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Big data applications have become increasingly popular with the emerge of cloud computing
and the explosion of artificial intelligence. Hence, the increasing adoption of data-hungry
machines and services is driving the need for more power to keep the datacenters of the world
running. It has become crucial for large IT companies such as Google, Facebook, Amazon
etc. to monitor the energy efficiency of their datacenters’ facilities and take actions on
optimization of these heavy consumers of electricity. This master thesis work proposes
several predictive models to forecast PUE (Power Usage Effectiveness), regarded as the
industry-de-facto metric for measuring datacenter’s IT power efficiency. This approach is a
novel capacity management technique to predict and monitor the environment in order to
prevent future disastrous events, which are strictly unacceptable in datacenter’s business.
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LIST OF SYMBOLS AND ABBREVIATIONS
AI

Artificial Intelligence

ANFIS

Artificial Neural Fuzzy Inference System

ANN

Artificial Neural Network

BRB

Belief Rule Based

CUE

Carbon Usage Effectiveness

CV

Cross Validation

DC

Datacentre

DCiE

Datacentre infrastructure efficiency

DCIM

Datacentre Infrastructure Management

EDE

Electronics Disposal Efficiency

ER

Evidential Reasoning

GA

Genetic Algorithm

GHG

Greenhouse Gas

ICT

Information and Communication Technologies

IoT

Internet of Things

IT

Information Technology

MAD

Mean Absolute Deviation

MAPE

Mean Absolute Percentage Error

MF

Membership Function

PUE

Power Usage Effectiveness

RMSE

Root Mean Square Error

SQP

Sequential Quadratic Programming

WUE

Water Usage Effectiveness
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1

INTRODUCTION

Based on a study conducted by US researchers, the ICT industry accounts for up to 3.5 % of
global emissions by 2020, whereas [36, Climate Change News] anticipates the value to
escalate up to 14 % by 2040.

With the rapid emerge of Big Data applications, IoT, 5G, autonomous systems, AI, etc.
resulting in voluminous amount of data being generated at a faster speed, the demand for
increased capacity of the datacenters will rise exponentially by 2025. Anders Andrea [37]
predicts that by this year, datacenters will amount to ICT’s share of global electricity
consumption at 33%, followed by smartphones (15%), networks (10%) and TV (9%). On
broader spectrum, [37] also expects datacenters to consume 20 % of the world’s energy,
nevertheless, due to the adoption of more efficient energy sources and technologies, he rates
their carbon footprint at 5.5% at the global value.

On a global perspective, datacenters are foreseen to be the heaviest global energy consumers,
growing from 0.9 % to 4.5 % by 2025, according to Andreas report. Additionally, another
study carried out by Yole Development, states that datacenters were responsible for around
1.62% of the world’s utilized energy in 2004. Today, the impact of datacenters in world’s
energy consumption has increased to more than 3% (around 420 terawatts). They are also
held accountable for 2 % of total greenhouse gas emissions.

Figure 1, is an image extracted from Data Center Market and Technology Trends Power
Electronics presentation held at APEC 2016 from Yole Development. It intelligibly displays
the progressive growth in power consumption in GW from datacenters in different regions of
the world, including predictions for the upcoming two years. On the bottom part of the graph,
we can notice that the total amount of power consumption in 2010, of 28.5 GW, almost
doubled by 2020, estimated to be 58 GW.
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Figure 1: Datacenter facilities installed power (in GW) [46].
All the above shows a growing trend towards the upcoming decade for power usage,
electricity, and GHG emissions related to the operations of the datacenters in the world. This
fact cannot be overlooked, in contrary, it gives incentives to search for new capacity
management techniques on keeping this trend under a threshold, increase the efficiency of
datacenters and drive down costs along with the environmental impact of these facilities.
The latest research works in industry from big IT companies reveal that adoption of
predictive modeling in capacity management of datacenters is the solution to free stranded
capacity and identify practices for higher reliability and efficiency. In the upcoming sections
we will discuss in detail about this novel capacity management technique that will increase
the efficiency of datacenters and enhance management.

This thesis aims to demonstrate the use of different predictive modeling techniques to
forecast energy efficiency metric, PUE (elaborated in section 2.4), from existing data
generated within datacenter. The raw data used for the experiments is sourced from Facebook
datacenter in Lulea. The collected data is used to provide trends, and predictions about
datacenter’s power efficiency

5

1.1 GOALS AND DELIMITATIONS
As presented above, the figures about the tremendous amount of energy that is being
consumed by datacenters in the world and the growing trends for the future, require critical
attention towards this issue as well as novel capacity management techniques, which we
address in our work.

This thesis aims to compare case studies and already implemented solutions in industry of
new capacity management techniques using machine learning algorithms that can monitor,
predict efficiency and automate operations in datacenters. These new techniques help to
reduce the amount of energy consumption, carbon footprint and enhance management of
hyperscale datacenters. Moreover, our work aims to increase awareness of the environmental
footprint among big companies in IT industry, continuous operations of which account for
significant percentage of energy resources consumption in the world.

Regarding the technical side of the thesis work, it consists of different machine learning
technologies we have applied to build multiple predictive models for the forecast of PUE
metric. In this thesis work we intent to guide you through relevant supervised machine
learning approaches you could use for numerical predictions and more in detail about the
performance of each of them in the context we have applied them, as well as specifications of
our dataset with which we conducted our experiments. Several accuracy performance metrics
are used to calculate accuracy performance of every model we built and use these values to
benchmark the different models among each other.

We finalize the thesis with outstanding the models that outperformed the others in terms of
accuracy performance, however we do not conclude it with general statements, instead we
give some recommendation that we learned from our work. The results we have obtained, and
analysis we have conducted, can be a helpful guide on choosing the model that performs the
highest accuracy in predictions and suits the nature of the data generated within a datacenter’s
environment.

We would like to acknowledge the limited scope of our experiments in terms of the number
of data samples and type of dataset. IT load is a crucial factor to be considered in predicting
6

an accurate value of PUE since it is a direct factor in its equation. However, we are restricted
to data of external temperature, humidity, wind speed and wind direction factors.

Quantity and quality of data inputs present limitations to machine learning applications.
Therefore, it is crucial to have full spectrum of DC operational conditions to correctly train
mathematical models. Model accuracy reduces when less data is available. In our case we are
limited to a small dataset with 273 data points per each of the factors and output. As with all
empirical curve fitting, the same forecasting accuracy may be reached for numerous model
parameters. It is up to the analyst and DC operator to apply rational discretion when
evaluating model predictions.

1.2 RESEARCH QUESTIONS
The following list of research questions support the achievement of the aim:
•

RQ1: How do capacity management techniques, using predictive modeling, affect
efficiency of hyperscale datacenters?

•

RQ2: What is the benefit of PUE prediction?

•

RQ3: How to build predictive models to forecast PUE performance?

The first question (RQ1) is answered in the literature review work of this thesis. We provide
figures published from companies in datacenter’s industry and case studies that show us how
adoption of AI-based capacity planning techniques has increased energy efficiency of hyperscale datacenters.

We found out in our related work the reasons why it is necessary to monitor and predict
Power Usage Effectiveness metric for power-intensive facilities such as datacenters. Given
the motivation of a PERCCOM thesis, our focus is to study the green aspect of an existing
system, optimize it or build a new system that increases efficiency and reduces the
environmental impact. In our experimental work we predict PUE, the industry-de-facto
energy efficiency metric for datacenters. However, we also provide you with the
shortcomings of this metric that has become popular in this industry during the last decade.
7

Based on related work, we also find out about the factors that impact the value of PUE.

Regarding the last research question, we have explicated the answer to this question
throughout the Methodology, Model Implementation and Results sections. In these sections
we introduce you to several technologies that could be applied to build models to predict the
PUE metric.

1.3 THESIS STRUCTURE
This thesis report is organized according to the following structure:
•

The Introduction provides an overview of motivations and reasons for immediate
research work in this area.

•

The Related Work covers case studies and examples from the industry that are
focused on this topic. Similar work to ours conducted by other researchers and
companies is presented in this section, along with comparisons between one another.

•

The Developing the Prediction Models chapter covers the theoretical explanation and
intrinsic of technologies used in the experimental part. We give an overview of main
features of each machine learning technique we applied to make predictions.
Moreover, goes into details of experiments and the process of building models, tuning
and different scenarios.

•

The Results and Discussion covers the results obtained from experiments,
benchmarks carried out between different models as well as the sustainability analysis
of the system.

•

The Conclusion and Future Work wraps up the analysis of results presented in the
previous section and includes recommendations based on the findings and the
application context. It also indicates potential work that could be continued in the
future.
8

2

RELATED WORK

Datacenters have become the cornerstone of today’s global economy, controlling every
segment of human activities such as energy, telecommunications, internet, public health,
security systems, transport, urban traffic etc. Given the indirect importance of such facilities
in people’s daily lives, and the increasing demand for larger capacity of them, followed by
tremendous power consumption and skyrocketing operating costs, serious ongoing research is
being conducted to optimize and innovate this sector.

In the following sections, we present to you related work done in industry by leading
companies in the IT industry as well as research work relevant to the topic of datacenters’
optimization.

2.1 CAPACITY MANAGEMENT
Data center capacity planning is commonly carried out by executives and administrators of a
datacenter. It is usually done by analyzing the data center utilization for one to five years
ahead of current operations/ utilization. The main objective of high-level managers that
perform capacity management in a datacenter is to ensure that information technology
resources are optimally abundant to suffice the ongoing and future business requirements in
the most profitable way for their organization. In order to minimize risk for the business,
capacity planning helps them to become proactive by verifying if they are continuously one
step ahead in managing their IT resources.

9

Figure 2: Capacity Management full cycle [49].

In the Analysis step, the data collected from monitoring is analyzed in order to use it to
conduct tuning exercises and establish profiles. This is important to find out the proper
adjustments alarms and thresholds. When alarms or exception reports are raised, they need to
be examined, reported upon and handled with restorative actions.

Modelling is an important element of the capacity management cycle required at the dynamic
level. Using effective techniques and simulation software helps to explore capacity
management “what-if” scenarios so that in the end you come up with a customized model
that simulates your environment and accurately predicts desired output. Collected data from
monitoring and analysis should be primed to create automated capacity planning tools,
whether developed by the organization or as part of a packaged software solution. It is
strongly advisable that the solutions used to automate capacity planning be precise enough to
use for optimization or new implementation of services.
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Optimization phase helps to point out configuration areas that could be tuned to utilize
system resources with higher effectiveness or enhance performance of services.

Change Initiation is about identifying the necessary change and consecutive generation as
well as change request. There are cases when change implementation runs parallel to the
service which may require the service to be ceased temporarily. In these cases, Change
Initiation phase introduces to these services in production any change that have been
recognized by analysis and tuning activities. [49]

2.2 AI EMBRACED BY DATACENTERS
The advantage of applying machine learning algorithms instead of existing data monitoring
techniques is that these algorithms provide an opportunity to remarkably enhance the
operating efficiency of a datacenter. Millions of data points are produced everyday
throughout thousands of sensors in a typical hyper-scale datacenter, however, until now this
has hardly been used for applications other than monitoring purposes. Given the dynamic and
complex nature of datacenters nowadays and the large quantity of data, these machine
learning approaches could be relevant for accurately capturing nonlinear dependencies of
many variables in a datacenter.

Figure 3: AI-Driven Capacity management techniques graph [47].
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In Figure 3, it is depicted the relationship between efficiency and different approaches of
capacity management techniques. We can clearly notice from the graph how efficiency
increases by jumping from current reactive practices to automated and AI-driven capacity
management solutions which reduce human cost, errors that come alongside with that as well
as higher utilization of resources.

Based on one of the largest US-based manufacturers on networking, Belden Inc. [41], in the
very near future, DCIM software will contain an AI tool. This will enable advancement in
performance of mechanical and electrical systems, and at the same time, it will improve
management of compute and storage resources. According to Belden, AI will have a huge
impact on how DCs are run to the point that It will influence how datacenter operations work
and what is included into everyday tasks. Belden claims that thanks to AI, DCIM systems
will develop into “automation engineers”.

On the other hand, Google [37] has already implemented a custom AI DCIM (Datacenter
Infrastructure Management) solution that has reduced the overall datacenter power
consumption by 15 % and reduced cooling power by 40 %. Machine learning controls
approximately 120 Google datacenter variables, from fan speeds to windows. In 2004, it
purchased an AI startup (DeepMind Technologies) which led to the major breakthroughs in
the energy efficiency of Google’s data centers.

One more example of a company that integrates sensor data with operator knowledge is based
in San Jose, called LitBit. As stated by its CEO, LitBit’s data center AI or DAC enables
operators to build, instruct and tune their own “co-workers” by applying different machinelearning techniques. In return, these could provide feedback about different events across data
center, warning operators and ultimately automating actions. The crucial cause of LitBit’s
12

approach is assisted learning, where the system alerts operators when it notices an unusual
event, and as a response, operators design rules to face such events in the future. LitBit
collects data through its mobile app, which takes videos, and then these videos are converted
into images, which then are used for trainings.

Moreover, a set of Prognose software tool has been originated by Romonet [42] which could
be used to build predictive models for energy and capacity planning in a datacenter. Their
model analyzes different metrics that go into building a datacenter and is intended to perform
predictive modeling throughout the life of the datacenter, not just in the planning.

2.3 PREDICTIVE MODELLING FOR ENERGY CONSUMPTION IN
DATACENTERS
In this section we review the work conducted by other researchers that predict the PUE
metric for a datacenter using different predictive modeling techniques.

In the article of Jim Gao [3], a datacenter engineer at Google, an extensive work has been
conducted by him to predict the PUE metric of a Google datacenter. This work aims to
demonstrate that machine learning is an effective tool to leverage existing sensor data to
model DC performance and improve energy efficiency. The model has been tested and
validated at Google’s datacenter. In his work, the mathematical framework behind the
training of DC energy efficiency models is a neural network. Their training dataset spans 182,
435 of 2 years operational data samples per each of the 19 normalized input variables and one
normalized output, the DC PUE.
As it will be seen in the following sections where we elaborate on our system’s features and
implementation details, we use only 4 input variables to predict the PUE. As for the size of
the dataset, ours is small compared to the one utilized in this study, however, our work is
done for demonstrative academic purpose.
According to the results in Gao’s work, the neural network model achieved a mean absolute
deviation (MAD) of 0.004 on the dataset. In section 5 of our work we will review the
accuracy performance of our models, out of which the best performance is scored from our
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ANN model with MAD of 0.009. Moreover, Gao takes it further by conducting sensitivity
analysis to reveal the impact of individual operating parameters on the DC PUE, as well as
provide concrete applications of predictive modeling to DC optimization.

Another paper on which we have based part of our study work is paper [1], which introduces
a Belief Rule Based Expert System applied in a datacenter’s unpredictable environment to
predict PUE. This technique is employed to forecast the incident of an event under
uncertainty [4] [5]. According to the authors of the paper, BRBES is a relevant tool to predict
energy efficiency of datacenter taking into account the uncertainty of data accuracy in a
dataset. Given that the factors determining the PUE values cannot be measured with 100 %
accuracy, due to erroneous sensor readings or missing data, the BRBES can overcome these
issues by integrating the expert’s knowledge in the model.

In this thesis, we have extended their work by adding more input variables in the system that
affect the PUE, such as: humidity, wind speed, wind direction. In addition, we train the
BRBES with a dataset of 273 data samples per variable instead of 25 samples as in [1].

2.4 ENERGY EFFICIENCY METRICS
In the last years, significant research has been devoted to datacenters targeting energy
efficiency and eco-friendliness of their operations and facilities.

Firstly, we need to recognize the definition of energy efficiency of a system as the ratio of
useful work done by a system to the total energy delivered to the system. Concerning
datacenters, energy efficiency translates into the useful work performed by different
subsystems. According to Green Grid Association [6], metrics can be helpful for IT
organizations to gain insights about energy efficiency in order to enhance their existing
datacenters, as well as to help them take smarter managerial decisions. Two important
metrics that they have proposed for measuring datacenters’ efficiency are: Power Usage
Effectiveness(PUE) and Datacenter Infrastructure Efficiency (DCiE), with respective
calculating formulas:
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;

(1)

(2)
IT Equipment Power includes the load associated with all the IT equipment such as
compute, storage, and network devices.
Total Facility Power includes everything that supports the IT equipment load.

These are the two-prevailing metrics that have become the industry-de facto metrics for
evaluating the efficiency of a datacenter worldwide. Nevertheless, other metrics such as
Electronics Disposal Efficiency (EDE) [9], Carbon Usage Effectiveness (CUE) [10] and
Water Usage Effectiveness (WUE) [8] were proposed by the consortium to respectively
measure the disposal efficiency, the CO2 footprint and the water consumption per year, of the
data centers. In paper [11], the authors provide a thorough classification and analysis of
datacenters’ metrics as well as the dependencies among each other. However, in this thesis
work we will focus on the PUE metric, which is the output variable that our system will
predict.

2.4.1 PUE in Industry
Since its introduction within the industry in 2007, PUE has been used for comparison
purposes among datacenters. Nevertheless, due to method’s limitations, comparisons that it
offers are considered as unreliable since some strategies can improve PUE without cutting
down energy consumption. In its beginnings, industry average PUE values as presented by
many studies, lay between 2.5 to 3.0. Gradually, by using the framework that PUE offered,
average values decreased down to 1.7, as reported by a major survey conducted by Uptime
Industries [16]. It was PUE that shifted the industry towards energy efficient datacenters and
made it possible for large-scale datacenters to lower their PUE values to 1.1 [17].
Nevertheless, based on another survey that Uptime Institute conducted (2014), 75% of the
participants agreed that datacenter industry needs a new energy efficiency metric to broaden
the scope of energy efficiency assessment beyond PUE, to further drive down data center
energy consumption.
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Having an error-free and robust PUE model benefits DC operators and executives to compare
the real versus predicted performance of their datacenter for any given set of conditions. This
can be used by them to automate troubleshooting, real-time plant efficiency targets and
performance alerting.

We must bear in mind that the ultimate goal, whether from an environmental or cost
viewpoint, is to minimize energy consumption. Since powering the IT load is a substantial
portion of the overall electricity cost in a data center, cutback of the IT load must be the key
consideration in any energy efficiency initiative. To be able to measure our success in
reducing the IT load, power usage at the IT device level must become a critical metric. So,
how does PUE translate into cost in a data center? The annual cost to run a server can be
calculated using the following formula [45]:

(1)

As we can understand from this formula, in order to minimize the server power cost, we can
achieve it by bringing down the average server power or/and the PUE value. Given this
relationship, and the big number of servers operating in a datacenter, makes it easier for us to
comprehend that monitoring the PUE metric, keeping it within reasonable thresholds and
aiming to reduce it, directly concerns the executives of datacenters on monetary aspect.
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2.4.2 Efficiency Metric for Benchmarking Datacenters

It is crucial that PUE metric is measured throughout the year, in order to detect variation
patterns of this metric. Given the dynamic and changing nature of datacenters due to many
factors, its efficiency not only is affected by physical factors such as: facility infrastructure,
optimization techniques, types of technologies deployed in cooling system, IT systems; but
also, by the network traffic fluctuation which is an important factor in determining utilization
of the IT sector of a datacenter. Considering that inbound and outbound traffic of a datacenter
changes according to some patterns that their managers are aware of, and seasonal peaks,
PUE values depend on this fluctuation. Getting an overview of PUE distribution over a
period of a year, could help us find this correlation between traffic patterns and PUE
fluctuations. The function of PUE and IT load could be used as the new benchmarking tool
(graph) among different datacenters to give a fairer comparison accounting the effectiveness
of the datacenter as well [40].
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3

DEVELOPING THE PREDICTION MODELS

In this chapter we provide you with information on algorithms, mechanisms and underlying
reasoning of the different predictive models we built to predict PUE, the output metric of our
system. We elaborate on the workflow of the experimental part of this thesis, including the
tools used: Belief Rule-Based Expert System with Genetic Algorithm and Sequential
Quadratic Programming training modules, ANN and ANFIS. Furthermore, in the last sections
it is extensively discussed about the validation technique and performance metrics chosen to
assess models’ performance and benchmark them between each other. The focus of this work
aims to extend the research work of [1] and compare performance of their machine learning
technique to other machine learning techniques applied to the same dataset we have obtained.

3.1 PREDICTIVE MODELLING
Predictive modelling is the process of utilizing known results to build a model that can be
used to forecast future outcomes. Usually, this kind of model consists of a machine learning
algorithm that learns certain features from a training data set to make predictions. Learning
algorithms use past experiences to construct a representation of the learned-about subject.
Main purpose of learning is to make predictions and respond to them properly. Predictive
modeling can be divided further into two sub areas: Regression and pattern classification. In
our work we are dealing with Regression models since we predict numerical values as output.
Regression model is a powerful statistical tool that examines relationships between variables
and trends so to make predictions about continuous variables, e.g., prediction of the PUE
metric in a datacenter, that we have presented below. [18]

18

Figure 4: Types of machine learning algorithms.

The use cases we present in this paper make use of supervised learning techniques that
require a defined response measure. Machine learning algorithms we have used, seek to build
a model that can make predictions from using a known dataset (training subset). Test subset
is used to validate the model. Regression algorithms we have used in different cases are:
Decision Trees, Neural Networks and an integration of them both in the Adaptive Neural
Fuzzy Inference System tool.

Diagram in Figure 5 shows main steps of a typical supervised learning technique and gives an
understanding of how they are connected. Details about each of the steps are provided in the
subsequent sections for each of the supervised learning techniques that we have used in our
work.
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Figure 5: Diagram of main steps in a Supervised Learning method [48].

3.2 BELIEF RULE BASED EXPERT SYSTEM OVERVIEW
Belief Rule Based Expert Systems (BRBES) are applied to assess the performance of a realworld system or predict the incident of an event with ambiguity. Due to the high complex
nature of real-world systems and large number of factors which are difficult to measure with
absolute precision, BRBES is used to model these systems. Its architecture includes the
knowledge-base and the inference engine [12]. Belief Rule Base shows uncertain knowledge,
whereas evidential reasoning is used perform the inference process to produce decision
scenarios from the BRBES.

Belief Rules are expansion of traditional IF-THEN rules. A belief rule is composed of the
antecedent bit (one or more antecedent attributes related to referential values embedded with
20

belief degrees) and a consequent part. Nonetheless, when belief degrees are summed up to
one, then the rule is complete, otherwise it is considered incomplete. In case the rule is
incomplete, BRB is the one that addresses the issue of uncertainty caused by incompleteness.
Moreover, rule weights, antecedent attributes and belief degrees which are regarded as the
learning parameters, can be tuned by the training module to derive an optimal value from the
BRBES.

(3)
IF (Temperature is Medium) and (Humidity is High) and (Wind Speed is High) and (Wind
Direction is High)
THEN PUE is (High, 0.7), (Medium, 0.2), (Low, 0.1)

(4)

Where
(High, 0.7), (Medium, 0.2), (Low, 0.1) is a belief distribution associated with three referential
values of the “PUE”, which is our consequent attribute. In this belief rule, the total degree of
belief is (0.7+ 0.2+0.1) =1, therefore, the assessment is complete.

3.3 BRB-ES TO PREDICT PUE
Firstly, we developed the BRB framework that includes the parameters which we are
interested in predicting, the PUE metric, and the four input factors which affect the PUE
values: Temperature, Humidity, Wind Speed and Wind Direction.

Figure 6: Belief Rule Base Tree.
By examining the antecedent attribute values (Temperature, Humidity, Wind Speed, Wind
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Direction) and the original consequent attribute values (PUE) of our dataset, we created the
relationship between the categorical values and numerical values so that the latter ones can
cover the attribute value range.

Based on our set of data, it is assumed for Temperature (°F) that:

For Humidity, it is assumed that:

For the Wind Speed (km/h), it is assumed that:

For Wind Direction (°), it is assumed that:

For PUE, it is assumed that:

Our dataset consists of 273 data points obtained during a three months period from December
1st to February 25th, sampled every 7 hours. PUE, humidity and temperature data samples are
sensor readings collected from the sensors deployed in Lulea Datacenter of Facebook, while
wind speed and wind direction data are collected form Weather Underground [50]. Python
has been used to parse the JSON files with data and extract the values corresponding to the
respective timestamps. In Figure 7 it is presented the overall architecture of communication
with the server that hosts the BRB tool, as well as its compounding modules.
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Figure 7: System Architecture of the BRB-ES.

3.3.1 Inference Engine using ER Approach
The inference task consists of three steps: input transformation, rule activation and weight
calculations, belief update and rule aggregation using Evidential Reasoning approach. Figure
8 displays the inference procedures’ steps of the BRBES.

Figure 8: Single-layer BRB Inference architecture.
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3.3.2 Input Transformation and Rule Activation Weight
The input transformation of an antecedent attribute

(e.g. Temperature) includes

distribution of the value into belief degrees of various referential values of that same
antecedent. For example, if the value of Humidity of a datacenter is 40, then we can translate
this value into referential values such as: High, Medium and Low. As a result, each value will
get a matching degree (belief degree) for demonstration purposes, meaning that this particular
value (40) will match each of the referential values (H, M, L) as presented in Equation 5.

(5)
The rule is said to be activated when matching degrees (

,

,

) are allocated to the

referential values of that same rule. Nevertheless, a rule is composed of one or more
antecedent attributes, therefore, it is crucial to ascertain the combined matching degree of a
rule consisting of all the antecedent attributes by conducting a simple weighted multiplicative
aggregation functions as shown in Equation (6).

(6)
Where

is the relative weight of
the weight of

used in the kth rule, which is the ratio of

over the maximum weight of all the antecedent attributes of the kth rule.

This way, we normalize the value of

which means that the range of its value is limited

between 0 and 1. Afterwards, the combined matching degree is used to calculate the
activation weight of each of the rules in the BRB to indicate its relative value by using
Equation (7).

(7)

Where

is regarded as the rule activation weight, whereas

matching degree, while

represents the rule weight of the kth rule.
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represents the combined

In the case of rule activation weight of zero, it means that the rule is not activated and does
not have impact.

3.3.3 Belief Update

We detect ignorance when we find it impossible to gather input values of one of the
antecedent attributes of a rule. In such situations, the belief degree embedded with referential
values of the subsequent attributes throughout the development of the initial BRB must be
upgraded, and application of Equation (8) [66] allows us to attain that.

(8)

is the real belief degree, whereas

is the updated belief degree of the ith referential

value of subsequent attribute of the kth rule, where:

3.3.4 Rule Aggregation

We are using the BRB-ES to predict the PUE metric based on input values of our factors:
temperature, humidity, wind speed and wind direction, which serve as antecedent attributes.
To be able to do the predictions, the rules need to be aggregated. The aggregation process is
achieved by applying Equation 9, which encapsulates the evidential reasoning algorithm [] [],
where

represents the aggregated final belief degree of the jth referential value of the

consequent.

(9)
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With u calculated as below:

After the prediction level of PUE is obtained using Equation (9) with certain belief degrees
associated with each of the referential values (High, Medium, Low), by applying Equation
(10) we convert it into a crisp value, y, by using some desired values, u,

(10)

3.3.5 Training Module
In this section we introduce two nonlinear programming optimization algorithms used to train
the BRB models in to achieve a better accuracy performance. The first method is the fmincon
function from MATLAB using the SQP (Sequential Quadratic Programming) algorithm. It is
an iterative method for constrained nonlinear optimization. See reference [19] for more
detailed information on how to use fmincon function and select the relevant algorithm for
your problem.

The second method is the Genetic Algorithm optimization function from MATLAB. The
algorithm essentially repeatedly modifies a population of individual solutions. In each
iteration, individuals are randomly selected from the current population by the genetic
algorithm which uses them as parents to produce the children for the next generation. The
population "advances" toward an optimal solution over successive generations. Reference
[20] elaborates on this nonlinear programming solver and how to integrate it in your code.
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Figure 9: Optimal training module

Figure 9 gives us a general understanding of the training module within the BRB-ES
architecture. This module aims to obtain an optimal set of parameters: rule weights, attribute
weights and consequent belief degrees

by training the BRB using historical data.

Paper [25] is dedicated to this module and presents different training modules for different
types of BRB-ES with examples.

3.4 ARTIFICIAL NEURAL NETWORKS (ANN)
Neural networks are suitable to find any existing relationship between input variables and
output variables. In the case when we are interested in a complicated and unknown inputoutput relationship of a system, neural networks are the approach to follow to discover the
mystery. An artificial neural network is composed of three layers: input, hidden, and output.
The input receives data from the external environment, whereas the hidden layer consists of
neurons and is responsible for converting the input to output. The output layer is also
comprised of neurons and is expected to assemble and present the final outputs. [24]
Table 1: ANN tuning scenarios applied in our models
Network Type
Scenario
Number of Layers

Feed-Forward Backpropagation
I
II
3
3

Neurons
Number of Iterations
Training Algorithm

10
15
20
9
9
13
Levenberg-Marquardt Backpropagation Algorithm (trainlm)

Data Division

K-fold Cross validation
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III
5

We have shown in Table 1 three different tuning scenarios we applied to build our ANN
models, including the type of network, the training algorithm we chose, number of layers of
the network, number of neurons per layer as well as number of iterations. However, in the
end we went with the first scenario since it responded with a higher accuracy performance for
our type of dataset.

3.5 ADAPTIVE NEURAL FUZZY INFERENCE SYSTEM (ANFIS)
ANFIS was introduced by Jang [21]. This tool has been widely used for forecasting
parameters of complex systems, modelling as well as controlling. ANFIS stands for Adaptive
Neuro-fuzzy Inference System which is essentially an integration of fuzzy inference system
(FIS) and artificial neural network (ANN). This unification produces a robust advanced tool
that overcomes the disadvantages in both approaches. The ANFIS model can be trained
without relying solely on expert knowledge sufficient for a fuzzy logic model. ANFIS uses an
ANN learning algorithm to set fuzzy rules with the relevant membership functions (MF) from
input and output data. In contrast to the ANN, ANFIS model is more transparent to the user
and generates not as much memorization errors. Other advantages of ANFIS over ANN
comprise adaptation capability, nonlinear ability, and fast learning capacity [23].

This approach is essentially a rule-based fuzzy logic model, rules of which are developed
during the training process. ANFIS establishes a fuzzy inference system (FIS), whose
membership function parameters are then extracted from training examples. We used Sugano
inference system in our experiment since it is more computationally efficient compared to the
Mamdani type due to the adaptive techniques that uses to build models and adapt the
membership functions based on the dataset. It has shown to work well with optimization and
adaptive techniques and is trained by real data which is our case.
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Figure 10: ANFIS input-output “black-box” diagram.

3.6 MODEL PERFORMANCE METRICS

On the basis that no accuracy measure has been standardized as the “best” metric to assess
the performance of a model [26], we evaluate the models by comparing them among each
other based on three accuracy metrics we chose. RMSE, MAD and MAPE are considered
“error metrics”, i.e., lower values mean better predictive performance.

The RMSE is defined as the square root of the variance of the residuals. The value of the
RMSE shows the absolute suitability between the model and the data. In other words, it
indicates the proximity between the original data points (y) and the predicted values of the
model ( ). The lower values of RMSE show a better fit of the model with the dataset.
Furthermore, RMSE is considered as an effective unit for determining the prediction
accuracy of the model regarding model’s response. In addition, it is crucial criteria for the
absolute fit, if the model has as its main goal the prediction [27].
The formula is:
(10)
where
y – observed data points
- predicted values
n – total number of data points
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Another applicable measure widely used in evaluations of predictive models is the Mean
Absolute Deviation (MAD). Even though both metrics have been used to estimate model
performance for a long time, there is no concord on the dilemma of which one is the most
suitable metric for model errors. RMSE is regarded by many in the field of geosciences, as a
standard metric for assessing errors of a model ([28] [29] [30]), while it is avoided by few
others who choose to present only the MAD metric, citing the ambiguity of the RMSE
claimed by [31] ([32] [33] [34]). While the MAD gives the same weight to all errors, the
RMSE penalizes variance as it gives errors with larger absolute values more weight than
errors with smaller absolute values. However, we will calculate MAD for our models as well,
with the corresponding formula:

(11)

In the case of MAPE, accuracy is calculated as percentage of the error. Thus, it is a more
comprehensive way of expression, compared to other statistics. For example, a MAPE value
of 3 indicates that the forecast is, on average, off by 3% [35].
The equation to calculate MAPE is:

(12)

3.7 VALIDATION
We commonly train models to fit a dataset by reducing some loss function on a training set.
However, there is a limit where minimizing this training error will no longer benefit model’
true performance, because this way, the training error of the model will only be minimized on
the particular dataset. We are more interested in a reliable model that can respond with
accuracy to new data introduced to it. This basically points out that the model and the data
points in the training set have been too close-fitted with each other. This phenomenon is
called overfitting. To determine if a model is overfitted or not, it is necessary to first estimate
the generalized error that the model will have on future data. Afterwards, the over fitness is
determined by comparing the generalized error with our performance on the training set.
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There is a plethora of ways that can be used to estimate the generalized error.
One of the most common methods for estimating performance of a predictive model is K-fold
Cross Validation. This method is effective when there is a need to estimate the performance
of a learning method, that is characterized by a medium or small pool of samples. It is
important to find the trade-off between the maximum number of training data points to get
the best learning results, and the maximum number of test data points to get the best
validation results. Every data point that one gets from the training set into the test set is lost
for the training set. Cross-validation technique divides the set into k equally sized partitions.
In K fold CV you run k separate learning iterations. One of the subsets gets picked as test set
in each iteration. You evaluate the performance on the test subset, you run the experiment K
times and then you average the k different test performances for the k different hold out sets.
This results in more compute time, but the assessment of the learning algorithm will be more
accurate, because in a way we have used all data for training and for testing in the K
experiments that have been run.

Figure 11: One iteration of a 5- Fold Cross-Validation.
In our work we have used 5-fold cross-validation for every model we built in order to be
consistent and fair in the final stage of benchmarking the models’ performances between
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each-other in section 5. Another reason why we used the parameter k=5, has to do with the
fact that we are dealing with a small-size dataset which gives a training/testing data samples’
ratio of 80:20, an acceptably fair ratio for a supervised machine learning model to have a
performance that avoids overfitting or underfitting of the data. However, for our BRB-ES
model we experimented with two values of k, 5 and 10, the results of which we compare in
Section 5.
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4

RESULTS AND DISCUSSION

Having an accurate PUE model in place is important for DCs for many reasons. For example,
a robust efficiency model allows DC operators to evaluate PUE sensitivity to DC operational
parameters. In addition, the possibility of comparing actual versus predicted values of DC
performance can be used for automatic performance alerting, troubleshooting and real-time
plant efficiency.

Lastly, a thorough DC efficiency model allows operators to simulate the DC operating
configurations without making physical changes. Presently, it is hard for operators to predict
the effect of a plant configuration change on PUE before enacting the changes, because of the
complexity of modern datacenters and the interactions between multiple control systems.

4.1 PERFORMANCE ANALYSIS OF MODELS
As discussed above, we have used three different supervised machine learning approaches to
predict the PUE metric, using the same dataset for all of them. Several models have been
built for each of the techniques and their average performance metrics have been calculated.
We use these results in section 5.2 to benchmark these techniques between each other.

4.1.1 Random BRB versus Trained BRB Performance

For our BRB-ES we built four scenarios to observe its behavior and find the one that scores
the highest performance among them. Firstly, we predict the PUE using the Random BRB-ES
without the training module that optimizes the results per each iteration. Next, we implement
the training module for our BRB-ES using fmincon optimization function using SQP
algorithm. We run two different scenarios for this model, the one with cross-validation
parameter k of 10, running 10 experiments, and k of 5, running 5 experiments. The purpose
of this approach was to compare the difference in performance using these two different
parameters for the cross-validation. The last model consists of the BRB-ES trained with
Genetic Algorithm optimization function, with parameter k of 5, running 5 experiments.
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The Average RMSE score for each of the scenarios mentioned above is presented in Figure
12. Reasonably, the BRB-ES optimized with SQP and parameter k of 10, has the lowest
RMSE score which indicates the best performance of the BRB-ES models. However, the
BRB-ES optimized with SQP and parameter k of 5 scored the second-best performance,
significantly higher than the Random BRB-ES and BRB-ES optimized with GA. The reason
why BRB-ES trained with SQP and parameter k of ten performs slightly better than the one
of five is explained by the larger amount of data used for training and less for testing which.
However, the difference is not significant, and we will only use the model with parameter k
of 5 in the later sections for benchmarking with different techniques.

On the other hand, we were expecting the BRB model optimized with Genetic Algorithm
solver to have a much higher accuracy performance, instead it performed the worst. From our
research work, we found out that GA solvers are particularly applicable to problems which
are large, highly non-linear with features that traditionally add to the complexity degree of
solution. This was not the the case with our dataset. Due to the small dataset limitation we
faced, we do not exclude this evolutionary algorithm as a potential optimization solver for
our problem. The work we present in this thesis is demonstrative and so is the dataset we
experiment with, but the situation changes when it comes to implementation of these
algorithms in industry dealing with huge datasets and many variables.

Figure 12: Ascending column graph of RMSE score of BRB models.
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Figure 13: Ascending column graph of MAD score of BRB models.

Figure 14: Ascending column graph of MAPE score of BRB models.
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4.1.2 ANN Models Performance

We ran 5 experiments for our ANN model with three layers and 15 neurons, from which we
calculated the average performance metrics. However, before running models for the chosen
type of network, we tried many combinations of network with different number of layers and
neurons per layer. The model with three layers and 15 neurons per layer, was the one with the
best performance among them, so we conducted the cross-validation experiments with this
network for our ANN models.

Figure 15 presents the train, validation and test curve of one experiment we ran with our
network, and the best validation model is achieved at epoch 5 with the smallest
RMSE=0.0111.

Figure 15: Training, validation and test performance.

36

Figure 16: Training, validation and test regression plotting.

Figure 17: Gradient variation over epochs.
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4.1.3 ANFIS Models Performance

From experimenting with ANFIS models with different parameters for our dataset, we chose
the model with 3 referential values. We ran 5 experiments with it and proceeded with
calculating performance metrics per each experiment and in the end, the average of the five
results.

Figure 18 displays the data plotting of training PUE predictions against the original values,
whereas Figure 19 shows plotting of testing PUE predictions against the real values.

Figure 18: Training PUE predictions plotted against real PUE values.

Figure 19: Testing PUE predictions plotted against real PUE values.
Although the figures above represent the output of one experiment only, we can still observe
that training output data points do not deviate as much as testing output data points against
input values. As it is graphically implied that the training error for the ANFIS model is lower
than the testing error, the same is reflected in our final results.
Average RMSE training=0.0154; Average RMSE testing=0.0519
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4.2 BENCHMARKING

Table 2 presents the accuracy performance of the different models we experimented with in
the previous sections. According to the results we obtained, ANFIS seems to be the model
that scores the highest accuracy in terms of RMSE metric compared to the other models.

Table 2: Performance metrics results of models
Model\Metric

RMSE

MAD

MAPE

ANN

0.0206

0.0095

0.8853

SQP Trained BRB

0.0207

0.0101

0.9466

ANFIS

0.0519

0.0201

1.8152

Random BRB

0.0760

0.0650

6.1011

GA Trained BRB

0.0867

0.0815

7.6548

It is followed by the Trained BRB with SQP optimization algorithm, with parameter K=5 for
the cross-validation protocol. Although this model performs better compared to the rest of
models, it takes longer computational time to converge, due to the iterative nature of SQP
algorithm.

The accuracy of the Random BRB without training module has exceeded our expectations
regarding the accuracy performance leaving behind the BRB model trained with Genetic
Algorithm.
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Figure 20: Ascending column graph of average RMSE for predictive models.

Figure 21: Ascending column graph of average MAD for predictive models.
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Figure 22: Ascending column graph of average MAPE for predictive models.
Observing testing results of performance metrics for ANN and ANFIS, we notice that ANFIS
performs worse than ANN, with testing RMSE value of 60% higher than testing RMSE of
ANN. However, we were expecting this model to perform better since it is a model that
combines the benefits of two machine learning techniques (Fuzzy Logic and Neural Network)
into a single technique [16]. Therefore, we looked into average training error for both models,
presented in Figure 23. We notice that ANFIS model’s training RMSE is smaller that ANN’s
training RMSE, but when it comes to the validation error, ANFIS model performs much
worse than ANN model.

This leads us to reasoning that this model might be overfitting our dataset, therefore it
performs much lower accuracy when we validate the model with new data introduced to the
system during the testing phase.
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Figure 23: Training and testing RMSE for ANN and ANFIS models.
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4.3 SUSTAINABILITY ANALYSIS

Figure 24: Sustainability Analysis of the System based on [44].

Environmental and sustainability evaluations of our system help us to quantify and
understand the actual impact on nature and economy, as well as its impact on society. We
base our assessment on the framwork presented in [44], from which we were able to visualize
it on the pentagram in Figure 24. This framework not only allows us to reflect on the
Immediate, Enabling, Structural effects of our system on five pillars of sustainability:
Techincal, Environmental, Individual, Social, Economic, but also allows us to create the
cause-effect relationships between these effects across the five pillars, represented by the
colored arrows in the pentagram. In the center of the pentagram it is our system, the impact of
which is analyzed as below:
•

Environmental
-

Enabling effect: Given the short-time interval of noticing Immediate Effects, it
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is hard to see the environmental impact in such short perod, hence we dont see
the immediate effect. However, cutting down power consumption by
implementing this system in a large-scale datacenter, in a longer time interval,
will enable preservation of natural resources, especially the energy resources.

-

Structural effect: In the long run, adoption of this system wil contribute on the
Carbon Footprint reduction of the datacenter, which will cause other effects
alongside.

•

Social
-

Enabling Effect: Considering that hyperscale datacenters belong to big IT
companies, and serve as the backbone of IT infrastructure, their connection to
society, comes in a indirect way, nevertheless, we skipped the Immediate
effect of society. However, regarding the Enabling Effect, adoption of the
system will cause unemployment, due to automation of operations.

-

Structural Effect: In the long run, reducing their carbon footprint, companies
will earn respect and trust from clients.

•

Economic

-

Immediate Effect: Adopting such system in datacenter’s environment, will
reduce electricity bills and human costs for the company.

-

Enabling: Looking at economic impact for a longer time interval, such actions
from big companies with motivate other competitors in the market to take
similar initiatives and revolutionize the datacenter’s sector in industry.

-

Structural Effect: Monitoring and forecasting PUE will help and motivate
these companies to reduce this metric. Publishing values of PUE and
benchmarking these values with other datacanters will brand them as ”green”
and ”eco-friendly”, a label which has become crucial nowdays to hold it,
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hence will help them prevail market. We have the example of Facebook that
publishes their real-time PUE values and is considered as the company with
the most efficient datacenters in the industry.
•

Technical
-

Immediate Effect: The positive technical effect is the automated process that
comes from implementation of these new techniques which eliminate human
errors. Nevertheless, this effect itself is a cause for another negative impact on
the social pillar that it increases unemployment.

-

Enabling: Predictive Analytics allows datacenter’s executives to learn trends
of their data and be prepared for the future.

-

Structural: In the long run, it will enhance high-level management in
datacenters and help the managers prevent future disastrous events, by taking
actions in advance.
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5

CONCLUSION AND FUTURE WORK

This master thesis work has discussed implementation of AI as a novel capacity management
technique in hyper-scale datacenters, to automate monitoring and forecasting of different
parameters.
We have provided factual examples from big IT companies in today’s industry, to
demonstrate the importance of this technique to capture and forecast the dynamic
nonlinearities of datacenter’s variables. Hence, it has resulted in significant increase of
energy efficiency for these energy-greedy facilities.

Different supervised machine learning approaches are introduced to predict the PUE
(industry-de-facto energy efficiency metric) for datacenters and compare results of different
models to conclude with the model that scored the highest accuracy performance for our
dataset. In our work, ANN was the model with the highest performance in terms of RMSE,
MAD and MAPE metrics, as well as compute time. However, the results strongly depend on
the nature of the dataset and the regularity of the data samples. For example, if given an
incomplete dataset, the ANFIS or BRB model could be more relevant choices since they
consider various types of uncertainties contrary to ANN.

It is imperative to emphasize that the work in this study was conducted using a small-scale
dataset with real data, however, insufficient to draw general conclusions for implementation
in real working environment of a datacenter. Nonetheless, the analysis conducted over
technologies used in this work stands relevant as a core reasoning for any predictive
modeling.

In our use case, it is possible that in the future, the number of input factors that determine
predictions be increased. For example, one important factor that could ameliorate prediction
accuracy could be the IT load. Given the correlation of IT load and energy consumption from
the ICT sector of a datacenter, it could help the system to detect the relationship between the
PUE fluctuations and IT load over time.
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A datacenter operates 24/7 throughout the year, with no toleration for down-time. Hence,
predicting the PUE metric for the whole year would be more beneficial for datacenter
managers, who can detect patterns of PUE throughout the year to help them plan and take
measures in advance.

Predicting the PUE over a yearly period needs larger dataset. Though, given the large amount
of data generated from datacenter’s components could be a good example of leveraging
sensors’ data to build analytical intelligence. This could improve management and operation
of software-defined datacenters. Making use of this voluminous amount of data as input for
our system, would lead us to implementing more relevant AI techniques such as deeplearning. Deep-learning models are more suitable to work with large datasets and detect
patterns in an unsupervised way, making the system independent and more accurate due to a
large number of layers in their architecture.
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APPENDIX 1. Results from the experiments
BRB models – results from iterations.

1. Random BRB
RMSE, MAD and MAPE values from running a random BRB
RMSE
MAD
MAPE

0.07605
0.065014
6.101115

2. BRB-ES trained by Sequential Quadratic Programming solver, with
cross-validation coefficient K=5.
No. of
Iterations
RMSE
MAD
MAPE

1
2
3
4
5 Average
0.014134 0.028344 0.018948 0.026307 0.015757
0.020698
0.010305 0.011721 0.009423 0.010298 0.008883
0.010126
0.961684 1.058058 0.86506 1.02763 0.820491 0.9465846

3. BRB-ES trained by Sequential Quadratic Programming solver with
cross-validation coefficient K=10.
No. of
Iterations
RMSE
MAD
MAPE

1
0.0117
0.0061
0.5781

2
0.019
0.0097
0.8983

3
0.01866
0.01241
1.15143

4
0.01088
0.00702
0.65424

5
0.0105
0.0067
0.6272

6
0.0168
0.111
1.053

7
0.0099
0.00592
0.55374

8
0.018
0.012
1.09

9
0.01502
0.00974
0.91765

10
0.05209
0.02254
2.08657

Average
0.020254
0.022522
1.067759

4. BRB-ES trained by GA optimization solver with cross-validation
coefficient K=5.
No. of
Iterations
1
2
3
4
5 Average
RMSE
0.083962 0.079192 0.091268 0.103864 0.074994 0.086656
MAD
0.079988 0.074913 0.085081 0.098413 0.069315 0.081542
MAPE
7.5067
7.0088 7.957225 9.318745 6.482419 7.654778

5. ANN Model with cross-validation coefficient K=5.
No. of
Iterations
1
2
3
4
5 Average
RMSE
0.014823 0.02685 0.018911 0.023449 0.018941 0.020595
MAD
0.00838 0.010926 0.007802 0.007241 0.012995 0.009469
MAPE
0.772759 0.981196 0.714213 0.731038 1.227089 0.885259

Training Error:
No. of
Iterations
1
2
3
4
5 Average
RMSE
0.019429 0.016562 0.018822 0.018305 0.019134 0.01845
MAD
0.008083 0.007617 0.006604 0.008971 0.00838 0.007931
MAPE
0.756957 0.718114 0.620552 0.827416 0.779438 0.740495

6. ANFIS: K=5
No. of
Iterations
1
RMSE
0.089652
MAD
0.027325
MAPE
2.378116

2
3
0.0314
0.0444
0.0131
0.0202
1.0443 1.862918

4
0.0247
0.0104
1.02356

5 Average
0.0691 0.05185
0.0296 0.020125
2.767 1.815179

Training Error
No. of
Iterations
1
2
3
RMSE
0.016789 0.013685 0.015639

4
5 Average
0.01428 0.016425 0.015364

(continues)

APPENDIX 1. (continues)
1. Python Code
Python code that sends HTTP requests to the server where BRB-ES is hosted
and receives the PUE predictions which saves them in a text file

Python code that converts wind direction to degrees

