been performed under laboratory conditions and the 
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impact of SOC and background voltage is not considered. Furthermore, the stochastic 

behavior of all harmonic orders is modelled by a Gaussian distribution function. 

This paper presents the impact of uncertainties in harmonic emission from a fast charger 

observed from a field measurement campaign and proposes a new method for including such 

uncertainties in harmonic hosting capacity calculation of an EV fast charging station. The 

Bayesian statistic is utilized for harmonic sample generation considering the correlation 

between fundamental and harmonic magnitude. The method is benchmarked against two other 

stochastic methods. It is shown that neglecting the correlation between harmonic magnitude 

and fundamental magnitude can lead to underestimation of the harmonic hosting capacity. 

This underestimation is more significant when THD is considered as a performance index. 

The extracted probability density functions (PDF) for individual harmonic orders can be 

utilized as an input to stochastic models and Monte Carlo simulation-based studies. 

Section 2 of this paper presents the results from field measurements, emphasizing statistical 

and probabilistic aspects. Section 3 describes the harmonic hosting capacity method used in 

this study. Uncertainty modelling and the application of the proposed method for hosting 

capacity calculation are explained in Section 4 and 5, respectively. Finally, Section 6 and 7 

contains the limitations and the area for future work and the conclusions. 

2. Field measurement and results 

The measurements were performed for one month utilizing a class A power quality monitor 

(Dranetz PowerVisa) connected to a 150 kW fast EV charger of a winter car testing center in 

the north of Sweden. The population of cars consisted of a range of different models from 

different manufacturers, new models, and even models not yet on the market. Besides the 

continuous measurement of electrical parameters (aggregation of 2-min interval), current and 

voltage waveform snapshots (200 ms with 12.8 kHz sampling frequency) were saved every 2 

minutes. Harmonic magnitude and phase angle were obtained by applying the discrete Fourier 

transform (DFT) to these 200 ms signals. During the measurement period, a variety of EVs 

(anonymously) with different SOC, different charging powers (from 25 kW to 150 kW), and 

different charging periods (from 6 to 200 minutes), were charged by this charger. The 95th 

percentiles of harmonic current emission for all harmonic orders up to the 40th order are 

shown in Fig. 1. As expected for a three-phase rectifier, dominating harmonics are 5, 7, 11, 

13, 17, 19, 23, and 25. For 17th, 23rd and 25th harmonics, the 95th percentiles exceed the 
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IEC 61000-3-4 limits. The limits are obtained for the point of connection with short-circuit 

ratio equal to or higher than 33, which is the extreme case in this standard. 

 

Fig. 1. Boxplot of harmonic current emission, compared with emission limits. 

The fundamental current for a period of two days is shown in Fig. 2. The diversity in 

fundamental current patterns is the first observation. Diversity can be seen in the charging 

period, current magnitude, and charging pattern. Some EVs have a sharp increase up to 

maximum followed by a decreasing trend. Some have a step increase during the charging 

period and there are cases with almost constant current during the charging period. 

 

Fig. 2. Different fundamental current patterns drawn by different EVs. 

Histogram plots of some dominating individual orders are shown in Fig. 3. To reveal the 

underlying shape of the distribution, the automatic binning algorithm that returns bins with a 

uniform width is considered. It is found that each individual harmonic has its own probability 

distribution function. Another observation is that, for most harmonic orders, the lower values 

are more likely to occur than the higher values, e.g. for 5th and 7th harmonic orders, the 

emission rarely exceeds 3 A and for most of the samples it is less than 2 A. In other words, 

the distribution skewness is positive and the median value is less than the mean value. 

Furthermore, it is observed that each individual harmonic order has its own distribution 

function that also varies between different charging cycles (Fig. 4).  
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Fig. 3. Harmonic current emission histogram for dominating harmonic orders. 

 

Fig. 4. Histogram of 7th order harmonic for different charging cycles. 

The Two-Sample Kolmogorov-Smirnov test method with the significance level α=0.05, has 

been used to investigate the similarity of the histograms between different charging cycles. As 

an example, for 7th harmonic order, the results of performing Kolmogorov-Smirnov test for 

each possible pair from the twelve charging cycles shown in Fig. 4, are plotted as a matrix 

(Fig. 5). The filled elements show the similarity of distribution of samples between two 

charging cycles while white elements indicate no similarity. Moreover, as shown in Fig. 4, the 

range of harmonic emission (between highest and lowest value) is not the same for different 

charging cycles. Therefore using a single PDF for each harmonic order does not represent the 

stochastic behavior of the harmonic emission. 

It is also observed that the emission at some harmonic orders (e.g. 5 and 7) follows the 

fundamental current, whereas the patterns are rather different for other harmonic orders. 

Furthermore, variations in fundamental and harmonic current are not the same for different 

charging cycles. To illustrate this, Fig. 6 depicts fundamental and harmonic current during a 

charging cycle where the fundamental has a downward trend. Even though most low order 

harmonics have a decreasing trend, 23rd and 25th harmonics deviate from the fundamental 

Ch# 1 Ch# 2 Ch# 3 Ch# 4 

Ch# 5 Ch# 6 Ch# 7 Ch# 8 

Ch# 9 Ch# 10 Ch# 11 Ch# 12 
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current pattern. For this case, harmonics 4, 5, 7, 10, 11, 17 are highly correlated with the 

fundamental current while others show different behavior.  

The harmonic complex values, for some harmonic orders, are presented in polar coordinates 

in Fig. 7. There is no correlation between harmonic magnitudes and harmonic phase angles; 

harmonic magnitude can have any value regardless of the harmonic phase angles. 

The correlation coefficient between fundamental magnitude and harmonics phase angles and 

harmonics magnitudes are shown as a color plot in Fig. 8. Dark red indicates the highest 

correlation and dark blue indicates a small negative correlation. A high correlation in 

harmonic magnitude is found for harmonic orders up to 20, with the exception of orders 2, 3, 

6, 9, 13, and 15. The correlation with phase angle is small. The highest value (0.6) is found 

for order 11, for all other orders the correlation coefficient is 0.4 or less. 

 

Fig. 5. Kolmogorov-Smirnov test result for 12 charging cycles, seventh harmonic. 

 

Fig. 6. Time variation of individual harmonic orders during one charging cycle with decreasing trend for the 
fundamental. 
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Fig. 7. Polar plots of emission from some harmonic orders; there is no clear correlation between magnitude and 
phase angle. 

 

Fig. 8. Correlation matrix showing correlation coefficient between fundamental value and harmonic phase angle 
and magnitude. 

3. Harmonic hosting capacity calculation 

The aggregated emission from a group of EV chargers in a charging station can be expressed 

as (1). 

𝐼𝐼𝐸𝐸𝐸𝐸���� = � 𝐼𝐼𝐸𝐸𝐸𝐸𝑁𝑁������
𝑘𝑘

𝑁𝑁=1

(1) 

where 𝐼𝐼𝐸𝐸𝐸𝐸𝑁𝑁������ is the current vector of harmonic emission from Nth EV, 𝐼𝐼𝐸𝐸𝐸𝐸����  is the vector sum of 

all emissions and 𝑘𝑘  is the number of EVs in the charging station. Consequently, the change in 

harmonic voltage 𝑉𝑉𝐸𝐸𝐸𝐸 can be obtained by (2). 

𝑉𝑉𝐸𝐸𝐸𝐸 = 𝑎𝑎𝑎𝑎𝑎𝑎(�̅�𝑍 ∙ 𝐼𝐼𝐸𝐸𝐸𝐸)����� (2) 

where �̅�𝑍 is the network harmonic impedance vector seen from the charging station point of 

connection.  
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For a certain harmonic frequency, considering a location with existing background harmonic 

voltage, 𝑉𝑉0 and maximum-permissible harmonic voltage 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙, leaves a margin for new loads 

such as EVs (𝑉𝑉𝐸𝐸𝐸𝐸). Considering the IEC TR 61000-3-6 aggregation rules and exponent value 

α, results in the following expression: 

(𝑉𝑉0)𝛼𝛼 + (𝑉𝑉𝐸𝐸𝐸𝐸)𝛼𝛼 ≤ (𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)𝛼𝛼 (3) 

Here, it is assumed that the whole margin is available for EVs. When part of the margin needs 

to be kept for future emitting consumption or production, similar expressions can be used. In 

this study, the IEC 61000-2-2 limits are considered for harmonic voltage limits 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙. 

Combining (1) to (3), the maximum number of EVs in a charging station without exceeding 

the harmonic voltage limits can be obtained for each individual harmonic order. The 

minimum over all harmonic orders is the harmonic hosting capacity. For this study, the 

harmonic network impedance is considered as 𝑍𝑍 = 0.0029 + 𝑗𝑗 0.018 Ω, which is the network 

impedance at the low voltage side of an 800 kVA transformer for an existing network in 

Sweden. It is also assumed that the reactance part of network impedance is linearly 

proportional to the harmonic order. The 95th percentile values from field measurement of 

multiple LV locations in an urban area in Sweden are considered for background voltage as 

shown in Fig. 9 [35]. The procedure for obtaining the hosting capacity is shown in Fig. 10. 

 

Fig. 9. Harmonic background voltage level. 
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Generate fundamental 
and harmonic samples

Calculate the aggregated 
emission from chargers

Calculate the harmonic 
voltage at PoC of 
charging station

Obtain the Probability of 
exceeding the limits, 

THD and IHD

Network harmonic 
impedance model

Calculate the probability of exceeding the 
limits as a function of number of EVs

PDF of fundamental and 
harmonic magnitude and 

phase angle 

Number of Evs
(varies from 1 to 30) 

n Monte Carlo iterations

 

Fig. 10. The procedure of harmonic hosting capacity calculation. 

4. Uncertainty modeling 

4.1. Method 

Results from field measurements have been used to develop a stochastic model for harmonic 

emission from a fast EV charger. This stochastic model has been used, together with a 

Monte-Carlo-based simulation model to generate random samples of the emission. Monte 

Carlo-based simulations are commonly used for addressing uncertainties. The key point in 

these methods is how close the PDF of the generated samples is to the PDF of the actual data. 

In this section, a new method based on the Bayesian statistics theorem, is proposed for 

generating probability distribution functions for individual harmonics.  

It is observed from the field measurements that the magnitude of some harmonic orders is 

strongly correlated with the magnitude of the fundamental current (Fig. 8). Therefore, the 

stochastic behavior of the magnitude of individual harmonic orders should be modeled based 

on the stochastic behavior of the fundamental magnitude. Furthermore, it is also observed that 

there is only a small correlation between the magnitude and phase angle of harmonics and that 

these two sources of uncertainty can be modeled separately. 

The concept of Bayes' theorem is utilized in this study to model the stochastic behavior of 

harmonic magnitude and phase angle. The Bayes' theorem is a method for modelling 

uncertainty sources with a stochastic behavior based on prior knowledge or events [36]. 

The Bayesian concept and the procedure used for generating harmonic values are shown in 

Fig. 11. The method used for generating complex values for each harmonic consists of two 

parts; generating phase angle and generating magnitude. The generated value of the harmonic 
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magnitude depends on the fundamental magnitude. The histogram of the fundamental 

magnitude is obtained from historical data and a PDF is assigned utilizing a curve fitting 

approach. A recently introduced method [37] is used for PDF curve fitting. A representative 

PDF is obtained by utilizing different combinations of several functions including Beta, 

Normal, and uniform distribution with different parameters and finding the combined function 

that fits best to the observation.  

The PDF of the harmonic magnitude is not the same for all values of the fundamental 

magnitude; instead, the range of variation of fundamental magnitude is divided into seven 

sections. The K-means clustering method is used for obtaining the number of sections. To 

reveal the underlying shape of harmonics PDFs, different number of clusters have been tested 

and seven clusters showed proper results.  By classifying into less than seven sections, the 

actual stochastic behavior of fundamental cannot be presented while more than seven sections 

results in insufficient samples in each class for finding a representative PDF. The histogram 

and the resulting PDF for fundamental magnitude and the K-means clusters are shown in 

Fig. 12. 

Obtained 
measurement data

Obtaining the histogram of 
phase angle for each 

harmonic order

Assigning one PDF to phase 
angle for each harmonic order 
using a curve fitting approach

Generating phase angle 
samples for each harmonic 

order based on obtained PDF

Classifying of fundamental magnitudes to a 
specific number of sections with regards to the 
number of samples. (7 sections for this study)

Obtaining the histogram of 
the fundamental magnitudes

Assigning one PDF for the 
fundamental magnitude

Obtaining the histogram of 
harmonic magnitudes for 

each section of fundamental 
and assigning a PDF  

Classifying of harmonics 
magnitude according to their 

fundamental magnitude 
section

Generating magnitude 
samples for each harmonic 

order based on obtained PDF

Combining the phase angle 
and magnitude of each 
harmonic to generate a 

complex value

Phase angle Magnitude

 

Fig. 11. The procedure of generating random values for complex harmonic current. 
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For each harmonic order, the harmonic magnitudes are classified, according to their 

fundamental magnitudes, into seven sections.  The histogram and PDF of harmonic 

magnitude are obtained for each section separately. The phase angle is generated based on the 

PDF that is obtained from the histogram of all historical data without any classification, and is 

independent from the fundamental magnitude. As an example, the histogram and fitted PDF 

curve for the 29th harmonic phase angle are shown in Fig. 13. Four samples of obtained 

histograms and PDFs for the 29th harmonic magnitude are shown in Fig. 14. For this example, 

according to the value of the fundamental magnitude, the harmonic magnitude has different 

histograms. Generating random values for harmonic magnitude without considering the 

fundamental magnitude may lead to deviation from the actual stochastic behavior of harmonic 

magnitude. This is further addressed in the next section. 

4.2. Method benchmark 

The proposed method is benchmarked against two other stochastic modeling methods. For the 

first such method, the harmonic magnitudes and phase angles are generated based on the 

MATLAB “distribution fitter” app without considering the correlation between fundamental 

and harmonics magnitude. This tool fits the most appropriate PDF to the input data. The type 

of function can be chosen from a list of predefined functions but is limited to only one 

parametric function for each data set. For the second benchmarking case, the recently 

proposed curve fitting method [37] is used for harmonic phase angle and magnitude 

generation, but the correlation between fundamental and harmonics magnitude is neglected.  

 

Fig. 12. Histogram and assigned PDF for fundamental magnitude (left) and k-means clustering results (right). 
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Fig. 13. Histogram and fitted PDF for 29th harmonic phase angle. 

 

 

Fig. 14. Histogram and assigned PDF of 29th harmonic magnitude for section 4 (a), section 5 (b), section 6 (c) 
and section 7 (c). 

The normalized histogram of generated phase angle and magnitude are compared for the three 

methods. It is observed that for most harmonic orders, the proposed method can generate data 

that are closer to actual data than the two other methods. As an example, histograms of 

magnitude and phase angle for the 7th harmonic for all cases are shown in Fig. 15 and Fig. 16, 

respectively. The Pearson correlation concept is utilized to investigate which method can 

generate a data set closest to the actual data. The frequency of the samples is normalized, the 

range of variation of samples is almost the same for all methods and the number of bins is 

also the same. Thus, the Pearson correlation coefficient value between two histograms can 

express their similarity. The correlation coefficient values between different methods and 

actual data for both magnitude and phase angle are presented in Table I. The results confirm 

that the proposed method is more accurate in generating magnitude samples while for the 

phase angle the proposed method and method II have the same correlation with actual data.   

(a)

(c) (d)
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Fig. 15. Normalized histogram of generated data for 7th harmonic magnitude based on actual data and all 
methods. 

 

Fig. 16. Normalized histogram of generated data for 7th harmonic phase angle based on actual data and all 
methods. 

TABLE I. Correlation coefficient values between actual data and generated data for three methods. 

Correlation coefficient Proposed method Method I Method II 

Magnitude 0.961 0.776 0.788 

Phase angle 0.953 0.953 0.821 

Bivariate histogram (or 3D histogram) plot is used as an additional tool to evaluate the 

accuracy of the method in stochastic data generation. The bivariate histogram shows the 

histogram for two sets of data in one graph and quantifies the relation between different bins 

of those data sets. As an example, the 2D presentation of the bivariate histogram showing the 

relation between 7th harmonic magnitude and fundamental magnitude is shown in Fig. 17. 

Each element of the matrix (whose numerical value is expressed as a color scale) indicates the 

number of samples that belong to the common bins for both 7th harmonic and fundamental. 
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For example, the marked element in the matrix for the proposed method shows that there are 

around 1500 samples with a fundamental value between 59 A and 81 A and a 7th harmonic 

magnitude between 0.94 A and 1.4 A. The proposed method, to a high extent, can generate 

data that is close to the actual data and can maintain the correlation between harmonic 

magnitude and fundamental values. Similar results were observed for all the harmonic orders 

showing a high correlation in Fig. 8. Comparing the results from Fig. 15, Fig. 16, and Fig. 17, 

shows that method II cannot keep the relation between harmonic magnitude and fundamental 

value. 

Fig. 17. 2D presentation of a bivariate histogram for 7th harmonic magnitude and fundamental values. 

5. Application of the proposed method for hosting capacity calculation

From the complex values of harmonic currents, it is possible to calculate the hosting capacity 

in a stochastic way utilizing the method presented in Section 3. The hosting capacity is 

defined, in this paper, as the number of fast chargers that can be utilized simultaneously in 

that station without exceeding a pre-defined probability that the harmonic voltage limits are 

exceeded. The probability of exceeding the limits is obtained (based on a Monte Carlo 

simulation with 100,000 iterations), as a function of the number of EVs charging 

simultaneously, up to 20 EVs. Harmonic orders up to 40 are considered for obtaining hosting 

capacity. Results based on the proposed method, method I, and method II are shown in 

Fig. 18. The horizontal axis is a discrete variable but for better understanding, results are 

presented in a continuous curve. The solid lines indicate the harmonic hosting capacity 

obtained based on the limits for individual harmonic orders and dashed lines show hosting 
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capacity when only THD is taken into account. Fig. 18 shows that if there are 20 fast chargers 

in one EV charging station, the individual harmonic voltage will exceed the limits with close 

to 100% confidence; for five fast chargers the probability of violating the limits is 13%. 

 
Fig. 18. The probability of exceeding the limits for all cases, individual harmonic order (solid line) and THD 

(dashed line). 

In general, the hosting capacity strongly depends on the amount of risk that is acceptable. 

When the limit shall not be exceeded at all, only two cars can be charged simultaneously; 

accepting a risk of 20%, makes it possible to charge six cars. It should be noted that these 

hosting capacity values depend on grid impedance and harmonic background voltage and will 

vary between different locations. 

The proposed method shows higher values of emission (lower hosting capacity) in 

comparison with the two other methods. It means that those methods underestimate the risk 

for harmonic violation. The maximum difference between the proposed method and the other 

methods, considering individual orders, is 7.9% for the case where twelve EVs are charging 

simultaneously. Considering only THD, more EVs can be charged at the same time. When 

only THD is considered for hosting capacity, a significant difference can be seen between the 

proposed method and method I, which comes from neglecting the correlation between 

fundamental and harmonics magnitude and the less accurate curve fitting method used for 

method I.  Even with the same curve fitting method (method II and proposed method), there is 

still a considerable difference (max 13%) when the harmonics are generated without relation 

to the fundamental current. In the THD calculation, the fundamental value plays an important 

role as the denominator and the impact of neglecting the relation between fundamental and 

harmonic magnitudes is clearer for harmonic hosting capacity based on the THD.  
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Fig. 19. Limit violation index based on the proposed method. 

To have a better understanding of the individual harmonic orders that exceed the limits and 

quantifying this, the “limit violation index” (LVI) is introduced as the ratio between the 

number of limit violations only for individual harmonic order h and the total numbers of limit 

violation for all samples: 

𝐿𝐿𝑉𝑉𝐼𝐼 =
𝑁𝑁𝑙𝑙𝐸𝐸,ℎ

𝑁𝑁𝑙𝑙𝑙𝑙𝑡𝑡
(4) 

where 𝑁𝑁𝑙𝑙𝐸𝐸,ℎ is the number of limit violations only for individual harmonic order ℎ and 

𝑁𝑁𝑙𝑙𝑙𝑙𝑡𝑡 denotes the total number of limit violations for all samples. 

The LVI resulting from simulation with 100,000 iterations when 20 EVs are charging 

simultaneously, is shown in Fig. 19. It shows that 23rd and 39th harmonics are the ones that 

have the highest probability to exceed the limit; for 43% of the violations, the 23rd and 39th 

harmonics exceeded the limits. Multiple harmonics can exceed the limits at the same time and 

therefore the sum of LVI for all harmonic orders is more than 1 (100%). Compared with 

Fig.1, it can be inferred that even though, the 39th harmonic order has low emission in 

comparison with other odd harmonics it has a high probability to exceed the limits. This is 

explained by the smaller harmonic voltage margin for this harmonic order. 

6. Discussion 

It is shown by field measurements, that there is a high level of variation in harmonic emission 

from an EV fast charger, which in turn can affect the results of harmonic analysis concerning 

the integration of EV chargers in the distribution network. The method proposed in this paper 

for harmonic value generation, is utilized for including such uncertainties in the harmonic 

hosting capacity calculation in a more accurate way. The application is not limited to hosting 

capacity calculation; it can be used in other stochastic harmonic analysis as well.  

LV
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Concerning harmonic hosting capacity, some simplification is used that can be improved in 

future works. The network model considered is a simple impedance where the reactance part 

is linearly proportional with harmonic order. However, in reality, there are parallel and series 

resonances that can amplify or attenuate the harmonic levels. This study is just an example, 

with a harmonic source impedance at the low voltage side of the transformer. Each location 

has its own harmonic impedance. When doing this hosting capacity estimation for a specific 

location, the source impedance for that location should be considered. As future work, the 

sensitivity of the harmonic hosting capacity against the harmonic source impedance should be 

investigated and the impact of remote customers and MV network modeling (as introduced in 

[38]) on the results should be assessed. The network impedance is a positive sequence 

impedance and the analysis was made based on the positive sequence network equivalent but 

the same method can be used for the zero sequence impedance.  

In this study, the harmonic hosting capacity is obtained for one location. However, the same 

stochastic method can be utilized for harmonic hosting capacity calculation for chargers at 

multiple locations, e.g. in an MV or large LV network. 

The background harmonic voltage and allocation highly affect the harmonic hosting capacity 

results. For this study, the results of measurements in the north of Sweden are used and it is 

assumed that the whole margin is available for the EVs harmonic distortion. Similar approach 

can be used for different background levels and margin allocation for EV distortion. The 

background voltage can impact the harmonic hosting capacity from two aspects, impact on 

the EVs emission and impact on the available harmonic voltage margin. The uncertainty 

caused by the earlier is inherently considered in this study, by using the field measurement 

data, which have been measured under different background voltages. However, the second 

one is treated in a deterministic way.  Investigating the correlation between these two sources 

of uncertainties can improve the harmonic hosting capacity results.  

The obtained PDFs for harmonic values are based on measured data for a period of one 

month. For more accurate results, long-term measurement is needed to include the impact of 

ambient temperature on harmonic emission from a fast charger. Annual measurements are 

also needed, to study the impact of changes in technology.  

The PDF curve fitting method utilized in this study can be replaced by other curve fitting 

methods that might change the results. However, the use of Bayesian theorem for the 
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generation of samples close to the actual samples is the key contribution of this study; this can 

be combined with any PDF curve fitting method. 

Even though the method is proposed for harmonic hosting capacity calculation for a fast EV 

charger, the same approach can be utilized for estimating the harmonic hosting capacity 

concerning slow chargers for an LV or MV network. In such a case, more measurement data 

from slow chargers are needed.  

7. Conclusion 

This work shows the impact of existing uncertainties on harmonic emission from a fast EV 

charger. A stochastic method based on Bayesian statistics and a recently introduced PDF 

curve fitting method, are proposed to include such uncertainties in harmonic sample 

generation for Monte Carlo-based simulations. The general findings from this study can be 

summarized as follows: 

• The comparison with other common stochastic methods showed that the proposed 

method, to a high extent, is able to reproduce the stochastic behavior of harmonic 

emission from a fast charger. 

• Neglecting the correlation between fundamental value and harmonic magnitude has a 

considerable impact on generated data and consequently on harmonic hosting capacity 

especially when THD limits are considered. 

• Using THD as the performance index for harmonic hosting capacity calculation may 

lead to an overestimation of the harmonic hosting capacity. Multiple individual 

harmonics set the hosting capacity limits before THD.  

This method is utilized for harmonic hosting capacity calculation for a charging station 

equipped with fast chargers; the method can be generalized to other harmonic stochastic 

analysis. The presented experimental data and obtained individual harmonic emission PDFs 

can provide valuable information for any other harmonic stochastic analysis concerning fast 

EV chargers. 
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Look-Ahead Multi-Interval Framework

Hamed Bakhtiari, Student Member, IEEE, Mohammad Reza Hesamzadeh, Senior Member, IEEE, and Derek Bunn

Abstract—With the rise of distributed energy resources and
the increasing activation of flexibility resources by Distribution
Systems Operators (DSOs), the Transmission System Operators
(TSOs) need to co-ordinate their actions with those of the
DSOs. This research uses a look-ahead multi-interval (LA-MI)
framework for analyzing this coordination and explores two
formulations. Firstly in the exogenous DSO model, a mixed-
integer linear program is developed to reflect the pragmatic
approach in many real situations whereby the TSO can only
anticipate statistically the actions of the DSO. In the embedded
DSO model, as a comparator, we propose a new organizational
setup for the TSO-DSO operational coordination mechanism. In
the resulting bilevel decomposition, a new method to calculate
Benders cuts is developed and tested on a modified IEEE 118-bus
test system as a transmission network and two modified IEEE 33-
bus test systems as distribution networks. The benefits of the LA-
MI coordination framework are substantial in comparison with
the current Look-Ahead Single-Interval (LA-SI) coordination
framework widely used in Europe.

Index Terms—Logic-based Benders decomposition, Look-
ahead, Optimal power flow, TSO-DSO coordination.

NOMENCLATURE

Indices
b, c Indices for transmission system buses.
i, j Indices for distribution system buses.
d/u Index for buses with down/up services in DSO.
p Index for buses with TSO-DSO connection.
t/r Index for rolling interval/LBBD iteration.
n Index for complicating variables in LBBD.
Sets
ITS/KTS Set for buses/lines of the transmission system.
IDS
b /KDS

b Set for buses/lines of the distribution system at transmis-
sion bus b.

Ndb/Nub Sets of distribution system buses with down/up services
at transmission system bus b.

PCC Set for points of common coupling.
Nmv

b Sub-sets of complicating variables at transmission bus b
in the LBBD method (Nmv

b ⊆ Nub).
RW/IT Set of rolling windows/LBBD iteration number.
Parameters
GTS

bc /BTS
bc Conductance/Susceptance between buses b and c in

transmission system.
GDS

ijb /B
DS
ijb Conductance/Susceptance between buses i and j in dis-

tribution system at transmission bus b.
πUP
ubt /π

DW
dbt Flexibility bid of turn-up/turn-down unit u/d at transmis-

sion bus b at time t ($/MWh).

H. Bakhtiari is with Luleå University of Technology, Luleå, Sweden. M. R.
Hesamzadeh is with KTH Royal Institute of technology, Stockholm, Sweden,
D. Bunn is with London Business School, London, UK.

RUb/RDb Ramp up/down capability of reserves at bus b (MW/h).
PVibt/WTibt Scheduled photovoltaic/wind turbine generation in the

forward market (MW ) at distribution bus i and trans-
mission bus b at time t .

ΦDR
ibt /ΦBA

ibt Offered amount of flexibility services by DR aggrega-
tors/battery owners at bus i of a distribution system which
is connected to the bus b of a transmission system at time
t (MW ).

ΦPV
ubt /Φ

WT
ubt Offered amount of turn-up flexibility services by

PV/wind turbine owner at bus u of a distribution system
which is connected to the bus b of a transmission system
at time t (MW ).

P̃DS
gpt

/Q̃DS
gpt

Anticipated active/reactive consumption of the exoge-
nous DSO model by TSO at point of common coupling
at time t (MW/MV ar).

F̃
UPD/DWD
ipt Anticipated turn-up/-down service activation by the DSO

at the point of common coupling for the exogenous
model at time t (MW ).

P
TS
bc /Q

TS
bc Upper limit of active/reactive power flow of branch bc in

transmission system (MW/MV ar).
PTS

bc /QTS

bc
Lower limit of active/reactive power flow of branch bc in
transmission system (MW/MV ar).

P
DS
ijb /Q

DS
ijb Upper limit of active/reactive power flow of branch ij in

distribution system at transmission bus b (MW/MV ar).
PDS

ijb /Q
DS

ijb
Lower limit of active/reactive power flow of branch ij in
distribution system at transmission bus b (MW/MV ar).

(vs/vs)i/b The limitation of square of the voltage magnitude at bus
i/b in distribution/transmission system.

SB/ã1,b, ã0,b Base value in per unit system/The anticipated cost coef-
ficients of generator units in transmission bus b.

Variables
F

DWT/DWD
dbt Activated turn-down service by TSO/DSO from distri-

bution bus (d ∈ Ndb) and transmission bus b at time t

(MW ).
F

UPT/UPD
ubt Activated turn-up service by TSO/DSO from distribution

bus (u ∈ Nub) and transmission bus b at time t (MW ).
PTS
gbt

/PDS
gibt

Generated active power of generator bth/ith in
TSO/DSO region at time t (MW ).

QTS
gbt

/QDS
gibt

Generated reactive power of generator bth/ith in
TSO/DSO region at time t (MV ar).

PTS
bt /QTS

bt Active/Reactive power injection at transmission bus b at
time t (MW/MV ar).

PDS
ibt /QDS

ibt Active/Reactive power injection at bus i of a distribution
system which is connected to bus b of a transmission
system at time t (MW/MV ar).

PTS
Lbt

/QTS
Lbt

Active/Reactive power load connected to transmission
bus b at time t (MW/MV ar).

PDS
Libt

/QDS
Libt

Active/Reactive power load connected to the bus i of a
distribution system which is connected to the bus b of a
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transmission system at time t (MW/MV ar).
PTS
bct /Q

TS
bct Active/Reactive power flow from bus b to bus c in trans-

mission system at time t (MW/MV ar).
PDS
ijbt/Q

DS
ijbt Active/Reactive power flow from bus i to bus j of a

distribution system which is connected to bus b of a
transmission system at time t (MW/MV ar).

PDS
gpt

/QDS
gpt

Active/reactive consumption for the embedded DSO
model at point of common coupling at time t

(MW/MV ar).
(θ/vs)(b/i)t Phase angle/Square of voltage magnitude at bus b/i in

transmission/distribution systems at time t.
βUP
bt /βDW

bt Binary variables that represent the state of up/down
operating reserve activation at bus b and time t for the
exogenous DSO activation model. It also represents the
concept of implication in the inference dual theorem in
the embedded DSO activation model.

αUP
ubt/α

DW
dbt Binary variables that represent the state of up/down EERs

activation at bus (u/d) ∈ {Nub/Ndb} of distribution
systems which is located at bus b of a transmission sys-
tem at time t for the exogenous DSO activation model. It
also represents the concept of implication in the inference
dual theorem in the embedded DSO activation model.

λ/Π/µ/δ Dual variables of equality constraints (1b)-(1e).
D/Y Dual variables of complementary slackness condi-

tions/Logical indicators.
Γ Boundary for the determined Benders cuts in the LBBD

model.
g Binary variables that reflect combination of complicating

variable.
Ĝ Boolean variables for different combinations of compli-

cating variables in LBBD.
Abbreviations
TSO/DSO Transmission/Distribution system operator.
TS/DS Superscript for transmission/distribution system.
DR/EER Demand response/Embedded energy resource.
GDP Generalized disjunctive programming.
LA−MI Look-ahead multi-interval.
LA− SI Look-ahead single-interval.
LBBD Logic based Benders decomposition.
SBD Standard Benders decomposition.
MILP Mixed-Integer Linear Programming.
MLLP Mixed-Logical Linear programming.

I. INTRODUCTION

The rise of embedded energy resources (EERs) is partly
due to the adoption of local renewable facilities, but also
includes the increase in demand-side response, penetration of
electric vehicles, and installations of battery storage facilities.
In total, being ”behind-the-meter”, they create greater load
uncertainty on the transmission system and may pose con-
straint management issues for the local distribution network
operators. But they are also part of the solution as well. These
resources can provide useful flexibility services that both the
TSOs and DSOs can procure, perhaps through aggregators,
and activate them if needed to ensure system quality. Whilst
in reality the DSOs and TSOs are separate organizations,
and they seek to optimize their own networks individually,

their operational decisions inevitably interact and therefore
require a coordination process [1]. Regulators are likely to
require cooperation through the timely transparency of actions,
but a fully integrated optimization is very unlikely to be
mandated [2]. In particular, the TSO needs to react, and ideally
anticipate, the activations of flexibility resources by the DSO,
but in practice the TSOs have limited visibility of the state of
the distribution networks [3]. In this context, anticipation of
the activities of the DSO is an additional complication.

In general, three TSO-DSO coordination frameworks have
been proposed in the existing literature specifically the TSO-
managed model, the TSO-DSO hybrid managed model, and
the DSO-managed model [3]. In the TSO-managed model,
TSO is responsible for validating the submitted bids by the
EERs and solving the TSO-DSO operational coordination
problem. Typically, in this model, DSO does not activate
any flexibility sources and they are obliged to share their
confidential information with TSO. In the TSO-DSO hybrid-
managed model, the TSO is responsible for solving the AC-
OPF problem of the interconnected TSO-DSO systems, and
DSO validates the submitted bids by the EERs. In the DSO-
Managed model, DSO is responsible for solving the AC-OPF
problem of the distribution system and validating the submitted
bids by the EERs. In both TSO-DSO hybrid-managed model
and the DSO-managed model, DSO activates its needed flex-
ibilities prior to the TSO in a sequential market structure.

Two decentralized TSO-DSO coordination schemes are
proposed based on the DSO-managed model and bench-
marked against a centrally co-optimized TSO-DSO coordina-
tion scheme in [4]. In the first proposed decentralized scheme,
the DSO validates the submitted bids by the EERs, whilst the
second scheme proposes a sequential procurement process. A
robust decentralized TSO-DSO coordination scheme based on
the TSO-DSO hybrid-managed model is presented in [5], in
which the TSO-DSO operational coordination is not consid-
ered in the ancillary flexibility service market with the EERs.
Excluding EERs from the real-time operational coordination
of TSO-DSO disregards the benefits of considering renewable
energy sources as flexibility providers. In [6], based on a
TSO-DSO hybrid-managed model, a TSO-DSO operational
coordination framework is proposed in which TSO and DSO
are responsible to create and solve the economic dispatch opti-
mization problem of their networks. A distributed optimization
approach is employed to find a solution to the OPF problem
of a system including TSO and several DSOs in [7] which is
based on the TSO-managed model. Although it co-optimizes
the allocation of conventional resources considering TSO-DSO
coordination, it is not related to the TSO-DSO coordination
problem in the ancillary flexibility service market and it does
not consider the impacts of EERs in the real-time operation
of power systems.

A TSO-DSO coordination model is proposed in [2] which
estimates the flexibility range of power exchange at the TSO-
DSO injection area. In [8], a TSO-DSO coordination approach
considering two trading markets including day-ahead and real-
time is proposed in which DSO validates the bids of EERs in
the day-ahead market. A dynamic economic dispatch model
is proposed in [9] that considers the TSO-DSO operational
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coordination and automatic regulation schemes, but it does not
evaluate how to find the solution to large-scale optimization
problems from a decomposition viewpoint. Authors in the
European SmartNet project [10] proposed four potential TSO-
DSO coordination schemes in the ancillary service market
all of which DSO validates the bids of EERs and provides
them to the TSO in different sequential activation structures.
A separated TSO-DSO coordination framework is presented
in [11]–[13] which allows the design of the local flexibility
market in the distribution level with the participation of
EERs. In the TSO-DSO coordination scheme based on the
local flexibility market, the DSO can activate its required
flexibility from EERs. Then, the activated service by the DSO
is eliminated from the available EERs for the TSO.

In summary, in the TSO-managed model, there is a possi-
bility of inefficient facilitation of services since the DSO is
not responsible for the bid validation process. In the TSO-
DSO hybrid-managed model, since DSO is responsible for
the bid validation process, DSO does not utilize the maximum
capacity of the distribution system due to the lifetime issue.
The DSO-managed model is based on a sequential process in
which DSO activates its required service prior to the TSO. The
drawback of the sequential process includes the inability to
achieve efficiency in the overall service allotment, undesirable
cross impacts between buyers, and the possibility of the free-
rider strategy [1].

In the aforementioned papers, the DSO and TSO objectives
regarding EER activations in the ancillary flexibility service
market have not been considered in a coordinated mechanism
and they mainly focus on different decentralized models. In
some articles such as [1], [10]–[12], the objective functions of
the TSO and DSO are modeled in the TDO-DSO coordination
framework, but in a sequential procurement process.

Furthermore, other researchers such as [14] and [15] have
noted, and this paper also argues, that the TSO needs to
look beyond the immediate dispatching period to efficiently
dispatch real-time resources. The look-ahead framework tries
to hedge against different sources of uncertainties in the TSO-
DSO coordination over different time intervals in the future.
A Look-ahead Single Interval (LA-SI) framework, which is
traditionally utilized in various electricity markets, is based
on the forecasted uncertainties only for the next time step in
the scheduling problems [15], [16]. However, in the TSO-DSO
coordination problem, real-time dispatch may involve facilities
that are energy limited (e.g. batteries), time-of-day limited (e.g.
solar), and dynamically-limited (e.g. ramp rates) all of which
motivate Look-Ahead Multi-Interval (LA-MI) optimization by
the TSO. Moreover, considering inter-temporal constraints, the
LA-MI framework improves the economy and security of the
power system operation [17], and this in turn leads to higher
utilization of renewable energy sources [18].

Therefore, one of the main contributions of this paper
is implementing the LA-MI framework into the TSO-DSO
operational coordination mechanism for the first time using the
following two approaches. The first is a pragmatic reflection
of the current state of imperfect information by which the
TSO seeks to use empirical data on past activations by the
DSO to have a statistical model of DSO responses in the

TSO’s look ahead model. We do include an approach in which
the TSO does not have access to DSO data but just seeks
to forecast their actions. Secondly, with the trend amongst
regulators to deal with progressive unbundling and market
complexities by creating new intermediary agents, it is quite
likely that a regulator might seek to create a new independently
regulated market operator to ensure impartiality and efficiency
in the allocation of flexibility services. We refer to this as a
Flexibility Market Operator (FMO). In particular, if the DSO
and TSO also own flexibility assets, in addition to those of
the various market participants, an FMO may be needed to
avoid conflicts of interest. Therefore, to complete our devel-
oped TSO-DSO coordination mechanism and align it with
today’s practical settings in many markets, we propose a new
organizational setup for TSO-DSO operational coordination
mechanism which involves TSO, DSO, EER, and FMO. The
proposed FMO is an independent non-profit and regulated
organization that operates the flexibility market, validates the
bids of service providers considering the constraints of the
distribution system, forecasts the uncertainty sources, and most
importantly has access to the required data to solve the TSO-
DSO operational coordination problem as an interface opti-
mizer. Accordingly, the FMO embeds the DSO’s prospective
optimization within the TSO’s look ahead multi-interval real-
time dispatch modeling and solves a bilevel mixed-logical
linear programming problem (MLLP). Our framework is im-
plemented into the proposed market mechanism in [1].

The LA-MI framework in this paper is applied to both ap-
proaches and it is benchmarked against the LA-SI framework.
Using LA-MI and LA-SI in the second approach with the
embedded DSO activations leads to a mixed-logical linear
programming problem. In this regard, whilst the Karush-Kuhn-
Tucker (KKT) conditions are widely used to solve bilevel op-
timization programming problems in one shot [19], these LA-
MI and LA-SI frameworks create computational challenges
which require special techniques.

To be more specific, the standard Benders decomposition
was proposed for mixed-integer linear programming (MILP)
in which all integer variables could be considered as compli-
cating variables, and thus the standard duality theory could be
applied to the sub-problem to determine the required Benders
cuts [20], [21]. If there are numerous binary variables and
complementary slackness conditions, as in our case, the sub-
problem still contains some integer variables since not all
variables can be considered as complicating variables. In this
regard, standard duality theory cannot be utilized to determine
the Benders cuts since the sub-problem is no longer convex
with zero duality gap [22]. Consequently, a new modification
of the decomposition technique is needed.

There are several modifications of the classical Ben-
ders decomposition method which can address integer sub-
problems [23]–[25], logical propositions [22], [26], and non-
linear constraints [27], [28]. However, these methods employ
continuous relaxation in the sub-problem to calculate approx-
imated Benders cuts using the duality theorem. Moreover,
these methods are very slow, especially when the number
of binary variables increases [24], [25]. We find that the
logic-based Benders decomposition (LBBD) method is the
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most appropriate method since it allows the sub-problem to
be any optimization problem rather than specifically a linear
or convex nonlinear programming problem [20]. Moreover,
our suggested LBBD is tractable for an expansive range of
decomposable large-scale programming problems with integer
decision variables [29]. We use the concept of ”inference dual”
in the sub-problem to find the tightest bound on the objective
function of the master problem as implied by its current
solution. Then, the Benders cuts for the master problem are
calculated based on these bounds [22]. Nonetheless, there is
no general method to determine logic-based Benders cuts and
each formulation requires a customized approach [20], [29],
which means that a new method for generating Benders cuts
should be developed for any specific optimization problem.
Accordingly, one of the main contributions of this paper is to
expand the LBBD method for the TSO-DSO co-ordination
problem and develop a new formulation to calculate the
associated logic-based Benders cuts.

Although a small scale co-ordination of TSO and DSO
activities has been presented in [6], a large-scale network
configuration is needed to show the effectiveness of the pro-
posed optimization methodology. Consequently, in this paper,
a combination of a modified IEEE 118-bus test system (as
TSO network) and two modified IEEE 33-bus test systems (as
DSO networks) is specified.

In summary, the contributions of this paper are as follows:
1) We propose a new organizational setup for the TSO-DSO

operational coordination framework including an inde-
pendent non-profit regulated organization called ”Flexi-
bility Market Operator” (FMO). The proposed FMO em-
beds the DSO activation model into the TSO optimization
problem. The proposed model leads to a bilevel program-
ming problem in which the TSO and DSO objectives
are optimized at the upper level and the lower level,
respectively.

2) We develop the LBBD method for a bilevel TSO-DSO
coordination problem with a scheduling MLLP problem
at each level. Using LBBD, we decompose the problem
into two mixed-integer linear logic-based problems as
the master and sub-problem. Since parallel computing is
applicable in the proposed method, we can mitigate the
associated computational challenges.

3) We propose a new method to generate the logic-based
Benders cuts for the proposed bilevel TSO-DSO coordi-
nation problem with an embedded DSO activation model.

4) Instead of utilizing the big-M method, we employ the
generalized disjunctive programming along with the indi-
cator constraints method to handle complementary slack-
ness conditions and disjunctive equations.

5) We implement the LA-MI framework into the TSO-DSO
operational coordination mechanism including both em-
bedded and exogenous DSO activation models for the first
time. Our results are benchmarked against the existing
LA-SI framework. A comparison of our LA-MI coordi-
nation framework with the current LA-SI coordination
framework, as widely used in Europe, reveals lower costs
and more efficient system operation, as demonstrated
through several numerical experiments, using a modified

IEEE 118-bus test system and two modified IEEE 33-bus
test systems.

The rest of the paper is organized as follows. Section II
introduces the formulations for the look-ahead multi-interval
TSO-DSO coordinations. Linearized models of optimal power
flow of the coordinated networks are developed in Section
III. Section IV presents the optimization procedures. The case
studies are presented in Section V and Section VI summarizes
the conclusions.

II. THE LOOK-AHEAD MULTI-INTERVAL (LA-MI)
FRAMEWORK FOR TSO-DSO COORDINATION

The length of intervals in the rolling horizon depends on
several factors. The more the number of intervals, the more
the computational complexity of the optimization problem,
and the less the accuracy of the forecasted parameters (e.g.,
solar radiation, wind speed, and bids of ERRs). Due to the
ramping capabilities of reserve capacities and minimum up-
or down-time constraints of generation units, we assume that
the system operators are able to cope with the real-time
operational uncertainties provided they are being prepared for
the next four hours. Consequently, a LA-MI framework with
four rolling windows is proposed for improving TSO-DSO
coordination in the real-time operation of electricity market.
The embedded energy resources in our set-up include demand
response (DR), battery storage systems, Photovoltaic (PV)
panels, and wind turbines. These uncertain energy resources
are available to provide ancillary flexibility services to both
the DSO and TSO.

The proposed framework is compared with LA-SI frame-
work in the real-time operation of electricity market. All
contracts related to the day-ahead and hour-ahead markets are
taken into account as firm contracts. Consequently, the pro-
posed LA-MI framework is considered for hedging against the
uncertainty of Renewable Energy Source (RES) and load con-
sumption in order to fulfil all signed contracts in the forward
market platforms. We treat all generators and flexibility service
providers as price takers with competitive offers. The LA-MI
rolling horizon for TSO-DSO co-ordination is illustrated in
Fig. 1. A series of TSO-DSO coordination problems are solved
in a rolling implementation of the LA-MI framework. Each
look-ahead rolling window contains four delivery periods but
only the results of the AC-OPF for the upcoming interval are
mandatory; the later ones are provisional. Likewise, only the
prices for the upcoming interval are used for settlement, the
forward prices for the subsequent three periods are used for
the provisional look-ahead but are treated as indicative.

The objective function of the LA-MI framework is to min-
imize the total operation cost of the TSO-DSO coordination
over the relevant time horizon of rolling windows by solving
a properly linearized AC optimal power flow model for both
transmission and distribution systems. The total cost of TSO-
DSO coordination comprises the cost of generated power
by the predetermined operating reserve generators and the
cost of providing the flexibility services by service providers
(aggregators).
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Fig. 1. Series of TSO-DSO coordination problems solved in a rolling
implementation of the LA-MI framework.

1) Market Mechanism and Organizational Setup: The re-
cently proposed mechanism in [1] is considered. The TSO
and its inter-connected DSOs are possible service buyers. The
EERs are competing with available operating reserves which
include the spinning reserve as well as the non-spinning or
supplemental reserve to provide flexibility at the TSO level.
At the DSO level, EERs are the only flexibility providers.
According to the trading platform of the market mechanism,
flexibility is cleared in a one-shot auction. The complex utility
functions of the buyers are reflected in the market-clearing
problem to hedge against a possible free-rider strategy.

The TSO and DSO are independent non-profit flexibility
service buyers whose flexibility interests are confidential and
might conflict with each other. Moreover, neither TSO nor
DSO is willing to reveal their network information. How-
ever, due to the free-rider strategy, the disadvantages of the
sequential flexibility activation process, and to improve the
real-time operation of power systems, the coordinated TSO-
DSO operation is necessary. The coordinated operation needs
a high level of information accessibility. Consequently, we
propose a new independent non-profit regulated organization
in the real-time flexibility market which is called Flexibility
Market Operator (FMO). The FMO receives all the required
information in a short period of time before power delivery
in the power system (perhaps 15 minutes). The proposed
FMO has different sub-organizations including anticipation,
data collection, and interface optimizer. Consequently, our new
proposed organizational structure for TSO-DSO operational
coordination mechanism includes TSO, DSO, EER, and FMO.
From the market participants’ privacy viewpoint, since our
proposed FMO is supposed to operate only during the ancillary
flexibility service market and it is completely independent of
TSO and DSO, privacy issues are mitigated. Furthermore, each
sub-organization of FMO can be considered independent to
ensure a high level of participants’ privacy.

The FMO anticipates uncertainty sources based on the
received information from the market participants, collects
all required information to operate the proposed coordination
model, forms and solves our bilevel TSO-DSO operational
coordination problem, and finally sends all dispatch comments
and market clearing outputs to the flexibility market partici-

pants. The FMO has no access to the whole interest functions
of the market participants. The exchanged information is
only the technical information of transmission and distribution
systems as well as the offer functions of flexibility market
participants in a short period of time before power delivery.
Moreover, since TSO, DSO, and FMO are independent non-
profit regulated organizations, it is assumed that TSO and
DSOs would share the required information with FMO through
an agreement.

The main objective function of the market-clearing problem
is to maximize the total social welfare of all service buyers.
The considered mechanism has the properties of truthfulness
and efficiency which means that the FMO maximizes social
welfare while participants are incentivized to submit true
valuations.

In this paper, from the flexibility service term, we only refer
to the ”turn-up” and ”turn-down” service activation. The ”turn-
down” service activation refers to demand decrease (or gener-
ation increase) and vice versa for ”turn-up” service activation.
We consider PV and wind generation units as the turn-up
service providers and DR aggregators as the turn-down service
providers. The battery storage systems can provide both turn-
up and turn-down services which depend on the submitted
offer functions by the battery system owner who includes all
constraints and costs into their offer functions. Based on the
battery storage constraints like SOC, battery system owners
can act as turn-up or turn-down service providers. The amount
of flexibility that they can offer depends on their SOC and
other technical constraints which are confidential and FMO
has no information on them. When the SOC of the battery
storage system is too low, which means that the battery is
fully discharged, the battery owners submit the maximum
amount of their turn-up flexibility. On the other side, when
the battery system is fully charged, the battery owner can offer
the maximum amount of turn-down flexibility. Nevertheless,
neither FMO nor any other organization has information about
the actual capacity of the battery systems.

III. OPTIMAL POWER FLOWS FOR TSO AND DSO

The total cost of TSO-DSO coordination to be minimized
comprises the cost of generation to meet demand and the
cost of providing the flexibility services. The base AC-OPF
model introduced in [30] is taken. The OPF for the DSOs is
formulated as follows:

Minimize
{PDS

gi
,vsDS

i ,θDS
i ,PDS

ij ,QDS
ij ,PDS

i ,QDS
i }

∑

i∈IDS

fi(P
DS
gi

) (1a)

subject to:

PDS
ij ≈ PDS

ij,0+(∇PDS
ij |0)T




vs
DS

i − vsDS

i,0

vs
DS

j − vsDS

j,0

θDS
i − θDS

i,0

θDS
j − θDS

j,0


 ,∀ (ij) ∈ KDS

(1b)
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QDS
ij ≈ QDS

ij,0+(∇QDS
ij |0)T




vs
DS

i − vsDS

i,0

vs
DS

j − vsDS

j,0

θDS
i − θDS

i,0

θDS
j − θDS

j,0


 ,∀ (ij) ∈ KDS

(1c)

PDS
i =

∑

(ij)∈KDS

PDS
ij + vs

DS

i

∑

j∈IDS

GDS
ij , ∀ i ∈ IDS (1d)

QDS
i =

∑

(ij)∈KDS

QDS
ij +vs

DS

i

∑

j∈IDS

−BDS
ij , ∀ i ∈ IDS (1e)

PDS
i ≤ PDS

i ≤ PDS

i , ∀ i ∈ IDS (1f)

QDS

i
≤ QDS

i ≤ QDS

i , ∀ i ∈ IDS (1g)

vs
DS

i ≤ vsDS

i ≤ vsDS

i , ∀ i ∈ IDS (1h)

PDS
ij ≤ PDS

ij ≤ PDS

ij , ∀ (ij) ∈ KDS (1i)

QDS

ij
≤ QDS

ij ≤ Q
DS

ij , ∀ (ij) ∈ KDS (1j)

{vsDS

i , θDS
i , PDS

ij , QDS
ij , PDS

i , QDS
i } ∈ R (1k)

where,

∇PDS
ij |0 =




(1− vDS
j,0 cosθDS

ij,0

2vDS
i,0

)gDS
ij −

vDS
j,0 bDS

ij sinθDS
ij,0

2vDS
i,0

−vDS
i,0 gDS

ij cosθDS
ij,0

2vDS
j,0

− vDS
i,0 bDS

ij sinθDS
ij,0

2vDS
j,0

vDS
i,0 v

DS
j,0 g

DS
ij sinθDS

ij,0 − vDS
i,0 v

DS
j,0 b

DS
ij cosθDS

ij,0

−vDS
i,0 v

DS
j,0 g

DS
ij sinθDS

ij,0 + vDS
i,0 v

DS
j,0 b

DS
ij cosθDS

ij,0




∇QDS
ij |0 =




−(1− vDS
j,0 cosθDS

ij,0

2vDS
i,0

)bDS
ij −

vDS
j,0 gDS

ij sinθDS
ij,0

2vDS
i,0

vDS
i,0 bDS

ij cosθDS
ij,0

2vDS
j,0

− vDS
i,0 gDS

ij sinθDS
ij,0

2vDS
j,0

−vDS
i,0 v

DS
j,0 b

DS
ij sinθDS

ij,0 − vDS
i,0 v

DS
j,0 g

DS
ij cosθDS

ij,0

vDS
i,0 v

DS
j,0 b

DS
ij sinθDS

ij,0 + vDS
i,0 v

DS
j,0 g

DS
ij cosθDS

ij,0




θDS
ij,0 = θDS

i,0 − θDS
j,0 ∀(ij) ∈ KDS

Equations (1b) and (1c) are the first-order Taylor series
expansion for the active and reactive power flow on each
branch (based out of the full AC-OPF equations [(3) and (4)
of [30]] which preserve all the components of branch flow).
Equations (1d) and (1e) represent the active and reactive power
balance at each bus. The symbol PDS

i is the injected power
at each distribution bus which equals generation minus load
consumption. Since the load consumption is considered a pa-
rameter, the shown upper and lower boundaries for PDS

i rep-
resent the boundaries of generation units. Using PDS

i notation
makes the problem formulation more concise. Constraints (1i)
and (1j), represent the linearization of the quadratic apparent
line flow limits (PDS

ij )2+(QDS
ij )2 ≤ (SDS

ij )2 (see [30]–[32]).

The transmission systems have a very low R:X ratio. Due to
this, we ignore the loss terms in the transmission network. The
fast-decoupled load flow assumption is considered to decouple
active power flow from vs terms and reactive power flow from
θij terms. These approximations (along with voltage angle

approximations are discussed in [30]) lead to a simplified AC-
OPF model for TSO as follows:

Minimize
{vsTS

b ,θTS
b ,PTS

bc ,QTS
bc ,PTS

b ,QTS
b }

∑

b∈ITS

fb(P
TS
gb

) (2a)

subject to:

PTS
bc ≈ −BTS

bc θ
TS
bc , ∀(bc) ∈ KTS (2b)

QTS
bc ≈ −BTS

bc (
vs

TS

b − vsTS

c

2
) , ∀(bc) ∈ KTS (2c)

PTS
b =

∑

bc∈KTS

PTS
bc + vs

TS

b

∑

c∈ITS

GTS
bc ,∀b ∈ ITS (2d)

QTS
b =

∑

bc∈KTS

QTS
bc − vs

TS

b

∑

c∈ITS

BTS
bc ,∀b ∈ ITS (2e)

PTS
b ≤ PTS

b ≤ PTS

b , ∀b ∈ ITS (2f)

QTS

b
≤ QTS

b ≤ QTS

b , ∀b ∈ ITS (2g)

vs
TS

b ≤ vsTS

b ≤ vsTS

b , ∀b ∈ ITS (2h)

PTS
bc ≤ PTS

bc ≤ P
TS

bc , ∀(bc) ∈ KTS (2i)

QTS

bc
≤ QTS

bc ≤ Q
TS

bc , ∀(bc) ∈ KTS (2j)

{vsTS

b , θTS
bc , P

TS
bc , QTS

bc , P
TS
b , QTS

b } ∈ R (2k)

where, θTS
bc = θTS

b − θTS
c , ∀(bc) ∈ KTS

The above OPF problems for TSO and DSO systems are
generic formulations appropriate for each system operator
individually. The objective functions (1a) and (2a) could be
any convex cost function depending on the application. In next
section, we develop these OPF formulations for our TSO-DSO
coordination problem with our particular objective functions
and additional constraints.

IV. OPTIMIZATION PROCEDURE

We assume that PV panels, wind turbines, battery storage
systems, and demand response resources are at the service
providers’ disposal which means that the service providers
embed all corresponding constraints and cost functions into
their submitted offers. We also assume that thermal units are
the only flexibility service providers at the TSO level and they
are allowed to send linear offer functions. Their submitted
offer functions may or may not represent the actual cost
function of the flexibility service providers. The TSO-DSO
coordination problem has an inherent and natural asymmetrical
and imperfect information property. We address this imperfect
information issue using one of the following optimization
models.

In the first approach, we assume DSOs and EERs publish
enough data such that the TSO can properly anticipate their
activities. Consequently, we propose the exogenous DSO mod-
eling in the TSO optimization problem. The TSO predicts
the required information for its optimization model from
public published data of DSOs and EERs (and perhaps some
agreements with them) and solves its optimization problem. In
this approach, the burden of the coordination is put on TSO
and TSO requires dealing with data collection and estimation,
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forecasting techniques, and perhaps employing stochastic pro-
gramming techniques.

In the second approach, we assume limited published data
such that the required information cannot be estimated by
TSO. Consequently, we propose the embedded DSO model
and an organizational setup based on the new FMO organiza-
tion. The FMO is regulated and solves our TSO-DSO coordi-
nation model through its interface optimizer. It communicates
with TSO, DSOs, and EERs to collect the required information
and solves our optimization models. In our proposed model,
FMO has access only to the submitted linear offer functions.
The actual constraints, costs, and interests of flexibility service
providers are confidential.

A. Optimization with Exogenous DSO Activations

In this model, the DSO flexibility activation is a stochastic
exogenous parameter and thus the amount of anticipated DSO
flexibility activation is deducted from the total available for
the TSO. The anticipation is based on previous knowledge
of net energy transactions between the TSO and DSO. This
knowledge includes renewable energy output as well as the
requested energy from the TSO to DSO and vice versa.
Consequently, the optimization problem is LA-MI mixed-
integer linear programming as follows:

Minimize
Ω1

∑
t∈RW

∑
b∈ITS

fb(P
TS
gbt

)+

∑
t∈RW

∑
b∈ITS

∑
d∈Ndb

FDWT
dbt πDW

dbt +
∑

t∈RW

∑
b∈ITS

∑
u∈Nub

FUPT
ubt πUP

ubt (3a)

subject to (2b), (2c), (2e)-(2k), and:

PTS
gbt
− PTS

Lbt
−

∑
u∈Nub

FUPT
ubt +

∑
d∈Ndb

FDWT
dbt =

∑
(bc)∈KTS

PTS
bct + vs

TS

bt

∑
c∈ITS

GTS
bc ,

∀ b ∈ ITS , t ∈ RW (3b)

PTS
Lpt

= P̃DS
gpt

+
∑

u∈Nup

F̃UPD
upt −

∑
d∈Ndp

F̃DWD
dpt ,

∀ p ∈ PCC , t ∈ RW (3c)

QTS
Lpt

= Q̃DS
gpt

, ∀ p ∈ PCC , t ∈ RW (3d)

fb(P
TS
gbt

) = ã1,bP
TS
gbt

+ ã0,b , ∀ b ∈ ITS , t ∈ RW (3e)

(FUPT
ubt + F̃UPD

ubt ) ≤ αUP
ubt (Φ

PV
ubt +ΦWT

ubt +ΦBA
ubt ) ,

∀ b ∈ ITS , u ∈ Nub, t ∈ RW (3f)

(FDWT
dbt + F̃DWD

dbt ) ≤ αDW
dbt (ΦDR

dbt +ΦBA
dbt ) ,

∀ b ∈ ITS , d ∈ Ndb , t ∈ RW (3g)

PTS
gbt
− PTS

gb(t−1)
≤ βUP

bt RUb , ∀ b ∈ ITS , t ∈ RW (3h)

− PTS
gbt

+ PTS
gb(t−1)

≤ βDW
bt RDb,∀b ∈ ITS , t ∈ RW (3i)

0 ≤ βUP
bt ⊥ βDW

bt ≥ 0 , ∀ b ∈ ITS , t ∈ RW (3j)

0 ≤ αUP
ibt ⊥ αDW

ibt ≥ 0 ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (3k)

{βUP
bt , βDW

bt , αUP
ubt , α

DW
dbt } ∈ {0, 1},

{FUPT
ubt , FDWT

dbt } ∈ R≥0 (3l)

Set of variables Ω1 = {vsTS

bt , θTS
bt , PTS

gbt
, QTS

gbt
, PTS

bct , Q
TS
bct ,

PTS
Lpt

, PTS
bt , QTS

bt , αUP
ubt , αDW

dbt , β
UP
bt , βDW

bt , FDWT
dbt , FUPT

ubt }.
The objective function (3a) aims to minimize the system
operation cost including generation cost and the cost of
flexibility service activation. The active power balance at each
node is expressed by (3b). The problem (3) is subject to con-
straint (2e) which represents the reactive power balance. The
linking constraints between the TSO and DSO, constraints (3c)
and (3d), represent that the load consumption at transmission
buses connected to the distribution systems (point of common
coupling) should be equal to the generated power at the slack
bus of the distribution network. The estimated cost function
of generators is shown by (3e). The ramping capabilities of
generation units are described in (3h) and (3i). As mentioned
earlier, PV and wind generation are turn-up service providers,
DR aggregators are turn-down service providers, and bat-
tery storage systems provide both services. Binary variables
αDW
dbt and αUP

ubt represent the state of the EERs activation at
each distribution system bus with an EER flexibility service
provider (”u/d”) while the corresponding distribution system
is located at the transmission bus ”b”. Variables FDWT

dbt and
FUPT
ubt express the amount of the activated services by TSO.

Accordingly, constraint (3f) represents the maximum available
turn-up services at each distribution bus, which equals the
summation of the validated submitted bids for providing turn-
up service by the owner of PV, battery, and wind generation.
Constraint (3g) expresses that the maximum available turn-
down service is equal to the summation of the validated
submitted bids of battery storage systems and DR aggregators.
At the TSO level, the EERs compete with operating reserves
to provide flexibility in the ancillary service market. There is a
difference between spinning, non-spinning, and supplemental
reserve generators from the cost function viewpoint. Since
all types of operating reserves including the spinning reserve
as well as the non-spinning or supplemental reserves, which
have different start-up costs and minimum up/down time
constraints, are assumed to be capable of providing flexibility
services, the binary variables βUP

bt and βDW
bt are employed

in constraints (3h) and (3i) to model the state of the reserve
generation units activation. Constraints (3j) and (3k) express
that turn-up and turn-down services, for both generation units
and EERs, should not be activated at each bus simultaneously.
Fig. 2 depicts the coupling constraints and the scheme of the
proposed exogenous DSO activation model.

Fig. 2. The proposed TSO-DSO framework for the exogenous DSO activation
model.
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The Standard Benders Decomposition (SBD) is applica-
ble to solve this formulation. In this version, the LA-MI
optimization problem is decomposed into a master problem
which selects the optimal TSO nodes for activating DSO
flexibility and a sub-problem which decides on the optimal
system operation levels. It implies that binary variables, αUP

ubt ,
αDW
dbt , βUP

bt , and βDW
bt are complicating variables that are

going to be optimized in the master problem whilst the rest of
the variables are optimized through the sub-problem. Iterating
between master problem and sub-problem through Benders
cuts solves the original problem.

B. Optimization with Embedded DSO Activations

From the optimization procedure viewpoint, it is assumed
that the FMO has access to all the technical and historical
data of the transmission and distribution networks. For such
information, some monitoring devices (such as PMU and
micro-PMU) are required in both transmission and distribution
networks or alternatively the FMO can gain such information
through agreements directly from TSO and DSOs. Besides,
there might be some data which are needed to be directly
anticipated by the FMO itself. With this perspective, the
FMO embeds the DSO’s prospective optimization within the
TSO’s real-time dispatch modeling. Consequently, this situa-
tion forms a bilevel LA-MI mixed-logical linear program as
follows.

1) Upper Level: The upper level of this model is as follows.

Minimize
Ω2

∑
t∈RW

∑
b∈ITS

fb(P
TS
gbt

)+

∑
t∈RW

∑
b∈ITS

∑
d∈Ndb

FDWT
dbt πDW

dbt +
∑

t∈RW

∑
b∈ITS

∑
u∈Nub

FUPT
ubt πUP

ubt (4a)

subject to (2b), (2c), (2e)-(2k), (3h)-(3l), and:

PTS
gbt
− PTS

Lbt
−

∑
u∈Nub

(FUPT
ubt + FUPD

ubt )

+
∑

d∈Ndb

(FDWT
dbt + FDWD

dbt ) =
∑

(bc)∈KTS
PTS
bct

+ vs
TS

bt

∑
c∈ITS

GTS
bc ,∀ b ∈ ITS , t ∈ RW (4b)

PTS
Lpt

= PDS
gpt

,∀ p ∈ PCC, t ∈ RW (4c)

QTS
Lpt

= QDS
gpt

,∀ p ∈ PCC , t ∈ RW (4d)

vs
TS

pt = vs
DS

pt ,∀ p ∈ PCC , t ∈ RW (4e)

θTS
pt = θDS

pt ,∀ p ∈ PCC , t ∈ RW (4f)

(FUPT
ubt + FUPD

ubt ) ≤ αUP
ubt (Φ

PV
ubt +ΦWT

ubt +ΦBA
ubt ) ,

∀ b ∈ ITS , u ∈ Nub, t ∈ RW (4g)

(FDWT
dbt + FDWD

dbt ) ≤ αDW
dbt (ΦDR

dbt +ΦBA
dbt ) ,

∀ b ∈ ITS , d ∈ Ndb , t ∈ RW (4h)

where, Ω2={Ω1, QTS
Lpt

, FDWD
dbt , FUPD

ubt , PDS
gpt

, QDS
gpt

, θDS
pt ,

vs
DS

pt }. The conditions of TSO-DSO connection are mod-
eled by (4c)-(4f). Here, variables PDS

gpt
, QDS

gpt
, θDS

pt , vs
DS

pt ,
FDWD
dbt , and FUPD

ubt are determined through following lower-
level optimization. Constraints (4g) and (4h) represent the

maximum available turn-up and turn-down service activation,
respectively. In the embedded DSO activation model, since it
is assumed that reserve generators and the EERs embed all
cost functions into the submitted offer functions, there is no
need to consider binary variables β for defining the operation
state of reserve generators. However, due to the mathematical
concept of implication in the inference dual theorem used in
the logic-based Benders decomposition, we need to assign
binary variables α and β to the flexibility services again. The
binary variables are necessary since we cannot use the concept
of implication for continuous variables in the inference dual
theorem which is based on Boolean logic.

2) Lower Level: The lower-level optimization problem is
formulated as follows which represents the objective functions
of all DSOs.1

Minimize
Ω3

∑
t∈RW

∑
b∈ITS

∑
u∈Nub

FUPD
ubt πUP

ubt

+
∑

t∈RW

∑
b∈ITS

∑
d∈Ndb

FDWD
dbt πDW

dbt (5a)

subject to (1b)*, (1c)*, (1e)*-(1k)*, and:

PDS
gibt
− PDS

Libt
+ PVibt +WTibt+

FDWT
ibt − FUPT

ibt + FDWD
ibt − FUPD

ibt =∑
(ij)∈KDS

b

PDS
ijbt + vs

DS

ibt

∑
j∈IDS

b

GDS
ijb ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (5b)

FUPD
ubt ≤ (ΦPV

ubt +ΦWT
ubt +ΦBA

ubt ) ,

∀ b ∈ ITS , u ∈ Nub, t ∈ RW (5c)

FDWD
dbt ≤ (ΦDR

dbt +ΦBA
dbt ) ,

∀ b ∈ ITS , d ∈ Ndb , t ∈ RW (5d)

where, Ω3={vsDS

ibt , θDS
ibt , PDS

ijbt , Q
DS
ijbt, P

DS
ibt , QDS

ibt , FUPD
ibt ,

FDWD
ibt }. The objective function (5a) minimizes the total cost

of flexibility service activation in each rolling window with
four intervals for each DSO which is formulated based on the
submitted linear offer function of flexibility service providers.
A new power balance with the impact of TSO and DSO
flexibility service activation is considered in constraint (5b).
Constraints (5c) and (5d) represent the maximum available
turn-up and turn-down service activation, respectively. For
solving the optimization problem of the embedded DSO
model, firstly, the lower level is replaced by its Karush-Kuhn-
Tucker (KKT) optimality conditions as follows.

3) Reformulated Mathematical Program with Complemen-
tarity Constraints: This step reformulates the bilevel LA-MI
optimization problem into a single-level LA-MI optimization
problem:

Minimize
Ω4

∑
t∈RW

∑
b∈ITS

fb(P
TS
gbt

)+

∑
t∈RW

∑
b∈ITS

∑
d∈Ndb

FDWT
dbt πDW

dbt +
∑

t∈RW

∑
b∈ITS

∑
u∈Nub

FUPT
ubt πUP

ubt

(6a)

1Constraints (1b)*, (1c)*, (1e)*, and (1k)* are similar to (1b), (1c), (1e), and
(1k), respectively, where in the * constraints, the time is added using index”t”
and the location of each distribution system in the interconnected transmission-
distribution system is considered using the index ”b”. For instance, PDS

i is
replaced by PDS

ibt .
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subject to (1b)*, (1c)*, (1e)*, (1k)*, (2b)-(2c), (2e)-(2k),
(4b), (3h)-(3l), (4c)-(4h), (5b)-(5d), and:
{λ,Π, µ, δ} ∈ R, {D} ∈ R≥0 (6b)
λibt +D3,ibt −D4,ibt = 0 ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (6c)

Πibt +D5,ibt −D6,ibt = 0 ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (6d)

Πibt

∑
j∈IDS

b

BDS
ijb − λit

∑
j∈IDS

b

GDS
ijb

+D1,ibt −D2,ibt +
∑

(ij)∈KDS
b

µijbt(−
∂PDS

ijbt

∂vDS
ibt

)

+
∑

(ij)∈KDS
b

δijbt(−
∂QDS

ijbt

∂vDS
ibt

) = 0 ,∀ b ∈ ITS ,

i ∈ IDS
b , t ∈ RW

(6e)

∑
(ij)∈KDS

b

µijbt(−
∂PDS

ijbt

∂θDS
ibt

)

+
∑

(ij)∈KDS
b

δijbt(−
∂QDS

ijbt

∂θDS
ibt

) = 0, ∀i ∈ IDS
b , t ∈ RW

(6f)

SBπ
UP
pt − λupt +D11,upt = 0 ,

∀ p ∈ PCC, u ∈ Nup , t ∈ RW
(6g)

SBπ
DW
pt + λdpt +D12,dpt = 0 ,

∀ p ∈ PCC , d ∈ Ndp , t ∈ RW
(6h)

0 ≤ D1,ibt ⊥ (vs
DS

ib − vs
DS

ibt ) ≥ 0,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW

(6i)

0 ≤ D2,ibt ⊥ (vs
DS

ibt − vs
DS

ib ) ≥ 0,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW

(6j)

0 ≤ D3,ibt ⊥ (P
DS

gib
− PgDS

ibt
) ≥ 0,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW

(6k)

0 ≤ D4,ibt ⊥ (PgDS
ibt
− PDS

gib
) ≥ 0,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW

(6l)

0 ≤ D5,ibt ⊥ (Q
DS

ijb −QDS
ijbt) ≥ 0,

∀ b ∈ ITS , (ij) ∈ KDS
b , t ∈ RW

(6m)

0 ≤ D6,ibt ⊥ (QDS
ijbt −QDS

ijb
) ≥ 0,

∀ b ∈ ITS , (ij) ∈ KDS
b , t ∈ RW

(6n)

0 ≤ D7,ijbt ⊥ (P
DS

ijb − PDS
ijbt) ≥ 0,

∀ b ∈ ITS , (ij) ∈ KDS
b , t ∈ RW

(6o)

0 ≤ D8,ijbt ⊥ (PDS
ijbt − PDS

ijb ) ≥ 0,

∀ b ∈ ITS , (ij) ∈ KDS
b , t ∈ RW

(6p)

0 ≤ D9,ijbt ⊥ (Q
DS

ijb −QDS
ijbt) ≥ 0,

∀ b ∈ ITS , (ij) ∈ KDS
b , t ∈ RW

(6q)

0 ≤ D10,ijbt ⊥ (QDS
ijbt −QDS

ijb
) ≥ 0,

∀ b ∈ ITS , (ij) ∈ KDS
b , t ∈ RW

(6r)

0 ≤ D11,ubt ⊥ (ΦPV
ubt +ΦWT

ubt +ΦBA
ubt − FUPD

ubt ) ≥ 0 ,

∀ b ∈ ITS , u ∈ Nub , t ∈ RW
(6s)

0 ≤ D12,dbt ⊥ (ΦDR
dbt +ΦBA

dbt − FDWD
dbt ) ≥ 0,

∀ b ∈ ITS , d ∈ Ndb , t ∈ RW
(6t)

0 ≤ FUPD
ubt ⊥ FDWD

dbt ≥ 0,

∀{b ∈ ITS , u ∈ Nub, d ∈ Ndb, t ∈ RW |u = d}
(6u)

where, Ω4={Ω1, Ω2, Ω3, D, λ, Π, µ, δ}. Constraints (6c)-
(6h) represent the derivative of the Lagrangian function with
respect to the optimization variables in the DSO model.
Constraints (6i)-(6t) express the complementary slackness con-
ditions for each inequality constraint in the lower level (DSO
model). Constraints (6u) represents that turn-up and turn-down
services should not be activated at one node of distribution
network simultaneously. The whole structure of the proposed
organizational setup involving the FMO organization is shown
in Fig.3.

Fig. 3. The proposed organizational setup based on the FMO coordinating
organization.

C. Generalized Disjunctive Programming (GDP) Model

In this step, constraints including (3j), (3k), and (6i)-(6u)
are reformulated as disjunctive inequalities.2

Minimize
Ω4

Objective Function of (6a) (7a)

subject to (1b)*,(1c)*,(1e)*,(1k)*,(2b),(2c),(2e)-(2k),(4b),
(3h)-(3l),(4c)-(4h),(5b)-(5d),(6b)-(6h), and the equivalent
disjunctive form of constraints (6i)-(6u) as follows:

[D1,ibt ≤ 0] ∨ [vs
DS

ib − vs
DS

ibt ≤ 0] ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (7b)

[D2,ibt ≤ 0] ∨ [vs
DS

ibt − vs
DS

ib ≤ 0],

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (7c)

Similarly for (6k)-(6u) (7d)

2∨ : Logical disjunction (OR)
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where, constraints (7b) and (7c) show the disjunctive equiva-
lent of (6i) and (6j), respectively. Constraints (7d) express the
same disjunctive equivalents for constraint (6k)-(6u).

One of the most common methods for finding the solution
to disjunctive programming problems is to utilize the Big-
M method to reformulate the problem as a mixed-integer
linear/nonlinear programming model. In optimization problem
(7), the Big-M method can be used as in (8) below to linearize
the disjunctive inequality (7b):

D1,ibt ≤M1,ibt(1− Y1,ibt),
∀ b ∈ ITS , i ∈ IDS

b , t ∈ RW (8a)

vs
DS

ib − vs
DS

ibt ≤M2,ibt(1− Y2,ibt),
∀ b ∈ ITS , i ∈ IDS

b , t ∈ RW (8b)

∑2

k=1
Yk,ibt = 1 , Yk,ibt ∈ {1, 0} ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (8c)

Since solving optimization problems using the Big-M method
with a large number of variables and complementary condi-
tions is an NP-hard problem [33], these Big-M based models
tend to lead to weak continuous relaxations and turn out to
be unsolvable in practice [34]. Consequently, a logic-based
model is proposed to reformulate the disjunctive inequalities.
Boolean variables and propositional logic are considered in
the optimization problem. The following represents the logical
form of disjunctive inequalities (7b) and (7c).3

[
Y3,ibt

D1,ibt ≤ 0

]
∨
[ ¬Y3,ibt
vs

DS

ib − vs
DS

ibt ≤ 0

]
,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (9a)

[
Y4,ibt

D2,ibt ≤ 0

]
∨
[ ¬Y4,ibt
vs

DS

ibt − vs
DS

ib ≤ 0

]
,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (9b)

¬Y3,ibt ⊻ ¬Y4,ibt, ∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (9c)

¬Y3,ibt =⇒ Y4,ibt ,

¬Y4,ibt =⇒ Y3,ibt ,∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (9d)

Logical disjunction inequalities (9a) and (9b) represent that the
equations corresponding to true Boolean variables are added
to the optimization problem. Constraints (9c)-(9d) explain the
logical propositions associated with constraints (9a) and (9b).
For instance, in the logic proposition (9c), ¬Y3,ibt implies
vs

DS

ib =vs
DS

ibt . On the other side, ¬Y4,ibt implies vs
DS

ibt =vs
DS

ib .
Consequently, ¬Y3,ibt and ¬Y4,ibt cannot be true simultane-
ously. In the proposed logic-based model, all disjunctives are
handled using the indicator constraints method and MIP solver
CPLEX in GAMS platform [35].

3 ⇐⇒ : If and only if, ⊻ : Exclusive disjunction (XOR),
=⇒ : Mathematical implication

The following is the new form of optimization (7) which
expresses and exploits the inherent logic structure of the
optimization problem.

Minimize
Ω5

∑
t∈RW

∑
b∈ITS

fb(P
TS
gbt

)+

∑
t∈RW

∑
b∈ITS

∑
d∈Ndb

FDWT
dbt πDW

dbt +
∑

t∈RW

∑
b∈ITS

∑
u∈Nub

FUPT
ubt πUP

ubt (10a)

subject to (1b)*,(1c)*,(1e)*,(1k)*, (2b), (2c), (2e)-(2k),
(4b), (3h)-(3l), (4c)-(4h), (5b)-(5d), (6b)-(6h), (9a)-(9d),
and:[

Y1,bt
βUP
bt ≤ 0

]
∨
[
¬Y1,bt

βDW
bt ≤ 0

]
, ∀ b ∈ ITS , t ∈ RW (10b)

[
Y2,ibt

αUP
ibt ≤ 0

]
∨
[
¬Y2,ibt
αDW
ibt ≤ 0

]
,∀b ∈ ITS , i ∈ IDS

b , t ∈ RW
(10c)

[
Y5,ibt

D3,ibt ≤ 0

]
∨
[

¬Y5,ibt
P

DS

gib
− PgDS

ibt
≤ 0

]
,

∀b ∈ ITS , i ∈ IDS
b , t ∈ RW (10d)

[
Y6,ibt

D4,ibt ≤ 0

]
∨
[ ¬Y6,ibt
PgDS

ibt
− PDS

gib
≤ 0

]
,

∀b ∈ ITS , i ∈ IDS
b , t ∈ RW (10e)

¬Y5,ibt ⊻ ¬Y6,ibt, ∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (10f)

¬Y5,ibt =⇒ Y6,ibt ,

¬Y6,ibt =⇒ Y5,ibt , ∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW (10g)

Similarly for (6m)-(6u) (10h)

Yk,ibt ∈ {False, True}, k = 1, ..., 15 (10i)

where, the set of variables Ω5={Ω4,Yk,ibt}. Due to the non-
convexity of plausible sub-problems, obtaining the optimality
cuts using the classical Benders decomposition method is
challenging. As mentioned in the Introduction, the standard
Benders decomposition method cannot solve this type of
optimization programming with the non-convexity in the sub-
problem. Accordingly, the Logic-Based Benders Decomposi-
tion (LBBD) method is introduced as follows.

D. Logic-Based Benders Decomposition Method

In our proposed LBBD method, the master problem rep-
resents the relationship between the value of the binary
complicating variables and the objective functions of the cut
calculation process. The sub-problem optimizes the rest of
the variables while the complicating variables are considered
exogenous parameters. Then, at the cut calculation process,
all possible combinations of binary complicating variables are
enumerated while each combination implies particular values
for sub-problem variables. An illustrative example is presented
in the Appendix to make the LBBD process clearer.
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Accordingly, the GDP problem (10) can be solved by our
proposed LBBD method. Binary variables related to the TSO
turn-up and turn-down service activations are considered as
complicating variables (sub-set Nmv

b ) to form the master
problem. The sub-problem is formed to obtain the optimal
nodes for activating DSO flexibility and dispatch levels. This
process is shown in Fig.4. Accordingly, the sub-problem,
master problem, and the cut calculation process are formulated
as follows.

Fig. 4. The logic-based Benders decomposition for solving the embedded
DSO model.

1) Sub-Problem: In the optimization problem (10), we
define the complicating variables αUP

ut and corresponding
logical indicators Y2,it as exogenous parameters α̂UP

ut and
Ŷ2,it, respectively. These assumptions form the sub-problem
as follows.

Minimize
Ω5

Objective Function of (10a) (11a)

subject to (1b)*, (1c)*,(1e)*, (1k)*, (2b), (2c), (2e)-(2k),
(4b), (3h)-(3l), (4c)-(4h), (5b)-(5d), (6b)-(6h), (9a)-(9d),
(10b), (10d)-(10i), and:

αUP
ubt = α̂UP

ubt , ∀ b ∈ ITS , u ∈ Nmv
b , t ∈ RW (11b)

Y2,it = Ŷ2,it, ∀ i ∈ IDS
b , t ∈ RW (11c)

Solving the sub-problem (11) determines the upper bound
of the original optimization problem (10). If the difference
between the lower and upper bounds is less than a pre-defined
tolerance, the process is finished.

2) Master Problem: The master problem determines the
optimal value of complicating variables using the concept of
inference dual. Before defining the inference dual concept, we
introduce the notion of implication with respect to a domain
D.

Definition 1. We assume that A and B are two propositions
about x ∈ D where D is the domain of x. We say, A implies
B with respect to D (noted A

D−→ B), if B is true for any
x ∈ D for which A is true [26].

Now we can define the concept of inference dual as follows:

Definition 2. For general optimization problem P1 =
{Minimize f(x) : x ∈ S, x ∈ D} with feasibility set S and
domain set D, the inference dual is the problem of inferring
the possible tightest lower bound on the optimal value of the
objective function f(x) from the constraints (x ∈ S). The
inference dual of above optimization problem is as follows:
P2 = {Maximize ψ : x ∈ S D−→ f(x) ≥ ψ}.

Using above definitions we have the strong inference duality
theorem as follows:

Theorem 1. Strong inference duality: The optimization prob-
lem P1 has the same optimal value as its inference dual
problem P2.

Proof. Let ψ∗ be the optimal value of P1. It is obvious that
x ∈ S implies f(x) ≥ ψ∗, this in turn shows that the optimal
value of the dual is at least ψ∗. The optimal value of dual
cannot be greater than ψ∗, because this would mean that
f(x) = ψ∗ cannot be achieved in P1 for any feasible x. If
P1 is infeasible, then is P2 unbounded with optimal value ∞.
If P1 is unbounded, then P2 is infeasible with optimal value
−∞ [36].

Applying Theorem 1 to our problem leads to following
optimization problem:

Maximize
Ω6

Wt (12a)

subject to: Ω5 ∈ fS D−−−−−→ OF(11a) ≥Wt,∀ t ∈ RW (12b)

where, fS and D are the feasibility and domain sets of sub-
problem (11), respectively. Symbols Wt and RW are the
tightest lower bound and set of rolling windows, respectively.
OF stands for objective function.

In this regard, the proposed master problem is presented as
follows.4

Minimize
grnt,Ĝubrnt,αUP

urnt,Zt

∑
t∈RW

Zt (13a)

subject to:

Zt ≥ Γrntgrnt ,∀ n ∈ {1, .., 2N
mv
b }, r ∈ IT , t ∈ RW (13b)

grnt = 1 ⇐⇒
ITS∧

b=1

Nub∧

u=1

Ĝubrnt ,

∀ n ∈ {1, .., 2Nmv
b }, r ∈ IT , t ∈ RW

(13c)

Ĝubrnt ⇐⇒ αUP
ubrnt = 1 , ∀ u ∈ Nmv

b ,

b ∈ ITS , n ∈ {1, .., 2Nmv
b }, r ∈ IT , t ∈ RW

(13d)

¬Ĝubrnt ⇐⇒ αUP
ubrnt = 0 , ∀ u ∈ Nmv

b ,

b ∈ ITS , n ∈ {1, .., 2Nmv
b }, r ∈ IT , t ∈ RW

(13e)

g ∈ {0, 1}, Ĝ ∈ {False, True} (13f)

The calculated objective function in this step determines
the lower bound of optimization problem. Constraint (13b)
represents the Benders cuts which are calculated based on
the achieved optimal value of the current sub-problem. Con-
straint (13c) explains the predefined logical proposition related
to the different combinations of complicating variables which
determines the selected nodes for EER activation at each
transmission and distribution bus. At each iteration, only one
combination is selected. Constraints (13d) and (13e) explain
that each combination of the Boolean variables implies specific
service activation.

4∧ : Logical conjunction
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3) Benders Cut Calculation: The following optimization
problem calculates the LBBD cut for flexibility service activa-
tion. The problem is solved for 2N

mv
b iterations corresponding

to all combinations of a subset of complicating variables
(Nmv

b ⊆ Nub). At each iteration, the optimal value of the
objective function Γrnt is the tightest bound to the master
problem which is related to the specific combination of com-
plicating variables αUP

ubrnt

∗.

Minimize
Ω7

Γrnt =
∑

b∈ITS
fb(P

TS
gbrnt

)+

∑
b∈ITS

∑
d∈Ndb

FDWT
dbrnt π

DW
dbt +

∑
b∈ITS

∑
u∈Nmv

b

FUPT
ubrntπ

UP
ubt ,

∀ n ∈ {1, .., 2Nmv
b }, t ∈ RW, r ∈ IT (14a)

subject to (1b)*, (1c)*, (1e)*, (1k)*, (2b), (2c), (2e)-(2k),
(4b), (3h)-(3l), (4c)-(4h), (5b)-(5d), (6b)-(6h), (9a)-(9d),
(10b), (10d)-(10i), and:

αUP
ubrnt = αUP

ubrnt

∗
,∀ b ∈ ITS , u ∈ Nmv

b ,

t ∈ RW, n ∈ {1, .., 2Nmv
b }, r ∈ IT

(14b)

αDW
ibrnt = {α̂DW

ibrnt|αUP
ibrnt

∗
=⇒ [α̂DW

ibrnt] ∧ [Ŷ2,ibrnt]},
∀ b ∈ ITS , i ∈ IDS

b , t ∈ RW,n ∈ {1, .., 2Nmv
b }, r ∈ IT

(14c)

Yibrnt = {Ŷibrnt|αUP
ibrnt

∗
=⇒ Ŷibrnt} ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW,n ∈ {1, .., 2Nmv

b }, r ∈ IT
(14d)

Dijbrnt = {D̂ijbrnt|αUP
ibrnt

∗
=⇒ D̂ijbrnt} ,

∀ b ∈ ITS , i ∈ IDS
b , (ij) ∈ KDS

b , t ∈ RW,
n ∈ {1, .., 2Nmv

b }, r ∈ IT (14e)

FUPD
ibrnt = {F̂UPD

ibrnt |αUP
ibrnt

∗
=⇒ Ŷ15,ibrnt} ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW,n ∈ {1, .., 2Nmv

b }, r ∈ IT
(14f)

FDW
ibrnt = {F̂DW

ibrnt|αUP
ibrnt

∗
=⇒ [Ŷ14,ibrnt] ∧ [Ŷ15,ibrnt]} ,

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW,n ∈ {1, .., 2Nmv

b }, r ∈ IT
(14g)

Qgibrnt
= {Q̂gibrnt

|αUP
ibrnt

∗
=⇒ [Ŷ7,ibrnt] ∧ [Ŷ8,ibrnt]},

∀ b ∈ ITS , i ∈ IDS
b , t ∈ RW,n ∈ {1, .., 2Nmv

b }, r ∈ IT
(14h)

Qijbrnt = {Q̂ijbrnt|αUP
ibrnt

∗
=⇒

[Ŷ11,ijbrnt] ∧ [Ŷ12,ijbrnt]}, ∀ b ∈ ITS , i ∈ IDS
b ,

(ij) ∈ KDS
b , t ∈ RW,n ∈ {1, .., 2Nmv

b }, r ∈ IT (14i)

δdbrnt = δ̂dbrnt,∀ b ∈ ITS , d ∈ Nd,

t ∈ RW, r ∈ IT, n ∈ {1, .., 2Nmv
b }

(14j)

θTS
brnt = θ̂TS

brnt , ∀ b ∈ ITS , t ∈ RW ,

r ∈ IT , n ∈ {1, .., 2Nmv
b }

(14k)

Where Ω7 = {Γrnt, P
TS
bcrnt, P

TS
brnt, P

DS
ibrnt, P

DS
ijbrnt, v

sDS

ibrnt,

FUPT
ubt }. Constraints (14b) represents the selected combination

of αUP
ubrnt. Constraints (14c)-(14k) express the exogenous

parameters in the sub-problem (11). The whole process of the
LBBD method is presented in Algorithm 1 and Fig. 5.

Algorithm 1 Logic-based Benders Decomposition
1: Take αUP

ubrnt as complicating variables, r← 1

2: αUP
ubrnt ← α

UP(0)

ubrnt(initial guess) , LB ←-∞ , UB ←∞
3: while UB − LB ≥ ϵ do
4: Step1: Master problem (MLLP)
5: if r ≥ 2 then
6: Solve the master problem (13) considering Γrnt

7: (α̂UP
ubrnt ← αUP

ubrnt) , (LB ← new LB)
8: end if
9: Step2: Sub-problem (MLLP)

10: Solve the sub-problem (11)
11: UB ← new UB , Ω6 ← Ω6 (save all optimal values)
12: Step3: Logic-based Benders cut calculation
13: for n← 1 to 2N

mv
b do

14: if n ≥ 2 then
15: gr(n−1)t ← 0
16: end if

17: grnt ← 1 ⇐⇒
ITS∧
b=1

Nmv
b∧

u=1
Ĝubrnt

18: (Ĝubrnt ⇐⇒ αUP
ubrnt ← 1) , (αUP

ubrnt

∗ ← αUP
ubrnt)

19: Solve the optimization problem (14)
20: Γ(r+1)nt ← Γrnt

21: end for r ← r + 1
22: end while

In summary, our proposed LBBD has the following two
strong properties compared to the SBD:

• The proposed LBBD can handle situations where the sub-
problem has both logical propositions and binary vari-
ables. This is performed using the concept of inference
dual we introduced in the current paper.

• Since, we do not reformulate the disjunctive constraints
using the Big-M method, the disjunctive parameters (or
big-Ms) do not appear in our LBBD. Hence, there is no
need to tune these parameters (which is very hard task
[33], if not impossible [34]).

Fig. 5. The process of determining Benders cuts in our LBBD method.
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V. CASE STUDIES

A. Test System

A modified IEEE 118-bus test system is applied as the trans-
mission system that is connected to two modified IEEE 33-
bus test systems as distribution networks (at bus No.102 and
bus No.109). Three different case studies assess the proposed
framework, and with sensitivity variations on load consump-
tion and renewable generation. In all case studies, it is assumed
that forward market have cleared so that the objective of the
TSO-DSO coordination framework is to manage the real-time
uncertainties using the available flexibility services offered
by market aggregators. Table I shows the expected amount
of available flexibility sources in two different distribution
systems for a six-hour interval. The battery storage systems
are only considered at DSOB . Hourly delivery periods are
assumed so that the available sources for flexibility service
activation are obtained by multiplying the values of Table I
by the profiles in Fig. 6. The service activation bids by EERs
in each DSO at each hour are shown in Fig. 7. The bids of
EERs in DSOA and DSOB relate to the turn-up and turn-
down services, respectively. The MIP solver CPLEX [35] in
the GAMS platform was used, whilst the computer had Intel
Core i7-8650U (2.11 GHz), and 16G RAM.

TABLE I
EXPECTED AMOUNT OF FLEXIBILITY SERVICES IN THE CASE STUDIES

Distribution network Node Turn-Down Turn-up

DSOA

No.07 DR1(0.2MW ) WT1(10.5MW )
No.08 DR2(0.2MW ) PV1(9MW )
No.24 - PV2(9MW )
No.30 DR3(0.2MW ) WT2(9MW )
No.32 - PV3(9MW )

DSOB

No.07 − PV1(9MW )
No.18 BA1(5MW ) BA1(5MW )
No.22 BA2(7MW ) BA2(7MW )
No.24 DR1(1.52MW ) PV2(9MW )
No.25 DR2(1.42MW ) PV3(9MW )
No.32 DR3(0.8MW ) WT1(13.5MW )
No.33 BA3(5MW ) BA3(5MW )

Fig. 6. Profile used in the case studies.

Fig. 7. Bids for service activation in different case studies.

Our proposed model takes 96, 95, and 100 seconds to find
the solutions to the optimization problems of Case I, Case

II, and Case III, respectively. Nevertheless, the convergence
and the number of iterations of the LBBD method depends on
the initial guesses relating to the complicating variables. Since
each LBBD cut is calculated individually and independently,
parallel computing techniques can be employed. Therefore,
one of the main advantages of our developed LBBD method
is that parallel computing can easily be employed in the com-
putation process and this, in turn, decreases the computation
time for large-scale optimization problems significantly.

1) Case I (Unexpected Load Increment): In this case,
the average load consumption of DSOB is increased by 20
percent. This case is defined only to evaluate the proposed
methodology. Evidently, the different percentages of load
increments have different impacts on the results. Both TSO
and DSO need to mitigate the resulting congestion and voltage
problem associated with unexpected load increases. Therefore,
our proposed framework mitigates these problems and fulfills
the signed contracts in the forward electricity market by
activating available EERs.

2) Case II (Unexpected Surplus Renewable Energy Genera-
tion): In this case, the scheduled renewable energy generation
in the forward market is available but the actual load con-
sumption becomes lower than the expected value due to the
load decrease in the DSOA. Therefore, there is an unexpected
surplus of renewable energy generation. The EERs are capable
of providing turn-up services to overcome the congestion,
energy imbalance, and voltage problems in both TSO and
DSO regions. In the exogenous DSO activation model, the
maximum amount of available service equals the scheduled
renewable generation in the forward market which is shown
by constraints (3f) and (3g). Consequently, at each hour, the
upper limit of available turn-up service is derived from the
profile in Fig. 6 using the values in Table I.

3) Case III (Conflict Among TSO and DSO Objectives):
This case deals with a situation in DSOB that the load con-
sumption is unpredictably increased at buses No.31 and No.33,
and it is decreased at buses No.24 and No.25. Therefore, there
are surplus renewable energy generation and load increments
simultaneously. The TSO and DSO procure flexibility services
to overcome the congestion, energy imbalance, and voltage
problems in their regions. Compared to Table I, the available
DR at bus No.32 is increased to 2.8MW . Moreover, we con-
sider different offer functions for flexibility service provider in
Case III to show the efficiency of our model. Accordingly, we
multiply the presented bids at each hour in Fig. 7 by a random
parameter, with uniformly distributed values between 0.9 and
1, to generate different offer functions for each individual
flexibility service provider. Therefore, all results related to
Case III are based on consideration of different offer functions
for flexibility service providers.

In the TSO optimization with exogenous DSO activations,
it is envisaged that the TSO would seek in practice to use
empirical data on past activations by the DSO to have a
statistical model of DSO responses in the TSO’s look-ahead
model. We can only make illustrative assumptions on this
aspect. In Case I, it is anticipated that the DSOB activates
40 percent of available flexibility resources. In Case II, it
is predicted that DSOA activates 90 percent of available
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flexibility resources. In Case III, it is forecasted that DSOB

activates 75 percent of turn-up services and 40 percent of
turn-down services. These are the exogenous DSO service
activations in the optimization models of both the LA-MI
and LA-SI frameworks. Evidently, these are arbitrary values
simply to test the model formulations. How well TSOs can
anticipate DSO activations and how much transparency they
have on the distribution system will necessarily be situation
specific.

B. Results and Discussions

The LA-MI and LA-SI frameworks are applied to each
case study. Two optimization models are implemented in each
framework being the SBD (for the exogenous DSO model),
and the LBBD (for the embedded DSO model). Consequently,
this experimental testing results in four optimization problems
comprising two bilevel mixed-logical linear programming
problems related to the LA-MI and LA-SI frameworks in
the embedded DSO model, and two single-level mixed-integer
linear problems related to the exogenous DSO model. Fig. 8
depicts the optimization problems used in this paper. Six hours
of system operations are taken into account to evaluate the
proposed models and frameworks.

Fig. 8. The flowchart of all proposed optimization problems in the current
paper.

Regarding the market mechanism in [1], the EERs compete
with available operating reserves to provide flexibility services
at the TSO level. Therefore, along with the available EERs in
DSOs, there is one operating reserve unit at transmission bus
No.1 that competes with EERs to provide flexibility services
in the transmission system.

In the process of solving the mixed-logical linear program-
ming problem using the LBBD method, the binary variables
related to the turn-up flexibility service activation by TSO
in the binding interval (from available turn-up services αUP

ut

in DSOB) are considered as complicating variables. In the
case studies, the number of complicating variables in the
binding interval is equal to four, being related to the turn-
up services by three PV generation units along with one
wind farm in DSOB . Therefore, there are 16 combinations
of complicating variables, which implies 16 Benders cuts in
our proposed LBBD methodology. Table II shows the logic
propositions related to the combination of the considered
complicating variables. These combinations are represented
by logic propositions in the sub-problem. In each iteration
of the LBBD method, after solving the sub-problem, sixteen
constraints are added to the master problem based on the value
of the optimized objective function in the sub-problem.

TABLE II
LOGIC PROPOSITION FOR DEFINING BENDERS CUTS IN THE PROPOSED

LBBD METHOD

Benders Cuts
(Combination) The location of turn up services at DSOB

Bus No.7 Bus No.23 Bus No.25 Bus No.32

CUT 1 NOT NOT NOT NOT
CUT 2 AND NOT NOT NOT
CUT 3 NOT AND NOT NOT
CUT 4 NOT NOT AND NOT
CUT 5 NOT NOT NOT AND
CUT 6 AND AND NOT NOT
CUT 7 AND NOT AND NOT
CUT 8 AND NOT NOT AND
CUT 9 NOT AND AND NOT
CUT 10 NOT AND NOT AND
CUT 11 NOT NOT AND AND
CUT 12 AND AND AND NOT
CUT 13 AND AND NOT AND
CUT 14 AND NOT AND AND
CUT 15 NOT AND AND AND
CUT 16 AND AND AND AND

1) Results Regarding System Operation Cost: Table III
shows the system operation costs for the four optimization
problems in Case I. Sign ”>” represents that the total operation
cost is greater than the right-hand side value due to the fact
that there are infeasible solutions in some hours. Evidently,
the system operation cost in the LA-MI framework is lower
than the LA-SI framework in both optimizations. Moreover,
the cost of system operation in the second (embedded) DSO
model is lower than the first (exogenous) DSO model in each
framework. Evidently, the absolute value of this benefit is an
artefact of the modelling assumptions and the results are only
meant to be indicative of the feasibility of the methodology.

TABLE III
SYSTEM OPERATION COST FOR CASE I

Binding
Interval Exogenous DSO model Embedded DSO model

LA-SI LA-MI LA-SI LA-MI

t1 Infeasible 72413 ($/h) 74635 ($/h) 72378 ($/h)
t2 87554 ($/h) 82200 ($/h) 87373 ($/h) 82134 ($/h)
t3 100198 ($/h) 92564 ($/h) 99869 ($/h) 92502 ($/h)
t4 Infeasible 84989 ($/h) Infeasible 84964 ($/h)
t5 76424 ($/h) 76290 ($/h) 76320 ($/h) 76268 ($/h)
t6 88098 ($/h) 87426 ($/h) 88006 ($/h) 87386 ($/h)

Total >511873($) 495882($) >511167($) 495632($)

When the LA-MI framework is implemented in both day-
ahead and real-time markets, all forward contracts have been
achieved with the available flexibility services. But, on the
contrary, there are some hours when it is impossible to
mitigate the congestion and fulfill all forward contracts with
the available flexibility sources when the LA-SI framework
is implemented. It implies that even when using all turn-
down service activations, it is impossible to cope with the
unexpected load increments. In practice, this would lead to
a resource adequacy intervention by the TSO, possibly with
disconnections.

Table IV depicts the system operation costs for the four
optimization problems in Case II. In this case study, the
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TSO hedges against the congestion and energy imbalance
problems in the transmission network while DSO copes with
voltage and congestion problems due to the unexpected energy
surplus in the distribution network. Therefore, the TSO and
DSO compete with each other to activate the available turn-
up services to eliminate the surplus energy and relieve their
network problems. Similar to Case I, the LA-MI framework
has lower operational costs in both optimization models. The
difference between the total operational cost of the proposed
LA-MI and LA-SI frameworks are significant.

TABLE IV
SYSTEM OPERATION COST FOR CASE II

Binding Interval Exogenous DSO model Embedded DSO model

LA-SI LA-MI LA-SI LA-MI

t1 74893 ($/h) 73194 ($/h) 74865 ($/h) 73153 ($/h)
t2 87109 ($/h) 84111 ($/h) 86829 ($/h) 83927 ($/h)
t3 99833 ($/h) 94472 ($/h) 98740 ($/h) 94320 ($/h)
t4 89342 ($/h) 86490 ($/h) 88183 ($/h) 86468 ($/h)
t5 77820 ($/h) 77306 ($/h) 77786 ($/h) 77272 ($/h)
t6 89573 ($/h) 88178 ($/h) 89551 ($/h) 88131 ($/h)

Total 518570($) 503751($) 515954($) 503271($)

Table V depicts the system operation costs for the four
optimization problems in Case III. From the operational cost
point of view, Case III is similar to Case I and Case II.
DSO activates both turn-up and turn-down services to mitigate
the congestion, voltage, and energy imbalance problems for
different parts of its network. TSO copes with the voltage and
congestion problems in its network by activating turn-down
services. Again these results are consistent with engineering
intuition.

TABLE V
SYSTEM OPERATION COST FOR CASE III

Binding Interval Exogenous DSO model Embedded DSO model

LA-SI LA-MI LA-SI LA-MI

t1 73988 ($/h) 74270 ($/h) 73948 ($/h) 74193 ($/h)
t2 Infeasible 84539 ($/h) Infeasible 83992 ($/h)
t3 Infeasible 94897 ($/h) Infeasible 94560 ($/h)
t4 Infeasible 87331 ($/h) Infeasible 86793 ($/h)
t5 78954 ($/h) 78967 ($/h) 79009 ($/h) 77845 ($/h)
t6 91660 ($/h) 90320 ($/h) 89976 ($/h) 88942 ($/h)

Total >511369($) 510324($) >508278($) 506325($)

The results in Table III, Table IV, and Table V show that the
LA-MI framework in the exogenous DSO model is preferable
to LA-SI in both models from both economic and feasibility
viewpoints. Furthermore, as mentioned before, the exogenous
DSO model is based on what actually occurs in the current
flexibility markets. Therefore, although the LA-MI framework
in the embedded DSO model has the minimum operation
cost, the complexity of this model is much higher than the
exogenous DSO model. The computational complexity of this
framework is due to the existence of non-convex sub-problems.
Nonetheless, using the proposed methods in this paper includ-
ing GDP and LBBD reduces the computational complexity of
the main optimization problem which in turn will make them
more feasible. Therefore, we continue to analyze the TSO-
DSO coordination with the LA-MI framework using LBBD.

2) Congestion and Voltage Problems: Table VI shows the
congestion and voltage problems related to Case I before
operating the flexibility market using our proposed model. As
can be seen, there is no voltage problem in the transmission
system. Nevertheless, due to the overloading problem in line
no. 175 which connects bus no. 109 to bus no. 110, TSO
needs to activate the flexibility sources in the DSOB to
remove the overloading problem. There are both voltage and
congestion problems in the distribution system DSOB due
to the increased load consumption in Case I. Consequently,
DSO needs to compete with the TSO to activate the available
flexibility sources to mitigate its own problems.

TABLE VI
VOLTAGE AND CONGESTION PROBLEMS FOR CASE I

Binding
Interval Transmission Distribution (DSOB)

Voltage (Bus.No) Congestion (Line.No) Voltage (Bus.No) Congestion (Line.No)

t1 - L175 B15 L22, L25
t2 - L175 B15, B17 L18, L22, L25
t3 - L175 B15, B17 L18, L22, L25
t4 - L175 B15, B17, B31 L18, L22, L25
t5 - L175 B15, B17 L18, L22, L25
t6 - L175 B15, B17 L22, L25

Table VII illustrates the voltage and congestion problems
for Case II before activating any flexibility sources. As can be
seen, there is no voltage problem in the transmission system,
however, TSO is required to activate flexibility sources to
overcome the overloading problem for line no. 162 which
connects bus no. 102 to bus no. 92. The DSO has to deal
with both bus-voltage and line-congestion problems in its own
system for Case II. Therefore, DSO competes with TSO to
activate its needed flexibility services.

TABLE VII
VOLTAGE AND CONGESTION PROBLEMS FOR CASE II

Binding
Interval Transmission Distribution (DSOB)

Voltage (Bus.No) Congestion (Line.No) Voltage (Bus.No) Congestion (Line.No)

t1 - L161 B24, B25 L22, L23
t2 - L161 B7, B24, B25 L22, L23
t3 - L161 B7, B23, B24, B25 L22, L23
t4 - L161 B7, B23, B24, B25, B32 L2, L3, L22, L23
t5 - L161 B7, B23, B24, B25, B32 L2, L3, L22, L23
t6 - L161 B7, B24, B25 L3, L22, L23

Table VIII depicts the voltage and congestion problems for
Case III. As can be seen, TSO has to manage the voltage
problems at bus no. 107 and bus no. 112 and the congestion
problems of line no. 175. Moreover, both DSO and TSO has
voltage and congestion problems in their systems. Therefore,
TSO and DSO compete with each other to activate the avail-
able flexibility sources to overcome their network problems.

TABLE VIII
VOLTAGE AND CONGESTION PROBLEMS FOR CASE III

Binding
Interval Transmission Distribution (DSOB)

Voltage (Bus.No) Congestion (Line.No) Voltage (Bus.No) Congestion (Line.No)

t1 B107, B112 L175 B23, B32 L2, L22, L23
t2 B107, B112 L175 B23, B24, B32 L2, L22, L23
t3 B107, B112 L175 B23, B24, B25, B32 L2, L3, L18, L22, L23
t4 B107, B112 L175 B23, B24, B25, B32 L2, L3, L18, L22, L23
t5 B107, B112 L175 B23, B24, B32 L2, L3, L18,L22, L23
t6 B107, B112 L175 B23, B24, B32 L3, L22, L23
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3) Service Activation: Table IX and Fig. 9 show the results
of solving the logic-based problem related to the LA-MI
framework using LBBD in Case I. As can be seen, however,
the proposed TSO-DSO coordination has properly adapted
to the unexpected variation in the load consumption. The
TSO activates the turn-down services in DSOB to cope with
overloading problems in the transmission system. At the same
time, DSOB also activates down-services at its system to cope
with the resulting congestion. In this case, all available turn-
down services are utilized by the TSO and DSOB . The rest of
the unexpected load increment is compensated by the reserve
capacity in the transmission system.

TABLE IX
FLEXIBILITY SERVICE ACTIVATION OF LA-MI MODEL FOR CASE I

Binding Interval TSO service activation DSO service activation

Turn up Turn down Turn up Turn down

t1 - 6.2 MW - 5.2 MW
t2 - 5.6 MW - 8.6 MW
t3 - 5.2 MW - 11.5 MW
t4 - 5.7 MW - 9.5 MW
t5 - 6.0 MW - 6.8 MW
t6 - 5.4 MW - 9.1 MW

Fig. 9. Service Activation of LA-MI model for Case I.

Table X and Fig. 10 show the results of surplus renewable
energy production in Case II. Evidently, the proposed TSO-
DSO coordination with the LA-MI framework has properly
coped with the unexpected surplus RES generation. TSO has
activated available turn-up flexibility services to relieve the
overloading problems. In the same way as the TSO, DSOA

has also activated the available turn-up services to cope with
the congestion problem inside its distribution network. Most
of the available turn-up flexibility services has been activated
by DSOA due to the impact of unexpected surplus RES
generation on the distribution network.

TABLE X
FLEXIBILITY SERVICE ACTIVATION OF LA-MI FOR CASE II

Binding Interval TSO service activation DSO service activation

Turn up Turn down Turn up Turn down

t1 0.6 MW - 23.4 MW -
t2 0.9 MW - 30.6 MW -
t3 0.9 MW - 33.6 MW -
t4 0.6 MW - 42.9 MW -
t5 0.6 MW - 39.9 MW -
t6 1.1 MW - 33.4 MW -

Fig. 10. Service Activation of LA-MI model for Case II.

Table XI and Fig. 11 show the results of both surplus
renewable energy production and load increment occurring in
Case III. This case demonstrates the ability of the proposed
framework to handle the conflict among TSO and DSOB

objectives to activate available EERs. In the third, fourth, and
fifth hours of the system operation, DSOB needs to activate
both turn-up and turn-down flexibility services to mitigate the
problems in different parts of the DSOB region. On the other
hand, the TSO also activates turn-down service to overcome
the voltage and congestion problems in the transmission net-
work. Consequently, the results show that our proposed LA-
MI framework with embedded DSO activation can properly
handle different simultaneous situations that might arise in the
coordination between TSO and DSOs.

TABLE XI
FLEXIBILITY SERVICE ACTIVATION OF LA-MI FOR CASE III

Binding Interval TSO service activation DSO service activation

Turn up Turn down Turn up Turn down

t1 - 16.4 MW 6.2 MW -
t2 - 16.6 MW 6.1 MW -
t3 - 18.7 MW 1.1 MW 4.2 MW
t4 - 19.4 MW 1.5 MW 2.4 MW
t5 - 17.0 MW 0.6 MW 3.3 MW
t6 - 22.8 MW 1.0 MW -

Fig. 11. Service Activation of LA-MI model for Case III.

In this research, the bilevel optimization problems for em-
bedded DSO modeling case have binary variables in their sub-
problems and accordingly cannot be solved using the SBD.
This is while, as reported in our numerical experiments, the
proposed LBBD can efficiently solve these bilevel programs.

VI. CONCLUSION

In this research, an LA-MI framework for coordinating
TSO-DSO operational decisions is analyzed, in which, a new
organizational setup based on the introduced FMO organiza-
tion is proposed. Two linearized AC-OPF models are intro-
duced for the transmission and distribution systems to evaluate
the coordination and two optimization models are formulated.
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A logic-based Benders decomposition method is advocated to
solve the resulting bilevel mixed-logical linear programming
problem and a new approach to determine the Benders cuts
is proposed. The generalized disjunctive programming is used
to reformulate the complementary slackness conditions. In-
stead of the Big-M method, the indicator constraint method
is employed to represent all disjunctives in the proposed
logic-based model. A comparison of our LA-MI coordination
framework with the current LA-SI coordination framework
widely used in Europe reveals lower costs and more efficient
system operation, as demonstrated through several numerical
experiments.

VII. FUTURE WORK

Expanding the LBBD to stochastic bi-level optimization
is a new challenge. Consequently, modeling the stochastic
behavior of the influential uncertainty sources in a stochastic
TSO-DSO coordination problem with the LBBD method is the
scope of one important future study, which should improve the
system operation and the resilience of both the TSO and DSO
for coping with uncertainties.

The coordination approach can also be extended to include
renewable energy sources with non-convex cost functions. For
such an extension, new binary variables will be introduced
into the transmission-level model to model the non-convex
cost functions and then the same methodology as proposed in
the paper should be applicable.

Finally, we are aware that the practical experiences in [22],
[37] indicate that including a sub-problem relaxation in the
master problem can significantly reduce the number of Ben-
ders iterations. However, determining such a sub-problem
relaxation depends on the structure of different optimization
problems. Consequently, developing an appropriate algorithm
to determine a specific sub-problem relaxation would require
a separate piece of research.

VIII. APPENDIX: AN ILLUSTRATIVE EXAMPLE

For an illustration, we apply the LBBD method to a linear
binary optimization problem, as follows.

Minimize
X,Y,Z,I

4∑

i=1

αiYi +
3∑

j=1

βjXj +
2∑

k=1

γkZk (15a)

subject to:
4∑

i=1

Yi = 1,

3∑

j=1

Xj = 1,

2∑

k=1

Zk = 1 (15b)

[
I1

Y4 ≤ 0

]
∨




¬I1
X1 ≤ 0
X2 ≤ 0
X3 ≤ 0
Z1 ≤ 0



,

[
I2

Z2 ≤ 0

]
∨




¬I2
Y1 ≤ 0
Y2 ≤ 0
Y3 ≤ 0


 (15c)

[
I3

Y1 ≤ 0

]
∨



¬I3

X2 ≤ 0
X3 ≤ 0


 ,

[
I4

Y2 ≤ 0

]
∨



¬I4

X1 ≤ 0
X3 ≤ 0


 (15d)

[
I5

Y3 ≤ 0

]
∨



¬I5

X1 ≤ 0
X2 ≤ 0


 ,

[
{X,Y, Z} ∈ {1, 0}
I ∈ {False, True}

]
(15e)

We consider Y as complicating variable to utilize the LBBD
method. Consequently, the master problem is as follows.

Minimize
Y,W

W, subject to: W ≥ ΓamYi ,

4∑

i=1

Yi = 1 (16)

There are four complicating variables. Symbol Γam is the
logic-based Benders cut coefficient where m is an iteration
counter and a is an index for all possible combinations of
Y . Since the summation of Y should be equal to one, there
are four logic-based Benders cuts. We fix the complicating
variables Y at Y , which is found by solving (16), and form
the sub-problem (17) below:

Minimize
X,Y,Z,I

Objective Function of (15a) (17a)

subject to (15b)-(15e), and Y = Y . (17b)

At this stage for cut calculation, all possible combinations
of the complicating variable Y are considered. Then, for
each combination of Y , X and Z are considered equal to
the optimal values X and Z (calculated for Y equals to Y
from (17)) provided that specific combination of Y implies X
and Z. Then, Γam is calculated for all possible combinations
of complicating variable Y as follows:

Γam =

4∑

i=1

αiYi +

3∑

j=1

βjXj +

2∑

k=1

γkZk ,∀ a ∈ {1, .., 4}

subject to (15b)-(15e)

The master problem and sub-problem are solved iteratively
until the difference between their solutions meet the pre-
defined tolerance.
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