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”Life is and will ever remain an equation incapable of solution, but it contains
certain known factors.”

- Nikola Tesla
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Abstract

Increased consumption and increased use of renewable energy increase the loading
of overhead transmission lines and transformers, resulting in congestion occurring more
often. Dynamic rating uses a time-depending maximum permissible current instead of
a long-term fixed rating; it is an effective solution to upgrade the capacity of existing
infrastructure and to reduce congestion. Dynamic rating is in this thesis applied to
overhead transmission lines and transformers.

Dynamic line rating (DLR) considers how the weather affects the thermal behavior
of the conductor and its rating. Both environmental parameters and conductor charac-
teristics have to be considered. Likewise, dynamic rating of transformers (DTR) relies
on a thermal assessment of the hottest spot in the transformer windings. The hot-spot
temperature is dependent on the ambient temperature, transformer loading, and trans-
formers’ cooling system. In this thesis work, a number of aspects of dynamic rating are
studied, some of which are lesser studied in the literature. The thesis covers, among
others, relations between protection, reliability and rating, stochastic modeling of the
rating, improving hosting capacity (HC) of overhead transmission lines in the presence of
electric vehicles (EVs) and enhancing the transformer HC with solar photovoltaic (PV)
integration.

In the first part of this thesis work, protection operation and its relation with DLR are
examined. Challenges introduced by DLR to protection coordination is the main issue
in this part. A DLR-based protection is proposed based on the rating of the conductor.
In addition, a generic model is introduced to consider DLR reliability from two different
viewpoints: errors and failures of components that would affect the calculation of the
rating; and the impact of such an error or failure on the power system.

The second part of this thesis focuses on the stochastic modeling of DLR and its
impact on the protection operation. The actual line rating is considered a random vari-
able in the protection system allowing for a more flexible decision making. Different
sources of uncertainties are modeled using suitable probability density function (PDF).
The stochastic modeling allows for a transparent trade-off between the risk of failure
to intervene and the risk of unnecessary intervention against overload. It is found that
deterministic (known) DLR could result in high probabilities of overloading or would
require large safety margins. While, a stochastic model will allow for both small margins
and appropriate risks.

In the third part, the increase in the HC by using DLR and DTR has been quantified.
Time-series and stochastic analysis of DLR have been used to maximize the HC of the
network for EV charging. A line selection method is proposed on a time-series basis to
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provide a more reliable and cost effective solution by selecting a minimum set of overhead
transmission lines for DLR implementation. It is found that it is not needed to apply
DLR on all lines that are prone to thermal overloading. It is also found that applying
stochastic DLR can provide more capacity to host EVs comparing to firm HC with and
without curtailment. DTR is applied to increase the HC of distribution transformers for
both solar PV and new consumption. The results indicate that defining performance
indices and limits is important in HC calculation.
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Chapter 1

Introduction

According to the European Green Deal, the European Union is targeting more than
50% reduction in greenhouse emissions by 2030 and net neutrality by 2050 [1, 2]. These
targets require significant changes in the European power grid among others due to
higher electrification rates [3]. The establishment of new companies, electrification of
transportation, integration of renewable generation units, and shutting down certain
types of conventional generation units are some of the developments leading to a strong
increase in generation and consumption of power [4, 5]. All this will result in increased
power flows during certain periods and at certain locations. The lack of grid transferable
capacity, at transmission and sub-transmission levels, may create a barrier against these
developments to a more sustainable society and energy system.

Measures and actions are required to deal with the lack of transferable capacity in the
power grid. While building new transmission and sub-transmission lines, substations and
other primary infrastructure will be a prior and ultimate solution, better use of existing
power grid capacity can provide sufficient flexibility and yet be economically efficient [6].
That requires better utilization of existing infrastructure, like overhead transmission lines,
cables, and transformers. One approach to obtain a better utilization is using dynamic
rating technology for overhead transmission lines and transformers. Such solutions also
typically have a much shorter lead-time than building new primary infrastructure. When
weather conditions are suitable, dynamic rating allows for increased transferable capacity
without compromising the reliability and operational security of the power grid.

1.1 Background

Thermal limits of conductors may cause congestion in the overhead transmission lines due
to the insufficient physical transferable capacity. This may prevent the implementation
of all energy schedules resulting from market settlement and make it difficult to achieve
a balance between generation and demand of electricity. This could create a barrier
against dynamic line rating (DLR), the rating that accounts for weather conditions and
line characteristics at a short timescale, which can be used to increase the line rating up
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8 Introduction

to its physical thermal limit for a specific short period of time, like one hour or even less.
The DLR is defined as the maximum current that will not result in temperature exceeding
the maximum permissible temperature of conductors. Dynamic line rating calculation is
explained in more details in Chapter 2, Section 1.

dynamic transformer rating (DTR) is defined similarly to DLR but the calculation of
the rating proceeds in a different way. The construction of transformers is more compli-
cated than the construction of overhead transmission lines. Furthermore, the conductor
is not directly exposed to the weather conditions, but indirectly through insulation and
a cooling medium. Thermal time constants are longer for transformers than for over-
head transmission lines [7]. Since the temperature distribution of a transformer is non-
homogeneous, it is important to consider the highest conductor temperature instead of
a kind of average conductor temperature as is used for overhead transmission lines. To
obtain a value for the rating of the transformer, the hot-spot temperature (HST) and the
aging of the transformer insulation should be kept below certain levels. The HST has a
significant effect on transformer insulation aging. If the HST crosses a certain threshold
temperature, the rate of insulation degradation in transformer windings increases fast, re-
sulting in accelerated insulation aging. Consequently, the transformer’s loss of life (LOL)
increases considerably. Overloading a transformer beyond the rated HST can seriously
affect the transformer’s lifetime. However, temporary overloading, beyond the static rat-
ing and even beyond the rated temperature is possible without resulting in immediate
reliability or security issues. Detailed calculation of DTR is explained in Chapter 2,
Section 2.

1.2 Motivation

Overhead transmission lines and transformers play a significant part in system planning
and in the capacity of the power grid to transfer large amounts of electricity from, for
example, renewable resources, to electricity consumers. Increasing their capacity using
dynamic rating has potential economic and environmental benefits. However, there are
some concerns with the extensive utilization of dynamic rating in power networks. It
could endanger the reliable and secure operation of the power grid. The uncertain values
of weather variables (temperature, wind speed, etc.) and load current through lines and
through transformers limit the practical applicability of dynamic rating. Dynamic rating
does not provide a firm increase in transferable capacity, but the transferable capacity
becomes time-varying due to variations in weather. In recent years several methods have
been proposed to predict the thermal rating of the conductor and to keep the maximum
allowable current below pre-defined limits [8, 9]. An important question in setting those
limits is what would be the consequences if dynamic rating fails.

The very first step in addressing this question, which is briefly discussed in Chapter
3, is understanding what constitutes the failure of DLR. Failures in different types of ele-
ments that are all part of DLR have the potential to impact the performance of the DLR
itself and consequently the power grid performance. Understanding the consequences of
those failures may help utilities and network operators to take proper actions to avoid
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those consequences. Actions would be in a form of intervention that should be taken
when otherwise the line would actually get overloaded (details can be found in Chapter
3 and Chapter 4). Moreover, it is important to address uncertainties in DLR in order to
provide a better decision-making process for overload protection. As with all protection,
there is a balance needed between “fail-to-operate” and “unwanted operation”. One ap-
proach to obtain input for such decision making is using a stochastic DLR to quantify the
various risks and compare these with the acceptable probability of overload (acceptable
risk). This is discussed in Chapter 4. Another approach would be identifying suitable
performance indices and using these for quantifying the hosting capacity (HC) of the
power grid for new production and/or new consumption. This can be used to find the
suitable thresholds for dynamic rating operation in general; this is further discussed in
Chapter 5.

1.3 Objective and Scope

This thesis work analyzes several aspects of using dynamic rating, for overhead transmis-
sion lines and for transformers. The impact of DLR on the classical protection operation,
the necessity for the stochastic study of DLR, and HC calculation for transformers and for
overhead transmission lines are the main directions. Next to that, a number of applica-
tions of dynamic rating are studied. The main objectives of this thesis work are divided
into four parts namely; application of dynamic rating; DLR and overload protection;
stochastic Modeling for DLR; and calculating HC when using dynamic rating.

The objectives and scope of these four parts are as follows:

Application of dynamic rating

• Studying DLR applications during operational planning and (in the form of overload
protection) during operation.

• Studying DTR for distribution transformers during long-term planning.

DLR and overload protection

• A study of DLR as part of the overload protection has been conducted to get an
overview regarding the risk of unwanted operation and fail-to-operate. (Paper A).

• Protection against overload and protection against short-circuit are compared to
identify overlap and coordination issues when introducing DLR (Chapter 3).

• Introducing a generic qualitative model of the reliability aspects of the DLR. Two
different perspectives are studied; failure of DLR and the impact of such failure on
the power grid (Paper B).
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Stochastic Modeling

• Stochastic modeling of the line rating is introduced as part of the overload pro-
tection. Calculating the probability of overloading in three different case studies
(Paper C).

Hosting capacity

• Quantifying HC for integrating electric vehicle (EV) charging through stochastic
DLR (Paper D).

• Assessing risk-based criteria and proposing a method to select suitable lines for
DLR implementation, (Paper E).

• Increasing transformer HC through limits for HST, top-oil temperature (TOT),
and LOL of a transformer. The study is carried out for two separate cases; solar
photovoltaic (PV) penetration and increased consumption (Paper F).

1.4 Approach

The research that is presented in this thesis work is divided into four main parts, as
mentioned in the previous section. Different approaches have been used for the different
parts:

Application of dynamic rating

1. Reviews have been made on operational planning and reliability aspects of DLR.
The different challenges of using DLR during operational planning have been stud-
ied. Links between DLR performance and protection methodology have been mapped.

2. Data on consumption for 33 different distribution transformers has been combined
with data on insolation. The aim is to estimate the HST and LOL for those trans-
formers with an increasing amount of installed solar PV capacity. A similar study
has been done for increased consumption.

DLR and overload protection

3. Basic concepts on the failure of protection have been applied to DLR, better to
understand the failure of the DLR. General qualitative descriptions of overload
protection and protection against short-circuits have been used better to under-
stand the need for coordination between these two types of protection.

4. A reliability study is done with the focus on what constitutes DLR failure. A generic
qualitative model is developed containing the different types of elements needed
for DLR and their failures that have the potential to impact the performance of
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the DLR. The approach used here is a qualitative description to identify different
errors and failures in the DLR system and how they impact the performance of
that system.

Stochastic modeling

5. Analysis of hourly DLR is carried out for various scenarios to obtain the probabil-
ity of overloading. Eight-year data for weather variables, wind farm production,
solar PV production, and consumption is subsequently provided for the analysis.
The time resolution of the data is one hour. Weather data is obtained from the
Swedish Meteorological and Hydrological (SMHI). Wind farm production data is
obtained from the wind farm owner. Solar PV production data is calculated from
satellite data using an open-access website (www.renewables.ninja) [10, 11]. Pub-
licly available consumption data is obtained from the Swedish transmission-system
operator website (https://mimer.svk.se/).

6. Estimation of DLR has several uncertainties associated with it; both weather condi-
tions and line characteristics. There is a need to identify and analyze the sensitivity
of the line rating to each of those uncertainties before developing and applying a
stochastic model.

7. A stochastic model for uncertainty handling of weather data has been used to
address the stochasticity of the line rating. The method is based on the probability
of overloading and aims toward tuning overload protection when using DLR. It
allows obtaining a balance between the dependability and security of DLR.

Hosting capacity

8. Hosting capacity is quantified considering the thermal loading limits of power trans-
formers and overhead transmission lines. Planning for EV charging and solar PV
by calculating the HC is also covered within this thesis work.

1.5 Contributions

The main contributions of this thesis work are as follows, again subdivided into the four
parts, where some of the contributions fall under more than one part:

Application of dynamic rating

1. Showing that having more lines with DLR does not always lead to less congestion.
It is shown to be important to identify suitable lines that have the highest impact
on the overall increase of HC and on the reduction of the total generation cost.

www.renewables.ninja
https://mimer.svk.se/
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2. Showing and quantifying the potential of dynamic rating to increase HC for both
transformers and for overhead transmission lines when peak consumption occurs
during the cold season.

3. Showing a quantifying the potential of dynamic rating to increase the transformer
capacity for downstream solar PV.

DLR and Overload Protection

4. Identifying different scenarios causing problems for the operation of the protection
system when using DLR. Giving a qualitative description of limits to transferable
capacity set by the protection against short-circuits.

5. Describing DLR and especially its failure, in terms of overload protection. This de-
scription has resulted in methods allowing a trade-off between unwanted operation
being taken and necessary operation not being taken.

6. Introduction of a stochastic DLR that can be used during operation as part of
overload protection. The probability that the actual instantaneous line rating is
less than the line current (the “probability of overload”) is used as a decision
parameter in this model. Uncertainties in weather variables and line parameters
can be included in this proposed stochastic scheme. When used during operation,
this probability can be reported to the control room, and/or it can be used in a
decision criterion for automatic removal (tripping) of a line.

Stochastic modeling

7. Introduction of a stochastic scheme that can be used during ”hour-ahead” or ”day-
ahead” operational planning. The probability that the actual instantaneous line
rating is less than the line current (the “probability of overload”) is used as a
decision parameter in this scheme. Uncertainties in weather variables and line
parameters can be included in this proposed stochastic scheme.

8. Showing that the acceptable probability of overload has a big impact on the number
of times that intervention needed against overloading.

Hosting Capacity

9. Introducing HC as a good indication of when transformer replacement or another
measure is needed to avoid unacceptably deteriorating the transformer insulation
life.

10. Showing that it is important to identify the influential performance indices for the
HC calculation with overloading of transformers.

11. Using risk criteria to maximize the overall HC for EV charging and to select suitable
lines for DLR implementation.
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1.6 Societal Aspects of dynamic rating

The work presented in this thesis work contributes toward understanding several aspects
of dynamic rating utilization in the power grid. The impact of this thesis work on society
is mainly related to the estimation of the thermal limits of power grid assets to provide
more capacity for different sectors (both production and consumption). Lack of power
grid capacity could have a number of disadvantages, among others:

• In many developed countries different sectors, such as health, education, and com-
munication, are dependent on reliable electricity. Lack of power grid capacity may
endanger this reliability.

• Decarbonization of the energy system will require a significant reduction in emis-
sions from the power generation sectors, an increase in electricity consumption, and
increased power flows through the power grid. Without sufficient capacity of the
power grid, the increased electrification together with increased use of renewable
sources is not possible.

• There is a risk for customers to face forced interruptions, where they have less
opportunity to use electricity. There is always a need to make a balance between
connecting renewable sources, mainly solar PV and EV, and maintaining the power
grid performance. Both are seen as important for society. The use of dynamic rating
will, in many cases, allow more renewable sources to be connected, reduce the need
for forced interruptions, or both.

Using dynamic rating will provide a higher HC to reduce the social, economic, and
environmental inconveniences due to the curtailment of production and/or consump-
tion. However, due to several uncertainties in weather conditions and line characteristics,
new challenges will be introduced that should be identified and addressed. By improv-
ing knowledge and developing solutions addressing those challenges, this work enhances
technical and social development.

1.7 Outline of the thesis

This thesis is divided into six chapters as follows:

• The first chapter provides the overview of the thesis work; background, motivation,
scope, approach, contributions, societal aspects, and outline of the thesis.

• The importance of dynamic rating for overhead transmission lines, and transformers
will be introduced in Chapter 2. The details of the thermal rating calculation are
also included in the same chapter.

• In Chapter 3 the details of the overhead transmission line protection are presented
from a DLR viewpoint. The reliability aspects of DLR are discussed comprehen-
sively in the same chapter.
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• Chapter 4 starts with a brief overview of uncertainty handling and different tech-
niques to cope with uncertainty. Following this overview, the proposed stochastic
DLR will be described along with an uncertainty analysis.

• The first part of Chapter 5 is dedicated to introducing the classical HC. Next, a firm
HC analysis is presented for both overhead transmission lines and for transformers,
in the presence of EV and solar PV, respectively. Finally, the impact of stochastic
DLR on the HC for EV charging is analyzed.

• In Chapter 6 the findings are presented along with a discussion and recommenda-
tions.

1.8 Appended Papers

The papers that are included in this thesis work are as follows:

• Paper A

SF. Hajeforosh, M. H. J. Bollen, L. Abrahamsson,”Dynamic Line Rating Oper-
ational Planning : Issues and Challenges”, 25th International Conference on Elec-
tricity Distribution (CIRED), 2019.

• Paper B

SF. Hajeforosh, M. Bollen,”Reliability Aspects of Dynamic Thermal Rating in
the Power Grid”, 26th International Conference on Electricity Distribution (CIRED),
2021.

• Paper C

SF. Hajeforosh, M. H. J. Bollen,”Uncertainty Analysis of Stochastic Dynamic
Line Rating”, Electric Power Systems Research, 2021.

• Paper D

SF. Hajeforosh, M. H. J. Bollen,”Increasing the Grid Capacity for Electric Vehicle
Charging using Dynamic Rating”, 26th International Conference on Electricity
Distribution (CIRED).

• Paper E

SF. Hajeforosh, H. Bakhtiari, M. H. J. Bollen,”Risk Assessment Criteria for
Utilizing Dynamic Line Rating in Presence of Electric Vehicles Uncertainty”, Sub-
mitted and under the second review in Electric Power Systems Research, 2022.



• Paper F

SF. Hajeforosh, A. Khatun, and M. H. J. Bollen,”Enhancing the Hosting Capac-
ity of Distribution Transformers for Using Dynamic Component Rating”, Accepted
to the International Journal of Electrical Power & Energy Systems, 2022.

Other publications not part of this thesis work but contents and contributions were shared
at Conferences and webinars.

• SF. Hajeforosh, M. H. J. Bollen,”Transmission Line Overloading Analysis Using
Probabilistic Dynamic Line Rating”, 16th International Conference on Probabilistic
Methods Applied to Power Systems (PMAPS), 2020.

• SF. Hajeforosh, Z. Nazir, M. H. J Bollen,”Reliability Aspects of Battery Energy
Storage in the Power Grid”, IEEE PES Innovative Smart Grid Technologies Europe
(ISGT-Europe), 2020.

• SF. Hajeforosh, M. H. J. Bollen,”Uncertainties in Radiation Modeling for Trans-
mission Lines and Their Impact on the Ampacity”, 26th International Conference
on Electricity Distribution (CIRED), 2021.

• SF. Hajeforosh, M. H. J. Bollen,” Dynamisk Belastningsförmåga av Luftled-
ningar”, Energiforsk, Report 2020:710, 2020.
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Chapter 2

Dynamic Rating

The term “dynamic rating” implies that the rating of a component can be changed
or is adaptive. Dynamic rating is applicable to components in the power grid that are
series-connected and are thermally limited: transformers, overhead transmission lines,
and underground cables.

A transformer is one of the most costly devices in a power grid. One way to post-
pone purchasing a new transformer due to loading constraint is operating the existing
transformers beyond their nameplate ratings for a limited time. However, the insulation
deterioration of transformers is a function of the temperature of the insulation, which in
turn is a function of the loading and ambient temperature. Proper combination of these
two could safely allow transformer loading to exceed the nameplate rating without an
unacceptable amount of aging. There are three factors that influence the rating of the
transformer and its aging; TOT, HST and ambient temperature. Calculations concerning
thermal models for dynamic transformer rating are part of the IEEE and IEC loading
guidelines for oil-immersed transformers [12, 13].

Dynamic line rating employs a time-varying current capacity dependent on the actual
weather conditions (next to ambient temperature also wind speed, wind direction, insola-
tion, background radiation, etc.) and line characteristics [14]. Dynamic line rating allows
exploiting more of the transport capacity of the line and operating the line closer to its
actual physical capacity. The limiting factor in calculating DLR is the clearing of the line
to the surface. This clearing reduces with increasing conductor temperature. Reduced
clearing increases the risk of phase to ground faults, but it also endangers living species
and assets under the line. An additional risk with excessive heating of the conductor is
that it will cause annealing by reducing the tensile strength of the conductor [15, 16, 17].
A reduced tensile strength is permanent and it makes that the conductor has a higher
sag, especially for heavy ice or snow load. This further increases the risk for species and
assets below the line.

The basics of DLR and DTR calculations are explained in the following sections.
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2.1 Line Rating Calculation

In this section, the calculation of the steady-state thermal rating given a maximum al-
lowable conductor temperature, weather conditions, and line characteristics is explained.
The rating of a transmission line can be defined as either static or dynamic. The equa-
tions given below not only can be used for dynamic rating over different time scales, but
also for static or for seasonal rating.

2.1.1 The IEEE and CIGRE Standard

The IEEE standard 738 and the CIGRE technical brochure 601 both describe the calcu-
lation of a bare overhead conductor line rating [18, 19]. Although both documents use
the heat balance concept for the calculation, their approaches to the problem are slightly
different. In [20] a comprehensive comparison is carried out to investigate and compare
these two standards. The results show that there are only small differences between the
two; it is up to the user to select which standard to use. In this thesis work, we apply
the IEEE model.

The Heat Balance Equation

Heat balance for an overhead conductor is an equilibrium between the amount of heat
dissipated from the bare overhead conductor and the heat absorbed by that conductor
equation (2.1),

qc + qr = qs + qj (2.1)

Where qc and qr are convective and radiative cooling, respectively; qs and qj are the solar
heat gain and joule heating of the conductor. In the following, the details of each term
will be examined.

The Elements of IEEE Heat Balance Equation

In this part, the expressions for convective cooling, radiative cooling, solar heating, and
joule heating are presented.

Convective Cooling

The convection cooling of a conductor consists of two parts; forced and natural cooling.
Forced cooling refers to the impact of wind on the surface of the conductor and natural
cooling is about the heat transfer to the surrounding stationary air. The former can be
determined either equation (2.2) or by equation (2.3),

qc1 = kangle kf

[
1.01 + 0.0372

(
VwDρf
µf

)0.52
]
(Tc − Ta) (2.2)
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In general, qc1 holds during low wind speed and qc2 holds during high wind speed
when the impact of the wind is dominant. The IEEE standard recommends calculating
convective cooling with both equations and using the larger of the two at any wind speed.

qc2 = kangle kf

[
0.0119

(
VwDρf
µf

)0.6
]
(Tc − Ta) (2.3)

In case of zero wind speed, natural convection is used as defined by equation (2.4).
The IEEE recommendation is choosing the larger of the forced and natural convection
cooling.

qcn = 0.0205 ρ0.5f D0.75 (Tc − Ta)
1.25 (2.4)

In above equations, D is the conductor diameter, ρf is the density of air, Vw is the
wind velocity, µf is the dynamic viscosity of air, kf is the thermal conductivity of air
close to the conductor defined by equation (2.5). Tfilm is the temperature determining the
thermal conductivity (so called ”film temperature”). According to IEEE recommendation
Tfilm equals to the average of conductor temperature, Tc, and ambient temperature, Ta.
kangle is the wind direction factor and derived from equation (2.6),

kf = 2.424 10−2 + 7.477 10−5 Tfilm − 4.407 10−9 T 2
film (2.5)

kangle = 1.194− cos(ϕ) + 0.194 cos(2ϕ) + 0.368 sin(2ϕ) (2.6)

In which ϕ is the angle between the wind direction and the conductor axis.

Radiative Cooling

Radiative cooling is due to the transmitted energy to the surrounding when the conductor
temperature is higher than the temperature of its surroundings. The radiated cooling
depends on ϵ, the emissivity of the conductor, conductor diameter, ambient temperature
and conductor temperature. Equation (2.7) describes the amount of radiative cooling,

qr = 0.0178D ϵ

[(
Tc + 273

100

)4

−
(
Ta + 273

100

)4
]

(2.7)

The estimated radiated cooling in equation (2.7) is an approximation of the actual cooling
phenomenon. The different radiation terms are described and quantified in detail in [21].

Solar Heat Gain

The solar radiation heat gain is the amount of heat energy provided by the sun to the
conductor. Its value is obtained from equation (2.8),

qs = αQseA
′ sin(θ) (2.8)
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Where α is the solar absorptivity of the conductor surface, A ′ is the area of the conductor
per unit length, θ is the angle between the incident ray and the conductor and Qse is
the heat flux rate corrected for altitue. The Qse is dependent on Ksolar, solar altitude
correction factor, and Qs, total solar and sky radiated heat flux rate at sea level, and is
described by equation (2.9),

Qse = KsolarQs (2.9)

The value of the Qs is based on the clarity of the atmosphere and Hc, the solar altitude
in the sky; Ksolar is dependent on He, the elevation above sea level. Respectively, they
are calculated from equations (2.10) and (2.11),

Qs = AQ +BQHc + CQH
2
c +DQH

3
c + EQH

4
c + FQH

5
c +GQH

6
c (2.10)

Ksolar = Ak +BkHe + CkH
2
e (2.11)

The constants in (2.10) are polynomial coefficients for solar heat intensity as a function of
solar altitude. It should be noted that the impact of cloud coverage is neglected in IEEE
standard and the calculation is confined either to clear or industrial sky by changing
the constants in the equation. The coefficients in (2.11) represent the solar flux altitude
correction. Calculating the Hc, altitude of the sun , is done through equation (2.12),

Hc = arcsin [cos(ψ) cos(ω) cos(δ) + sin(ψ) sin(δ)] (2.12)

Where ψ is the geographical latitude of the conductor location, ω is the ”hour angle”
and represents the number of hours from local noon times 15 ◦C. δ is the solar declination
that is based on the day of the year, N , and is calculated by equation (2.13)

δ = 23.4583 sin

(
284 +N

365
360

)
(2.13)

θ is also given by equation (2.14), in which Zc and Zl are showing the azimuth of the
sun and the line accordingly.

θ = arccos (cos(Hc) cos(Zc − Zl)) (2.14)

Furthermore Zc is given by equation (2.15), where χ, solar azimuth variable, is deter-
mined according to equation (2.16)

Zc = CZ + arctan(χ) (2.15)

χ =
sin(ω)

sin(ψ) cos(ω)− cos(ψ) tan(σ)
(2.16)

The solar azimuth constant, CZc (in degrees), is a function of the “hour angle,”, ω,
and the solar azimuth variable, χ as shown in Table 2.1.
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Table 2.1: Solar azimuth constant, CZc, as a function of “Hour angle,” ω, and Solar Azimuth
variable,χ

“Hour angle”, ω, degrees CZc if χ ≥ 0 degrees CZc if χ < 0 degrees
-180≤ ω < 0 0 180
0≤ ω < 180 180 360

Joule Heating

According to the IEEE standard, the joule heat gain of a homogeneous conductor is given
by equation (2.17),

qj = R(Tavg) I
2
ac (2.17)

Where Tavg is the average operating temperature of the conductor, Iac is the conductor
RMS current, and R(Tavg) is the resistivity of the conductor at the operating temperature.
The resistivity of the conductor is calculated through equation (2.18),

R(Tavg) =

[
R(Thigh)−R(Tlow)

Thigh − Tlow

]
(Tavg − Tlow) +R (Tlow) (2.18)

The Thigh and Tlow are high and low temperature of the conductor. R(Thigh) and R(Tlow)
are the AC resistance of the conductor at high and low temperature. It should also be
noted that (2.18) considers the skin effects for all types of homogeneous conductors and
it assumes a linear relation between conductor resistance and conductor temperature.

Thermal Rating

Finally according to aforementioned definitions, the dynamic conductor rating for a max-
imum conductor temperature Tc, is calculated by equation (2.19)

I =

√
qc + qr − qs
R(Tc)

(2.19)

Where qc, qr and qs are obtained for the given weather conditions and conductor tem-
perature Tc. Equation (2.19) is in fact a reformulation of the steady -state heat balance
corresponding to the conductor current (I) that produces a conductor temperature (Tc)
under certain weather conditions. This calculation can be done for any initial conductor
temperature at any weather conditions for which the heat transfer model is valid. From
now on in this thesis work line rating is defined as the steady-state heat balance described
in equation (2.19).

2.1.2 The Prospect for Dynamic Line Rating

Fig. 2.1 compared the various types of rating calculated from equation (2.19) for a
specific conductor. The conductor data can be found in Table 2.2. The yellow dashed
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Table 2.2: Conductor data

Name Drake Emissivity 0.6
Type ACSR Absorptivity 0.6

Conductor Temperature 75 ◦C Diameter 281 mm2

line represents the fixed or static rating. Fixed or static rating here refers to the worst
weather conditions that are typically used in dimensioning of a line. The orange line
shows a seasonal rating in the region in Northern Sweden. To calculate the seasonal
rating, worst weather conditions during summer and winter were calculated over an
eight-year period. The data for this calculation was obtained from the SMHI. The blue
solid line is a monthly rating calculated in a same way as the seasonal rating. Finally,
the purple line represents the hourly rating for one specific year; in this thesis work this
value is referred to as DLR and it is the base of further discussion.

Figure 2.1: Comparing different types of line rating for the same line

In the steady-state heat balance, several variables are determining the rating of an
overhead line. Most important weather variables are ambient temperature, wind speed,
wind angle attack, and the position of the sun in the sky. Among the line characteris-
tics, emissivity and absorptivity are important in determining the line rating. Besides,
conductors’ size and resistivity influence the rating but their impact is limited compared
to other parameters. Table 2.3 illustrates dynamic rating compared with static rating
as base case; 490 (A), 40 ◦C, 0 m/s, sunny midday, emissivity and absorptivity equal to
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0.6. For the sake of sensitivity analysis, it is assumed that one variable changing at a
time to see its impact on the rating. The analysis shows that 20 ◦C drop in ambient
temperature will increase the rating by 46% and if this temperature drops another 20 ◦C
to 0 ◦C we see 82% increment in rating. At the same condition, but at midnight, there
would be a 33% increment in rating comparing to midday with full and direct sunshine.
Certainly, the most significant impact is for the wind speed. With only 1m/s increase in
wind speed, an increase in a range of 57 to 70% in rating would be achieved (depending
on the direction of the wind).

Table 2.3: Rating compared to base case

Name Increased Rate New Rating
Temperature

20 ◦ C (Summer) 46% 718 (A)
0 ◦ C (Winter) 82% 896 (A)
Midnight 33% 654 (A)

1 m/s Wind
45◦ 57% 770 (A)
90◦ 70% 834 (A)

Emissivity
0.9 16% 573 (A)
0.2 -28% 352 (A)

Absorptivity
0.9 -21% 384 (A)
0.2 23% 605 (A)

The amount of heat radiated from the conductor to its surroundings is dependent
on the emissivity of that conductor; the level of absorbed heat energy depends on the
absorptivity of the conductor. For new conductors, these values are at their lowest,
around 0.2. During operation, these values increase up to 0.9 depending on how old the
conductor is and how much it is exposed to dust or pollution. Study in [22] shows that
the increase in emissivity takes place within the first year; and that emissivity is generally
slightly higher for an industrial environment than for a rural environment. Based on the
data from table 2.3, with lower emissivity, we face reduction in the rating. The opposite
is the case for the absorptivity. The highest rating is obtained when the emissivity is
highest and absorptivity is lowest.
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2.2 Transformer Rating Calculation

Proper utilization of a transformer can be achieved by taking advantage of a transformer’s
thermal time constant and variation of the load and ambient temperature, which consti-
tutes the basics of transformer thermal rating calculation. The rating of the transformer
is specified by two limits; the nameplate rating and the emergency rating. Nameplate
rating is defined under constant loading of the transformer which ensures longer lifetime.
This is a static rating, which limits the utilization of the transformer.

The thermal rating of the transformer provides information on the transformer over-
loading over the critical temperatures to keep the loading below the rating and ensures
a high reliability of the transformer. In this context, IEEE [23] and IEC [13] standards
give well established calculation methods to estimate the HST and TOT for substation,
distribution and power transformers. Both standards also offer guidance on temperatures
that should not be exceeded at either winding or structural hot spots to avoid accelerated
aging and failure of the transformer from gassing. Following any of the standards is very
much depending on the assumptions and available input data. In the following section,
a brief description of the IEC differential equation method is presented; this one is used
further in this thesis work.

2.2.1 IEC Thermal Model

The limits on load current, HST, TOT and temperature of metallic parts other than
windings are stated in Table 2.4. These values are valid for distribution transformers
during normal cyclic loading (under design ambient temperature and rated operating
conditions). It should be noted that when the HST exceeds 140 ◦C gas bubbles may
develop which could jeopardize the insulation life of the transformer [13].

Table 2.4: Current and temperature limits applicable to loading beyond nameplate rating

Type of Loading Distribution Transformer
Current (p.u.) 1.5

Winding HST and metallic parts (◦C) 120
Other metallic HST (◦C) 140

TOT (◦C) 105

The basic form of the differential equation that is used to calculate the TOT is given
as equation (2.20), [

1 +K2R

1 +R

]x
(∆θor) = k11 τo

dθo
dt

+ [θo − θa] (2.20)

where K is the load factor, R is the ratio of load losses to no-load losses, x is the
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winding exponent, ∆θor is the top oil gradient at rated losses, k11 is an empirical thermal
constant, τo is the thermal time constant of the oil, θo is the TOT, and θa is the ambient
temperature. Load factor is defined as the ratio of the actual load and the rated load of
the transformer; it gives a per unit value for the loading.

The HST rise, ∆θh, in equation (2.21) is obtained by subtracting the difference equa-
tion solution (2.22) from (2.23). The HST is obtained from equation (2.24).

∆θh = ∆θh1 −∆θh2 (2.21)

k21K
y (∆θhr) = k22 τw

d∆θh1
dt

+∆θh1 (2.22)

(k21 − 1)Ky (∆θhr) =
τo
k22

τw
d∆θh2
dt

+∆θh2 (2.23)

θh = θo +∆θh (2.24)

Where ∆θh1 represents the HST rise before the effect of changing oil flow past the
hot-spot, ∆θh2 represents the reduction in HST rise due to the varying rate of oil flow past
the hot-spot, k21 and k22 are thermal model constants, τw is the winding time constant,
∆θhr is the HST to TOT gradient at rated current, y is the winding exponent, θh is the
HST.

2.2.2 Transformer Loss of Life

According to IEC, there is no unique end-of-life criterion to quantify the remaining life
of a transformer. Instead, the focus is on the aging process and transformer insulation.
Actual age of a transformer is of a concern to the network operator using that transformer.
The age of a transformer becomes more relevant when the transformer is overloaded
during short or long periods. Therefore, it can be said that there is a trade-off between
the gain from overloading the transformer and the loss from the additional aging of the
transformer. To make a better decision in this trade-off, it is important to be able to
quantify the effect of increasing load of a transformer on its LOL. Aging of transformers
affects the reliability of the power grid and is an important criterion in transformer’s
asset management. As the age of a transformer increases, the capability of transformer
to withstand severe events, such as downstream short circuit faults, decreases; this results
in an increase in the probability of failure.

Relative Aging

In reality, aging of transformer insulation is dependent on the temperature, moisture
content, oxygen content and acid content. However, the model presented by IEC is based
only on the insulation temperature as the controlling parameter. Since the temperature
distribution is not uniform, the part that is operating at the highest temperature will
normally undergo the greatest deterioration. Therefore, the rate of aging is referred to
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the winding HST. The relative aging rate is defined according to equation (2.25) for
thermally upgraded paper.

V = e(
15000

110+273)−
(

15000
θh+273

)
(2.25)

Equation (2.25) implies that the relative aging, V , is very sensitive to the HST (θh).
In order to calculate the LOL of the transformer over a certain period, (t1, t2), equation
(2.26) can be used,

ΩLOL =

∫ t2

t1

V dt (2.26)

To estimate the aging over time, according to equation (2.26), the HST over time is
required.

2.2.3 Dynamic Transformer Rating Benefits

Fig. 2.2 shows four different scenarios for calculating the HST from equation (2.24) for
a 200 kVA distribution transformer. The electrical data and thermal parameters of this
transformer can be found in Table 2.5.

Table 2.5: Electrical characteristics of the transformer under study,
[24]

Property Value Property Value

Apparent power 200 kV A Primary current 5.25 A

Cooling mode ONAN Secondary current 262.5 A

Primary voltage 21 kV No-load loss 424 W

Secondary voltage 0.415 kV Load loss 2963 W

The red line represents the fixed HST where ambient temperature is assumed to
be 25 ◦C (typical summer temperature in northern Sweden) and current is equal to the
rated current (1 p.u.) through the entire year under study, 2017. The yellow line shows
a temperature when current is varying hourly but temperature is still fixed and equal to
25 ◦ C. Data of the current has been obtained from the consumption downstream of a
distribution transformer in Northern Sweden. Power quality monitors were installed on
the low voltage side of the transformer. For each of the phases, the monitor recorded the
10-minute rms currents during 2017. For each time interval, the current is next translated
into a three-phase power assuming the system to be in a balanced condition with rated
voltage. The purple line shows the HST for the rated current and time varying ambient
temperature and finally the green solid line is an hourly HST.

From the figure, it is derived that there is a huge potential with DTR to increase
the loading of the transformer. In this case study maximum HST is expected to be



Figure 2.2: Comparing different hottest spot temperature for the same transformer

about 45 ◦C between January and March. If we consider 120 ◦C as the threshold, there
will be a huge capacity for utilization without endangering the dielectric strength of the
transformer. With the static analysis, the LOL of the transformer would be 25 days per
year, however, with dynamic rating; this amount reduces to 0.05 days per year. Such
analysis for transformers will be useful in a region like Northern Sweden that expects to
attract more population and green industries in the near future.
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Chapter 3

Protection and Dynamic Line
Rating

3.1 Protection

3.1.1 Aim of the protection

Power system protection is the complete arrangement of protection equipment (relays,
fuses, etc.) and other devices required to properly detect faults and other abnormal or
stressed conditions. A fault (more complete “power system fault”) is defined by IEC
as a “power system abnormality which involves, or is the result of, failure of a primary
system circuit or item of primary system plant or equipment or apparatus and which
normally requires the immediate disconnection of the faulty circuit, plant or equipment or
apparatus from the power system by the tripping of the appropriate circuit-breakers” [25].
Faults come, again according to IEC, in three types, “shunt faults”, “series faults” and
“combined faults”. The type being of most concern, and covered most in the literature is
the shunt fault, where there is an unwanted and typically low-impedance path between a
phase conductor and earth (an “earth fault”) or between two and more phase conductors
(a “short-circuit”). Examples of other abnormal conditions are overload, under frequency,
overvoltage and reserve power flow to a generator. This chapter will discuss only overloads
and shunt faults, where the discussion on the latter will mainly concern short-circuits.

3.1.2 Overload protection

The term “overload protection” is not well defined by IEC. According to the International
Electrotechnical Vocabulary, overload protection is “protection intended to operate in the
event of overload on the protected section” (Section 448-14, part 31); overload is simply
linked to overcurrent that is in turn defined as “current exceeding the rated current”
(Section 441-11, part 06). There is no clear definition of rating, but for cables the “cyclic
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current rating” is defined as follows: “current which a cable will carry when subjected to
a repetitive specified daily load cycle over a long time such that the conductor attains,
but does not exceed the maximum rated temperature during the cycle”. Hence, the
rating is related to a maximum conductor temperature.

Some kind of protection must be available to remove any overload before the temper-
ature of the equipment such as line, cable, transformer, and etc. gets too high [26, 27].
Such (thermal) overload protection can be provided by fuses or overcurrent relays in
combination with circuit breakers. Overload protection operates typically in an inverse
time curve (either as a fuse or in a relay) where the tripping time becomes less when the
current increases.

Overload protection, with automatic removal of the overloaded component, is used
for the majority of components in low and medium-voltage networks. As these networks
are radially connected, the removal of the overloaded component will also remove the
overload, resulting in an interruption for the downstream customers. The design and
dimensioning of low and medium-voltage networks is such that an overload is not very
common; interruptions due to intervention by the overload protection are therefore also
not common. The 28 August 2003 interruption affecting a large part of London was due
to an intervention by the overload protection of a transformer, although that one was
caused not by an actual overload but by an incorrect protection setting.

At transmission level and in large industrial networks, automatic intervention by
the overload protection is less common. Instead, an overload results in an alarm or
indication in the control room. Most such networks are operated meshed or with parallel
components. The removal of the overloaded component would not lead to an interruption
but would instead shift the load to another component, resulting in a high risk of a
cascaded outage. In some cases, automatic removal of an overloaded component takes
place even at transmission level. The tripping of overload protection (referred to as
“overcurrent protection” in the reports published after the events) contributed to the
system splitting of the European interconnected grid in 2006 [28], January 2021 [29], and
July 2021 [30].

Classical overload protection is based on a calculation of the rated current using the
thermal heat balance. For transformers and cables, the main impact is by the ambient
temperature; for overhead transmission lines, a number of weather variables are of rele-
vance, as for example shown in equation (2.19). The rating of the component is obtained
for a fixed set of weather variables, typically close to worst-case values. This results in
a fixed rating and fixed setting of the protection. For example, the safety regulations
for dimensioning of cables typically start with the selection of the fuse size or relay size
(“rated current of the relay”, or “pick-up current”) higher than the maximum expected
load current, followed by a cable rating higher than the fuse or relay size.

3.1.3 Short-circuit protection

The aim of the short-circuit protection is to remove a short circuit before it can have
unacceptable consequences. Some of the possible consequences are mechanical damage
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to equipment, thermal overheating, system instability and equipment mal-operation due
to the reduced supply voltage during the fault (so-called “voltage dips” or “voltage sags”
[31]). For each fault location, there is a maximum-acceptable fault-clearing time. The
calculation of this time is beyond the scope of this thesis work, but roughly speaking the
higher the short-circuit current the shorter is the fault-clearing time. Short circuits have
serious consequences and need to be removed in all cases. Protective systems need to
withstand the loss or malfunction of a components or device and still be able to clear the
fault [32].

Protection relays for short-circuit protection must have a low probability of fail-to-
operate, i.e. there must be a high probability that the short-circuit is removed by the
protection. The failure to remove should be very much avoided, which is one of the
reasons for the use of back-up protection. The popularity of distance protection and
overcurrent protection against faults can be explained by their ability to act as both
primary and back-up protection. Overcurrent is typically used in low and medium-
voltage networks, whereas distance protection (also known as “impedance protection”)
is common for transmission line protection in high-voltage networks. Different forms
of communication between different terminals of a transmission line are used as well to
speed up the protection. Differential protection is used for transformers, and for relatively
short lines and cables. Differential protection cannot provide back-up protection so that
another type of protection is needed for that.

3.1.4 Coordination between overload and short-circuit protec-
tion

Overcurrent relays are used in low and medium-voltage networks and even in some high-
voltage networks against both short-circuit and overload. The current setting of the
relay must be chosen so that the relay does not operate for the maximum load current,
but does operate fast enough for the minimum expected short-circuit current. This
protection coordination is straightforward as long as there is a large margin between
these two currents. In some cases, the margin can be rather small. When discussing this
margin, it is important to realize that the overcurrent relay should also be fast enough
when acting as a back-up protection. A fault on a line or a cable beyond the next
substation should still be cleared fast enough. There is a range of methods, in protection
setting as well as in component dimensioning and grid design, to ensure that this is the
case.

When using distance protection, as is common at transmission level, coordination be-
tween overload (overcurrent) and short-circuit (distance) protection is no longer needed.
They can be designed as separate protection systems. However, there may still be cases
that require studies. The need for a high probability that a fault is cleared has resulted
in a system with multiple protection zones for distance protection. The further the (es-
timated) distance to the fault, the slower the protection. This results in a fault being
cleared normally by the nearest distance relays. However, a large load can be detected
by the distance protection as a remote fault that is not cleared by the nearest relay. Such
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an unwanted operation contributed among others to the system separation in July 2021
[30].

3.1.5 Challenges introduced by dynamic rating

Dynamic rating, contrary to static rating, results in different values of the rating (in terms
of current) for different times, depending on the weather conditions at that time. An
alternative formulation is that instead of a maximum permissible current, a maximum
permissible conductor temperature is used. This allows for a higher utilization of the
component, but it will also introduce further challenges for the overload protection and
the coordination between overload and short-circuit protection.

Using another rating for every hour, requires a different setting of the overload protec-
tion for every hour. When overload protection is in the form of an indication or warning
in the control room, this can be implemented for example in the energy management
system used for the operation of the transmission system. When it is in the form of
protection relays tripping the overloaded component, the protection settings have to be
regularly changed. When using fuses such is not practically possible, so that dynamic
rating is not compatible with the use of fuses for overload protection. When using re-
lays, the use of dynamic rating is possible by changing the protection setting. Using
overcurrent protection against both overload and short-circuits would require a regular
check of the protection coordination. Increasing pick-up current, will typically make the
protection operation slower for short circuits. The maximum acceptable fault-clearing
time, for a remote fault, could result in a maximum value for the operation of the over-
load protection. Loading the component with a current higher than this would not be
possible, even if the dynamic rating would allow it.

When using distance protection for the detection and clearing of short circuits, the
challenge becomes different, but does not disappear. With increasing loading of a line,
the probability increases that the distance protection will detect it as a remote fault and
trip the line. This sets a limit to the line loading and thus to the use of DLR.

3.2 DLR-based Overload Protection

The reliability of the short-circuit protection system includes not only the ability to clear
all short-circuits that need to be cleared but also to prevent unwanted operation, for
instance, from high loading of components. The former is referred to as “dependabil-
ity” and the latter is called “security”. Dependability and security are to some extent
complementary and reducing one of them often results in an increase of the other. The
classical trade-off between the two is almost exclusively based on the need for protec-
tion against short-circuits. The trade-off is also often different for main and for back-up
protection. For main protection, keeping the probability of unwanted operation low is
typically prioritized, as the back-up protection takes care of this. For back-up protection,
it is important to have a low probability of fail-to-operate. Inherently, protection setting
is based on achieving a high dependability even if this goes at the expense of the security;
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the consequences of any assets’ failure are deemed higher than the consequences of an
outage of the electricity supply.

With DLR combined with overload protection, so called “DLR-based overload pro-
tection” or just “DLR-based protection”, there will be an increase in the security that is
regarded as an advantage to efficiently utilize the additional capacity. However, depend-
ability may be reduced. The details of the protection model with illustrative examples
are broadly discussed in Paper C and Chapter 4. Fig. 3.1 shows the overall scheme of
DLR-based protection.

One important decision to make for DLR-based protection is which parameter is deter-
mining if a line is overloaded; conductor temperature or current compared to the rating.
There are disadvantages with both choices. The problem with using the current is that it
is based on a calculation model including assumptions about the conductor temperature;
if these assumptions do not hold, the results will change significantly. On the other hand,
there are several uncertainties when directly using the conductor temperature. Location
of the temperature measurement devices in a critical span, identifying those critical spots,
availability of the sensors, and etc. are some of the issues [33, 34, 35]. In addition, there
is much more practical experiences with using current compared with a rating, which will
make such a method easier to accept. In this thesis work, dynamic rating is included in
the overcurrent setting rather than directly using conductor temperature.

Figure 3.1: Protection scheme with DLR

The steps to reach a decision by the protection in the aforementioned model are as
follows:

1. The initial step is obtaining values for the effective input variables involved in the
calculation of the rating. These variables might be weather variables and line char-
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acteristics that are measured, predicted, and/or estimated through numerical mod-
els, as well as estimated information about their probability distributions. These
variables and characteristics are fed into the thermal model in equation (2.19).
This process is repeated for each set of input variables (randomly selected from
the probability distribution) leading to a collection of different values of the rating,
resulting in a probability density function (PDF) for the line rating.

2. For the decision making process the first step is comparing the PDF of the line
rating with the measured current through the line. The probability P (Icurrent >
Irating) is an indicator of the risk of overloading, associated with this situation of
the weather, the line and its loading. This probability is obtained from the Monte
Carlo (MC) simulation as the fraction of simulations for which the current through
the line Icurrent is greater than the rating Irating, as in equation (3.1),

P (Icurrent > Irating) =
Noverload

Ntotal

(3.1)

where Noverload is the number of simulations which obtain a current greater than
the rated current; Ntotal is the total number of simulations.

3. The second step in the decision making process and final step in the protection
operation is introducing the acceptable risk Padmissible to set the limit for overloading
level. This parameter allows choosing between operations when intervention is
needed and avoiding unnecessary intervention. A discussion about selecting this
parameter can be found in Chapter 4.

3.3 Reliability of the protection

There are two different failure probabilities involved in protection:

• The probability over a longer period of time, e.g. one year.

• The probability during the decision-making.

During the decision-making, there are two possibilities: either intervention by the
protection is needed or that intervention is not needed. At the same time, two decisions
are possible: intervention and non-intervention. That results in the four combinations
shown in Fig. 3.2.

When things are considered in a time basis, intervention is either needed or not
needed. In that case, the decision by the protection is either correct or not correct.
Looking at things from a stochastic point of view, there is a probability pn that interven-
tion is needed. This probability corresponds to the “probability of overload” in Chapter
4 and Paper C. The probability that intervention is not needed equals 1 − pn. These
probabilities are not impacted in any way by the decision made by the protection, to
intervene or not. Thus, the conditional probabilities of making an incorrect decision are
as follows, equations (3.2) and (3.3):
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Figure 3.2: The four combinations relevant for protection reliability.

Pr (intervention needed | no intervention) = Pn (3.2)

Pr (intervention not needed | intervention) = 1− Pn (3.3)

The sum of these two probabilities equals one; it is not possible to reduce both of them,
but that does not need to be a serious issue. It was stated earlier that the probabilities
are not affected by the decision made by the relay. However, the decision should be
affected by the probabilities.

The classical setting of overload protection is based on severe environmental circum-
stances, like high environmental temperature. The result is that the actual rating, re-
ferred to as the dynamic rating, is most of the time higher than the static rating. As long
as the load current is less than the static rating, this is not an issue; both dependability
and security are kept.

When the load current exceeds the static rating (more exactly, when it exceeds the
protection setting) the protection intervenes, but there is a high probability that the line
is not overloaded, as the dynamic rating is typically higher. Consequently, there is a low
security; however, the dependability remains high. The dependability is not 100%, as
there could be a current just below the static rating while the environmental conditions
are worse than the ones considered for calculating the static rating. With DLR, the
current can be compared with the dynamic rating and a decision can be made based on
this. The security will be higher than with static rating, but the dependability may be
even lower because of uncertainties in the calculation of the dynamic rating.

3.4 A Generic Model for DLR Reliability

In order to have a reliable DLR system, it is necessary to consider all the measurement
devices, sensors, communication, protection, calculation and prediction models involved.
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Fig. 3.3 shows a generic model of DLR that can be used to study the reliability of DLR
from two different viewpoints: errors and failures of each of the elements in the system
that would affect the calculation of the rating or the decision-making of the DLR system;
and the impact of those DLR failures on the power system.

Any failures in measuring devices, communication channels, models and algorithms
for predicting and calculating line rating, weather prediction and decision making blocks
have the potential to impact the performance of the DLR and consequently of the power
system. Detailed study of each of the failures can be found in Paper B.

Figure 3.3: Generic model of dynamic line rating (DLR) in the grid, dashed lines represent
communication channels between blocks.

3.4.1 Impact of DLR Failure on the Power System

When DLR is used on a line, it increases the capacity of the overhead transmission lines
for most weather conditions and thus relieves the congestions to some extent, during
those hours that congestion exists. However, the presence of the DLR also increases the
risks to power system operation. This increased risk is always present, also during the
hours that there is no need for DLR (i.e. when the line current is below the static rating).
Here a distinction should again be made between “fail-to-operate” (lack of dependability)
and “mal-operation” (lack of security).



3.4.2 Fail-to-Operate

The first impact will be that the conductor temperature will rise above its permissible
value and the conductor sag will become higher than acceptable. It will result in an
increased risk to buildings and persons below the line. It also increases the risk of the
line “sagging into vegetation” with an earth fault as a result. Such a failure will occur
when the line is already heavily loaded and the impact of it will thus be more severe.
In a radial system, the loss of a heavily loaded line result in a large loss of load. In a
meshed system, the load of this line will be taken over by other lines. These lines in
turn might get overloaded. As this occurs during a heavy-load situation, there is even a
risk of instability and a major interruption affecting customers over a large geographical
area. During short-circuit, the conductor temperature will increase even more, possibly
resulting in annealing [15, 36, 37], in which the conductor material weakens.

When the line rating is calculated correctly, but for some reason no intervention (like
curtailment) is taken, a back-up protection could operate and trip the line. This will
have the same impact on the system as the tripping of the line due to a short-circuit,
but it will avoid the risk to buildings and persons and it will avoid annealing.

3.4.3 Mal-Operation

The other type of failure, intervention not needed, will have an immediate impact, either
on the customers or on the system. The removal of the line will again increase the risk
of overloading elsewhere and of instability, as described before. The difference with the
previous case is that the line itself is not overloaded and could well be very lightly loaded.
The impact of the loss of the line will thus be less. In a meshed system, the loss of a
line should normally not result in a major system failure, the so-called (N-1) criterion.
Unnecessary curtailment will have an impact, typically economically, on the customers
being curtailed. If such unnecessary curtailment happens regularly, this impact may
become unacceptable.

Operation due to overload (either real overload of an erroneously detected overload)
may also consist of services being bought by the network operator. The unnecessary
intervention will have an economic impact on the network operator, depending strongly
on market mechanisms and tariff regulations being in place.
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Chapter 4

Stochastic Analysis

4.1 Uncertainty Handling

The handling of uncertainties is an important part in obtaining input for the final decision
making process that is part of the DLR system (see for example Fig. 4.1). This holds
for both automatic and manual decision making. Most of the decisions are subject to a
certain level of uncertainty in the input data. There are several developed methods to
deal with uncertain variables.

4.1.1 Different Methods

Generally speaking, the main difference between the different methods is the applied
technique for describing the uncertainty. For example, a fuzzy method uses membership
functions for describing an uncertain parameter while stochastic methods use PDFs. The
similarity between the methods is that all of them quantify the effect of uncertainty in
input variables on the model’s outputs. In the following, we briefly review these methods
[38]:

• Probabilistic method: In this approach it is assumed that the input variables of the
model are random variables with known PDFs.

• Possibilistic method: The input variables of the model are described using the
membership function of input variables.

• Hybrid possibilistic–probabilistic method: This approach uses both random and
possibilistic variables in the model.

• Information gap decision theory: In this approach, no PDF or membership function
is available for the input variables. Instead it is based on the difference between
what is known and what is vital to be known by quantification of any severe lack
of information in the decision making process.

39



40 Stochastic Analysis

• Robust optimization: The uncertainty sets are used, in this method, for describing
the uncertainty of the input variables. Using this method, the obtained decisions
remain optimal for the worst-case realization of the uncertain parameter within a
given set.

• Interval analysis: In this approach, it is assumed that the uncertain variables are
taking values from a known interval. This approach is somehow similar to the
probabilistic modeling with a uniform PDF and results in upper and lower bounds
for the output variables.

Each of the aforementioned approaches results in several modeling techniques that
can be applied to a specific system with uncertainty. Based on the characteristics of
the available data and the accuracy level needed for the study, a certain approach can
be selected. In this thesis work, a probabilistic approach is applied to quantify the
uncertainties in input variables. A general overview of different techniques that can be
used as part of a probabilistic approach is provided in Fig. 4.1

Figure 4.1: Different techniques for the probabilistic method

4.1.2 Monte Carlo simulation

AMonte Carlo simulation is one of the methods used to predict the probability of different
outcomes in the presence of random variables. Monte Carlo simulation is a flexible and
easy to handle method capable of quantifying the impact of risk and uncertainty by using
probabilistic methods. The basis of any MC simulation involves assigning multiple values
to an uncertain variable to achieve multiple results. Pseudo-random number generators
are used to randomly generate different sets of input variables and calculating a value of
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each outcome variable for each set. By repeating the generation of input variables many
times, a large number of random values for the output variables are obtained. These are
used to obtain estimated PDFs of the output variables.

The model is represented by a function of n random variables, Y = f(X1, X2, .., Xn)
where Xn denotes the n-th random variable with PDF, P (Xn). The number of samples
needed to obtain a specific accuracy for outcome of the MC simulation is independent
of the system size; MC simulation can be used for any system also when the system is
highly nonlinear, complicated, or has many uncertain variables. Monte Carlo simulation
also supports all PDF types and is relatively easy to implement.

4.2 Uncertainty Modeling of Line Rating

From the description of the IEEE thermal rating model in Chapter 2 Section (2.1), it
is concluded that there are several uncertainties that affect the estimated line rating.
The most obvious uncertainties are those in the weather variables. In order to study
and quantify the risks brought by uncertainties in DLR, it is essential to include these
uncertainties and their randomness in the line rating estimation. In this Section, the
PDF of input variables is assumed known. Ambient temperature, wind speed and wind
angle attack are modeled by Gaussian, Weibull and von Mises distributions, respectively.
We assigned the number of samples in the MC simulation, n, equal to 10,000 and the
simulation was repeated every hour during an eight year period. A total of 10,000 random
values of the line rating for each hour are obtained from the MC simulation. These values
are used for an estimation of the PDF of the line rating. For a given line loading (current
through the line), the probability of overloading is obtained by using equation (4.1).

P (overloading) = Prob(Irating < Icurrent) (4.1)

Using the stochastic DLR proposed in Paper C, the line rating is a random value.
Instead, it has a PDF, the variables of which depend on the weather variables and the
uncertainty in weather variables. As there is no longer a deterministic (known) value
for the line rating, it also no longer possible to decide if the line is overloaded or not.
Instead, a probability of overloading, Poverloading, can be obtained under a known loading
of the line, Icurrent.

The measured weather variables, for each hour during the eight-year period, are used
as expected values for that specific hour. Getting a suitable value for the standard
deviation is less trivial. There is a lack of data regarding errors in measured or predicted
data. It is also not practically possible to measure the weather variables in each location,
at all possibly critical spans. Therefore, a constant standard deviation is assumed for
each of the variables to estimate the PDF of the line rating.

4.3 Comparison of Settings

Fig. 4.2 (a) describes the operation of the DLR-based protection for a winter day in
2018 when the line was heavily loaded. The situation that the line rating is less than
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the line current is defined in this thesis work as an overload. Because the line rating is
a random variable, there can be a non-zero probability of overload already for a current
much below the expected rating. A decision on whether to intervene or not needs to
be done from the probability of overload. In the same figure, different acceptable values
for the probability of overloading, Poverloading, is considered. The black dashed line is
the setting of the overload protection according to the static rating, which is fixed for
the whole year. This classical setting of the overload protection leads to many hours of
exceeding the line rating and needs for intervention, such as curtailment of production
or consumption.

Figure 4.2: (a) Stochastic DLR with 5%, 25%, 50%, 75% as acceptable risk, (b) Time-series
DLR, load current, stochastic DLR with 50% acceptable risk, a winter day 2018

With the stochastic DLR, the number of hours during which intervention is needed,
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depends on the acceptable probability of overloading (risk). If we accept 5% probability
of overloading as an acceptable risk, thus as a threshold for the operation of the protection
(generation of a curtailment signal), during most hours of the selected day the rating
becomes less than the static rating. Even for a 25% threshold, the rating is occasionally
less than the static rating. By accepting 50% and 75% threshold, the rating would always
be higher than the static rating.Fig. 4.2 shows that selecting any of the thresholds as a
basis for the protection operation may increase either the dependability or the security
of the stochastic DLR-based protection (Chapter 3, Section 3.5).

Fig. 4.2 (b) shows the variation with time of the load current (dashed blue line),
time-series line rating (red line) and 50% threshold (orange line), during the selected
day. Comparing current and time-series line rating, there is a critical hour at 5 p.m.
where rating and line current are very close. By taking 50% probability as a threshold,
between 4 p.m. and 6 p.m. the line has a too high risk of being overloaded and the
protection should operate.

The consequences of unnecessary intervention and fail to intervene, are often strongly
changing with time. The trade-off between dependability and security will change as well.
It is therefore suggested that acceptable risk as a threshold should change based on the
estimated loading, the costs or consequences of curtailment, and the rating for each hour.
The results shown in the figure are based on a certain day, but the methodology behind
can be applied any time.

To show the curtailment behavior of the overload protection, for the same day and
current as in the 4.2, Fig. 4.3 is plotted considering 50% as an acceptable risk. The
reason behind choosing 50% is that it gives an equal dependability and security. The
intention of the protection has traditionally always been increasing the dependability but
with the inclusion of DLR it has shifted towards increasing the security as well. However,
the increase in one of them results in the decrease of the other and is not possible to get
low values for both of them. Here we take 50% as the basis of the further estimation to
keep the trade-off between dependability and security.

4.4 Probability of Overloading

The probability of overloading has been calculated for each hour during the eight-year
period for which data was available. The PDF of the line rating was calculated for
each hour as explained earlier. Measured line current in time-series were used to obtain
the hourly probability of overloading (acceptable risk). In Fig. 4.4 the probability of
overloading is plotted against the difference between the line current and the deterministic
(known) line rating (Icurrent−Irating). The deterministic line rating is the value calculated
hourly from the measured weather data. The probability of overload and the margin have
been calculated for a total of 70128 hours during the eight-year period. The red circles
in the figure indicate overloading (current exceeds the deterministic line rating), and the
blue circles indicate underloading (current is less than the deterministic rating).

Fig. 4.4 shows that the same margin (difference between current and rating) can
occur for rather different values of the probability of overloading. For example, a margin



Figure 4.3: Stochastic DLR-based protection with 50% acceptable risk, a winter day 2018

Figure 4.4: Stochastic versus time-series overloading analysis

of 250A may correspond to a probability anywhere between zero and 40%. The figure
can be used to relate acceptable probability of overloading to margin. Choosing the
acceptable risk 20%, would require a margin of around 400A. This would result in a very
low risk of overloading probability below 20%. However, this would decrease the security
of the protection operation (increased probability of unnecessary curtailment). In fact,
for many of the hours with less than 400A margin, the probability of overload is less
than 20%, so that less or no interventions are needed.
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Chapter 5

Hosting Capacity

The proper use of the concept “hosting capacity” (HC) allows for greater transparency
of the power grid through revealing grids’ operational and planning limits. When over-
loading sets the limit, the flexibility provided by dynamic rating allows for an increase
in the grid HC, without the need for investment in new assets [39]. In this Chapter, first
the concept of HC is explained. Next, the applications of DTR and DLR in increasing
the HC, Papers D, E, and F, are presented.

5.1 Hosting Capacity

One of the early works on HC [40] specifies the impacts of increasing penetration of dis-
tributed energy resources on the performance of power grids. The basis of this approach
was to gather the technical limitations imposed by both system operators and customers.
The authors defined the HC as the maximum distributed energy resources penetration
at which the power grid operates satisfactorily.

In a broader definition, the HC is the maximum amount of new consumption or
production that can be connected to the grid without endangering the reliability or
power quality of the supply [40, 41]. An important point in calculating HC is that there
is no fixed calculation method with a single result. Moreover, when dynamic rating
is applied there is no longer a fixed HC but varying HC with time; the HC may vary
hourly, daily, weekly, monthly or even on a yearly basis. This highlights that HC should
be calculated for various performance indices such as voltage and frequency variations,
thermal overload, power quality variations and failure of the protection [42]. In addition
to those performance indices, a suitable limit should be selected along with a method
for the calculation of those performance indices as a function of the amount of new
consumption or production [43].

In this Chapter, performance indices are calculated as a function of the amount of
installed PV capacity, Paper F, and the number of EVs as new consumption, Papers
D and E. The hosting capacity is then considered the highest value of production or
consumption for which the index is less than the limit.
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An illustration of the HC concept is shown in Fig. 5.1.

Figure 5.1: Hosting capacity definition illustration

[43]

5.2 Application of DTR to Increase Transformer HC

The impact of increased consumption and downstream solar PV on the thermal over-
loading of distribution transformers is discussed in this section. The study is done for
different transformers with different loading in the same region; details can be found in
Paper F. Fig. 5.2 shows the loading of a 200 kVA transformer together with the ambient
temperature close to the location of the transformer, somewhere in Northern Sweden.
The ambient temperature is taken from the SMHI. Loading data has been obtained from
power quality monitors on the low voltage side of the transformer. For each of the phases,
the monitor recorded the 10-minute rms currents during a one-year period in 2017. For
each 10-minute interval, those three currents are translated into a three-phase power
assuming the system to be in a balanced condition with rated voltage. The loading is
presented in a form of load factor, K, which is described in equation (5.1).

K =
Iactual
Irated

(5.1)

where Iactual is the actual load and Irated is the rated load. According to Fig. 5.2,
during winter (Oct-March) loading is increased up to almost the rated current, i.e. 1
p.u., while the temperature is almost always below zero. A lower ambient temperature
will lead to lower HST for the same current through the transformer. Alternatively, it
will allow a higher current before the maximum permitted HST is reached.
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Figure 5.2: (a) Transformer loading, and (b) Ambient temperature in close to the location of
the transformer, 2017

Increased Consumption

To calculate the HC limit for a new consumption, the consumption is increased by 25%,
50%, 75% and 100%. It should be noted that for every hour of the year consumption is
increased by the same percentage. The results for highest HST for every month is shown
in Fig. 5.3, where five cases are compared;

• Consumption, base case with actual measured time-series data (case 1).

• Consumption increased by 25%(case 2).

• Consumption increased by 50% (case 3).

• Consumption increased by 75% (case 4).

• Consumption increased by 100% (case 5).

As explained in Chapter 2, Table 2.4, the acceptable limit for winding HST is 120 °C;
for other metallic parts it is 140 °C. Moreover, TOT limit is set to be 105 °C. The analysis
shows that increasing consumption up to 100% above the measured consumption will not
cause any violation of a TOT limit. With increasing consumption from case 1 (base case)
to case 3 (50% increase), as shown in Fig. 5.3 (a), the highest HST will reach 110 °C in
June, that is below the HST limit. By continuing to increase the consumption to 75%,
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Figure 5.3: The impact of increased consumption on the (a) Highest monthly HST temperature,
(b) Highest monthly TOT, and (c) Monthly LOL of the transformer
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both HST limits are exceeded between April and August. If consumption is increased by
100%, HST goes above the acceptable limits almost every month of the year.

Analysing the impact of increased consumption on thermal aging of the transformer
shows the highest LOL occurs in April and May. These highest values are only consid-
erable when the consumption increased by 100%, as shown in Fig. 5.3 (c). Adding the
monthly LOL value for case 5, gives a LOL of about 100 days/year. Over a 20-year
period, a value often used as the insulation lifetime of a transformer, the lifetime would
reduce by 5.5 years.

PV Integration

The power production pattern from solar PV for a location close to the transformer
is presented in Fig. 5.4. The data is obtained from the open-source Renewable Ninja
website,[10], assuming rated production capacity of 800 kVA. Similarly to the load factor,
the PV generation factor is defined as the ratio of the actual production from solar PV
and the rated load of the transformer (as an apparent power base). The peak production
from solar PV occurs in the period March to September. Due to high production during
the period (Feb-Nov), there is a high risk of overloading the transformer.

Figure 5.4: PV generation in per unit, 2017

Fig. 5.5 shows the maximum yearly HST, TOT, and the total LOL, for 200 kVA
transformer as a function of installed PV capacity. The hosting capacity for the HST
limit (140 °C) is 385 kVA, which is well beyond the firm HC of 200 kVA. In this case the
LOL of the transformer is estimated to be 2.5 days per year. If installed PV capacity
increases to 400 kVA, the the HST becomes 155 °C and LOL becomes 10.5 days per year.
It is observed that 15 kVA more installed PV capacity can cause the HST goes beyond
the limits with a considerable LOL of the transformer. In this case, the gain in HC is
small in comparison with the rather high LOL.
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Figure 5.5: Maximum HST, TOT and LOL for the 200 kVA transformer with increasing
amounts of installed PV capacity, 2017

Seasonal Variation

The impact of seasonal variations on the transformer HC has been studied; details are
shown in Paper F. The results indicate that the use of DTR allows for a better balance
between risking damage to the transformer and setting unnecessary limits to new pro-
duction or increased consumption. Results show that with DTR, the HC for additional
consumption is significantly higher than the limit set by the transformer static rating.

5.3 Application of DLR to Increase EV Hosting Ca-

pacity

Due to the oncoming large penetration of EVs into the electrical network, it is necessary
to provide sufficient capacity to meet the EV charging demand. Increased consumption,
in this case due to EV charging, necessitates an increase in generation. Together they will
result in increased loading of overhead transmission lines. DLR can be used to increase
the amount of power that can be transferred through the line. This in turn increases the
HC of the power grid for EV charging [44].

In this section, the HC is defined as the number of EVs that can be charged from
a distribution network at the same time without causing overloading in the upstream
network. The impact of DLR on increasing HC is discussed for two different approaches;
time-series analysis of DLR and stochastic analysis of DLR. The details of the analysis
can be found in Papers E and D, respectively.
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5.3.1 Time-series analysis

To analyse the HC for EV charging, a modified IEEE 39-bus test system is used in this
part. The calculation is done under the following considerations:

• The voltage limits are set as V min
i = 0.94 p.u. and V max

i = 1.06 p.u.

• The worst case scenarios over the one year period, December to February, are se-
lected for the study. It is because higher consumption happens in winter. Moreover,
during this period EV users connect their cars more often since the battery capacity
decreases in cold weather and the consumption per km increases [45]. Thus, there
would be a higher risk of congested lines due to overloading.

• The amount of conventional consumption is assumed to be constant and known
prior to the operation. Increased consumption is just because of EV integration.

• Different percentages of DLR (25%, 50%, 75% and 95%) are used for the analysis;
the results are compared to cases with 100% DLR and static rating.

In order to implement DLR on overhead transmission lines it is common to pre-select
those lines that are historically prone to congestion [46]. However, in this study, a line
selection method is proposed to find the suitable lines based on assessing risk criteria.
Fig. 5.6 describes the process in three steps involved in the process:

1. In a prerequisite step, risk criteria are estimated without any DLR. Risk criteria
considered are expected energy not supplied (EENS), and number of failures (Fr)
due to overloading.

2. In the first step, all lines are assumed to have DLR. In addition, another criterion
is added as the total difference between DLR for each line and the actual power
flow (Econ). The total risk (Rtot) is calculated as the combination of EENS, Fr,
and Econ with certain weighing factors.

3. In the second step, the lines are organized based on their Rtot from highest to
lowest. The simulation is then carried out by utilizing DLR on the line with the
highest Rtot and calculating the maximum number of EVs based on that. If Rtot

becomes zero the simulation gets finished. Otherwise the line with the next highest
Rtot is selected.

There are several uncertainties in calculating DLR, as discussed in Chapters 2 and 4.
To reduce risks that may occur through overestimating DLR in decision making, different
percentages of DLR are considered [47]. Fig. 5.7 illustrates that by accepting a higher
percentage of DLR, it is possible to increase the number of EVs within the constraint
limits to 182,500 (in this case study). Table 5.1 summarizes the results of the proposed
line selection method.

Lines 27 and 3 are suitable lines among 46 overhead transmission lines in the test
system required to have DLR. By utilizing 50% of DLR, capacity in line 27 increases
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Figure 5.6: Flowchart of the proposed line selection procedure
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Figure 5.7: Number of EVs that can be connected to the power grid as a function of the DLR
percentage

Table 5.1: Cost benefits of EV load growth based on different DLR percentage

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

from 400MW to 534MW and in line 3 from 500MW to 607MW. With 100% DLR, the
capacity of these two lines becomes 573MW and 680MW. The comparison shows that
considerable improvement is possible when 50% of DLR 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 to 182,500 vehicles. The main increase is observed between
25% and 50% where 42,500 more vehicles can be connected to the power grid. Accepting
75% DLR, only 2500 more vehicles can be connected compared to 50%.

As can be seen in Table (5.1), the cost of generation Csupply is increased with higher
DLR percentages. This is because with DLR more consumption is possible, leading
to increased generation cost. To show the cost benefit of DLR in terms of less EV
curtailment, Cint is defined and described in equation (5.2). It shows the total difference
between consumed power from EV that can be supplied with DLR and static rating.
The difference is then multiplied by the value of lost load (VOLL) and added to the
generation cost before DLR.

Cint = CS + (PS − PD)CV OLL (5.2)

where CS is the generation cost before applying DLR. PS and PD are power con-
sumptions before and after applying DLR. CV OLL 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/kWh [48].
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It is observed that using 25% DLR can save 30 thousand Swedish krona (SEK).
Comparing 50% and 75% DLR, only 10 thousands SEK more will be saved. In case of
100% DLR, the power grid performance can be improved by saving 260 thousands SEK.

5.3.2 Stochastic analysis

In this part, the model proposed in Chapter 3 is applied to calculate the HC in terms
of number of EVs being charged. Fig. 5.8 illustrates the estimated number of EVs, for
three different charging powers; 3.7 kW, 7 kW and 22 kW, that can charge at the same
time. The hosting capacity has been calculated for a given 30 kV sub-transmission line
in the following way:

• The hourly consumption has been scaled such that the peak consumption, over the
eight-year period, is equal to the static rating of the line. When scaling the number
of cars in the city in the same way, the consumption corresponds to a city with
about 30,000 passenger cars.

• Weather data is obtained from a weather station close to the city, over the same
eight-year period.

• The line rating is calculated for each hour, using the weather data.

• For each hour the margin is calculated between the line rating and the consumption.
This margin is the maximum amount of additional load, for example in the form
of EV charging, that the line can cope with during that hour.

• The hosting capacity for “week nights” is obtained as the lowest margin 7 pm to 7
am for all weekdays during the eight-year period.

• The hosting capacity for “weekend nights”, “week days”, and “weekend days” is
obtained in a similar way.

From Fig. 5.8 and over the eight-year period, it is derived that more cars can get charged
at the same time during the night hours than during the day hours. There is no con-
siderable difference between weekdays and weekends. For example, during the week, the
HC is lowest at 11 a.m. and it is slightly higher between midnight and 6 a.m. During
the weekend, however, the lowest HC occurs at 5 p.m and the highest between 2 and 5
a.m. Results show that maximum number of cars (indicating the firm HC) does not vary
considerably hour by hour.

Referring to the stochastic model introduced in Chapter 4, stochastic DLR with
different acceptable risks is applied to the line, for 3.7 kW charging power per car during
working days; results are shown in Fig. 5.9.

Solid blue, red and yellow lines represent 5%, 50% and 95% acceptable risks (prob-
abilities of overload), respectively. The results highlight that using time-series DLR can
allow charging of much more cars than static rating. Using time-series DLR, 3,000 more
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Figure 5.8: Firm HC during the period 2011 to 2018 for; (a) Week days, (b) Week nights, (c)
Weekend days, and (d) Weekend nights

Figure 5.9: Number of cars as a function of the stochastic DLR; 5%, 50% and 95% acceptable
risk; 3.7 kW charging per car

cars can be charged at the same time without intervention. The hosting capacity, as-
suming static rating, drops to zero for 5-7 p.m. This is due to the scaling method used,
where the highest consumption was made equal to the static rating.

Using stochastic DLR shows an even bigger potential to increase the HC, compared
to time-series DLR. During certain hours of the day, different DLR settings give about
the same HC. For other hours (like 5-6 a.m and 7-9 p.m) the difference is significant.
However, if we accept 95% as an acceptable risk, the HC increases a lot in several hours



but at the expense of the dependability as explained in Chapter 3.
As mentioned before, the consumption pattern used for this study corresponds to

a city with 30,000 passenger cars. Using static rating, there is no firm capacity for
charging any of them. Curtailment will be needed. Using time-series DLR, at least
3,750 cars (12.5%) can be charged at the same time, without having to make any major
investments in the power grid. It is also noted that due to lack of data for charging
pattern of the drivers, in this thesis work, peak hours are defined when there is a high
consumption in local area and drivers connect their cars to the charging power.
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Chapter 6

Findings, Discussion &
Recommendations

According to the material presented in this thesis work, findings, discussions and
recommendations are presented in this Chapter based on the main contributions as in-
troduced in Chapter 1.

6.1 Application of Dynamic Rating

6.1.1 Findings

• The weather affects how much electricity needs to be produced and consumed. On
a cold winter’s day typical Nordic demand is peaking due to heating load. This
issue is more important in Northern Sweden in which the application of DLR in this
thesis work shows a considerable potential to increase the hosting capacity (HC) of
overhead transmission lines.

• In this thesis work DLR values are obtained through current rating-based. The
method calculates the current rating for a given short period of time (e.g. one hour)
by estimating the weather conditions (measurements/stochastic methods) and feed-
ing them into the IEEE standard model. This method provides more flexibility to
implement DLR in a reliable way than temperature-based or tension/sag-based
methods.

• An important advantage of rating-based model for DLR is that it allows to use (eas-
ily available) weather data instead of (hard to install) temperature or tension/sag
sensors, while still limiting the risk of an undetected overload.

• Possible applications of DLR include long-term planning (where decisions are made
about building new overhead transmission lines and connecting new customers),
maintenance planning, day-ahead operational planning (where decisions are made
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about intervention in the electricity market), operation (e.g. to verify compliance
with the (N-1) criterion) , and overload protection.

• It is shown that DLR can increase the capacity of lines and is especially effective in
combination with curtailment. With DLR in combination with curtailment, there
is no longer a fixed limit for the amount of new production or consumption to be
installed. The curtailment ensures that this addition will never reach to a value
that is dangerous for the grid.

6.1.2 Discussion

• With fixed rating, the HC in terms of number of EVs connected to the power
grid, will be less during winter. The reason lies in the fact that during cold weather
conditions, the EV’s battery efficiency decreases and the battery internal resistance
increases affecting the discharge capability of battery. Furthermore, more energy
is required to heat the cabin [49]. This increased energy consumption will increase
the need for charging from the power grid. In regions with electric heating, this
will result in a high increase in charging demand during the hours where electricity
consumption is at a high value already. In a situation like that, introducing DLR
would be especially advantageous and it is expected to significantly increase the
HC for EV charging in contrast to fixed rating.

• Using conductor-temperature sensors has limited application in a power grid where
the (N-1) criterion needs to complied with. Also for operational planning, the
method has limited application. The method used in this thesis work, where the
rating is estimated from measured or predicted weather data, does not suffer from
that limitation.

• There are two main approaches for calculating DLR; weather monitoring and con-
ductor temperature monitoring. Each of them has its own advantages and draw-
backs. Weather monitoring is a simple system that does not require any physical
installation on the line. Hence, making use of weather stations installed in sub-
stations, is easy to apply. The main drawback is that conditions, especially wind,
can change along the line due to land irregularities, forests, etc. There is a degree
of uncertainty in the results, which should be considered when calculating the re-
sults. Conductor temperature, on the other hand, is monitored by a sensor installed
on the conductor that measures its surface temperature. The problem with such
measurement is that it does not measure the average conductor core temperature,
which actually impacts the sag. Conductor temperature devices are more accurate
under high current, but less accurate with low electrical load on the line. Besides,
multiple planned line outages may be required for equipment installation and for
its maintenance.

• One concern with weather monitoring is the lack of sufficient measurements along
the entire overhead transmission line to acquire accurate measurement of the weather
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conditions. Uncertain weather variables make the calculation of DLR more chal-
lenging. In order to achieve accurate estimation of the line rating, existing un-
certainties in DLR calculations should be considered. Probabilistic analysis can
be employed to take into account the uncertainties associated with the parameters
and weather variables required for DLR estimation.

6.1.3 Recommendations

• Including DLR in calculating the HC assists network operators to plan the EV
charging strategies based on the hourly rating, which indeed varies with weather
conditions and the consumption in the region.

• Line ratings should be continuously available during operation and during oper-
ational planning. Installing a combined monitoring system, to directly calculate
DLR from the weather variables, ensures that ratings are constantly available.

• It is recommended to apply different rating methodologies, such as static rating,
seasonal rating, or dynamic rating. Depending on data availability, topology of the
network, and line loading conditions one of these alternative can be selected.

6.2 DLR and Overload Protection

6.2.1 Findings

• It is found that DLR and overload protection are closely linked to achieve depend-
ability (failure to intervene when needed) and security (unnecessary intervention).
Overestimation of DLR (beyond the actual rating of the conductor) may cause the
protection not to detect an overload, therefore it increases the risk of failure to
intervene. Underestimating of DLR, on the other hand, means the rating of the
line is estimated below its actual rating; this could cause unnecessary intervention
by protection. An overestimation or underestimation of the rating does not neces-
sarily constitute a failure of the DLR; such a failure only occurs when the actual
line current is between the actual and the estimated rating.

• With DLR it is important to develop protection schemes that separate overload
protection and short-circuit protection. When using DLR, the rating of the line
and thus the setting of the overload protection change with time. When overcurrent
protection is used both for overload and short-circuit protection, the fault-clearing
time increases with higher line rating. A maximum permissible fault-clearing time
sets an upper limit to the line rating. When using distance protection against
short-circuits, the risk of unwanted operation due to high loading sets a limit.

• It is essential to have a trade-off between dependability and security, where the
balance between the two will in most cases change with time. This balance cannot
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be made in the design or parameter setting stage, but needs to be done during
operational planning or operation of the system. Stochastic DLR-based protection
may require a fixed probability for a longer period, but that probability does not
have to be the same for each location.

• The generic model developed in this thesis work provides a complete qualitative
study of DLR failures and the impact of such failures on the performance of the
power grid. It is shown that there are several possible failure states of the mea-
surement devices used to obtain the input data and in the mathematical models
used to calculate the line rating. Some of those failures are self-revealing, whereas
others remain hidden until another disturbance happens in the grid such as a fault.
This could subsequently impact the performance of the power grid and introduce
additional risks.

6.2.2 Discussion

• Research and education on protection is very strongly directed to projection against
faults; overload protection is rarely discussed in the literature. It is taken up
in standards and guides on dimensioning of cables in low and medium-voltage
networks, but not in the technical literature.

• The DLR-based protection introduced in this thesis can be used in combination
with distance protection for overhead transmission lines. However, distance relays
are sensitive to detect load encroachment conditions that could occur during high
loading, above the static rating but below the dynamic rating. Therefore, the load
encroachment phenomenon needs to be better understood and distinguished from
DLR to prevent future malfunctioning involving distance protection. There exist
a qualitative understanding that the risk of unwanted operation increases with
increasing loading of the line. There is however no quantitative information on this
risk that could be used in a trade-off between different risks.

• The generic model gives an understanding of what can go wrong in a DLR system;
the generic model could form the basis of a check-list during DLR design and
implementation. A translation of the model in a check-list remains missing. The
model can also be used to identify subjects of further research and development.
But, there is still a significant need to study the reliability assessment of DLR
quantitatively. It is important to model the failures of DLR and take into account
the risks described in Fig. 4.1. Reliability assessment of different failures in DLR
will assist operators during operation and decision making in the control room.

6.2.3 Recommendations

• There should be more emphasis on overload protection in research and in educa-
tion. To understand the potentials and challenges related to DLR more knowledge
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on overload protection of overhead transmission lines, transformers and cables is
needed.

• Combining DLR and overload protection can be used to identify actual thermal
overload. It is recommended to apply DLR-based protection as an alarm system
to the control room that tracks both rating and the line current.

• In order to design a reliable DLR-based protection it is important to develop
protection schemes coordinated between protection against overload and against
short-circuits. Further study is needed to understand the impact of DLR and its
time-varying behavior on the fault-clearing time.

• More study on protection coordination, mainly between main and back-up protec-
tion, is required. DLR-based protection may cause interference with the perfor-
mance of the back-up relay. It is important to evaluate the impact of DLR on the
tripping commands of relays.

• Studies are needed to obtain a quantitative measure of the risk of unwanted op-
eration of distance protection during high loading of a overhead transmission line.
Improved distance protection or alternative protection schemes should be developed
with a reduced risk of such an unwanted operation.

• The effects of hidden failures in protection or control are usually not taken into
account. But with DLR it is of great importance to identify them and their con-
sequences especially during overloading. Examples of hidden failures that need to
be investigated in more detail are: hidden miss-coordination between main and
backup protection and unwanted operation when the actual rating is less than the
line current. The latter is important as it could result in a system with DLR that
is less reliable than a system without DLR.

6.3 Stochastic Modeling

6.3.1 Findings

• operation of stochastic DLR as part of the power system protection is shown to
have a number of advantages. Stochastic DLR, where the probability of overload
is used as a decision criterion will allow for a trade-off between dependability and
security. The proposed stochastic model can be used during operation and during
operational planning, e.g. day-ahead. The developed method allows considering
both dependability and security when implementing DLR.

• The acceptable probability of overload (acceptable risk) has a big impact on the
number of times that intervention against overloading is needed. If this value
is chosen large enough, it can noticeably decrease the need for unnecessary re-
dispatching (like curtailment or starting of production units). At the same time,
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there will be a high risk for the consequences of overload. An important challenge
identified from this thesis work is to select appropriate values for the acceptable
probability of overload to keep a balance between dependability and security.

6.3.2 Discussion

• Stochastic DLR is sensitive to errors in weather sensors if used in real time. The
model used to estimate the rating is dependent on information (prediction or mea-
surements) provided through communication channels; a long-term loss of those
channels will have an impact on the results. A value for the probability of over-
loading allows choosing between dependable or secure operation according to, for
example, weather and loading conditions. Accepting a higher probability of over-
loading will result in secure operation at the expenses of a higher probability of
failure to intervene (reduced dependability).

• In this thesis work, risks are described in the form of the probability of overloading.
This probability is compared with a fixed threshold (the acceptable probability
of overloading). There is no specific method to calculate the exact probability
of overloading due to the uncertain behavior of input data. The uncertainties
include not just uncertainties in weather data, but also uncertainties in the values of
overhead transmission line parameters. Data collection is needed to obtain accurate
estimations of PDFs. One of the main challenges is in modeling the tail-end of the
probability distribution, i.e. the probability for large deviations from the expected
value. This is where further model development is needed.

• The model to obtain the probability of overload, as used in this thesis work, assumes
random variations of the weather variables around an expected value. Uncertainties
in component parameters were not considered in that model. The absorptivity and
emissivity could have a relatively large impact, as for example shown in [21]. The
model also does not include large errors, for example due to failure of a sensor or
communication link, nor does it consider systematic errors.

• In the studies presented in this thesis work, the acceptable probability of overload
is kept constant. This would be a possible approach, for example, for automatic
initiation of curtailment, for generating alarms or for tripping of the line. It would
however not allowed for a continuous trade-off between dependability and secu-
rity. For such a trade-off, the consequences of intervention and the consequences
of overload need to be quantified and compared. Instead of decision about the ac-
ceptable probability of overload, a trade-off will be made continuously and the risk
of overload can be balanced against economical, social, environmental and political
risks.

• In this thesis work, a stochastic DLR has been developed to address overloading
of overhead transmission lines. There is a need for similar methods for cables and
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transformers. Some fundamental differences need to be addressed in the develop-
ment of such a model. The thermal time constant of cables and transformers is
much longer than for overhead transmission lines; a steady-state model, as used
for overhead transmission lines, is less suitable for those components. The thermal
issue with lines and cables is to a larger extent in the aging of insulation; this is a
cumulative effect, which requires a different stochastic approach than the one used
for overhead transmission lines.

6.3.3 Recommendations

• The interpretation of the results from the stochastic DLR model is very much based
on the interpretation of the PDF. Stochastic DLR in this thesis work is obtained
from probabilistic modeling of influential weather variables. The PDFs used for
modeling and analysis of ambient temperature, wind speed and wind angle attack
are based on well-known probability distributions in the literature. The expected
value for each variable is derived from a set of time-series data over an eight-year
period at a location in Northern Sweden. Data on standard deviation was not
available and a constant standard deviation is assumed for each of the variables.
The same methodology can be applied on actual time-series data with different
standard deviations to compare the results with each other.

• More knowledge is needed on the probability distribution for the influential weather
variables (wind speed, ambient temperature and wind direction). Different distri-
butions will apply for different applications of DLR: day-ahead planning; com-
plying with the (N-1) criterion without conductor-temperature sensor; complying
with the (N-1) criterion with conductor-temperature sensor; DLR-based protec-
tion with conductor-temperature sensor; DLR-based protection without conductor-
temperature sensor. Different applications will require different PDFs. Those dif-
ferences, for example, will provide a method to compare the performance of different
DLR application methods.

• The stochastic DLR model to calculate the probability of overload needs to be
extended with methods to include large errors, for instance due to failure of a
sensor, and to include systematic errors.

• Future work is needed towards methods to make the trade-off between different
risks involved in overload protection and to decide, either automatically or in the
control room, when intervention should be taken. In such an application, both
rating and permissible probability of overload will be varying with time.

• Methods need to be developed to allow a trade-off between dependability and secu-
rity of overload protection with DLR. This includes methods to quantify the con-
sequences of intervention (like curtailment or disconnecting the component) and
methods to quantify the consequences of component overloading. Such methods
are needed to come to risk-management including component overloading.
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• Studies are needed to find out to which extent the stochastic DLR model proposed
in this thesis work can be applied to cables and transformers.

6.4 Hosting Capacity

6.4.1 Findings

• The stochastic DLR is used to estimate the HC of the power grid for EV charg-
ing. The proposed analytical method provides an easy analysis during long-term
planning and during operational planning to find the capacity limit of lines before
the upstream network gets overloaded. Using the analysis method proposed in this
thesis work, there is no immediate need for detailed knowledge of the EV charging
pattern. Moreover, it is found that the estimated HC does not change considerably
during weekends comparing to weekdays.

• It is found that stochastic DLR can provide more capacity to host EVs comparing
to firm HC and HC with curtailment. Depending on the acceptable probability of
overload, the HC (expressed as number of EVs) could gets much bigger than the
value for time-series DLR.

• In order to maximize the total HC of a meshed grid for EV charging, a line selec-
tion method is proposed. This method provides a more-reliable and cost effective
solution than previous methods for DLR implementation. It is found that there
is not needed to apply DLR on all congested lines that are thermally prone to
overloading.

• When calculating the HC of a transformer for downstream solar PV and growth
in consumption, it is important to consider all three performance indices as limits
(HST, TOT and LOL). For the specific studies in this thesis work, especially HST
and LOL were shown to be important. Having a low HST does not necessarily
mean a low LOL; the HC considering LOL may be lower than the one considering
HST, and the other way around.

• The hosting capacity calculation is carried out for different transformers with dif-
ferent loading profiles in the same region. The results shows that DTR results in
up to 60% additional capacity for transformers to host solar PV or additional con-
sumption. The use of DTR instead of static transformer rating allows for a better
balance between risking damage to the insulation of the transformer and setting
unnecessary limits to solar PV integration or growth of consumption.

6.4.2 Discussion

• One concern in implementing DLR is to identify suitable overhead lines on which
to implement it. Lines can be selected for DLR employment based on their typical
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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. In order to have a cost effective
implementation of DLR it is important to consider the generation cost and the cost
of load curtailment while identifying suitable lines. The proposed line selection
method is able to reduce the aforementioned costs needed to increase the HC of
the grid for EV charging.

• Defining performance indices and limits is important in HC calculation. The selec-
tion of especially the limit can have a big influence on the HC calculation, whereas
there is not always a natural choice for that limit. For instance, there is no natural
limit for LOL of transformers in IEEE and IEC standards as explained in Paper
F. Thus, obtained results are based on the limit defined for LOL. By changing the
method of calculation or by changing the limits, the calculated HC will change.

• The higher potential for increased consumption, found from this study, is related to
the consumption pattern in Sweden; peak consumption occurs during the coldest
periods of the year, whereas production from solar PV is highest during periods of
the year with higher ambient temperatures. It is important to repeat the calcula-
tions, using relevant local data, for other countries.

6.4.3 Recommendations

• The method to calculate the HC of distribution transformers is developed to be
easily applicable by network operators. Commonly available data for power flow
analysis and hourly measurements of weather variables, production and consump-
tion were used. This approach works well for thermal overload, but for other
phenomena that limit the HC, extended models and higher time resolution will be
required. Moreover, it is good to study the impact of increased HC, especially from
solar PVs, on other phenomena such as harmonic distortion and voltage variations.

• Transformer HC calculation in this study is done on a time-series basis. All the
input data are obtained from time-series data for one year only. Future work
is needed considering longer periods or using stochastic time-series. It might be a
challenge to obtain sufficiently long time-series for consumption. A possible solution
would be to use long time-series for ambient temperature and irradiation, but a
stochastic time-series model for consumption.

• Solar PV production is assumed to increase linearly with installed capacity, in
this thesis work. Due to a number of phenomena, like a difference in tilt and tilt
direction, the increase will be less than linear. Including such aggregation will
further increase the HC. Additional studies are needed to quantify the impact of
aggregation on the HC.
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• The use of HC calculation for transformers will be useful in a region like Northern
Sweden that expects to attract more population and green industries in the near fu-
ture. This will help operators during operational planning to estimate the available
capacity of the transformer on an hourly basis to avoid unnecessary curtailment.



REFERENCES 67

REFERENCES

[1] Gregor Erbach. European climate law. Regulation (EU), page 1119, 2021.

[2] UN Climate Change. The Paris Agreement. United Nations, 2015.

[3] Mehdi Jafari, Ettore Bompard, Chiara Delmastro, Audun Botterud, and Daniele
Grosso. Electrify Italy: the Role of Renewable Energy. Gas, 2030:2050, 2022.

[4] Mehdi Jafari, Audun Botterud, and Apurba Sakti. Decarbonizing power systems:
A critical review of the role of energy storage. Renewable and Sustainable Energy
Reviews, 158:112077, 2022.

[5] EP Agency. Sources of Greenhouse Gas Emissions, 2019.

[6] Saifal Talpur. Maximum Optimal Asset Utilization in Overhead Transmission and
Low Voltage Distribution Networks. PhD thesis, Auckland University of Technology,
2020.

[7] Nicola Viafora, Kateryna Morozovska, Syed Hamza Hasan Kazmi, Tor Laneryd,
Patrik Hilber, and Joachim Holbøll. Day-ahead dispatch optimization with dynamic
thermal rating of transformers and overhead lines. Electric Power Systems Research,
171:194–208, 2019.
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ABSTRACT 

Network operational planning aims to provide smart 

and cost effective solutions to postpone conventional 

transmission and sub-transmission expansion. One 

emerging measure of improving the efficiency of 

power lines utilization is Dynamic Line Rating 

(DLR). DLR has to deal with different uncertainties 

ranging from production and consumption to 

meteorological variabilities. This paper presents the 

application of DLR from operational planning 

viewpoints and reviews relevant works. It also 

addresses DLR protection and challenges that the 

power system has to cope with.  

INTRODUCTION 

Progressive developments in the smart power grid 

technology have opened up the possibility to have 

increased secure transfer capacity for transmission 

and distribution networks without building new lines 

[1]. One approach towards this is dynamic line rating 

(DLR), which determines the actual current-carrying 

capacity based on continuous measurements rather 

than conservative assumptions on weather 

conditions. There are two approaches to determine 

DLR: indirect and direct. Indirect DLR estimation is 

a prediction-based method using data from local 

weather stations or generating the data by using 

numerical weather modeling. Direct methods on the 

other hand are based on monitoring line 

characteristic such as conductor temperature, line 

sag, the tension through the line and clearance to the 

ground [2].  

One uncertainty for applying DLR to the system is 

the uncertain behavior of weather conditions and 

current flows. During recent years several 

mathematical methods have been proposed to predict 

the thermal rating of the conductor and to keep the 

maximum allowable current below safety limits [3]. 

Another uncertainty is the integration of renewable 

energy resources (RES) to the grid, specifically wind 

power plants that have been addressed in some 

research works [4-6]. The objective of these 

publications is the estimation of the amount of wind 

power generation in the presence of DLR and 

investigating possible ways to apply DLR to the 

control and management systems. In addition to the 

aforementioned uncertainties, various sorts of errors 

and/or failures may take place, such that line 

capacity will not be estimated correctly.  

The purpose of this paper is to illustrate different 

applications of DLR for operational planning along 

transmission and sub-transmission (regional) 

networks [7-8]. Besides, a study of DLR protection 

has been conducted to get an overview regarding the 

risk of unfavorable interruptions.  

OPERATIONAL PLANNING OF DLR 

The increasing demand for electricity, the need for 

restructuring the generation to renewables, and 

obtaining an uninterrupted power system make the 

electric power industry working on possible smart 

solutions to increase the capacity of the existing 

lines. DLR technology is a short-term solution that 

helps to improve power system operational planning 

by providing a higher current capacity along 

transmission lines and reducing operational costs in 

the case of thermal limitations.  

Line Rating and Conductor’s Temperature 

The term DLR was first introduced in the early 

1980’s for estimating the real time rating of 

overhead aluminium conductor steel-reinforced 

(ACSR) conductors. The initial aim was maximizing 

the load and evaluating the thermal rating for 

different environmental conditions [9]. IEEE 

standards discuss both dynamic and steady state 

models for calculating heat transfer and heat balance 

of the overhead conductor temperature [10]. The 

steady-state relation between heat gain and loss, 

 𝑞𝑐 + 𝑞𝑟 = 𝑞𝑆 + 𝑞𝐽,  (1) 

In which 𝑞𝑐, 𝑞𝑟, 𝑞𝑠 and 𝑞𝐽 are convection heat loss, 

radiation heat loss, solar heat gain and joule heating 

respectively. 

For any variations in parameters as ambient 

temperature, 𝑇𝑎, wind speed, 𝑉𝑤, wind direction, 𝜑, 

and conductor temperature, 𝑇𝑐, equation (1) turns 

into,  

 
𝑞𝑐(𝑇𝑎, 𝑇𝑐 , 𝑉𝑤 , 𝜑) + 𝑞𝑟(𝑇𝑎, 𝑇𝑐) +

+𝑚 ⋅ 𝐶𝑝
𝑑𝑇𝐶

𝑑𝑡
  = 𝑞𝑆 + 𝑅(𝑇𝑐) ⋅ 𝐼2,

 (2) 

Where 𝑚 ⋅ 𝐶𝑝  refers to conductor mass per unit 

length times the specific heat of the conductor, 𝑅(𝑇𝑐) 

is the AC resistance of the conductor at 

temperature 𝑇𝑐, and 𝐼 is the conductor current and 
𝑑𝑇𝐶

𝑑𝑡
 the conductor temperature derivative with 

respect to time. 

In order to have an accurate thermal estimation, it is 

important to seek for independent variables for 
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modeling the weather. However there are some 

variables, such as ambient and conductor 

temperatures as well as wind speed and direction, 

that reoccurs as independently modelled in the 

literature studied in this paper. In equation (2) some 

variables and parameters needed for full accuracy 

are omitted for simplicity. 

Time-scale classification of DLR  

From decision making perspective, here in this 

study, we categorize DLR studies into two main time 

horizons. Long-term studies that refers to 

(investment) planning and design issues on the one 

side; and short-term planning, such as weekly, daily, 

hourly and real-time operation concerning modeling 

of environmental data uncertainties [11] on the other 

side. 

Long-term planning 

The main objective of the long-term planning is the 

extension and/or expansion of the current 

transmission networks. The classical approach is to 

define some (bad, but yet probable case as the) worst 

case weather conditions, static line rating (SLR), for 

which planning is done. Since the on-average 

weather changes for different seasons, seasonal 

rating was introduced to increase the capacity of the 

line compared to the worst case scenario. Expected 

load growth and structural grid changes such as the 

integration of RES motivates a more efficient and 

flexible usage of the line capacities. Therefore, DLR 

as a part of the smart grid technology enables the 

utilities to postpone expansion through revealing the 

hidden current capacity.  

Short-term operational planning  

DLR is well suited for the short-term operational 

planning such as scheduled maintenance of overhead 

lines from a week ahead or up-rating the loaded lines 

if weather conditions allow. Updating the thermal 

rating of the critical lines based on the changes of the 

weather conditions is the main emphasis of the short-

term studies. It is especially valuable in an 

emergency situation when higher capacity is needed. 

In order to keep track of changes in the 

meteorological data, weather forecast models are 

introduced for making informed decisions prior to 

the operation. This is especially important when it 

comes to managing the short-term overload capacity 

of transmission lines. Generally, ampacity 

estimation can be predicted in different time periods 

based on the importance of the line and the limitation 

of clearance to the ground for each line.  

There are different techniques to handle 

uncertainties in the DLR calculation, of which 

probabilistic, hybrid possibilistic–probabilistic 

(fuzzy-based) and interval-based techniques are 

three common ones [11]. While each technique 

describes different method to achieve an accurate 

model, all of them work to show the effect of input 

parameters on the output of the model. In a brief, for 

the probabilistic technique, model input parameters 

are treated as random variables with a known 

probability density function (PDF). Combination of 

both random and probabilistic parameters forming 

the second technique as fuzzy-based DLR based on 

fuzzy set theory. And finally, an interval-based 

technique is to some extent similar to a probabilistic 

modeling with a uniform PDF, assuming that a 

specific variable obtains its value from a known 

interval [11].  

The application of probabilistic DLR estimation is 

widespread through different research works. 

Modeling the climate changes through a Markov 

Chain Monte Carlo algorithm is carried out in [6, 12-

13] not only to predict the conductor temperature 

each hour but also to increase the reliability of the 

DLR implementation. Modelling weather variables 

as multivariate correlated Gaussian random 

variables are used in [14] to characterize the weather 

data uncertainties each hour. The simulation is 

carried out by a Monte Carlo technique, then based 

on the minimum ampacity obtained at different 

spans, they estimate the maximum current capacity 

of the entire transmission line.  

A probabilistic forecast method to model and predict 

the ampacity of overhead lines up to 27 hours ahead 

is introduced in [15] based on combining numerical 

weather prediction and a machine learning algorithm 

to calculate the ampacity of two lines located in 

Northern Ireland. The benefits of this method is in a 

daily operation to overcome some thermal 

constraints while providing safe and reliable 

operating conditions. 

Comparing probabilistic to fuzzy (hybrid 

possibilistic–probabilistic) techniques indicates that 

fuzzy DLR has a better performance in terms of 

measuring inaccuracies. Besides, they are less 

computationally burdensome estimating the line 

thermal rating [16]. Despite advantages of hybrid 

possibilistic–probabilistic solutions, there are still 

very few papers working in this area [13, 16- 17]. In 

[13] the authors suggest an hourly prediction method 

by extending their Markov model to a fuzzy-based 

reliability model. They use an interactive method 

resolution (IMR) technique to solve the optimization 

problem for the load curtailment model. A fuzzy-

based solution to calculate the DLR is introduced in 

[17]. The method presented is capable of calculating 

the DLR by predicting some specific weather 

variables an hour ahead. Ambient temperature, solar 

hour angle, as well as the wind speed and direction 

are the input variables that were characterized as 

fuzzy numbers. It was  [17] concluded that if there is 

a good weather forecast, fuzzy evaluation can 

effectively model the measurement inaccuracies and 

condition changes.  
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During operation  

System operation includes all the activities for 

predicting and estimating the thermal rating from 

several minutes prior to the real-time operation to 

on-line monitoring and measurement during 

operation [18]. Weather monitoring system is done 

through two common ways based of the network 

topology. One way is by using weather stations to 

measure data in a specific point of the line and the 

other is by getting access to on-line data sources 

from satellites. In addition to weather monitoring 

system, direct monitoring of the line’s characteristic 

can offer more accurate estimation for the line’s 

ampacity associated with the weather measuring 

system [4, 19-20]. In this regard [21] suggests a 

probabilistic state estimation method to predict and 

estimate the conductor’s average temperature. This 

method uses an Extended Kalman Filter algorithm 

based on a dynamic heat transfer. Weather 

conditions, current intensity, conductor parameters 

and direct measurements of the line’s characteristic 

are considered as input parameters. The reason 

behind direct measurements is to increase the 

accuracy of the DLR calculation in critical spans.  

Curtailment in Combination with DLR 

Installing additional generation units such as wind 

power plants will bring extra capacity to the system. 

At the same time, however, it will increase the risk 

of lines’ thermal overloading. One practical way to 

relieve a critically overloaded line is the curtailment 

of consumption or production to ensure the 

availability of overhead transmission lines [22-23].  

Since, there is a positive correlation between wind 

farms’ outputs, wind speed and cooling of the 

conductor it is important to find a way to increase the 

capacity while keeping the system under the safety 

margins. Combining curtailment and DLR provides 

this opportunity to maintain both criteria at the same 

time. Such scheme allows larger amount of 

production to be connected to the grid with 

deduction in economic risks compared to using only 

the curtailment method. Moreover, it can relieve the 

possible congestion brought by RES integration. An 

approach presented in [24] is a flexible load 

shedding model to compromise between benefits of 

obtaining an allowed higher, more flexible current 

rating of the line, and the increased risks for system 

instability caused by weather data uncertainty. In 

fact, this combination will help to minimize the rate 

of produced energy curtailment per year and to 

increase the flexibility of the overall system. 

DLR AND PROTECTION OPERATION 

Increasing the demand for more electricity and 

migrating the electricity generation from fossil fuels 

to RES are some uncertainties that have been added 

to the electrical power networks. One way to 

mitigate the amount of curtailed energy in case of a 

risky situation is improving the protection system 

along the overhead lines. It also incorporates in 

reducing possible economical risks brought by 

unnecessary curtailment. In this regard, overload and 

overcurrent are two classical protection systems that 

prevent the conductor exceeds its thermal limits. One 

approach to improve the typical system is combining 

the DLR technology with the protection operation. 

Table 1 indicates different states for the DLR using 

terminology from protection operation. 

Table1: Different states for DLR 

States 
Action is 

Needed 

Action is 

Taken 

Protection 

Operation 

RMS<AA<EA No No Correct Action 

AA<RMS<EA Yes No Failure to Operate 

EA<AA<RMS Yes Yes 
Correct 

Disconnection 

RMS<EA<AA No No Correct Action 

EA<RMS<AA No Yes Maloperation 

AA<EA<RMS Yes Yes 
Correct 

Disconnection 

In Table 1 the term AA stands for the Actual 

Ampacity, EA for Estimated Ampacity and RMS for 

the RMS current that momentary flows through the 

line.  

Clearly, failing to operate is one of the critical 

conditions that indicates that the DLR has been over-

estimated. It can be defined as a situation in which 

the line is overloaded, but this overloading cannot be 

detected by the protection system. Under-estimation 

of the DLR is the other condition that cause wrong 

operation of protective devices. This can emanate 

from measurement errors or failure of 

communication sensors and can lead to unnecessary 

disconnections of production or loads, and/or costly 

usage of fast ramping production units, to change the 

power flows in the grid.  

Thermal Overload protection 

In order to prevent overheating of conductors in case 

of any faults or heavy loads, overload protection is 

installed in the power lines [25].  The principle of 

this protection relies on the quantity of the current 

compared with the predefined, offline, threshold. 

But as the conductor temperature is dependent on the 

current, line characteristics, and ambient variables, it 

would be more efficient to make the threshold 

variable and online. Thus, the model would be able 

to estimate the temperature of the conductor in a 

specific time interval and compare it with the 

maximally tolerable conductor temperature rather 

than comparing current intensity with the worst case 

current. Fig. 1. illustrates an overall scheme of the 

overload protection combined with DLR, at which 

CB refers to the circuit breaker. 
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Fig. 1. A general protection scheme combined with DLR 

The benefit of such modification is the better 

utilization of the power system considering the 

realistic weather condition and at the same time 

protecting the network in case of true risky weather 

conditions. In [26] research has been done modeling 

the weather as stochastic variables with Monte Carlo 

integration and linear filtering to estimate the 

distribution of the conductor temperature. Results 

indicate that the used method provides a fast 

approximation of conductor temperature which is 

necessary for a reliable operating decision.  

UNCERTAINTY AND RELIABILITY 

One of the DLR challenges is assessing the accuracy 

and validity of the models for calculating the line’s 

rating. In order to reduce feasible risks brought by 

DLR, one can apply different DLR methods under 

similar conditions, e.g. in a same line, to find the 

most reliable method for each case depending on its 

application [27]. 

Bad data, difficulty in modeling weather variables 

and device inaccuracies are some other uncertainties 

from the measurement viewpoint that degrades the 

estimation accuracy. Besides, any modelling flaws, 

as well as deviations in geographical and 

conductor’s parameters data may lead to inaccurate 

DLR estimations. Therefore, it is of great importance 

to analyze the risk of each DLR implementation to 

see how reliable it would be. Increasing the DLR 

reliability by optimizing the system operation is 

discussed in [28]. Authors in [29] estimate the 

reliability of DLR in heavily loaded networks to 

reduce the loss of load expectation considerably.  

When weather variables change suddenly, operators 

need to have a fast reliable response to keep the 

system in a safe mode. One way of hedging for 

sudden weather changes is considering the average 

value of rating over a time horizon [30]. Calculating 

rating of components far from their observation 

point and using pre-defined critical spans are some 

other great uncertainties that should be investigated 

considering the reliability of DLR.  

DISCUSSION  

Dynamic thermal line rating associated with the 

protection system can increase the productivity of 

the line and the system, provided that accurate and 

reliable meteorological input models are applied. 

There are several challenges for the utilization of the 

DLR in power grids. Adjusting the rating of other 

electrical components such as transformers and 

protective relays with DLR technology is one of 

these issues [31]. Location-dependency of weather 

parameters is one other problem because the weather 

can vary through different spans or even through 

specified distances within each span. Thus, there is a 

need to identify critical spans and spots for 

monitoring and measurement [32]. Forecasting the 

weather data in a shorter time prior to the real-time 

operation and increasing the accuracy of the spatial 

resolution needed for the DLR forecasting are some 

issues good to consider in the future studies. Another 

subject in this regard is the emergence of 

technological advances that makes the system 

smarter and complicated. One of the features of a 

smart grid is usage of smart sensors and 

measurement systems like PMUs in the system [33]. 

As a result it is important to take the reliability of 

these systems into account while working on the 

DLR estimation. 

CONCLUSION 

This paper studies the application of DLR with focus 

on the operational planning viewpoint and stochastic 

aspects. Besides providing a thorough literature 

study, the paper discusses protection operation and 

schematic improvements. 

In the end, increased renewable energy and load 

growth might lead to investments in new lines being 

necessary. Methods like DLR can help to release the 

SLR thermal constraints and increase the capacity of 

lines without large-scale investments, or at least 

postponing them.  

Among different methods introduced for DLR 

operation, a generalized protection, combined with 

curtailment can have a significant effect on the short-

term operational planning and help improving the 

reliability for network operators.  
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Abstract

This paper is an overview of the components and failure modes that should be considered when studying the reliability of

dynamic thermal rating (DTR) in the power system. A reliability study should include failure of a measurement device, failure of

the communication, model inaccuracy, and failure of the control system. The presence of the DTR system increases the risks of

unnecessary operation and lack of action in power system due to an error in DTR calculation. This impact is studied qualitatively

in this paper; it is of great importance during operation and maintenance of the power system.

1 Introduction

Dynamic thermal rating (DTR) is a technology that integrates

measurement devices into the power network to collect infor-

mation about weather conditions and then uses these param-

eters to calculate the momentary component rating, typically

through IEEE or CIGRE standards [1, 2]. By realizing that

DTR and overload protection are closely linked, the reliability

of the DTR would be defined as the ability to operate correctly

as overload protection particularly when the power system is

operating near its limits [3].

There are two reliability concerns from the protection view-

point while utilizing DTR; namely dependability and security.

Dependability is the taking of actions to avoid that the com-

ponent gets overloaded. The failure of dependability would

result in taking no measures or insufficient measures, causing

overloading. On the other hand, security is refraining from tak-

ing measures when the component would not get overloaded.

Security’s failure would cause measures to be taken when the

component would actually not getting overloaded [4].

In a more classical approach to overload protection, typically

referred to as static rating, the main effort for the protection

setting is towards limiting the failure of the dependability to

keep the reliability high. Limiting the failure of the security was

part of the system design, where the maximum load demand

was kept below the static rating. With DTR there is no longer a

fixed value as a rating; instead, the rating depends on measured,

predicted or calculated weather parameters and is updated with

a certain frequency. Therefore, with DTR protection there is

a risk of overestimating the line rating which may lower the

dependability. Besides, overestimating may also speed up the

aging process of the overhead conductor since the maximum

conductor temperature could be exceeded. As such, there is a

need to take into account all possible failures while using DTR

to ensure a dependable and secure DTR protection [5].

In this paper, the very first question in a DTR reliability study

is discussed; “What constitutes a failure of DTR?”. A generic

model for the reliability study and use of DTR is developed

to illustrate different parts of the system involved in providing

accurate component rating. Each failure type is discussed sepa-

rately followed by their impacts and consequences on the entire

power system.

2 Generic DTR Reliability Model

Reliability analysis of DTR is not only about having a highly

accurate and reliable method of calculating the line rating; it

is also a matter of reliability of various measurement devices,

sensors, communication, protection, calculation and prediction

models. Fig. 1 shows a generic model of DTR, covering both

operational planning (for identifying market barriers) and use

during operation (for protection). This generic model will next

be used to look at reliability from two different viewpoints:

errors and failures of each of the elements in the system that

would affect the calculation of the rating; and the impact of

a DTR failure on the power system. Dashed lines represent

communication channels.

3 Component Failure

The generic model in Fig. 1 contains different types of ele-

ments that are all part of DTR including measuring devices,

communication channels, models and algorithms for predict-

ing and calculating line rating, weather prediction, and decision

making blocks for deciding about actions to be taken. Fail-

ures in any of these elements have the potential to adversely

impact the performance of the DTR and consequently of the

power system. Input to the algorithms used in DTR systems

sometimes originates from prediction done elsewhere such as

prediction of weather parameters and line currents. Errors and

failure may occur in those predictions, resulting in incorrect
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Fig. 1 Generic model of dynamic line rating (DTR) in the grid

values being provided to the algorithm calculating rating or

conductor temperature.

3.1 Failure of Measurement Devices

Measurement devices are essential for enabling DTR. Different

types of measurement devices are needed in which line sensors

are located in direct contact or very close to the line; some of

them are mounted on the line and energized by induction from

the line current. Examples of line sensors are those measur-

ing conductor temperature, clearance to ground, and conductor

tension [6–8]. These sensors are often novel designs without

long records of practical use. The reliability of the sensors is

a general concern and something that needs to be considered

in the design of a complete DTR system. A specific issue is

the powering of the sensors; inductive energy transfer from the

line current to the sensor is an option, but special care should

be taken for low line currents when the sensor may not receive

sufficient energy. Next to complete failure of the sensor, the

accuracy of the measurement should be considered as well.

This includes a value that deviates from the actual value but

cannot be distinguished from the actual value.

A second group of sensors is formed by the ones collecting

the weather data at specific locations along a line. Calculating

conductor temperature or line rating from measured weather

parameters is known as the indirect method [9, 10]. In either

cases the collected data are exposed to measurement inaccu-

racies. In the following several possible failure states of the

weather measurement are explained:

• Regular measurement errors may occur affecting the accu-

racy of the measurement devices and the location of the

devices. Devices that, for example, measure temperature are

generally of high accuracy. The concern is however mostly

in the relevance of the measurement for the conductor heat

balance; a temperature sensor that is exposed to direct sun-

light will overestimate the air temperature; a wind-speed

sensor may overestimate or underestimate the speed of the

air passing the line conductors; etc. Weather parameters will

also vary along the line, which is another source of errors.
• Wrong setting may cause larger errors as they may be origi-

nated from, for instance, human errors and they are difficult

to detect. The example might be not converting dimensions

in the right way: degrees Fahrenheit instead in Centigrade;

miles per hour instead of meters per second.
• Another issue that may cause errors of the increasing inac-

curacy and errors of devices due to their aging. This can be

a complete loss of function or a large error, but it can also be

a slowly increase in systematic or random error with time.

Especially the slow increase in error will be hard to detect.
• Failure of sensors is another type of component failure that

should be included in DTR reliability studies. The first fail-

ure type is not to send any signal, so that the algorithm will

lack input data. This will be immediately detected by the

algorithm, which means that a back-up plan can be easily

activated, assuming such a plan exists.

Sending wrong values that have a large deviation from the

actual value is another type of the failure. This is not imme-

diately detected, but a reality-check can be included in the

algorithm to detect unrealistic values. Meanwhile, there are

some cases that sensors are sending wrong values that have

a lesser deviation from the actual value. Detecting such

errors will be very difficult and in practice impossible.

The third type of sensors is those used for measurement of

the line current. This is a classical, well-developed, commonly

used instrument transformer with a high reliability and a high

accuracy.

3.2 Communication Failure

As shown in Fig. 1 communication is an indispensable part

the power system when DTR is included [11]. The successful

implementation of DTR depends on the reliability of com-

munication networks, wired as well as wireless. These com-

munication networks enable interaction amongst devices to

collect weather data and line characteristics and transmit infor-

mation to the control room or protection/curtailment devices.

This enables the creation of a situation in which the line cur-

rent is below the rating [12]. Investigating the reliability of

wired communication in a traditional network is more straight-

forward since such communication is mostly located in the

local area with short distances and is less prone to external

influences like adverse weather. Wireless communication links,

typically radio links, are more prone to external influence.

Adverse weather conditions may however result in a high fail-

ure rate of communication equipment, both for wireless and

wired communication. Any weather influence is very impor-

tant here because it could result in common-mode effects. A

high unavailability of communication channels results in low

values of line rating and a high probability that an overload

is not detected. The other way around, a high unavailability

that results in high values of line rating would lead to a high

probability than unnecessary measures are taken.

The process in a wireless communication starts from collect-

ing data from sensors and sending them to the control units of
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the DTR to gather all data from different parts of the trans-

mission line. Through communication channels these data are

then forwarded to small gateways and subsequently to the data

aggregator units to form a wide area network (WAN) contain-

ing all the data from devices [13]. Based on the input data, an

algorithm is used to calculate, for example, the line rating. This

calculation is being done in a data management center, which

may be close to the line (in one of the substations connected to

the line) or in a central control room. Based on the outcome of

the algorithm, either the network operator or an automatic relay

makes a decision on how to avoid overloading or (as will be the

case most often) take no action at all. The elements involved in

the measurement, calculation and decision process are inter-

connected and failure of any communication channel may lead

to failure of the DTR system.

Failures of the communication can also be classified in to

functional failures and network failures. Functional failures

include any failure of communication elements; however, dur-

ing a network failure all the elements remain functional but a

failure occurs at processing commands because of the failure

in other parts of the network. Studies show that the failure of

communication devices, functional failures as well as network

failures, can significantly reduce the reliability of a power sys-

tem including DTR [12]. The same distinction that was made

for failures of measurement devices (no signal, a large error

in value, a minor error in value) should also be made for fail-

ure of the communication. With modern digital communication

systems, the probability of a minor value in error seems to be

small.

3.3 Model Inaccuracy

Model inaccuracy is defined as an incorrect calculation and/or

prediction of line rating or conductor temperature. This will

include for instance inaccuracy in the mathematics of the

model. Some of the factors that should be considered as part

as model inaccuracy are as follows:

• The line parameters might be wrong. For instance, Alu-

minium is used in the line conductor while the resistivity

for copper is used in the model. Similarly, an incorrect con-

ductor area can be used. These are the systematic errors that

are difficult to detect.
• There might be something wrong in coding of the DTR

algorithm.
• Some errors might occur while defining the algorithm by

itself or during the modeling. Some examples are when the

model for convective cooling is known to be approximation;

the resistive heating is calculated neglecting harmonics; the

radiative model assumes that the radiation temperature is

the same as the ambient temperature and cloud coverage is

not considered.
• Long sampling times for weather data may cause a signifi-

cant difference between the actual weather parameters and

the ones used in the algorithm.
• Certain model limitations and uncertainties are intentionally

accepted during the design of the algorithm. An incorrect

decision due to them is avoided by introducing a safety

margin between the real-time rating obtained from the algo-

rithm and the one that is used for the decision. This will

keep the probability of overload low, but it will increase the

probability that unnecessary measures are taken.
• When the current (related to the rating) is used to detect

overloading, short-duration exceeding of the rating is

acceptable. The relation between acceptable time of over-

loading and current compared to rated current should be

based on the thermal model of the line. Also here assump-

tions are made, resulting in additional model inaccuracy.

3.4 Control System Failure

Decision-making and actions are the two final stages of the

DTR system. Combined, this is where the system decides

whether to fully utilize the capacity of the line or corridor or

if line tripping or some level of mitigation like curtailment is

needed. After analyzing the data, for example by comparing

the load current and rating or by comparing conductor temper-

ature and maximum-permissible temperature, there would be

different failures that can occur even at this stage:

• The signal for curtailment or tripping command is send

while the decision parameter is below the threshold.
• The decision parameter is above the threshold but no signal

is sent.
• A signal is sent for the tripping or curtailment, but no action

or insufficient actions are taken.
• The algorithm results in the need for a certain amount of

curtailed power, but more curtailment is applied.

Each of the aforementioned issues could impact the function-

ality of DTR and subsequently prevent its correct operation.

4 Impact of DTR Failure

In previous sections, different kinds of component failure and

errors have been discussed that may affect the reliability of

DTR. An alternative approach towards reliability would be

to compare the predicted or calculated line rating or conduc-

tor temperature with the actual rating or temperature. Such an

approach would have resulted in a measure of accuracy of the

DTR, somewhat independent of the line current. From a power

system, such a measure would be of less use as it does not relate

to the need for overload protection.

In this section, the performance and failure of the DTR sys-

tem will be placed in the perspective of its application and its

impact on the performance of the power system as a whole.

In the following, some of the applications are presented and

the way they may be impacted by DTR failure. Seen from the

power system, the following kinds of DTR failures can occur,

where both failure of dependability and failure of security are

included.

• The current is somewhat below the actual line rating, but

due to various uncertainties, unnecessary measures are

taken.
• The current is somewhat above the actual line rating, but due

to various uncertainties, necessary measures are not taken.
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• The current is a lot below the actual line rating, but due to

various failures and uncertainties, unnecessary measures are

taken.
• The current is a lot above the actual line rating, but due to

various failures and uncertainties, necessary measures are

not taken.

The first two types of failures are typically due to random errors

in predictions, measurements and calculations. The result of

those is that for example the calculated conductor tempera-

ture deviates from the actual value. This inaccuracy is normally

taken care of by adding a safety margin between the calculated

value and the threshold at which action is taken. As long as the

aim of the DTR system is to avoid overload such an approach is

suitable. However, this approach will come at the expense of an

increased probability of taking unnecessary action. The origi-

nal aim of introducing DTR has been to avoid setting limits to

the line current when not needed, so that this is something that

should be seriously considered in the implementation of DTR.

The last two kinds of failures in the aforementioned list are

more “classical failures” where typically a major component

failure results in an erroneous decision by the DTR system.

The two forthcoming sections mainly address those cases.

4.1 Impact on the Power System

When DTR is used in sub-transmission level, it increases line

capacity and thus has the ability to relieve congestion to some

extent. However, the presence of the rather complicated DTR

system also increases the risks to power system operation

because of the risk of error in its calculation and an increased

risk of unnecessary operation and lack of action when needed.

This increase in risk is always present, also during the hours

that there is no need for DTR (i.e. when the line current is

below the static rating). Here a distinction should again be

made between “fail to take action” and “unnecessary action”.

4.2 Fail to Take Action

When a line is overloaded and no action is taken, this can have

a number of consequences. The first impact will be that the

conductor temperature will rise above its permissible value and

the conductor sag will become higher than acceptable. This is

a safety issue for buildings and persons residing below the line.

It also increases the risk of the line “sagging into vegetation”

with a fault as a result. Such a fault will occur when the line is

already heavily loaded and its impact will thus be more severe.

In a radial system, the loss of a heavily loaded line will result

in a large loss of load. In a meshed system, the load of this line

will be taken over by other lines. These lines in turn might get

overloaded. As this occurs during a heavy load situation, there

is even a risk of instability and a large-scale blackout. During

the fault, the conductor temperature will increase even more,

possibly resulting in annealing [14–16], in which the conductor

material weakens. When the line rating is calculated correctly,

but for some reason no action (like curtailment) is taken, a

back-up protection could take action and trip the line. This will

have the same impact on the system as a fault, but it will avoid

the risk to buildings and persons and thus annealing.

4.3 Unnecessary Action

Another type of failure is about taking action when not needed.

This will have an immediate impact, either on the customers or

on the system. The removal of the line will again bring the

risk of overloading and instability, as described before. The

difference with the previous case is that the line itself is not

overloaded and could well be very lightly loaded. The impact

of the loss of line will thus be less. In a meshed system, the loss

of a line should normally not result in a major system failure,

the so-called (N-1) criterion.

Unnecessary curtailment will have an impact, typically eco-

nomically, on the customers being curtailed. If such unneces-

sary curtailment happens regularly, this impact may become

unacceptable. Action due to overload (either real overload of

an erroneously detected overload) may also consist of services

being bought by the network operator. This may for example be

in the form of gas turbines starting up. The unnecessary action

will have an economic impact on the network operator, depend-

ing strongly on market mechanisms and tariff regulations being

in place.

5 Common-Mode Failures

The term “common-mode failure” refers to the loss of mul-

tiple components in a system, for example, multiple sub-

transmission lines, because of a single underlying failure. The

collapse of a sub-transmission tower carrying multiple cir-

cuits is an example of an important common-mode failure.

Common-mode failures are especially important to consider

in meshed systems, because they can overrule the operational

security achieved by the (N-1) criterion. There is very lim-

ited information available on the risk of common-mode failures

when DTR is implemented on multiple lines. It is however,

according to the reasoning above, important to be studied.

Some possible examples of phenomena that may lead to

common-mode failures or an increase in probability of two

lines being lost together are given below.

• The weather parameters are an important input to many

DTR algorithms. When the measurements or predictions

have large errors, multiple lines in the same geographical

area will be affected.
• The loss of a communication link may affect the DTR

system for multiple lines.
• Some probability of failure increases when a line is heavily

loaded. For instance, when multiple lines, supplying a city,

all are heavily loaded, the risk of losing all of them, exactly

when they are really needed, could become unacceptably

high.

6 Discussion

In this paper, a qualitative analysis has been done to determine

the areas of concern when studying the reliability of the DTR.
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However, one of the indirect impacts of DTR failure is from the

electricity market viewpoints for different market participants,

including operators of the energy market, power utilities, and

electricity consumers but this is not discussed in this study. By

relieving congestion, for instance on a sub-transmission line

that connects two areas with different electricity prices, DTR

enables transmitting more energy at a lower cost and therefore

impacts the electricity price in competitive electricity markets.

A failure of DTR will economically impact, renewable energy

owners, energy consumers, and network operators in different

ways. From the owner’s viewpoint, DTR failure means less

generation in terms of more wind energy curtailment and los-

ing the profits that could be achieved by implementing DTR.

However, from the consumer’s viewpoint, in case of DTR fail-

ure, more expensive generation is dispatched to meet the load

demand. Consequently, energy consumers may experience an

increase in electricity prices in the form of connection charges.

Another concern while applying DTR is the situation in

which DTR cannot remove and/or relieve grid congestion to

an acceptable level. In such cases, load shedding (curtailment)

should be applied to prevent the line’s overloading to cause pro-

tection tripping. If no measures are taken, the overloaded line

will be removed by the protection resulting in an interruption

for all components and customers downstream.

The effects of hidden failures in protection or control are

usually not taken into account. But with DTR it is of great

importance to identify them and their consequences especially

during overloading. An example of such failures that need to

be investigated in more detail are hidden defects of the coor-

dination between main and backup protection when DTR is

applied.

7 Conclusion

This paper discusses many aspects of the reliability perfor-

mance of DTR, with strong reference to its operation as

overload protection. A generic model illustrates different com-

ponent states and failure modes in calculating the line rating.

There are two important criteria to have a reliable DTR;

dependability and security. DTR failure can result in failure to

take action (reduced dependability) and in taking unnecessary

actions (reduced security). Further studies are needed to assess

the risk and reliability of DTR in relation to overload protection

and power system operation.
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A B S T R A C T   

This paper presents an uncertainty analysis of lines equipped with dynamic line rating (DLR) that are exposed to 
operational overloading. Multiple sources of uncertainties are taken in to account to model the line rating 
probabilistically. The superiority of dynamic rating above static rating is confirmed in this paper. However, it is 
shown in this paper that when the uncertainties in line rating are not considered, DLR can result in a high 
probability of undetected overloading. Based on assumptions for the uncertainties in relevant weather param-
eters, the probability of overloading is calculated for three different loading profiles of a line, for each hour 
during an eight-year period. Guaranteeing a low probability of overloading, with a deterministic dynamic rating, 
will require a large margin and result in many hours during which unnecessary measures against overloading will 
be taken. A stochastic dynamic rating, as introduced in this paper, allows for a more transparent and hour-by- 
hour trade-off between failure to take measures and unnecessary measures against overloading.   

1. Introduction 

The advent of new technologies enables the traditional power grid to 
move towards being smarter. The deployment of new technology 
(“smart grids”) as well as changes in production and consumption create 
additional planning and operational challenges. Different parts of the 
power system need to change in a more flexible way to cope with these 
new challenges and ensure a continued safe, secure and reliable oper-
ation. Increased risk of overload, due to increased loading of compo-
nents like overhead lines, has become a serious barrier against new 
production, wind and solar power for instance, and new consumption, 
such as the electrification of the steel industry. There are three different 
reasons for limiting the current through an overhead line, i.e. to prevent 
overloading [1]:  

• Excessive heating of the conductor will result in a phenomenon 
called annealing [2–4], which will reduce the tensile strength of the 
conductor with an increased risk of early failure of the conductor. 
The annealing increases very quickly with temperature above a 
threshold temperature. This makes that even when the annealing is 
negligible during normal operation, it can become significant when a 
fault occurs [5].  

• The heating of the line will reduce the clearing to the ground. 
Insufficient clearing endangers living species and valuable assets 
below the line.  

• The reduced clearing will also increase the risk of a phase-to-ground 
fault when the conductor gets too near vegetation below the line [6]. 

The traditional rating of transmission lines is set according to pre-
assumed conservative weather conditions, low wind speed and high 
ambient temperature, 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 ca-
pacity. Dynamic line rating  (DLR) on the other hand employs a time- 
varying current capacity dependent on the actual weather conditions 
and line characteristics [7]. DLR allows exploiting more of the hidden 
capacity of the line and operating the line much closer to its maximum 
physical capacity. 

The fundamental concept of DLR, that the rating of a line would vary 
during operation based on weather parameters, was introduced in the 
1980s [8–10] and several fundamental papers were written on the 
subject in the 1990s [11–13]. More recently DLR obtained significant 
attention for the integration of wind power into the transmission system, 
the basic idea being that high wind power production would occur for 
high wind speeds when there is a higher line rating [14]. 

Application of DLR in the power system with its benefits is the focus 
of several papers, among others [15–17]. A recent overview of some 
practical implementations of DLR is presented in Douglass [1]. Despite 
various advantages that are commended in the literature, there will 
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always remain an uncertainty in line rating. Overestimation of the line 
rating may make the conductor temperature exceed its maximum limit 
and underestimation will put additional barriers to new production and 
consumption. Studies in this regard focus on accurately modeling of DLR 
through forecasting and probabilistic methods to predict future values of 
weather variables accurately while taking into account feasible risks. 

The authors of [18] address uncertainties in wind speed, direction 
and ambient temperature by fuzzy numbers to estimate the line rating 
several hours ahead and measure inaccuracies in weather data. A 
probabilistic thermal rating estimation is proposed in Knight et al. [19], 
Michiorri et al. [20] for weather modeling through several line spans. 
Reference [21] uses weather data and loading patterns to obtain prob-
ability density functions of the conductor temperature over a period of 
one year; this is in turn used to obtain estimations of the annual 
reduction in tensile strength due to annealing. The results cannot be 
used during operation. In [22], historic prediction errors in weather are 
used to get a 95% error margin in the one-hour-ahead prediction of the 
line rating. The work assumes a time-independent uncertainty in line 
rating. It is mentioned in Douglass [1] that typically a preset percentile 
of the 24-hour ahead prediction is selected to obtain a safe rating, the 
value of 98% is given as an example, but it is unclear if this is a 
generally-used method and value or limited to experience from the main 
contributing authors. The authors of [1] also clearly indicate the need 
for stochastic methods. Probability density functions for line rating are 
also used, as an intermediate step, in some works on optimal day-ahead 
planning of transmission systems [23–25]. 

The uncertainties in input data as well as in the parameters used in 
the heat transfer model are addressed by affine arithmetic in Alvarez 
et al. [26]. Likewise, affine policies are the basis of the method used in 
Bucher and Andersson [27] to introduce DLR as a corrective control 
measurement. The simulation is carried out considering forecast of the 
environmental conditions and forecast errors given by an uncertainty 
set. In [28], the authors propose a state estimation algorithm based on 
weighted least square to minimize errors in the estimation of conductor 
temperature of transmission lines. Similarly, the authors in Alvarez et al. 
[29] apply an advanced state estimation algorithm based on extended 
Kalman filter for the line thermal modeling to predict the average 
conductor temperature. Input modeling, reliability estimation and 
quantification of the risks brought by different estimation algorithm are 
all important to reduce operating risks [30]. 

In [31], the authors propose a two-state Markov model considering 
load curtailment optimization. The authors show that having spare 
components can increase the reliability of a line equipped with DLR but 
the reliability may decrease if the monitoring stations are not suffi-
ciently reliable. The reliability and risk of using monitoring stations and 
the communication system by itself is the focus of a number of papers 
[32–35]. In [33] wireless communication topology is included in line 
rating modeling and it is concluded that the reliability of a power system 
will be impacted by failure of the communication system. 

Several of the aforementioned papers consider one or more un-
certainties and/or introduce different methods to increase the accuracy 
of estimation or prediction of line rating. All these papers contribute in 
their own way to the practical implementation of DLR. There is however 
little attention in the literature for the use of DLR, including its un-
certainties, as part of the overload protection of individual overhead 
lines. Traditionally, the setting of the overload protection is determined 
using the static rating, which is a fixed and known value, which may be 
changing with the seasons. The drawback of this certainty is that large 
parts of the actual transfer capacity of the line remain unused, as is well- 
discussed in the literature on dynamic line rating. 

Considering the (actual, momentary) line rating as a random variable 
in the protection operation for a more flexible decision making is the 
main focus of this paper. Different sources of uncertainties such as un-
certainty in weather predictions, differences in weather parameters, 
between the observation point and the line as well as between different 
spans of the line, and uncertainty in line parameters are modeled 

probabilistically using suitable probability density functions. The line 
rating for every individual hour during operation, over an eight-year 
period, is then estimated. As a decision criterion for the overload pro-
tection, this paper proposes the use of the probability of overload. This 
allows for a transparent trade-off between the risk of failure to take 
measures and unnecessary measures against overload. A comparison is 
made between the probability of overloading with the margin between 
the line current and the rating, assuming perfect knowledge of all pa-
rameters. For different patterns (consumption by a city; solar-power 
production and wind-power production, based on 8-year data from an 
actual system as well as weather data over the same period) and 
different acceptable risks, it is calculated how often action is needed to 
avoid overloading. In this way, relations are obtained between the 
maximum-acceptable risk of line overload and the need to take measures 
like curtailment. Stochastic DLR with a fixed margin, to guarantee low 
probability of failure to take measures against overload, shows a similar 
behavior as SLR. Both show a high probability of unnecessary measures 
(like line tripping or curtailment) against overload. The result is that the 
amount of measures taken (like the number of hours during which the 
load is curtailed) is higher than needed. 

The rest of the paper is organized as follows; the thermal model of the 
line with sensitivity analysis is presented in Section 2. The stochastic 
dynamic rating and modeling of uncertainties in weather parameters are 
presented in Section 3. Section 4 contains some illustrative case studies 
to compare the performance of the DLR with different levels of uncer-
tainty in different applications. The approach to be used combined with 
the overload protection is discussed in Section 5 and finally some 
concluding remarks are presented in Section 6. 

2. Background 

2.1. Calculating the real-time line rating 

Several industrial standards provide guidelines for assessing tem-
perature and rating of overhead lines. Two of the most commonly used 
methods, IEEE [36] and CIGRE [37], give similar results, and can be 
considered equivalent [38]. Line rating calculation in this study uses the 
procedure outlined in IEEE std. 738 [36]. Under steady-state conditions, 
the total heat gain of the conductor is equal to the total heat loss ac-
cording 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 dependent on the 
conductor temperature, Tc, ambient temperature, Ta, wind speed, Vm,

and wind angle attack, φ. The radiated heat loss is also described by qr 
depending on the difference between the conductor and ambient tem-
perature. 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) 

Due to uncertainties in weather parameters (either measurements or 
prediction) and line parameters, the actual line rating will be unknown 
and it will not be possible to uniquely distinguish between an over-
loaded and a non-overloaded line. Instead, as we will see later, a prob-
ability of overloading can be obtained. The rating defined here is not the 
same as the current at which the line is removed by the overload pro-
tection. A discussion about operation of the overload protection is part 
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of Section 5. 

2.2. Sensitivity analysis in weather parameters 

A sensitivity analysis has been performed to evaluate the contribu-
tion of each variable in (2) to the variability of the line rating. By varying 
one input at a time, the variation of the line rating with respect to that 
particular input is obtained as illustrated in Fig. 1. 

A careful investigation of the sensitivity analysis reveals that the 
wind speed plays the most crucial role in the steady-state heat balance 
(1) of overhead conductors. The impact of this parameter is substantially 
more than any other variable, as shown in Fig. 1(b). By increasing the 
wind speed from 0.6 m/s to 4 m/s, the line rating gets 2.5 times greater 
than its initial amount, while with the temperature for the entire range 
from  40 ◦C to − 40 ∘C there is only a twofold increase. For the wind 
angle attack, the impact is even smaller with 1.5 times increase from 
0 to  90 ◦. The solar radiation has the lowest impact on the line rating 
with an increase by 15% from maximum to zero insolation. In this study, 
solar radiation is considered a constant value equal to the highest solar 
radiation at midday. 

The sensitivity analysis indicates that uncertainties in input data will 
impact the output, i.e. the line rating. The impact of the uncertain line 
rating on the system will be discussed broadly in the coming section. 

3. Stochastic dynamic rating 

3.1. Uncertainties in line rating 

As described in Section 2 and referring to Eq. (2), calculation of the 
line rating brings a set of challenges. There are several uncertainties in 
environmental conditions as well as physical behavior of the conductor. 
Several sources of uncertainties are introduced in the following that 
result in an uncertain line rating. 

Typically, overhead lines consist of many spans that stretch across 
areas with different geographical topologies. Across this vast area, 
weather conditions change significantly, which impacts the ratings and 
sagging levels of spans. Having accurate data on the weather affecting 
the spans is vital for being able to make an accurate estimation of the 
line rating. In complex terrain, ambient temperature, wind speed and 
wind angle attack are highly dependent on the physical surface topol-
ogy. Therefore, line rating can have large variation and in a few discrete 
locations would lead to severe over or under estimations. Therefore, 

ideally, the implementation of a DLR system requires the deployment of 
weather sensors along the transmission lines. However, it is uneco-
nomical and impractical to place sensors on all spans. Besides, the 
reliability of monitoring stations and sensors makes the weather data 
uncertain, as is shown among others in Ojuolape and Teh [32], Teh and 
Lai [33]. 

In addition to the uncertain nature of weather conditions, conductor 
physical behavior is also subject to uncertainties. Most important factors 
in this regard are the emissivity and absorptivity of the overhead line 
conductors’ surface. In many studies, emissivity and absorptivity are 
assumed certain values that vary within the lifetime of the conductor. In 
many cases, these assumptions may have been inaccurate [39]. Emis-
sivity and absorptivity are values between zero and one. Higher emis-
sion and lower absorption would result in higher line rating. Absorption 
and emission are also dependent on the placement of the spans and are 
not constant along the line. There is typically no accurate information 
about the conductor surface along each span as they depend on the 
environmental and industrial conditions. Usually it takes one or two 
years to have a change in emissivity and absorptivity values. This means 
that calculation of line ratings would have to be updated at least every 
two years, following an inspection of the conductor surface. 

3.2. Probabilistic estimation 

To obtain the probability distribution of the weather input data, a 
Monte Carlo (MC) simulation is used. Samples are drawn from proba-
bility distributions to represent the weather conditions for the present 
hour and quantify the impact on the final results. The most influential 
weather variables, ambient temperature, wind speed and wind angle 
attack, are selected based on the sensitivity analysis in Section 2. 
Meanwhile, finding the probability density function (PDF) of each var-
iable is the initial step towards formulating a model. Suitable PDFs for 
the ambient temperature, wind speed and wind angle attacks are 
modeled as normal, Weibull and Von Mises, respectively [40]. Hourly 
measured data over an eight-year period has been used in this study as 
expected values for the weather parameters during each hour. The above 
mentioned probability density functions were selected with fixed stan-
dard deviations, 2 ∘C, 1 m/s and 10∘ respectively. The probability density 
represents the assumption that there is an accepted difference between 
the monitored weather data and the actual values along the line, or a 
difference between predicted and actual weather data. That error is 
taken as a basis for further simulation. 

Fig. 1. Variation of the line rating with respect to (a) ambient temperature, (b) wind speed, (c) wind angle attack and (d) solar radiation. Parameters: Tc = 75 ∘C, Ta 

= 40 ∘C, Vm = 0.6 m/s, φ = 45 ∘. 
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For each hour of the eight-year period, random samples of the 
weather parameters are taken and the line rating is calculated for each 
set of samples. A total of 10,000 sets of samples of the weather param-
eters are calculated for each hour, resulting in 10,000 values of the line 
rating for each hour. These values are then used to reconstruct an esti-
mation of the probability density function of the line rating. The 
approach can be expressed as followed: 

Consider a probabilistic process I(t), which assigns N outcomes for a 
one-hour interval [0, T], where N = 10,000 in this case. Assume that 
values I1,…, IN were generated as random samples for each interval. 
Thus, the overloading distribution among the N outcomes of each 
probabilistic process I(t) is defined and expressed as (3), 

P(overloading) = Prob
(
Irating < Iload

)
(3) 

Using the proposed approach, there is no longer a defined value for 
the line rating, not even a real-time value. Instead Poverloading represents a 
measure of stochastic line rating under a known loading of the line. 

3.2.1. Probability density functions of the line rating 
According to the aforementioned modeling method, 10,000 samples 

were generated for each of the weather parameters in every one hour 
and by substituting them in (2), 10,000 samples of line rating were 
obtained. Fig. 2 illustrates the probability density function from these 
10,000 samples for one of the hours. 

As shown in Fig. 2 there is a strong variation for the line rating due to 
the uncertainty in weather parameters. In fact, this is not the only 
probability distribution of the line rating. For every hour during the 
entire eight-year period, it changes in shape and scale. Such variations 
make the utilization of the line rating challenging with either more 
probability of overloading or reduced transfer capacity of the line. The 
consequences of overloading, exceeding the line rating, and its impacts 
on the whole system also need to be considered when deciding what are 
acceptable probabilities of overloading before measures have to be 
taken. According to (3), to calculate the probability of each probabilistic 
process, the probability of thermal line overloading, i.e. current 
exceeding rating, is obtained through (4), 

Poverloading =
NOL

N
(4)  

In which NOL is the number of samples, from (3), for which the line is 
overloaded and N is the total number of random samples taken for each 
hour. 

3.2.2. Hourly probability of overload 
To clarify the concept of hourly probability of overload, we take the 

same hour as Fig. 2 but define few acceptable risks as well as introduce 
the line current. Fig. 3 is used to illustrate possible situations that may 
happen by choosing different risk levels. 

Given the, for example, acceptable risk level of 5% and 95%, for the 

probability of overload, corresponding to the 5th and 95th percentiles of 
the line rating, these values are then compared with the current flowing 
through the line at that hour. It is observed from the graph that the 
probability of having an overloaded line for that specific hour is close to 
zero and there is a huge potential for eliciting the hidden capacity of the 
line. The distribution functions for the line rating varied significantly 
through the eight-year period; the function shown in Fig. 3 is neither 
typical nor representative. Several times, the line current was located 
between 5th and 95th percentiles and even beyond the 95th percentile. 
For cases with probability of overloading close to 100%, it can be 
assumed that overloading is a certainty and that measures have to be 
taken. Meanwhile, for the cases with the probability of overloading 
between lower and upper risk levels, there is an uncertainty whether to 
take measures, like curtailment or line tripping, or not. 

Deciding on acceptable risk is a decision-making problem; it requires 
a trade-off between different alternatives since there is no zero risk sit-
uation. The approach that is proposed for the stochastic model in this 
paper is based on calculating the probability density function of the line 
rating. From this function, together with information about the current 
through the line, the probability of overload can be calculated. How-
ever, in reality the actual decision making takes place during the oper-
ation when network operators should decide the proper action prior to 
the operation based on the status of the system. To discover which de-
cision is the most appropriate one, one should first identify areas that are 
most likely prone to risks, next assess the consequences brought by each 
risk in case of occurrence, and ultimately compare gains and risks to 
make the final decision. This will briefly be discussed in Section 5, but is, 
beyond that, outside of the scope of this paper. 

4. Illustrative examples 

To illustrate the application of stochastic line rating, this section 
compares overloading risks in three different case studies by means of 
numerical simulation. These cases use actual hourly data over an eight- 
year period (the same as for the weather data) to generate loading 
patterns. The cases used are: consumption of a city in Northern Sweden; 
wind-power production from a park and solar power production in the 
same area close to the city. 

All case studies have the same peak power and voltage level, 45 MW 
and 30 kV, respectively. The weather parameters are taken from the 
Swedish Meteorological and Hydrological Institute (SMHI) in the same 
geographical location as the loading profiles are, in northern Sweden. 
Since in reality the line does not show any overloading, the loading 
profile is increased 1.4 times its original amount and the voltage level is 
reduced to 30 kV in order to utilize the transmission network up to its 
maximum capacity and to highlight feasible risks and gains through 
uprating of the DLR system. The conclusions of this study hold for any 
system and any voltage level. 

Fig. 2. Probability density function of the line rating for one hour.  

Fig. 3. Stochastic dynamic rating of one hour; density function, percentiles and 
line current. 
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4.1. Examples of probability density functions and line currents 

For each of the current profiles, the line rating has been evaluated 
using MC simulation by generating numerous scenarios with all prob-
able hourly ratings. Fig. 4 shows the probability density functions of the 
line rating for early morning, 5 a.m., on December 12, but in different 
years. The figure clearly shows the different behavior of DLR originating 
from variations in weather conditions even for the same time of the year. 

The black line is the loading current for this hour, which is assumed 
known; red dashed lines are 5th, 50th and 95th percentile of the line 
rating, representing lower, medium and upper risk levels. Fig. 4(a) is the 
stochastic line rating in December 2012; the actual line rating varies 
between 800 A and 1100 A in which the load current, 1067 A, exceeds 
the 95th percentile and reaches 100%. It means that overloading is 
almost certain and measures such as curtailment should be taken. 
However, the amount of curtailed energy is not known. It depends on the 
topology of the network, the type of customer and the reason behind 
overloading. The final decision is based on the system operator’s 
opinion. In contrast to Fig. 4(a), (b) shows different operational 
behavior in the same hour but the year is 2014. The line rating varies 
from 1647 A to 2430 A while the loading is 1000 A at which the line does 
not face any risk of thermal overloading. There is such a big capacity 
available, that even when doubling the current (from 1000 to 2000 A) 
the probability of overload will still be small. In 2016, Fig. 4(c), the load 
current is 1060 A which corresponds to the 9th percentile of the rating. 
The probability that the line is or will become thermally overloaded is 
9%. This is an example of a case where this probability should be 
compared with the acceptable risk and the consequences of measures 
taken, before a decision can be made. In Fig. 4(d), the load current is 
below the 5th percentile. In case the current is known to be close to 820 
A, the risk of line overload is small. Should there be however a serious 
uncertainty in the current, where it may exceed for example 900 A, the 
probability of overload may increase quickly. The four subplots in Fig. 4 
show that the line loading for that specific hour only shows small 
changes over the years. However, the line rating is not determined by 
the same phenomena as current, since the weather conditions vary from 
year to year. The probability of overloading thus also varies from year to 
year. 

4.2. Probability of overloading 

As mentioned before, the deterministic approach to DLR calculates 
the line rating for each hour based on known or assumed-known 
weather data, using Eq. (2). Instead of the probabilistic approach 

proposed in this paper, a fixed margin may be used between this “esti-
mated rating” and the current at which measures are taken. To evaluate 
which margin would be reasonable, the probability of overload has been 
compared with the difference between the line current and the deter-
ministic line rating. The deterministic line rating has been calculated 
using the same measured weather parameters that were also used as 
expected values for the distributions in the probabilistic approach. The 
deterministic line rating is the rating when assuming perfect knowledge 
of all parameters. The probability of overload and the margin have been 
calculated for a total of 70,128 hours during the eight-year period. Fig. 5 
describes the relation between the probabilistic estimation of over-
loading achieved by, Eq. (4), and the real-time analysis of overloading in 
each hour applying a fixed acceptable risk. The red circles in the figure 
indicate overloading (current exceeds the deterministic rating), the blue 
circles indicate underloading (current is less than the deterministic 
rating). 

Some of the observations from Fig. 5 are:  

• For a line current close to the deterministic rating, the probability of 
overloading can be anywhere between zero and one.  

• When the line current exceeds the deterministic rating there is at 
least 20% probability of overloading.  

• When the line current is less than the deterministic rating, there is at 
most 85% probability of overloading.  

• To guarantee a sufficiently low probability of overloading, the line 
current should be limited to about 600 A below the deterministic 
rating.  

• Equal probability of overloading and underloading occurs for current 
between 200 A below and 100 A above the deterministic rating. 

Fig. 4. The stochastic behavior of the line rating in a same hour, December 12th, 5 a.m., but in four different years.  

Fig. 5. Probabilistic overloading versus the time-series overloading analysis.  
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Summarizing, the figure demonstrates that the difference between 
the line current and the deterministic rating is not a good indicator for 
the probability of overloading. Using the deterministic rating, in com-
bination with a safety margin, will therefore either result in a high 
probability of measures being taken when not needed or a high proba-
bility that no measures are taken when needed. 

4.3. Need for measures against overloading 

Once the probability of overloading is known, a decision can be made 
on whether to take measures or not. Such measures may include tripping 
of the line and curtailment of consumption or production. The lower the 
acceptable probability of overload, the more often such measures will be 
taken. Fig. 6 indicates hours needed for measures against overloading in 
three different loading levels with different acceptable risks. The three 
loading levels were obtained by multiplying the original consumption of 
the city by 1.1, 1.4 and 1.8. 

For a low acceptable risk (1% probability), measures like curtailment 
will be taken during 12%, 32% and 54% of the hours with respect to 
loading levels. Between 1% and 2% probability there is a sharp decrease, 
especially for higher loading, in the number of hours. Increasing the 
acceptable risk from 2% to 95% results in only a small change. 

The number of hours during which measures against overloading are 
taken (“overloading hours”) for different loading levels in SLR, deter-
ministic DLR an stochastic DLR are shown in Table 1. The results for 
deterministic DLR (indicated as ǣDLRǥ) are based on the rating calcu-
lated by assuming perfect knowledge of all input parameters. For sto-
chastic DLR, the results are shown for three different values of the 
acceptable risk. 

From Table 1 it is observed that deterministic DLR gives a big 
reduction in the number of hours with measures, compared to SLR. 
However, deterministic DLR assumes ideal knowledge of all the pa-
rameters, which is in reality not the case. When only a small probability 
of overload is acceptable for stochastic line rating, like the 1% value in 
the table, it puts similar barriers to increased line loading as SLR. Be-
sides, the number of hours during which measures are needed, increase 
quickly with increasing amount of loading. Somewhere around 1.4 times 
the original loading, the need for measures becomes too much using any 
of the methods. This is where line upgrading, a parallel line, or an 
equivalent measure will be needed. Detailed study of the impact of DLR 
for different loading levels is important especially in the power system 
planning. 

4.4. Impact of DLR on renewable energy sources production 

Integration of renewable energy sources (RES), such as wind and 
solar power plants, impacts the power system operation in a number of 

ways. One impact is through overloading of connected lines. In this 
section, we examine how far stochastic DLR would be a solution for RES 
owners to harvest more energy without high risks of overload or 
excessive amounts of curtailment. Fig. 7 shows the percentage of hours 
during which measures are needed because the probability of overload 
gets too high. 

The results are shown for the base case and a case in which the total 
production is doubled, for both wind farm and PV. The data from the 
wind farm was obtained from an existing 45 MW wind farm in the re-
gion. The data from the PV installation was obtained from Renewables 
ninja [41]. Such comparisons can be used to study the maximum size of 
a renewable energy farm before the number of curtailment hours gets 
too high. 

For the wind farm connection, measures are needed during only 
0.15% of the hours with an acceptable 1% risk. If we accept a 50% risk, 
there would be measures during just 0.02% of the hours. If we strongly 
want to avoid unnecessary measures, a 10% acceptable risk of overload 
would be possible without any measures. For a PV installation, the 
number of hours with measures is even less. Doubling the production 
will considerably increase the number of hours with measures. For a low 
acceptable risk of overload (1%) measures are needed during 0.36% of 
the hours (32 h/year) for the wind farm, reducing somewhat for 
increasing values of the acceptable risks. Note that, compared with the 
first case (consumption from a city) the number of hours with measures 
does not reduce as much when more risk of overload is accepted. 
Increasing the PV production up to its double amount will have a similar 
impact as for the wind farm but with less often measures and also less 
reduction of the number of hours with measures when more risk is 
taken. 

5. Application of stochastic DLR in protection 

As stated in Section 1 there have been several approaches towards 
DLR and different contributing elements, introduced by various authors, 
towards the practical implementation of DLR. Several of these methods 

Fig. 6. Percentage of hours during which measures against overload will be 
taken, versus the acceptable probability of overloading, for three different 
loading patterns. Note the non-linear horizontal scale. 

Table 1 
Number of overloading hours for SLR, deterministic DLR and stochastic DLR, in 
different loading levels of the city.  

Loads / 
overload 

1.0 1.1 1.2 1.3 1.4 1.5 1.8 2.0 

SLR (h/yr) 724 1248 1814 2385 2925 3420 4590 5143 
DLR (h/yr) 87 191 333 499 676 890 1626 2159 
DLR-1% (h/ 

yr) 
502 1108 1625 2193 2857 3279 4687 5383 

DLR-5% (h/ 
yr) 

263 609 902 1258 1693 1993 3153 3727 

DLR-20% 
(h/yr) 

227 521 767 1069 1458 1708 2790 3331  

Fig. 7. Percentage of hours during which measures will be taken, versus the 
acceptable risk of overload, solar power and wind power installations. 
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measure or estimate the conductor temperature as a criterion. For 
example, [29] proposes a method for predicting the conductor temper-
ature in a transient state during operation; the method uses an extended 
Kalman filter to estimate the wind speed from the measured current and 
conductor temperature. The latter would be helpful in reducing the 
uncertainties in weather parameters. Methods for reducing those un-
certainty are also proposed in Douglass [1], Hall and Deb [22], Piccolo 
et al. [28]. Neither of the proposed methods is able to remove un-
certainties completely and there will always be an uncertainty in pre-
dicted or estimated temperature or line rating. The authors in Bucher 
and Andersson [27] present an approach for using knowledge about the 
forecast error within operational planning. The proposed method allows 
a trade-off between the flexibility of available capacity, the scheduled 
power flow and uncertainty in line rating. However, operation of DLR in 
combination with the power-system protection and the challenges this 
introduces is not discussed in the aforementioned papers. 

Classical overload protection has a minimum operating current that 
must be chosen such that the relay does not operate for the maximum 
load current. In this sense, the line is considered overloaded when the 
current exceeds the maximum load current plus a certain margin, for 
longer than a given period, i.e. when the overload protection operates. 
This thermal margin is usually set based on conservative assumptions to 
ensure a reliable protection. Dependability and security are two aspects 
of the reliability of protection; dependability is the probability of not 
having a failure in protection operation under given conditions, in this 
case overloading. Security, on the other hand, is the probability of not 
having an unwanted operation like operation without overloading. The 
problem with classical overload protection, based on SLR, is its low 
security (high probability of unnecessary tripping or curtailment). This 
is what makes the addition of generation and load growth difficult. 

Weather-dependent protection, based on DLR, would be an alterna-
tive allowing a time-dependent line rating rather than fixed rating. This 
considerably improves the security, i.e. there are much less cases with 
unnecessary operation of the protection. With deterministic DLR, 
dependability (probability that an overload is not removed) could 
become an issue because the rating remains an estimation. This proba-
bility depends on the safety margin. In fact, from Fig. 5, the depend-
ability and security can be calculated as a function of the margin. By 
introducing a safety margin, the dependability gets lower, but at the 
expense of the security. It is also important to note here that this trade- 
off between security and dependability is not just a theoretical exercise. 
A low security means the line could have transported more energy than 
it actually did. This is what sets barriers to new production or con-
sumption. On the other hand, a low dependability will increase the risk 
of unwanted consequences on the grid side. 

Calculating the probability density function of the line rating does 
not remove the need for a trade-off between dependability and security. 
But it allows a decision on this to be made during operation of the line, 
or for example during day-ahead planning, based on knowledge of the 
severity of the consequences on both sides, i.e. consequences of over-
loading the line, consequences of taking measures to avoid overloading. 
If the probability that the line gets overloaded increases either due to 
increasing loading or due to decreasing rating, some risk assessment 
should be applied first. The probabilities and consequences of taking 
measures and not taking measures should be weighed against each 
other. The consequences can vary strongly with time, so that a fixed 
acceptable risk of overload would not always be a good idea. 

A decision on when and which measures to take should be best left up 
to the transmission system operator. The simulations in this paper also 
point out important limitations to the use of DLR as a base for overload 
protection. Deterministic DLR, based on assumed perfect knowledge of 
all parameters, will be associated with a high probability of overload not 
being removed. When the line loading equals this ideal deterministic 
rating, the probability of overloading will be around 50%. Adding a 
fixed margin can reduce this probability, but a high margin is needed to 
guarantee a low probability (like 5% or less). That will in turn result in a 

high probability of unnecessary measures. The same holds for stochastic 
DLR, but to a much lesser extent. The probability density function of the 
rating shows a wide variety with time. The same margin between the 
current and the (based on perfect knowledge) rating can be associated 
with completely different probability of overloading during different 
time of day and year. When the probability of overloading is known to 
the system operator, a decision can be made on a case-by-case basis. 
Even an automatic relay with a fixed acceptable risk of overload, will 
require less often measures to be taken than a fixed margin to guarantee 
the same acceptable risk of overload. Finally, it should be noted that this 
study was based on small uncertainties in weather parameters, and that 
a number of uncertainties were not included in the study. Even for such 
small assumed uncertainties, the uncertainty in line rating turns out to 
be big during certain weather conditions; this should be considered 
when implementing DLR. A stochastic approach to DLR-based overload 
protection is highly recommended. 

Summarizing, the proposed method can be described as follows, in 
relation to other methods. The majority of existing methods calculates 
the conductor temperature or the instantaneous line rating. Mitigation 
measures will be taken when the line current gets too close to or exceeds 
the line rating for a too long time or when the conductor temperature 
(measured or calculated) exceeds a certain threshold. In this paper, we 
propose a method that instead considers the (calculated or predicted) 
line rating as a random variable. From the measured or predicted line 
current, and the probability distribution function of the line rating, the 
probability is calculated that the line is or will be overloaded. A decision 
on the need to take measures is based on that probability. 

6. Conclusion 

Uncertain line rating, considering multiple sources of uncertainty, 
has been analyzed in this paper. Uncertainties in the main weather pa-
rameters are considered to illustrate the probabilistic approach for DLR 
combined with protection operation. The stochastic modeling of hourly 
DLR during an eight-year period is simulated and compared with 
deterministic static and dynamic line rating. It is found that determin-
istic DLR could considerably reduce the hours with curtailment 
compared with static rating. However, deterministic DLR, assuming 
perfect knowledge of all parameters, could still result in high probabil-
ities of overloading during several hours. Adding a margin between the 
dynamic rating and the current level at which measures are taken, will 
reduce this probability. However, a large margin is needed to ensure a 
low probability of overload. The gain in transfer capacity compared to 
SLR is small for such a solution. 

A stochastic approach, where the probability of overload is used as a 
decision criterion, is shown to have advantages. It will allow for a 
continuous, hour-by-hour, trade-off between failure to take measures 
and unnecessary measures (“dependability” and “security” in terms of 
power-system protection). Future work is needed to obtain values for the 
probabilistic acceptable risk and to make continuous trade-offs between 
the different risks involved with overload protection. Further work is 
also needed to quantify the impact of other parameters, like emissivity 
and absorptivity, on the uncertainty of the line rating. 

This paper does not consider failures or errors in sensors or 
communication channels. The proposed method is not sensitive to errors 
in conductor-temperature sensors; when used in real time, the method is 
sensitive to errors in weather sensors. The method remains dependent on 
information (prediction or measurements) provided by communication 
channels and a long-term loss of those channels will have an impact on 
the results. Further work is needed to study how various errors and 
failures may be included in the probability distribution function of the 
line rating. 
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Abstract

With a noticeable increase in the number of electric vehicles (EVs) in coming years, lack of grid capacity may become a barrier for

electrification of transportation. This study presents the application of dynamic rating to increase the available transfer capacity

and to enable more increase in consumption. Through stochastic calculation the hourly available capacity has been estimated

which then used to calculate the hosting capacity. In this sense, the probability of overloading considering different EV types

is calculated. The results show that the probabilistic hosting capacity would be a better indication to estimate the minimum and

maximum EV load demand in the coming hours.

1 Introduction

The power grid is becoming more congested due to general

increase in consumption and the congestion will only increase

by the oncoming mass penetration of electric vehicles (EVs).

Managing and controlling the corresponding demand should be

carefully aligned with the available resources [1, 2]. Growing

demand should be balanced by increased generation, but the

generation is not always at the same location as the additional

load demand. Charging patterns of EV will increase the risk of

transmission and sub-transmission overloading and the transfer

capacity of those lines, cables and transformers will become

a bottleneck [3–5]. To deal with the lack of capacity, multi-

ple measures and actions are required. The long-term solution

involves the upgrade of the power grid components. Consid-

ering the cost, difficulty, and long-term character of upgrading,

the practical solution for the near future is to develop smart and

flexible techniques to aid the power grid operation. Dynamic

rating (DR), is one of these techniques enabling better utiliza-

tion of the grid. Time-series analysis, in the planning stage,

and use of weather and/or conductor temperature data assists

in managing the overloading situation since the available trans-

fer capacity actually depends on environmental behavior and

line characteristics.

The transfer capacity in regional (sub-transmission) grids,

areas close to cities, is typically set by the thermal capacity

of lines, cables and transformers. The rating is usually based

on worst case weather conditions that results in a fixed rating

for the entire year. Fixed rating especially during high con-

sumption, like in Nordic countries when the demand peak is

during winter, sets the limit to the amount of vehicles con-

nected to the grid. The implementation of dynamic rating, as

an indicator of available transfer capacity, is an effective solu-

tion to increase the margin for vehicle charging and/or reduce

unnecessary curtailment. This thermal margin is set in a way

to ensure a reliable overload protection by keeping a trade-off

between dependability and security.

In this study, the hosting capacity is defined as the num-

ber of vehicles that can be charged at the same time without

overloading the upstream network. To identify the hours dur-

ing which overloading occurs with EV, a probabilistic approach

based on random behavior of the line rating has been applied.

This approach estimates the probability of overloading. The

proposed method allows a trade-off between hosting capacity,

the scheduled power flow, and the uncertainty in line rating.

The study in this paper shows that using a stochastic approach

to estimate the hosting capacity has advantages especially for

the operational planning.

2 Methodology

2.1 Dynamic Line Rating

According to IEEE standard [6] using dynamic line rating,

equation (1), the capacity of an overhead line depends on

the environmental conditions and line behavior. In this regard,

using dynamic rating makes it possible to mitigate overhead

line congestion especially when the load is high. But in order

to get the most out of this technique it is essential to investigate

how much capacity can be added without jeopardizing the reli-

ability of the system. Such studies would be helpful from two

viewpoints, decreasing the amount of unnecessary curtailment

when it is not needed and enabling curtailment when there is a

real risk of losing the line.

qs + qj(Tc, I) = qc(Tc, Ta, Vm, ϕ) + qr(Tc, Ta) (1)

In which qc, qr, qs and qj are convection heat loss, radia-

tion heat loss, solar heat gain and joule heating, respectively.

The magnitude of each of these terms is dependent on sets
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of other variables such as conductor temperature, Tc, ambient

temperature, Ta, wind speed, Vm, and wind angle attack, ϕ.

2.2 Hosting Capacity Definition

The hosting capacity is the maximum amount of new con-

sumption or production that can be connected to the electrical

network without endangering the reliability of the supply [7].

Different phenomena can set the hosting capacity. At sub-

transmission level, the limit is often set by the transfer capacity

of the lines, which is often determined by the thermal capability

of the line [8]. The close coupling between hosting capacity and

thermal limits makes dynamic line rating effective as a method

for increasing the hosting capacity.

Dynamic rating can facilitate transferring more power from

generating units to the demand. With continually increased

demand due to EV penetration, public charging stations for

EVs will become more common. However, due to the lim-

ited electricity of battery, large number of EVs are expected

to charge at the same time for some hours during the day

and resulting in power system overload [9]. Distribution lines,

cables and transformers are some of the overloaded compo-

nents beyond their nameplate rating. However, assessing such

overloading is not the scope of the paper. Instead we carry out

hosting capacity analysis to figure out the uncertainty on how

much EV capacity with how many cars can get connected to

the network without reaching any barriers.

The hosting capacity indicator is defined as the maximum

number of cars, NEV , that can get connected at the same time

in the whole local area, as defined by equation (2),

NEV ≤ Pavailable

PEV

(2)

In which Pavailable is the available margin (the hosting capac-

ity) and PEV is the capacity charging station. Fig. 1 illustrates

an arbitrary case to compare hosting capacity with static and

dynamic rating. Clearly it is observed that there would be a

higher minimum and maximum hosting capacity from applying

dynamic rating.

3 Case Study

The period under study is an eight year period, 2011 to 2018,

in a region in northern Sweden. The weather data are obtained

% of Time

A
m

pe
re

Dynamic Rating Static Rating Load Current

Dynamic hosting capacity

Fixed hosting capacity

Fig. 1 Duration curves showing hosting capacity from

dynamic and static rating

from the Swedish Meteorological and Hydrological Institute

(SMHI). Maximum loading is assumed equal to the static

loadability derived by static rating. To do so, the measured

consumption has been down scaled such that its highest value

equals to 26.1 MW, being the static rating. Using static rating

and no curtailment, no further growth in consumption would be

possible.

Fig. 2 shows the available transfer capacity, in MW, as a

function of time of day and time of year for static and dynamic

rating in a region in northern Sweden. The static rating is set

considering the worst-case conditions given by the regional dis-

tribution company. To have a reliable operation from protection

viewpoint, the hosting capacity is calculated for the loads up to

1.2 times bigger than the maximum loads which is a common

setting for overload protection.

Fig 2. (a) explains that during summer the hosting capacity

for adding more EVs to the grid, is regularly around 25 MW,

which is close to the existing peak consumption, 26 MW. This

is because of the low heating load during summer. However,

the main problem arises during winter when the consumption

increases mainly as a result of electric heating. Meanwhile,

during winter EV users connect their cars more often since

the battery capacity decreases in cold weather. This would

give more hours of overloading with static rating. Fig 2. (b)

shows the hosting capacity with dynamic rating. As the high-

est consumption occurs during winter, when temperature is

low, using dynamic rating will make a significant amount of

additional capacity available, just when it is most needed. The

minimum capacity is 10 MW, which is almost 40% of the max-

imum transfer capacity with static rating. The hosting capacity

reaches up to 60 MW, however this is not the usual case and the

line is able to accept 40 MW during most hours of the day. Note
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Fig. 2 Hosting capacity of the existing overhead line assum-

ing (a) static line rating and (b) dynamic line rating during the

period between 2011 and 2018
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that in the color bar, dark blue and yellow indicate the lowest

and highest capacity.

3.1 Curtailment

Despite the capacity increment brought by dynamic rating,

shown in the Fig. 2, there remains a risk of line getting over-

loaded because the need for charging can result in significant

increase in the consumption. Even without excessive increase

in demand, the line can be overloaded by overestimating the

available transfer capacity [10]. Besides, the capacity can also

be underestimated that would result in an increased risk of

a line or a part of the load is being disconnected unneces-

sarily. In the remainder, we will assume that overloads are

mitigated through disconnection of part of the load (we will

use the general term “curtailment” for this). These risks con-

cern the dependability and security of the system. Most curtail

conditions imply cases with a high risk of overloading and

where actions needs to be taken to reduce the risk. The term

dependability refers to the degree of certainty that an over-

load is mitigated, in this case through curtailment. On the

other hand, there are several cases that unnecessary curtailment

is ordered as a result of underestimating the actual transfer

capacity through lines; this is security issue.

It is necessary to consider dynamic line rating with some

level of curtailment through time-series and probabilistic anal-

ysis. The probabilistic approach models ambient temperature,

wind speed, and wind angle attack as uncertain input variables

with known probability density functions (PDF), Gaussian,

Weibull and Von mises respectively. This method is based on

considering dynamic rating as a PDF for every hour and esti-

mate the hours of overloading with necessary curtailment [11]

for a given acceptable probability of overloading. To perform

the analysis we assume three different thresholds, determining

limits for the safety margin, 5, 50 and 95 percentiles of the

probabilistic rating. The load consumption is also assumed to

be known prior to the operation. An overload situation occurs

when the actual rating is less than the current flowing through

the line. Hence, instead of comparing the current with a time-

series rating, a probability of overloading is calculated and

compared with an acceptable limit.

3.2 Ideal Hosting capacity

In a time-series analysis we distinguish between working hours

and evening/nights as well as during weekdays and week-

ends. The aim is finding out the ideal hosting capacity, where

the hourly line rating is calculated assuming known weather

parameters. A study in Germany [12] showed that the most

pronounced effect of EVs will be an increase in evening peak

loads, as EV users tend to plug in their cars when they return

home from work. The same was found for a recent study in

Sweden [13] If we take this as a fact, hosting capacity calcu-

lation can show us whether the power system allows a certain

level of overloading during the evening. The hosting capacity,

as calculated in this paper, gives the maximum number of EV

cars that can be connected in a city to the grid without over-

loading of the lines into the city. The first step is determining

the capacity of charging powers and calculate the number of

possible connections. As a case study three common EV charg-

ing stations with different ratings (3.7, 7 and 22 kW) are used

for the analysis. Fig. 3 illustrates how many cars can get con-

nected to the charging stations in four different time domains;

week days, week nights, weekend days, and weekend nights. It

is assumed that all connected cars are charging at the maximum

available rate, simultaneously.

Comparing these curves shows that there is only a small

increase in the number of EV cars that can be connected, com-

paring days and nights. The hosting capacity is mainly set by

the weather conditions since the dynamic rating is a function

of the weather. Meanwhile, the non-charging consumption is to

some extent dependent on the ambient temperature: for colder

periods, higher loading is expected. For 3.7 kW stations, we

find that 4,000 to 4,200 cars can be connected at the same time;

for 22 kW stations this value is between 800 and 1,000 cars.

3.3 Hosting capacity with curtailment

In the previous section, the ideal hosting capacity calculation

is calculated based on the minimum margin available for each

hour of the day during the eight-year period. The hosting capac-

ity was the higher charging possibly and still being possible

to avoid any curtailment. However if we accept some hours

of curtailment, a higher value of the hosting capacity will be

obtained. Fig. 4 shows number of EVs for 3.7 kW charging sta-

tion with different curtailment amounts. Blue line represents

the minimum number of EVs, with lowest rating, that could

be connected to 3.7 kW charging station. The red, orange and

purple lines implies the number of EVs with 5th, 8th and 10th

smallest rating of each hour. This means that in each of the

cases we accept 5, 8 and 10 hours curtailment in 8 years that

is the period under study. It is shown that without any curtail-

ment and at any time, just using dynamic rating, an additional

14 MW of EV load can be added. Accepting 5 hours curtail-

ment during a certain hour gives another 1.1 MW margin for

new EV loads. The gain is thus mainly from dynamic rating

by itself; a small amount of curtailment does not give much

additional gain. Note that the calculation of the gain is based

Fig. 3 Firm hosting capacity during the period 2011 to 2018

for four status; (a) week nights, (b) week days, (c) weekend

nights, and (d) weekend days.
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on the ideal hosting capacity (guaranteed hosting capacity with

the minimum dynamic rating). During most days, even more

can be connected, but that is not relevant for power system

planning.

3.4 Fixed Probability of Overloading

This section is about stochastic hosting capacity, where the

acceptable current through the line is calculated using a

stochastic approach for calculating dynamic rating. The num-

ber of randomly generated weather parameters for every hour

is 10,000 (with random values for the uncertain weather param-

eters), resulting in 10,000 random values of the line rating for

each hour. These values are then used to estimate the probabil-

ity density function of the line rating. The probability of line

overloading is obtaining from this density function using (3),

P(overloading) = Prob(Irating < Iload) (3)

Using this approach, there is no longer a defined value for the

line rating, not even a time-series value. Instead Poverloading

represents a measure of stochastic line rating under a known

loading of the line. To estimate the dynamic hosting capacity,

we apply different values for the acceptable probability of over-

loading, 5%, 50% and 95% for 3.7 kW charging station in two

periods; weekdays and weekends days as described in Fig. 5.

By applying 5% percentiles, minimum and maximum num-

ber of cars that can be charged is between 4,000 and 11,250,

during the 24 hours. Comparing to the estimated number of EV

cars in the region under study it would cover 10% to 33% of the

cars. Which at least is two times bigger than static rating. With

time-series dynamic line rating, the average number of cars that

can be charged at the same time is 4,200. If we accept a 50%
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Fig. 4 Number of cars as a function of the curtailment hours

during 8 year period for 3.7 kW charging station in two differ-

ent time domains; (a) working days, (b) weekends.

probability of overload, the maximum number of cars reaches

13,500. This acceptable risk is a trade-off between risks that

should be taken and those that should be neglected. By accept-

ing 95% risk, we increase the number of cars up to 15,000, but

we also increase the risk of overloading which imposes con-

sumers to outages. The same terminology is used for weekends

but it is noticed from figure 5 (b) early in the morning, 1 and 2

a.m. the time-series DLR is a bit higher than 5%, this may also

be the case for the low level of rating in other hours.

4 discussion

In this study, some assumptions have been made that do not

exactly hold in reality e. First, we consider each hour indepen-

dent of other hours so the number of cars that can get connected

would differ. However, in reality if we assume medium level

charging station, it will at least take a few hours for a complete

charging. So, it might be more reasonable if the calculation is

done for at least every few hours interval.

Secondly, disregarding the number of charging stations, the

pattern of EV users and electricity consumption, we define an

indicator to help operators to have a better understanding of the

ability of the grid to host EV charging .It is actually needed in

further studies to model EV charging load in more detail based

on available data. The main conclusion, that dynamic rating can

increase the hosting capacity a lot, does however still hold.

Third, it should be noted that the pattern of EV users for

charging is highly dependent on the electricity price. This price

is defined by the generation and load and will increase with

higher consumption. However, it is most likely that users are

more willing to charge their cars when the price is lower. So,

it is important to identify the worst case scenarios based on

01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 00

(a) 24 hours during working days

0

2400

4400
5400

7500

10000

12500

15000

N
o.

 o
f E

V
s 

co
nn

ec
te

d 
to

 3
.7

 k
W

5 prc 50 prc 95 prc time-series DLR SLR

01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 00

(b) 24 hours during weekends

0

2000

4000

6000

8000

10000

12000

14000

16000

N
o.

 o
f E

V
s 

co
nn

ec
te

d 
to

 3
.7

 k
W

5 prc 50 prc 95 prc time-series DLR SLR

Fig. 5 Number of cars as a function of the probabilistic rat-

ing 5, 50 and 95 percentiles for 3.7 kW charging station in two

different time domains; (a) working days, and (b) weekends.

4

20– 23 September 2021

Paper

Authorized licensed use limited to: Lulea University of Technology. Downloaded on April 29,2022 at 05:51:39 UTC from IEEE Xplore.  Restrictions apply. 



CIRED 2021 Conference

expected time-varying patterns in market price. Finally, the

analysis introduced in this study is more advantageous during

short and long term planning to better manage the electricity,

energy supply and demand. Also it is helpful if we distin-

guish between different months since during cold weather the

consumption will increase, but during warm weather we may

accept the consumption even lower than the static rating [11].

5 Conclusion

In this study the impact of EV overloading on transmission and

sub-transmission grids is investigated. The hosting capacity,

with and without curtailment scheme, is introduced and cal-

culated for static and dynamic rating with fixed and flexible

margins. The results highlight the benefits of using DLR from

upstream network viewpoint to provide more capacity. It is

shown that probabilistic DLR can provide a significantly higher

hosting capacity, in terms of number of EV cars. With prob-

abilistic DLR, the hosting capacity depends strongly on the

acceptable probably of line overload. Thus should be consid-

ered in more detail in further studies. Further study also should

aim at modeling the EV charging patterns by linking between

the number of cars and the maximum available capacity in

transmission lines.
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Abstract

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 implemen-
tation is necessary to exploit optimally the benefits of DLR. In this paper,
we propose risk assessment criteria to select proper lines for DLR implemen-
tation 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 per-
centiles. The benefits of using DLR in different percentiles are then quantified
in terms of supply and interruption costs. The results show improvements in
system supply cost, system reliability, and operation risks.
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EENS Expected Energy not Supplied.
EV Electric Vehicle.
MSEK Million Swedish Krona.
OPF Optimal Power Flow.
STPM Stochastic Transition Probability Matrix.
V OLL Value of Lost Load.
(MC)3 Metropolis-Coupled Markov chain Monte Carlo.
Indices
D Index of a line with DLR, D ∈ L.
i, j Index for Buses, i,j ∈ N.
l Index for lines, l ∈ L.
s Index for scenarios
t Index for time period, t ∈ T.
Parameters
PE Active power consumption by electric vehicles.
PS Active power of lines with SLR.
PL/QL Total active/reactive power consumption.
Prc Value represents different percentiles of DLR.
RUi/RDi Ramp up/down limit for unit i.
V Voltage magnitude.
Sets
L Set of branches.
N Set of buses.
NG Set of generation buses.
T Set of hourly time period.
Variables
Cint Interruption cost.
CS Supply cost with SLR.
Econ Economic indicator.
Fr Failure rate.
n Frequency of a failure.
PD Active power of lines with DLR.
Pg/Qg Active/reactive power generated by units.
Pnew Active power of lines with different percentiles of DLR.
Rtot Total risk.
SD/Sl Apparent power of lines with/without DLR.
Tc Total production cost.
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1. Introduction

As part of the growing electricity consumption, an increased electric ve-
hicle (EV) integration plays an important role in making transmission lines
congested. Transmission lines are a critical component of power systems; they
are considered as a limiting factor in reliable and affordable electric power
delivery [1]. In this regard, the thermal limit is one of the main constraints to
the transfer capacity of 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 is typically determined by using the worst-case weather conditions,
known as static line rating (SLR).

Due to lack of investment and limiting environmental regulations, solu-
tions such as constructing new overhead lines or replacement of existing lines
with high-temperature high-current carrying overhead lines are demanding.
Accordingly, dynamic line rating (DLR) is introduced as a flexible solution to
enable better use of existing grid infrastructure [2]. DLR uses real-time me-
teorological data to estimate transmission line ampacity [3]. In this regard,
it can adapt the transfer capacity to the existing weather conditions. Several
papers have studied DLR technology with the focus on relieving transmission
line congestion [4, 5, 6, 7, 8, 9, 10]. Authors in [4] proposed an adaptive DLR
to increase system ramping capabilities and to provide loading relief dur-
ing operation and short-term planning. A mathematical framework, around
DLR, is proposed in [5] to better facilitate the integration of wind farms con-
sidering N − 1 and N − 2 outages. The approach in [6] uses a probabilistic
DLR analysis and quantifies associated risks by increasing the load levels.
Studies in [7] and [9] quantify the risks and benefits of DLR implementation
through a field study. Likewise, authors in [8] showed the applicability of
using DLR on long lines without violating other limits. A flexible load shed-
ding scheme based on real-time DLR is proposed in [10]. Authors showed
that DLR implementation can help to reduce congestion costs and therefore
load-shedding risk. An overview of some practical implementations of DLR
is also presented in [11].

On the other hand, uncertainty in calculating line rating is an issue that
may increase over/underestimation of line rating. Study in [12] investigates
the impact of environmental uncertainties on DLR. To reduce the increased
risk of overload, authors introduced different percentiles for DLR and stud-
ied performance of the line protection. It was shown that 50% DLR could
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be an acceptable percentile. But the decision on when and which risk to
take should be left up to the transmission system operator. Furthermore,
the implementation of DLR on all transmission lines is not always a reliable
and cost-effective solution. In [13], a statistical approach has been presented
for identifying critical spans along long lines. Results in [14] 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 select-
ing lines. Moreover, dynamic rating does not seem to be useful for lightly
loaded transmission lines, except during contingencies. Authors in [15] show
that lines can be selected for DLR employment based on their load levels. An-
other alternative is to select transmission lines with high historical congestion
problems [16]. In particular, lines can be selected among frequently congested
lines as congestion constraints can necessitate increased capacity. In [17], 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 [18]. A
security-constrained unit commitment problem is then developed to find the
candidate lines with minimum load shedding cost.

Although there has been several studies on determining proper lines for
DLR implementation, there are limitations from various aspects that need
to be further studied. The operating conditions of the power system play
an important role in determining lines for DLR implementation. These con-
ditions include network topology, loading , and generating conditions which
lead to different power flow and subsequently different decisions for planning
transmission line capacity [19]. Consequently, in this paper, we propose a
DLR line selection method to find the best placement of DLR on transmis-
sion 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 high EV integration will impact the overall load profiles and intro-
duce new load variations. Due to medium to low levels of EV integration
it is difficult to have a large data set [20]. 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 vari-
ous methods to model EV behavior by considering deterministic approaches.
However, the stochastic modeling could reveal more realistic EVs character-
istics. Detailed analysis of EV behavior has been presented in [20], where the
distribution of vehicles in the charging stations, their average plug time, and
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the energy shortage, are modeled using a Markov chain simulation. Stochas-
tic models based on the probability distribution of EV numbers are proposed
in [21, 22, 23]. In [24], 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 consump-
tion behavior. Consequently, we propose a stochastic model for EV con-
sumption that considers high EV integration. The EV behavior is mod-
eled using modified Metropolis-coupled Markov chain Monte Carlo simu-
lation (MC)3. This simulation method is able to accurately represent the
seasonality of uncertainty sources, short-term and long-term trends, the re-
lationship between different sources of uncertainty, continuity of samples,
and time dependency [25].

For evaluating the performance of the line selection method, an optimiza-
tion process is formulated through AC optimal power flow (AC-OPF). The
pre-selection of the proper lines is performed according to the priority list
method. As part of the study, we define different DLR percentiles to analyze
the impact of DLR inherent uncertainty on its cost benefits.

In summary, the contributions of this paper are as follows:

• Proposing a method to select proper lines for DLR implementation.
• Assessing risk-based criteria, expected energy not supplied (EENS),

and failure rate (Fr), and Economic-based criterion (Econ), for iden-
tifying proper lines. The benefits of using DLR is analyzed through
calculating the cost of interruption with different DLR percentiles.

• Modeling and validating of EV behavior using modified Metropolis-
Coupled Markov chain Monte Carlo simulation (MC)3. The model
gives the consumption for charging stations at different times of the
day.

For evaluating the proposed method’s performance, simulations are pre-
sented in MATLAB software for the IEEE 39-bus test system [26, 27].

The rest of the paper is organized as follows. Section 2 introduces method-
ologies, including DLR technology, EV modeling with (MC)3 method, and
formulates the optimization problem. The test system is introduced in Sec-
tion 3. In Section 4 results and discussion of the proposed model are presented
and finally Section 5 presents the conclusions from the study.
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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 sys-
tem. The use of DLR as a flexibility option has many potential technical and
economic benefits. Some TSOs have invested in DLR technology to increase
their operational flexibility and enhance their asset management strategy
[28]. An essential part of any DLR implementation is the measurement or
estimation of the conductor temperature. Several industrial standards pro-
vide guidelines for assessing temperature and rating of overhead lines. Two
of the most commonly used methods, IEEE [29] and CIGRE [30], give similar
results, and can be considered equivalent [31]. Line rating calculations in this
study use the procedure outlined in IEEE std. 738 [29]. Under steady-state
conditions, the total heat gain of the conductor is equal to the total heat loss
according to the heat balance equation (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 dependent 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)
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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 [25]. The method pre-
dicts the stochastic behavior of uncertainty sources considering the cross de-
pendency between those sources, continuity between generated samples, time
dependency, short-term and long-term trends, and the seasonality of the un-
certainty sources. Figure. (1) illustrates the whole process of predicting the
stochastic behavior of EV uncertainty using the modified (MC)3 simulation
model.

Figure 1: The process of the modified (MC)3 simulation model for predicting the
stochastic behavior of EV

To implement the modified (MC)3 simulation, a prior probability distri-
bution 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 uncer-
tainty. 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. Ac-
cording 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 [25]:

Taking the results from the modified (MC)3 model and setting the opti-
mization parameters constitute the first and second steps. This is followed
by performing the first iteration for a sufficiently large number of iterations.
The sample obtained from the last iteration is the initial point of the modi-
fied (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
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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 criteria and
one economic-based criterion to define a priority list of lines for DLR imple-
mentation. 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 can not be charged to avoid that
the line loading exceeds the static or dynamic rating, i.e. to avoid the line
from being overloaded. Equation (3) defined the failure rate as the number
of times, over the total time under study, that a line would be overloaded.
The probability of load shedding due to overloading is shown in Equation (4).
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 (3)

EENSl =

∑
t(Slt − Slmax)∑

t(Slt)
, ∀ {l ∈ L | Slt > Slmax} (4)

These risk-based criteria are used for identifying thermally congested
lines. Meanwhile, there are lines that are not congested by overloading but
still have the potential for DLR. An economic-based criterion, (Econ), is used
for identifying these lines. Equation (5) describes the total difference be-
tween 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} (5)

Afterward, with respect to certain weighing values, the total risk (Rtot) is
calculated in equation (6) according to the estimated EENS, Fr, and Econ.
The weighing values are defined based on the impact of each criterion on the
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total risk.

Rtotl = w1 (EENSl) + w2 (Econl) + w3 (Frl), ∀l ∈ L (6)

where w1, w2, and w3 are weighing values that are given to evaluation cri-
teria. 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
that leads to increased supply cost. In this context, to quantify the benefits of
DLR in terms of less EV curtailment, we use equation (7). 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 (VOLL)
and added to the supply cost before DLR, to give the total load shedding
cost, Cint. VOLL is the common measure of the consumer outage cost in the
literature [32]. It is an economic value that is given to consumers as a result of,
in our case, load shedding due to capacity shortage. The amount of VOLL will
vary considerably, depending on country, type of end-user, and methodology
used. The VOLL that is used in this study is the estimated mean VOLL in
the Swedish industry in 2016, that is equal to 68.76 SEK/kWh [32].

Cint = CS + (PS − PD)V OLL (7)

where CS is the supply cost before applying DLR. PS and PD% are power
consumptions before and after applying DLR.

2.4. DLR Line Selection Procedure

This section illustrates the proposed DLR line selection procedure. An
overview of the proposed method is given in Figure. (2).

The proposed optimization process selects the proper lines for DLR im-
plementation. 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.
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Figure 2: Flowchart of the proposed line selection procedure

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 opti-
mization 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
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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 (8a) minimizes the total supply cost in the presence of
EVs.

min{ Tc =
T∑
t=1

NG∑
i=1

Fi,t(Pgi,t)} (8a)

subjected to:

Fi,t(Pgi,t) = αiPg
2
i,t + βiPgi,t + ci, ∀i ∈ NG, t ∈ T (8b)

Pgi,t − PLi,t − PEVi,t
=

Vi,t
∑N

j=1 Vj,t(Gi,jcosθi,j +Bi,jsinθi,j), ∀i, j ∈ N, t ∈ T
(8c)

Qgi,t −QLi,t = Vi,t

N∑
j=1

Vj,t(Gi,jsinθi,j −Bi,jcosθi,j), ∀i, j ∈ N, t ∈ T (8d)

Pgmin
i ≤ Pgi,t ≤ Pgmax

i , ∀i ∈ N, t ∈ T (8e)

Qgmin
i ≤ Qgi,t ≤ Qgmax

i , ∀i ∈ N, t ∈ T (8f)

V min ≤ Vi,t ≤ V max, ∀i ∈ N, t ∈ T (8g)

Pgi,t − Pgi,t−1 ≤ RUi, ∀i ∈ N, t ∈ T (8h)

Pgi,t−1 − Pgi,t ≥ RDi, ∀i ∈ N, t ∈ T (8i)

Slt ≤ Slmax , ∀l ∈ L, t ∈ T (8j)

where, (8b) represents the cost function. The active and reactive power
balance constraints are shown by (8c) and (8d), respectively. Constraints (8e)
and (8f) illustrate the unit generation limits. Voltage limits, the unit ramping
up and down capability limits are shown by constraints (8g), (8h), and (8i),
respectively. Constraint (8j) 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 (9a) minimizes the total supply cost when the
power flow limit of all lines changes from SLR to DLR, equation (9b)

min{ Tc =
T∑
t=1

NG∑
i=1

Fi,t(Pgi,t)} (9a)

subject to (8b)-(8i) and (9b).

Slt ≤ SDt , ∀l ∈ L, t ∈ T (9b)

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 can not 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 equa-
tion (8g).

2.4.3. AC-OPF with DLR on Feasible Scenarios (Second Step)

The objective function in equation (10a) is minimizing the total supply
cost for all selected scenarios.

min{ Tcs =
∑T

t=1

∑NG

i=1 Fi,t(Pgi,t,s)} (10a)

subjected to:

Fi,t(Pgi,t,s) = αiPg
2
i,t,s + βiPgi,t,s + ci, ∀i ∈ NG, t ∈ T, s (10b)

Pgi,t,s − PLi,t − PEVi,t
=

Vi,t,s
∑N

j=1 Vj,t,s(Gi,jcosθi,j +Bi,jsinθi,j), ∀i, j ∈ N, t ∈ T, s
(10c)

Qgi,t,s −QLi,t =

Vi,t,s
∑N

j=1 Vj,t,s(Gi,jsinθi,j −Bi,jcosθi,j), ∀i, j ∈ N, t ∈ T, s
(10d)

Pgmin
i ≤ Pgi,t,s ≤ Pgmax

i , ∀i ∈ N, t ∈ T, s (10e)

Qgmin
i ≤ Qgi,t,s ≤ Qgmax

i , ∀i ∈ N, t ∈ T, s (10f)
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V min ≤ Vi,t,s ≤ V max, ∀i ∈ N, t ∈ T, s (10g)

Pgi,t,s − Pgi,t−1,s ≤ RUi, ∀i ∈ N, t ∈ T, s (10h)

Pgi,t−1,s − Pgi,t,s ≥ RDi, ∀i ∈ N, t ∈ T, s (10i)

Slt,s ≤ Smax
lt,s , ∀l ∈ L, t ∈ T, s (10j)

Equations (10a)-(10j) are the same as equations (8a)-(8j), 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 MVA 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 are for commercial purposes
and there will be no EV consumption between 9 pm and 6 am. Therefore, the
value of EV consumption equals to zero in this time span. Furthermore, it is
assumed that the number of stations in the area is known and is sufficient to
cover all EV connections. Figure. (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% percentiles of
DLR to address inherent uncertainty in DLR. We first calculate the difference
between DLR and SLR to find the new rating. Then the calculated amount
is multiplied by each of the aforementioned percentiles. Finally, this value is
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Figure 3: Consumption without EV integration

added to the existing SLR to get the new DLR value, equation (11). Different
percentiles of DLR are used for calculating the reliability worth of DLR and
to what extent we can get benefits. The results from are then compared to
the case with SLR.

Pnew = PS + (PS − PD)Prc (11)

Where Pnew is the calculated power after adding different percentiles and Prc
is representing different percentiles. The flowchart in Figure. (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. Figure. 5 shows the histogram and the time series of the historical
EV consumptions data. As mentioned earlier, there is a dominate rise in zero
in Figure. 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,
Figure. 5 (b). This highlights the uncertainty of EV behavior that depends
on times of the day and that should be considered during EV modeling.

Figure. 6 (a) shows the histogram of the generated samples from EVs.
Comparing Figure. 5 (a) and Figure. 6 (a), there is a considerable correlation
between the histograms of historical data and the generated data obtained
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Figure 4: Flowchart to show the impact of DLR percentiles on the maximum-acceptable
number of EVs

from the modified (MC)3 model. As can be seen in Figure. 6 (b), the as-
sociation between generated samples and the time and date of the day has
been simulated. The results show that the model has addressed the stochas-
tic behavior of EV consumptions, including time dependency, continuity of
values, and probability distribution function [25].

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.
Figure. (7) illustrates the results from the method on the rating of each line.
DLR is shown by red line and dashed orange line represents the SLR. The
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(a) (b)

Figure 5: (a) The histogram of the historical data of EV consumption, (b) Time-series of
the generated samples for EV consumption

(a) (b)

Figure 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

blue 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 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 becomes solved. Taking in to account
line 3 in addition to line 27 helps to bring the expected Rtot down to zero.
Whereas, with SLR 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 congestion
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
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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

(a) (b)

(c) (d)

Figure 7: The line rating and the power flow of candidate lines with and without DLR.

curtailment in the coming hours.
DLR may not always have the resolution to represent the actual line

rating [3]. An overestimation of DLR may result in exceeding the maximum
allowable conductor temperature that is designed for. As such, there is a
need to assess the benefits of using DLR if it is not estimated 100% accurate.

4.3. DLR Evaluation

There are several uncertainties in DLR system and it is not always possi-
ble to exploit all the additional capacity brought by DLR. In order to avoid
any risks regarding the DLR decisions, an additional safety margin is needed.
In this regard, we consider different percentiles of DLR according to [12]. For
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each scenario, starting from 25% DLR, we found the maximum number of
EVs explained earlier in the flowchart Figure. (4).

Table 2: Cost benefits of different DLR percentiles 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

Table (2) depicts that accepting higher DLR percentiles will increase the
number of EVs that are possible without that their charging causes any
violation in the system. As we can see, SLR for line 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 that cor-
responds to higher supply cost. To show the benefits of using DLR with
different percentiles, we use VOLL as described in the text, equation (7).
When 25% DLR is in use, using DLR can save 30 thousand SEK. If we take
50%, this value will increase to 170 thousands SEK. But if we assume the es-
timated DLR is the actual rating (100%), DLR improve the grid performance
by saving 260 thousands SEK.

5. Conclusion

In this paper, a DLR line selection method is proposed to assess the
integration of DLR into the power system.

A framework is proposed to select suitable lines in the presence of EVs.
The method makes use of technical and economical criteria to maximize
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the grid capacity for EV charging while minimizing the supply cost. In the
prerequisite step, the framework assesses the risk of congestion due to an
increased in EV integration, when using SLR. In the first step, the risk and
economical indices are assessed by considering DLR on all lines. Finally, in
the second step, the best combination of lines with high risk is selected that
eliminate the congestion risk brought by EV integration.

Second, a modified (MC)3 simulation is applied to model the uncertainty
in EV load behavior. The results show that the predicted values could suc-
cessfully represent all scenarios with high probability.

Finally the results pointed out that having more lines with DLR is not
necessarily better at solving congestion problems. Identifying suitable lines
can not only solve the congestion problem but also increases the capacity
of some other lines (not necessarily lines with high risk). As a result of
this, the total generation cost will be reduced. According to the results, and
comparing with the SLR case, the proposed DLR line selection method can
allow considerable amounts of additional EV, in our case study more than
80%. The method would enable network operators to have a cost-effective
operation and to reduce the need for curtailment.
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Abstract

With the increasing deployment of solar power, high photovoltaic (PV) pen-
etration is expected to adversely impact the distribution grid. One of the
challenges relates to the power flow and transfer capacity of the distribution
transformers. Transformers might not have sufficient capacity to accommo-
date for all the downstream PV to feed back to a higher voltage level during
sunny periods with low consumption. In this paper, we estimate the trans-
former hosting capacity considering dynamic thermal rating for residential
consumption with increasing amounts of PV penetration. This paper ana-
lyzes the impact of PV integration and increased consumption on the aging
of a transformer. The potential of dynamic rating to enhance transformer
hosting capacity is studied under varying environmental conditions.

Keywords: Distribution Transformer, Dynamic Rating, Hosting Capacity,
Overload, Renewable Energy System, Solar Power

1. Introduction1

The increased penetration of solar photovoltaics (PV) technology in the2

electricity grids raises concerns on its negative impacts. Some potential im-3

pacts are voltage variations, voltage unbalance, harmonics, protection mal-4

operation, and overloading [1, 2, 3, 4]. In distribution networks, most studies5
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are directed towards overvoltage and overcurrent [5]. Overvoltage is consid-6

ered to be the factor most-often limiting PV penetration [6, 7, 8, 9]. Authors7

in [10] have found that overvoltage problems would occur even before over-8

loading of the components. Other studies indicate that both overvoltage and9

overload should be considered and that it depends among others on the cus-10

tomer density which one sets the limit [11]. It is further shown in [12] that11

transformer overloading is expected to occur before cable overloading.12

Adding higher rating transformers or local battery storage are two alter-13

natives to mitigate the overload; however, both require additional investment.14

The nameplate rating of a transformer gives the static rating that ensures a15

safe operation during the worst weather conditions. However, seasonal and16

daily variations in ambient temperature and consumption make using this17

static rating could unnecessarily limit the hosting capacity.18

Optimal utilization of a transformer can be achieved by taking advantage19

of its thermal time constant and variations in load and ambient temperature;20

this is referred to as dynamic transformer rating (DTR). DTR allows for an21

increase in the hosting capacity (HC) of the grid, when overloading sets the22

limit, without the need for additional investment in primary equipment. The23

HC is known as the amount of energy, installed capacity or new consumption,24

above which the system performance becomes unacceptable. Studies for esti-25

mating HC studies are usually performed by network operators to allow the26

integration of more production into the grid [13, 14]. This calls for including27

the thermal properties in the transformer in those studies.28

In [15] the possibility of expanding wind farms with existing transformers29

has been studied. The impact of hot-spot temperature (HST) on transformer30

thermal aging has been studied to provide additional knowledge about the31

potential for increased capacity. An optimal dispatch model of an active32

distribution network was proposed in [16] under high penetration of PV.33

The aim was co-optimizing the cost and transformer loss-of-life (LOL) to34

improve transfer capacity and alleviate voltage rise. Authors in [17] study35

the impact of PV penetration on sizing a new transformer during the planning36

stage. They compare two approaches while considering designing a new37

transformer; peak power and irradiance methods. It was pointed out that the38

irradiance approach would result in more PV generation during less favorable39

conditions. The impact of unbalanced load along with rooftop PV generation40

is studied in [18]. Authors showed that integration of PV could result in an41

extension of the life of oil-immersed distribution transformers even when the42

peak demand occurs well after sunset.43

2



This paper studies the impact of downstream solar PV on the thermal44

overloading of distribution transformers. DTR technology is utilized to esti-45

mate the transformer HC, above its nameplate rating, through limits for hot-46

spot temperature (HST), top oil temperature (TOT), and aging estimation47

(LOL). The study is done for different transformers with different loading48

profiles in the same region. By taking into account different performance49

limits, it is shown to be possible to obtain a value for the HC with DTR.50

Moreover, the significant impact of seasonal variations on the transformer51

HC is studied. The results indicate that the use of DTR allows for a better52

balance between risking damage to the transformer and setting unnecessary53

limits to PV. With the help of DTR, the HC of the transformer increases from54

200 kVA up to 330 kVA depending on the downstream consumption of the55

transformer. Likewise, the same approach is applied considering increased56

consumption rather than PV penetration. Results show that with DTR, the57

HC for additional consumption is significantly higher than the limit set by58

the transformer static rating.59

The rest of the paper is organized as follows; the thermal model of the60

transformer and HC are introduced in Section 2. In Section 3, the assessment61

of input data is explained. Section 4 contains illustrative case studies covering62

the impact of DTR application on the HC under different scenarios of PV63

integration and increased consumption. Discussion and concluding remarks64

are presented in Section 5 and 6.65

2. Problem Formulation66

2.1. Transformer Thermal Model67

Dynamic rating of transformers is based on the calculation of two temper-68

atures critical for transformer operation; TOT and HST. These temperatures69

can be approximated with sufficient accuracy using a number of thermal mod-70

els for given ambient temperature and load profiles [19, 20]. In this paper, the71

thermal model described in IEC Std. 60076-7 is used [20]. This document72

includes two approaches for the hot-spot temperature calculations. The first73

approach is the exponential equation method, which uses two expressions74

valid for step by step load changes. The second approach for HST calcu-75

lation uses difference equations. This approach is particularly suitable for76

online monitoring. In this paper, the latter model is applied to investigate77

the distribution transformer’s thermal rating since it requires fewer inputs78

data and best suits our purpose.79
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The basic form of the difference equation that is used to calculate the80

top-oil temperature is given as (1),81 [
1 +K2R

1 +R

]x
∆θor = k11 τo

dθo
dt

+ [θo − θa] (1)

Where K is the load factor, R is the ratio of load losses to no-load losses, x82

is the winding exponent, ∆θor is the top oil gradient at rated losses, k11 is an83

empirical thermal constant, τo is the thermal time constant of the oil, θo is84

the top-oil temperature, and θa is the ambient temperature. Load factor is85

defined as the ratio of the actual load and the rated load of the transformer;86

it gives a per unit value for the loading.87

The HST rise ∆θh in (2) is obtained by subtracting the difference equation88

solution (3) from (4). The HST is obtained from (5).89

∆θh = ∆θh1 +∆θh2 (2)
90

k21K
x∆θhr = k22 τw

d∆θh1

dt
+∆θh1 (3)

91

(k21 − 1)Kx∆θhr =
τo
k22

d∆θh2

dt
+∆θh2 (4)

92

θh = θo +∆θh (5)

Where ∆θh1 represents the HST rise before the effect of changing oil flow past93

the hot-spot, ∆θh2 represents the reduction in HST rise due to the varying94

rate of oil flow past the hot-spot, k21 and k22 are thermal model constants,95

τw is the winding time constant, ∆θhr is the hot spot to TOT gradient at96

rated current, y is the winding exponent, θh is the HST.97

2.1.1. Estimation of Loss of life98

The thermal aging model from the main part of IEC document is used to99

determine the effect of loading on transformer technical life. The relation-100

ship between temperature and aging is modeled with the Arrhenius reaction101

equation. If a rated condition of aging is defined, the relative aging rate V102

for the paper is calculated using equation (6).103

V =
A

Ar

exp

(
1

Rc

(
Ea,r

θhr + 273
− Ea

θh + 273

))
(6)

where A is an empirical pre-exponential value, Ar is rated A, Rc is the ideal104

gas constant, Ea is the required activation energy, Ea,r is rated Ea, θhr is105
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rated HST, and θh is actual HST. In this study, rated HST is assumed to be106

θhr = 110°C.107

The LOL over a period of time, ΩLOL, is calculated with equation (7).108

ΩLOL =

∫ t2

t1

V dt (7)

where t1 and t2 are the beginning and end of the time period, respectively.109

To estimate the aging, the HST over time is required. If direct measurements110

are not available, the HST has to be obtained through modeling. The dy-111

namic thermal models described in the IEC document require the transformer112

thermal parameters that are measured during the heat run test as well as113

measurements of ambient temperature and load. With the required inputs114

and parameters, the IEC thermal model is used to calculate the HST for115

each time step. Afterwards, equation (7) is used to determine ΩLOL for the116

period under study.117

2.2. Hosting Capacity118

HC is a way of quantifying the limit on how much installed PV capacity119

is acceptable without causing insulation deterioration of the transformer.120

However, HC is not a uniquely determined amount and there are several121

methods to estimate the HC, that all could result in different estimates. In122

order to make the HC specific, measurable, and practical, it is important to123

set performance indicators and limits as assessment criteria. The basic idea124

of transformer HC is illustrated in Fig. 1.125

The performance indicator in this paper is decided to be the highest126

HST, TOT, and LOL during a one-year operation period of the transformer.127

Limits are obtained as the highest permissible temperature and aging in the128

transformer. Limits for HST and TOT are derived from the IEC document.129

To find the limit for LOL we define a rated load aging per month, season,130

and year. Rated load aging is defined here as the LOL of the transformer131

for the rated load (load factor 1 p.u) and the actual time-varying ambient132

temperature at the transformer location.133

Regarding HC quantification, the most beneficial situation occurs when134

the installed PV is connected close to the load [21]. The integration of PV135

can reduce the overloading risks (overloading beyond the limits), maintain136

the lifetime of the transformer, and improve its thermal properties [22, 4].137

The worst-case scenario, which leads to the highest risk of overloading, oc-138

curs when maximum generation coincides with minimum loading [23]. If139
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Figure 1: Transformer HC illustration [11]

transformer loading gets high, one or more performance indicators would ex-140

ceed the limits. Hence, there would be a higher chance of substantial reverse141

power flow and accelerated insulation deterioration.142

3. Data Acquisition143

Data has been obtained of the total consumption downstream of 32144

MV/LV distribution transformers in and around a city in Northern Sweden.145

Power quality monitors were installed on the LV side of these transformers.146

For each of the phases, the monitor recorded the 10-minute rms currents147

during a one-year period, January – December 2017. For each time interval,148

the current is next translated into a three-phase power assuming the system149

to be in a balanced condition with rated voltage.150

S =
√
3Vrated

[
Ia + Ib + Ic

3

]
(8)

Another assumption made in this study is that all transformers have the same151

electrical characteristics as a 200 kVA 21 kV/415V distribution transformer.152

The electrical data and thermal parameters of this transformer, referred to153

as the “main transformer” can be found in Tables 1 and 2.154

The ambient temperature is taken from the Swedish Meteorological and155

Hydrological Institute (SMHI) for a location close to the city where the mea-156

surements were obtained. Fig. 2 (a) and (b) illustrate the ambient temper-157
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Table 1
Electrical characteristics of the transformer under study

Property Value Property Value

Apparent power 200 kV A Primary current 5.25 A
Cooling mode ONAN Secondary current 262.5 A

Primary voltage 21 kV No-load loss 424 W
Secondary voltage 0.415 kV Load loss 2963 W

Table 2
Parameters for the thermal model of the 200 kVA transformer

Symbol Value Symbol Value Symbol Value

X 0.8 k22 2 ∆θor 45 K
Y 1.6 R 6.98 τ0 180 min
H 1.4 Dt 10 min τw 4 min
k11 1 Gr 14.5 Ws/K - -

CACFD2k21 1 ∆θhr 35 K - -

ature and the load factor of the main transformer during the period under158

study, the year 2017.159

As mentioned in Section 2, the load factor is the ratio of the actual160

load and the rated load, which is 200 kVA in this case. Rated load thus161

corresponds to load factor 1. The PV generation data is obtained from the162

open-source Renewable Ninja website (https://www.renewables.ninja/)[24]163

assuming rated capacity of 800 kVA, Fig. 2 (c). To facilitate a comparison164

between consumption and PV, we also define a PV generation factor. It is the165

ratio of the actual PV capacity and the rated load of the transformer (as an166

apparent power base). In northern Sweden, the peak solar-power production167

occurs in the period March to September. As shown by [11] the annual peak168

production can occur already in March or April.169

4. Results170

A generalized analysis framework is developed to study the impact of171

additional installed PV capacity, seasonal and monthly variation, on the172
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(a) (b)

(c)

Figure 2: (a) Ambient temperature, (b) loading of main transformer in per unit, (c) PV
generation in per unit , 2017.

loading of the distribution transformer. The loading is quantified, not in173

terms of current or power, but in terms of HST, TOT and LOL. Moreover,174

the impact of different amounts of PV installed capacity on the HST, TOT,175

and LOL is studied for different months. For this study, the summer season176

is defined as the period between April and September and the winter season177

from November through March. To highlight the importance of monthly178

variations on DTR and HC of the transformer, a detailed analysis is carried179

out for the main transformer, transformer 23.180

4.1. Hosting Capacity (with PV)181

To investigate the transformer HC in the presence of PV and its impact182

on the insulation life, a one-year set of 10-min values of transformer loading183

and ambient temperature was created from measurements on consumption184

and simulation of production. Equations (1) to (5), together with trans-185

former thermal parameters, were used to calculate the TOT and HST of the186

transformer as a function of time. Equations (6) to (7) were then used to187

obtain an ΩLOL.188
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4.1.1. Impact of Monthly Variation on the Transformer189

The HST limits in the HC calculations (see Fig. 1) are set to 120 °C, and190

140 °Crespectively as described in [20]; the TOT limit is set to 105 °C. HST191

limits in [20] are reference values motivated by the normal and long-term192

emergency loading limits of the transformer. The transformer can operate193

at any temperature up to 140 °C without any consequences except for an194

accelerated insulation aging. According to the IEC document, for HST above195

140 °C there is an increased risk of gas bubbles forming in the transformer.196

To set a limit for LOL, in this paper first, we define a rated load aging; that is197

the value of LOL rate if consumption equals the rated load during the whole198

year and ambient temperature equals actual values. When DTR is applied,199

the calculation is repeated but with a load equal to the actual consumption.200

The value for rated load aging is 2.6 days per year; the dynamic load aging201

is 0.0013 days per year that corresponds to 0.05% of the rated load aging.202

If only the summer season is considered then dynamic load aging of the203

transformer becomes 0.0049 days per 183 days, corresponding to 0.19% of204

the rated load aging over the summer season.205

Fig. (3) shows the impact of downstream solar PV on the transformer206

loading in three different cases. The impact is quantified as the highest207

monthly HST, TOT, and aging during each month. The difference between208

the three cases is the amount of installed solar power that is connected to the209

grid. The impact is analyzed for the thermal characteristics of the 200 kVA210

transformers. These three cases are defined as follows;211

• The installed capacity is equal to the rated loading of the transformer,212

200 kVA (case 1, firm HC)).213

• Adding 240 kVA of installed PV capacity downstream of the trans-214

former(case 2).215

• Adding 400 kVA of installed PV capacity downstream of the trans-216

former (case 3).217

Fig. 3(a) shows that adding 400 kVA of the installed capacity (case218

3), causes the maximum HST to go beyond 140 °C from February through219

September. Note however that the HST during December and January be-220

comes lower than 120 °C. The higher HST during the summer months will221

result in a considerable increase in the monthly LOL, especially during May,222

June, and July. The highest value (1270 days) occurs during May. This223
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(a) (b)

(c)

Figure 3: The impact of different PV penetration on a monthly basis (a) Hot-spot tem-
perature (b) Top-oil temperature (c) Loss-of-life of the transformer

shows that even if there is a great potential to use PV during summer be-224

cause of the low load consumption, it is not applicable for the transformer to225

host all the PV capacity. In case 2, the highest HST is around 150 °C in May226

and 160 °C in June which are above the limits. The monthly LOL, for May227

and June, is 3 and 4 days, respectively, which are 10 times higher than the228

correspondent load aging These values do not impact the transformer normal229

life considerably. Regarding TOT, the transformer experiences an increase230

up to 95 °C which is an acceptable value, i.e. below the TOT limit (105 °C).231

Considering case 1, HST, TOT, and LOL will always be well within their232

limits. This means that it sets an unnecessary barrier to the integration of233

PV into the grid.234

During winter, the maximum monthly HST and LOL will always be below235

the limits so there is additional capacity according to DTR that could be236

exploited. Despite the fact that there are very few daylight hours with low237

solar radiation, large amounts of solar power do reduce the thermal loading238

of the transformer. This opens up additional consumption during winter,239

like charging electric vehicles.240

As a next step, the calculations resulting in Fig. 3 have been repeated for241

increasing amounts of installed solar power, downstream of the transformer.242
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The highest HST and TOT during the whole year have been calculated, as243

well as the LOL. Fig. 4 shows the maximum yearly HST, TOT, and the total244

LOL, for the main transformer as a function of installed capacity. The HC245

for the HST limit (120 °C) is 355 kVA, which is well beyond the firm HC of246

200 kVA. With 140 °C as a limit for HST, the HC increases to 380 kVA with247

LOL equal to 3 days. It would be the same case such that the limit is set248

based on LoL. HC will increase to 385 kVA with a limit of 2.5 days LOL249

per year, which is close to the rated load aging. The figure shows that by250

increasing the installed capacity to 400 kVA, the LOL becomes 10 days per251

year which is 5 times bigger than the rated load aging, but the gain from HC252

is small compared to the former case.253

Figure 4: Maximum host-spot temperature, top-oil temperature and loss of life for the 200
kVA transformer with increasing amounts of installed PV capacity, summer period 2017

4.1.2. Analysis on all Transformers under Study254

The calculations in the previous section have been repeated for 32 MV/LV255

distribution transformers. Fig. 5 shows the maximum HST and LOL as a256

function of the installed PV capacity during the summer season. The in-257

stalled capacity is expressed in terms of the load factor, which is the installed258

capacity divided by the rated transformer loading. The horizontal scale thus259

shows how much the installed capacity exceeds the firm HC, 200 kVA, with260

respect to HST and LOL. Since the results show no significant changes in261

TOT, we did not include TOT in this part. The main difference between the262

transformers is that they all have a different amount of downstream consump-263
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tion. This difference results in different estimations of the HC. As illustrated264

in Fig. 5 (a) the HC based on the HST limits is at least 230 kVA (1.15 p.u)265

and 250 kVA (1.2 p.u), when the HST limit is 120 °C and 140 °C respectively.266

By increasing the installed capacity to 250 kVA (1.25 p.u), the HST for all267

transformers, except transformer 19, remains below the 140 °C limit. In this268

case, the majority of transformers have an HC between 260 kVA (1.3 p.u)269

and 280 kVA (1.4 p.u).270

If the HC limit changes from HST to LOL, concerning the calculated271

rated load aging for the summer season, the HC will change. If we accept272

10 days LOL for the transformer during the summer season, then HC varies273

between 240 kVA, and 300 kVA. The third figure, with a vertical scale-up274

to10 years per season, shows that transformers start to age very fast above275

240 kVA (1.2 p.u) installed capacity. It also shows that it differs a lot between276

transformers; the pre-PV consumption has a big impact.277

(a) (b)

(c)

Figure 5: Hot-spot temperature (a), 10 days per season loss-of-life (b), and 10 years per
season loss-of-life (c) as a function of installed PV capacity during summer period
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4.2. Hosting capacity for increased consumption278

In this section, consumption is increased by a constant factor (same per-279

centage increase for each 10-minute interval) to evaluate the HC for increased280

consumption downstream of the transformer with respect to different limits.281

4.2.1. Impact of Monthly Variation on the Transformer282

Same as the analysis done for the PV installed capacity, Fig. (6) shows283

five different cases with increased consumption and investigates their impact284

on the thermal characteristics and HC of the main transformer. These cases285

are defined as follows;286

• Consumption, base case with actual measured time-series data (case287

1).288

• Consumption increased by 25%(case 2).289

• Consumption increased by 50% (case 3).290

• Consumption increased by 75% (case 4).291

• Consumption increased by 100% (case 5).292

As shown in Fig. 6(a) increasing consumption by 50%, the highest HST,293

which occurs in June, will be around 110 °C, which is below the limits of.294

If the consumption increases by 75%, there are some months (April through295

August) during which the HST limits are exceeded. If doubling the con-296

sumption, the maximum monthly HST exceeds the limit during the whole297

summer season and three months during winter. The same calculations, with298

the results shown in the same figure, show that the monthly LOL increases299

to 20 days per month in summer, 10 times the rated load aging. In the same300

way, as for adding local production, increasing the consumption does not301

impact TOT considerably and it remains far below its limit, 105 °C. It is also302

important to note that high temperatures and high LOL occur during the303

summer months, when the ambient temperature is high, not during winter304

months, when consumption is high.305

4.2.2. Analysis on all Transformers under Study306

The calculations of which the results were presented in the previous sub-307

section have been repeated for the 32 MV/LV distribution transformers. The308
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(a) (b)

(c)

Figure 6: The impact of increased consumption on the (a) Highest monthly hot-spot
temperature (b) Highest monthly top-oil temperature (c) Monthly loss-of-life of the trans-
former

highest seasonal HST and LOL are shown in Fig. (7) as a function of the in-309

stalled capacity. During summer by increasing the consumption to 280 kVA310

(1.4 p.u), the maximum seasonal HST remains below 120 °C for all transform-311

ers. Referring to 140 °C, only transformer 19 experiences an HST beyond its312

limit when consumption is increased to 320KVA (1.6 p.u). The HC shows a313

wide range between different transformers, i.e. between different consump-314

tion patterns. About half the transformers can cope with a peak consumption315

of twice rated, without exceeding an HST of 140 °C. This shows that there is316

a big margin for increased consumption, for example in the form of electric317

vehicle charging.318

The LOL during the summer season, which is the major part of the annual319

LOL, is shown in Fig. 7(b) and (c) as a function of the load factor. The two320

figures differ through their distinctively different vertical scale: 10 days versus321

10 years aging per year. Analysis on LOL shows that the transformer HC is322

highly dependent on the consumption and varies therefore strongly between323

different transformers. For a few transformers, as shown in Fig. 7(b) increased324
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consumption by 80% would still keep the LOL rate below 10 days/season.325

But for some others, a 10% increase in consumption (1.1 p.u), a 10 days326

LoL is reached already. If we consider 10 days LOL and a 50% increase327

in consumption (1.5 p.u) on average, all the transformers will still be in328

operation for many years. However, taking 10 years LOL per season (Fig. 7(c)329

), which is a very significant aging rate, the HC would be a 50% increase or330

more. Even here, there is a wide range in HC between transformers (i.e.331

between consumption patterns). It highlights the importance of selecting a332

proper LOL limit while estimating the transformer rating.333

(a) (b)

(c)

Figure 7: Hot-spot temperature (a), 10 days per season loss-of-life(b), and 10 years per
season loss-of-life (c)as a function of an increased consumption (expressed as load factor
with reference to 200 kVA peak consumption).

5. Discussion334

5.1. Hosting Capacity335

There is a large potential for DTR, both with PV integration and with336

an overall increase in consumption. It is shown, for the data set used in this337

paper, that distribution transformers can host new production and new con-338

sumption well beyond their rated loading, without risking excessive thermal339

loading and loss-of-life. The actual HC depends on the thermal properties340
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of the transformer and the original consumption pattern; for the consump-341

tion patterns used here, and assuming 120 °C limit for HST, the HC varies342

between 115% and 135% of rated for PV; the HC is at least 45% and can343

exceed 100% of rated for the increase in consumption.344

The higher potential for increased consumption is related to the consump-345

tion pattern in Sweden; peak consumption occurs during the coldest periods346

of the year, whereas production from PV is highest during periods of the year347

with higher ambient temperatures. It is important to repeat the calculations,348

using relevant local data, for other countries.349

5.2. Mitigation Measures350

There is a relation between the increment in HST and the loading profile351

of a transformer; during lightly-loaded hours, transformers have a lower HST.352

However, due to the relatively long thermal time constants involved, it takes353

a longer time for HST to follow the variations in the load. In this paper,354

only the variations in production and consumption have been considered; no355

mitigation actions were considered in this paper. The obvious (classical) ones356

are limiting the installed capacity or growth in consumption and replacing the357

transformer. Alternative mitigation methods should be studied for example358

how curtailment or a battery storage system can be used to reduce the highest359

HST or the annual LOL [25].360

5.3. Performance Indices and Limits361

With every hosting-capacity study, it is essential to choose one or more362

performance indices and associated limits. In this paper, three performance363

indices related to transformer thermal loading have been used: HST, TOT,364

and LOL. It was shown that one has to consider all three; especially HST365

and LOL were shown to impact the HC here. Having a low HST does not366

necessarily mean a low LOL; the HC considering LOL may be lower than the367

one considering HST, and the other way around.368

Well-established upper limits exist for HST and TOT, but not for LOL.369

In this paper, the limit for HST is set to be 120 °C and 140 °C. For TOT370

the limit is set to be 105 °C according to the IEC document. LOL limit371

is calculated as rated load aging during one year for the main transformer.372

Further work is needed to establish appropriate limits for LOL. Two different373

approaches are visible here: one is to use the absolute LOL, expressed in days374

per year as a limit; the other one is to use the ratio between the actual LOL375

and the rated load LOL.376
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5.4. Impact of Consumption Pattern and Thermal Characteristics377

The same methodology is applied to different transformers with different378

downstream consumption patterns but with the same specification. This379

does not impact the conclusion considerably for the connection of PV; the380

impact is bigger for increased consumption. However, in this study, all 32381

transformers are assumed to have the same thermal characteristics. Further382

studies are needed after the impact of these on the HC.383

5.5. Time series and stochastic methods384

In this study, all the input data are obtained from time-series data for one385

year only. Year-to-year variations were not considered here. This limitation386

can be resolved by taking longer periods or by using stochastic time series.387

In climate studies, a period of 30 years is typically considered, which would388

imply that at least a 30-year time series is needed. Consumption would389

however have changed a lot over 30 years, resulting in difficulties in inter-390

preting the results. It is also a challenge to obtain such a long time series391

for consumption. A possible solution would be to use long time series for392

ambient temperature and irradiation, but a stochastic time-series model for393

consumption. Solar irradiation, including sites like Renewables Ninja, may394

not be available over 30-year periods; cloud cover data could be used instead.395

5.6. Distribution grid planning396

An important application of the HC method is in distribution grid plan-397

ning. Methods, as presented in this paper, could be used, for example, to398

determine the size of a new distribution transformer. In that case, it is likely399

that a safety margin is used, as the cost of installing a new transformer is only400

mildly dependent on the transformer size. A more important application of401

the methods presented in this paper would be deciding when a transformer402

should be replaced. The difference in costs between the two options (re-403

placement or non-replacement) is large. In that case, less margin would be404

considered and some more risk would typically be taken. How much risk405

can be taken depends on the regulatory and internal rules for the network406

operator. It also depends on how accurate predictions for future growth of407

production and/or consumption are considered to be.408

A specific application of the methods presented in this paper is to de-409

termine the order in which distribution transformers should be replaced to410

accommodate growth in downstream production or consumption. Several411

examples of the use of HC studies are shown in [11].412
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5.7. modeling solar power production and EV charging consumption413

In this paper, it is assumed that solar-power production increases linearly414

with installed capacity. Due to a number of phenomena, like a difference in415

tilt and tilt direction, the increase will be less than linear. Including such416

aggregation will further increase the HC. Additional studies are needed to417

quantify how much this impact will be.418

In this paper, a rather simplified model is assumed for growth in con-419

sumption, where the consumption is assumed to grow by the same percentage420

every hour of the year. Such a model may be suitable to study an increase in421

the number of domestic customers downstream of a transformer. The main422

issue challenging distribution grids is the expected increase in electric vehicle423

charging. The same methods as used in this paper are also suitable to study424

if and when mitigation is needed. Such studies should use realistic daily,425

weekly, and seasonal patterns of EV charging. Like before, combinations of426

stochastic and time-series models may be the most appropriate here.427

6. Conclusion428

High penetration of PV in the distribution grid will result in the overload-429

ing of multiple components, mainly distribution transformers. DTR allows430

more PV generation to be connected downstream of a distribution trans-431

former. The results from applying DTR show that depending on the HC432

performance indices, the transformer can be loaded beyond the normal oper-433

ational limits up to 35% to host PV capacity and up to 100% for the increased434

consumption. The HC as introduced in this paper gives network operators435

and PV owners a good indication of how and when transformer replacement436

is needed to avoid deteriorating the transformer insulation life. The study437

also highlights the importance of identifying the influential performance in-438

dex for the HC. For the transformer the key indices are maximum HST and439

annual LOL; these should both be taken into account for the HC estimation.440
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