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Abstract

Increasing awareness of climate change, pollution, reduced infrastructure in-

vestment availability and escalating fossil fuel prices have set pressure over policy-

makers and energy sector planners to better utilize the electricity infrastructure by

reducing or shifting peak load and to conserve energy.

Demand Side Management (DSM) measures ranging from advanced building

controls to indoor-climate control and building equipment/envelope enhancement

are designed to address this problem. Accurate determination of the ex-post im-

pact of such measures is a widely recognized barrier to the wider deployment of

DSM initiatives. The task is complicated by the dynamic nature of the system, the

coupled interaction of multiple sub-systems and the high correlation with weather

and other perturbations.

A baseline model of electricity consumption was establish for the city of Abu

Dhabi, UAE, which will enable the comparison between different DSM interven-

tions focused on curbing cooling demand and the business-as-usual (baseline) case.

In the procedure proposed, also referred to as inverse load modeling, a novel hourly

regression model of the aggregate load was estimated based on historical data. Dif-

ferent day schedules and seasonalities were accounted for, as well as the marginal

effect of weather parameters such as temperature, relative humidity, wind speed

and solar irradiance.

The model produced accurate results; adjusted R-squared of 0.9938 for the

ii



training data (year 2010). The load during the first half of 2011 was used as ver-

ification data-set resulting in a RMSE of 34.19MW, equivalent to 1.99% of the

growth-trend corrected annual peak load, and a MAPE of 2.75%.

It was identified that the cooling load accounts for approximately XX% of the

overall electricity usage, while during the peak summer hour this value reaches

YY% of the total electricity load. These values are to be minimized with policies

and building codes that target overall energy efficiency, in order to curb emissions

and wasteful energy consumption.
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CHAPTER 1

Introduction

1.1 Background and Motivation

The UAE has seen significant population growth in the last decade [27]. Alongside

the inherent benefits of population and workforce increase, a series of problems

also arose. Every human activity has a biosphere demand, that can be compared

to the Earth’s regenerative capacity. The Ecological Footprint, the measurement of

the ecosystem’s demand, is the sum of all cropland, grazing land, forest, fishing,

timber and fibers, as well as the forestry area required to absorb the waste from

energy production and the overall infrastructure area, regardless of where they are

located on the planet. According to the World Wildlife Fund’s Living Planet Report

2008 [43], the UAE had the world’s worst ecological footprint per person, experi-

encing only minor improvements by the publication of the 2012 report [44]. This

report called for proper planning and policy-making in order to rein in the country’s

environmental impact, in an era where international pressure towards mitigation of
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CHAPTER 1. INTRODUCTION 2

pollutants and green house gases (GHG) emissions has increased.

International agreements, such as the Kyoto Protocol which proposed an emis-

sions cap and trade scheme applicable to only a group of countries (those called

Annex I countries), has proven to be insufficient as overall world emissions have

been increasing and reaching year after year record high levels [14]. Other carbon

taxes and localized emissions punishment measures also generate what is called

Carbon leakage, “defined as the increase in CO2 emissions outside the countries

taking domestic mitigation action divided by the reduction in the emissions of these

countries. It has been demonstrated that an increase in local fossil fuel prices result-

ing, for example, from mitigation policies may lead to the re-allocation of produc-

tion to regions with less stringent mitigation rules (or with no rules at all), leading

to higher emissions in those regions and therefore to carbon leakage. Furthermore,

a decrease in global fossil fuel demand and resulting lower fossil fuel prices may

lead to increased fossil fuel consumption in non-mitigating countries and therefore

to carbon leakage as well” [10].

Motivated by climate change and recent environment protection conferences as

the United Nations Conference on Sustainable Development RIO+20, held in Rio

de Janeiro, Brazil, on June 2012 and the Doha Climate Change Conference, held

in Doha, Qatar in November 2012, or binding agreements which tends to produce

uneven economic onus, the market force caused by worldwide increasing fossil

fuel prices has created a new appeal for energy efficiency. Energy efficiency is

undoubtedly one of the most constructive and cost-effective ways for achieving

GHGs emission reductions, since the opportunity cost of the saved fuel alone is

often greater than the cost of implementing corresponding energy efficiency mea-

sures. Thus, it becomes important to study urban energy consumption and to apply

this knowledge for planning and policy making to improve urban environment and

at the same time decrease the energy consumption, pollutants and GHGs emissions
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in cities.

Broadly speaking, energy efficiency measures can be divided into two main

categories: Supply side and Demand side. Supply side measures focus mainly on

electricity production plants and all the systems directly connected to it. Generally

the electricity generation process goes through a series of energy conversions, as

the options for directly converting primary energy to electricity are limited. In a

thermal power plant for example, the primary energy is often converted to high

pressure steam, which then is converted into mechanical energy through a steam

turbine, directly connected to generators where the electricity is produced. Improv-

ing overall conversion efficiencies and processes from the primary energy source

to the electricity being transmitted to the customers can therefore produce consid-

erable improvements. On the other hand, demand side measures are those applied

on the end-use side of energy. This energy is most of the time electricity consumed

by urban communities, as it is the most used and the most easily convertible into

other forms of energy for a broad range of applications such as indoor air condi-

tioning and hot water production as well as for powering lighting and home appli-

ances/devices such as refrigerators and computers. Worldwide aggregate buildings

energy consumption is estimated to reach 50%, while this value reaches 70% for

the Gulf region [30]. The industrial sector, even though has great contribution

towards overall energy consumption, is beyond the scope of this work.

Increasing fossil fuel prices and reduced infrastructure investment availabil-

ity is prompting energy sector planners to reduce and optimize energy generation

requirements and enhance the utilization of the existing electricity infrastructure.

Energy generation, transmission and distribution infrastructures have to be sized

to supply the annual peak load, even if that peak occurs only during a short pe-

riod and is far higher than the average system utilization rate. At the urban scale,

better infrastructure utilization can be achieved through Demand Response: peak
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Figure 1.1: Peak Shaving/Load Shifting

 

Figure 1.2: Energy Conservation

shaving–directly reducing the load during peak hours–and load shifting–shifting

energy usage from high demand periods to lower demand (usually during late hours

in the night until early morning)–as presented in Figure 1.1. Both actions, applied

systematically, can result in reduced generation and transmission/distribution ca-

pacity requirements. Although Demand Response impacts emissions favorably

[45], GHGs emission and fossil fuel use reduction is mainly achieved via energy

conservation, where the overall load in the system is reduced as exemplified in

Figure 1.2, also leading to a more efficient allocation of generation sources.
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In some scenarios where price of fossil fuel sold to generators or retail energy

prices (or both) are subsidized or when the investment in energy efficiency retrofits

is paid for by a different entity than the one actually benefiting from the result-

ing savings (the “principal-agent” dilemma), a standard method for identifying and

accounting the overall energy savings is necessary to provide a level field for the

actors in the energy efficiency business. Estimating savings is a difficult task es-

pecially when monetary flux is also included, given the complexity and dynamics

of the systems involved, the uncertain role of energy prices, lack of information

on driving variables, unpredictability of end-user behavior and weather variabil-

ity. The objective of this study is to establish a baseline model of air condition-

ing electricity consumption which will enable the measurement and verification

of demand-side energy efficiency interventions by defining a business-as-usual as

baseline. Another potential application of the baseline model is to identify the pa-

rameters having a physical interpretation and then simulate the effect of a planned

DSM intervention by analyzing the sensitivity of the load to said parameters. In

this way, simple ex-ante scenarios can be developed providing a quick and cost-

effective approach to the a priori assessment of different DSM options.

1.2 Context, Problem Definition & Research Objectives

The UAE covers an area of 83,600 square kilometers, most of which is either sand

deserts or salt flats. The country is a federation of seven “Emirates”. Abu Dhabi,

the largest of the seven Emirates constituting the UAE, lies in a T-shaped island

in the Persian Gulf. The high temperatures and humid climate of the region dur-

ing most of the year has a significant impact on the role of cooling load in the

overall electricity consumption, identified to correspond to 40% of the total annual

electrical load and 61% on the peak summer day [2]
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Given average building insulation and extreme weather conditions, electricity

load is highly correlated with weather, producing a high impact on energy con-

sumption in the UAE and in most of the countries in the Gulf region, especially

during the summer months. Demand side management of buildings’ indoor air

conditioning, can be approached from several angles: improvements of the cooling

plants and chilled water or cool air distribution networks, building envelope insu-

lation and solar gain reduction, day-light versus artificial light optimization and

finally savings and peak load reductions via advanced controls.

To better understand the energy efficiency improvements, we proceed to divide

cooling load into two types: Sensible cooling load and latent cooling load. The

sensible cooling load refers to the load directly responsible for keep the building’s

indoor dry bulb temperature within a certain value range, while the latent cooling

load strives to dehumidify the incoming fresh air so that indoor comfort conditions

are not compromised (e.g., ASHRAE Standard 55).

Breaking down system-wide hourly electricity consumption in order to seg-

regate base-load (constant and calendar-driven portions of the total load) from

weather-driven latent and sensible cooling loads, can provide important informa-

tion for DSM policy makers and implementers. Measurement and verification of

DSM interventions plays an important role in defining savings and economic feasi-

bility of energy efficiency projects, therefore a reliable and accurate model for this

assessment has direct and tangible financial impacts.

1.3 Contributions

The main objectives of this study are to define a baseline mathematical model of the

business-as-usual Abu Dhabi energy consumption which relates different compo-

nents and variables affecting electricity consumption as well as daily load profiles.
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The following objectives are proposed:

• To develop a low complexity linear model (some light non-linearity will be

explored) using in-sample1 data.

• To produce accurate prediction results tested against out-of-sample2 data.

• To define a model with relatively low computational requirements for pa-

rameter estimation.

• Ensure that the estimated model coefficients accurately represent the under-

lying physical behavior.

The model provides a baseline energy consumption estimate for measurement

and verification M&V of DSM projects, as well as the possibility of analyzing the

contribution of each load constituent to the overall electricity consumption, in order

to develop policies targeting specific consumption drivers.

1.4 Thesis Organization

The remainder of this thesis is organized as follows. Chapter 2 provides a litera-

ture review of load modeling and forecasting applications as well as different urban

level energy modeling approaches and classifications. Chapter 3 discusses the data

analysis, preparation and normalization procedures, the definition of an in-sample

data set for model estimation and an out-of-sample data set for model validation.

Chapter 4 provides a complete explanation of the model, variables being consid-

ered and reasons for such choices as well as a sensitivity analysis study. Chapter

5 describes the model validation procedure. Chapter 6 presents some applications

1In-sample data: portion of dataset used for the model fitting and parameters estimation.
2Out-of-sample data: part of the dataset not used during the parameter estimation phase, saved

for testing the model’s forecasting capabilities.



CHAPTER 1. INTRODUCTION 8

of the model. The final Chapter includes the conclusion and outlook for future

research.



CHAPTER 2

Literature Review

Energy is a vital pre-requisite of any modern society. Analysis based on energy

models are necessary for sustainable progress and development of nations. Since

the introduction of electricity markets, load forecasting has been and still is to-

day an active area of research. Operators continually run short-term forecasts (five

minutes to one week ahead) to ensure system stability, plant scheduling, load dis-

patching, security assessment and reserve capacity. Mid-term forecasts (one week

to a year ahead) are mainly used for generation optimization while long term fore-

casts (one year to ten years ahead) are required for investment planning. Inaccurate

forecasts have high financial costs.

2.1 Model Classification

Different models are developed based on the type and amount of data available.

The data used for energy demand modeling can be composed not only by the en-
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CHAPTER 2. LITERATURE REVIEW 10

ergy consumption history, but also by building blueprints, average building sizes

and construction characteristics, periods of occupation, number of inhabitants, ap-

pliances, operation schedules as well regional macroeconomic and meteorological

data, to name a few. There are two main classes of methods for predicting and

analyzing aggregate urban energy usage [78], the bottom-up and the top-down ap-

proach. A comparison of both classes and an analysis of the possible approaches

in each category is done in [8].

2.1.1 Bottom-up Model

The traditional bottom-up approach to model urban energy use is usually focused

on data obtained from surveys and field measurements of the energy consumption

profile and the characteristics of an individual unit or a statistically representative

sample of units, identifying fixed demand per unit floor area or per household and

extrapolating the results to infer global urban usage characteristics. This approach

usually fails to model the total energy use in buildings and at urban level with

sufficient resolution, due to a non-linear relationship between load and floor area.

A more precise approach consists of a series of building models used together in a

way to represent the overall building stock, individual simulation of each building

focusing on energy use characteristics, are aggregated together based on the overall

representativity of each building type in the studied area in order to predict urban

energy use [40, 47, 24]. This approach can produce better results as compared to

the traditional method, but its main weaknesses lie in the high dependency on the

precision of the building prototype models, in the collected data of the buildings, in

how the individual data is aggregated, and in the assumptions made with regard to

changing demographic factors, hours of occupancy, indoor climate control system

in use etc. [48]. The work described in [82] shows the application of an urban

energy model based on individual representative buildings combined into “building
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clusters” for specific districts and extrapolated to determine potential CO2 emission

reduction for Osaka city, Japan, considering different energy efficiency and energy

saving measures.

Bottom-up models work at a disaggregated level, and thus the detail, precision

and size of the underlying building database directly influences the final result of

the model [75]. Other phenomena such as the Urban Heat Island (UHI) effect can-

not be properly accounted for and estimated, since in practice the overall urban

energy consumption is different from the sum of all its constituting isolated build-

ings due to the urban micro climate which impacts cooling and heating energy

requirements [51]. Due to the complex dynamics of the system, the non-linearity

and coupling of sub-systems and the high correlation with weather and other ran-

dom perturbations, the bottom up approach has many limitations when applied to

urban/district energy models.

2.1.2 Top-down Model

As opposed to the bottom-up approach, the top-down approach consists in utilizing

high level data, such as the approximate residential aggregate energy consumption–

since on site energy production data is usually not available–macroeconomic data

as gross domestic product (GDP), population growth, buildings construction/demolition

rate and meteorological data to define overall urban level consumption characteris-

tics and trends. For the top-down approach, contributions can be broadly classified

in four main categories [17]:

• Time series models,

• Artificial neural networks (ANN),

• Similar day look-up,

• Regression-based approaches.
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Time series models are best suited for capturing the time dependence of the load,

seasonal effects (summer, winter), day-of-the-week (working day, non-working

day), calendar holidays, different hours of the day and trends in general [3]. Some

region specific studies using this method are relevant: energy consumption and

economic growth for south-east-Asia was conducted by [5], energy production and

consumption in northern Spain [20], energy demand on sectorial UK [41], X11

seasonally adjusted economic model [26], comparison of hourly load profiles for

Brazil [76] and short-term day-ahead and week-ahead load forecasting model used

by the Spanish system operator [18] to name a few.

Artificial Neural Networks (ANN) methods, often classified as “black-box”-

type models, automatically interpolate among the electricity load and hour, day-of-

week, day-of-year and temperature data in a training data set based on a predefined

architecture; its main advantage is to learn complex and non-linear relationships

that are difficult to model with conventional techniques [56, 23, 66, 54]. Due to the

nature of the ANN methods, the coefficients (weights) cannot be matched with the

underlying physical process, therefore the marginal impact of each input variable

is not clear form the model coefficients.

The similar day look-up approach is based on searching historical data with

similar characteristics (weather conditions, day-of-week, day-of-year) to the day of

forecast. Linear combination of different similar days can be made to improve the

forecast [9]. This model approach is purely geared toward forecasting and offers

no correspondence with the underlying physical model, which does not allow the

direct assessment of the sensitivity for each underlying load driver.

Regression models utilize the strong correlation of load with relevant factors

such as weather, hour-of-the-day and day-of-the-week. Work using this method

has proceeded on two fronts, single-equation models and multiple-equation models

with different equations for different hours of the day [25, 69, 29]. The method



CHAPTER 2. LITERATURE REVIEW 13

used herein is composed of a single-equation model; therefore all data can be used

for estimating one model, as opposed to breaking the dataset into smaller sets,

usually done by having a separate equation for each hour. Long-term forecast based

on linear and linear-log regression models was proposed in [80], mathematical

modeling based on regression analysis was used to forecast load demand up to

year 2000 for Yugoslavia [81].

Regression analysis was the method chosen in this study for combining and

pondering the different effects, due to its relatively low computational cost and

broad range of application. This approach also produces interpretable coefficients

for the different contributors of the load, facilitating the analysis of each component

individually, as opposed to other top-down approaches where the physical corre-

spondence of the coefficients are lost. A comparison between six modeling tech-

niques was done in [79] for short term urban level energy forecast, the regression

model yielded the best results for up to one day ahead, being only outperformed by

one of the methods (exponential smoothing filter with autoregressive component)

for one to two days ahead forecast.

In [13], a linear regression model was used to estimate the elasticities of GDP,

price and GDP per capita for the domestic and non-domestic Italy’s energy con-

sumption, and for long term forecasting and comparing it with available projec-

tions.

Previous studies have looked at the correlation between weather variables and

electricity consumption [72, 4]. A model for forecasting electricity consumption

for Spain [65] uses only temperature data while the possible influence of other

weather variables were left for future work. In the model proposed herein, temper-

ature is used together with relative humidity, wind and solar irradiance to account

for different weather influences.



CHAPTER 2. LITERATURE REVIEW 14

Some studies where the modeled areas have a heating season and a cooling

season, the model can be broken down into analyzing each season individually.

[32, 53] model only the load for the summer months, while [21] uses an unsu-

pervised segmentation to break the time series in winter and summer, to be ana-

lyzed separately. One common method in practice is to transform temperature into

degree-days or degree-hours based on determined set points [1, 36, 58].

The model here described does not include ARIMA components, as they are

difficult to interpret from an economic/physical point of view, and can be unsta-

ble for longer term forecasts. Instead, a Fourier series is used to model daily

and monthly seasonalities [67], as well as, dummy variables to differentiate work-

ing days, from Fridays and Saturdays and exogenous variables representing the

weather parameters influence on the load. A similar approach was used by [28],

where a stochastic trend component, together with fixed and time-varying regres-

sion effects were used to short term forecasting. For mid-term forecast, [17] uses

Fourier series, as well as an elegant way to account for the non-linearity and pro-

gressive temperature threshold impact for when heating (or cooling) starts impact-

ing the load, the model was integrated to the Electricité de France (EDF) load

forecasting system.

2.2 Demand Side Management

The vast majority of literature in the field of electricity load forecasting are based

on ARMA/ARMAX models as they yield good results for short term forecasts,

a niche of the energy markets which has a high number of players and high fi-

nancial cost associated with uncertainty and prediction errors. For this purpose,

ARMA/ARMAX models produce a good estimate due to high autocorrelation of

electricity load. For mid to long term modeling where the significance with under-
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lying physical process is desired, linear regression is usually the most used model-

ing technique.

There are two categories of forecasts, ex ante meaning before the event, based

only on information known before the forecast period, used for estimating future

outcomes based only on past information. A second method called ex post, consists

in using some information about the forecast period that is known, being used

mainly for scenario study, as in the case here described as baseline definition for

measurement DSM interventions and impact assessment.

Most M&V guidelines are divided into two general approaches: the one look-

ing isolated into the affected equipment and systems without considering the whole-

facility, and the one where the whole-facility is considered and individual equip-

ment performances are aggregated into a broader bound. The main difference is

how the data is collected, and the number of measuring/collecting instruments

used. In the first approach, individual metering of the affected systems are nec-

essary, while the latter aggregate facility data can be used. The metered data is

used to infer savings, as the actual saved energy cannot be directly measured. For

this assessment, all M&V options utilize models to predict a baseline energy used

for comparison. The most used model for defining a baseline is based on regression

analysis, where a series of independent and measurable parameters that affect the

load are used to estimate the energy usage. Similarly to the electricity forecasting

models, the regression model used for determining a baseline of electricity con-

sumption involves independent variables as weather, calendar and occupancy to

name a few. A series of standards and guidelines are available for M&V of energy

savings for facilities, the most widely used being the International Performance

Measurement and Verification Protocol (IPMVP) [63] and ASHRAE’s Guideline

14 [7]. The assessment and estimation of urban-level energy efficiency measures

and policy impacts is still an active of research due to the intrinsically of each
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system and region.

A study based on bottom-up methodology was conducted for Osaka City, Japan

[74] to measure the potential energy savings from different DSM measures. The

model included detailed information about appliances, lighting and heating/cooling

devices as energy requirements, utilization and schedules. The study considered

the simulation of 19 households and 20 building categories, using 5 different levels

of insulation, energy efficiency standard for room air conditioners, daylight saving

time and other energy conservation measures in order to reduce overall energy

consumption of each building, and based on the representativity of each building

category in the studied area, infer overall savings.

The non-linear relationship between electricity consumption and temperature

was studied in [12] for 15 countries of the European Union, in order to identify the

potential impact of global warming on electricity consumption, as well as the mar-

ket penetration evolution of air-conditioning units, as the dependency of electricity

consumption and temperature was identified to increase with time.

A bottom-up model is described in [16] where the urban energy consumption

model is used to compare different DSM measures in order to determine the op-

timal share of each measure using a linear program to meet emission reduction

targets in the most cost effective way.

In the work here described, a mid-term model of hourly electricity load for

Abu Dhabi was developed using a technique also referred to as inverse model,

to be distinguished from load forecasting, since it is performed off-line (ex post)

on historical time-series data (typically one year or more), with the objective of

establishing a baseline model of electricity consumption for measurement and ver-

ification of demand-side energy efficiency interventions, and enabling the model

parameters to represent the sensitivity for some of the load-affecting components,

in order to predict overall impact on load from some planned DSM interventions.



CHAPTER 3

Data Source and Preparation

The quality of the baseline electricity model is undoubtedly dependent on the qual-

ity of data used for calibrating and testing. This study relies on substation-level

hourly electricity data measured by the SCADA system of Abu-Dhabi emirate’s

utility as well as robust hourly weather data (including solar irradiance) monitored

by Masdar City’s comprehensive weather station for the calendar year 2010 (Jan-

uary 1st – December 31st) and the first half of 2011 (January 1st – June 30th).

A subset of substations which are all within the municipality of Abu-Dhabi was

selected that in aggregate constitute a better proxy for the buildings load (residen-

tial, office/institutional and retail). Hourly electricity consumption data from 26

low-voltage substations (listed in appendix XXX) ranging from 11kV to 33kV was

used. This subset includes all substations that directly supply street transformers

attending final customers and that were fully operational since the beginning of

2010.

17
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3.1 Outliers Detection and Treatment

An outlier is defined as an observation or a data point that lies an abnormal distance

from neighbor values and does not match the general behavior of the data source.

The identification of an outlier can be represented as the selection of samples that

are considerably different or inconsistent with the neighbor data points and trend,

this process is composed by two main tasks: defining what would be characterized

as an exceptional data point, and second on how to identify such points in an ef-

ficient matter. Recently, proposed outlier detection algorithms can be classified as

statistics-based, distance-based or density-based, to name a few [22, 39].

The statistics-based approach [46] can be considered the simplest outlier detec-

tion mechanism. The idea behind this method is based on the specific distribution

probability of the underlying data, therefore data points outside that range can be

considered outliers. The data points are classified based on a discordance test,

given the distance from the distribution’s mean. The hypothesis that a data point is

part of an underlying distribution is tested with a confidence interval α , against the

counter-hypothesis that the point is not part of the model’s distribution. Statistics-

based approach is simple and has linear calculation complexity in terms of the data

size. However for complex and multi dimension datasets, the distribution of the

data and its parameters requirements can be a difficulting factor for the application

of this method.

Distance-based outlier detection, initially proposed by [49, 50] defines an out-

lier based on a given p and d, if a fraction p of the points lie at a distance greater

than d from the point being analyzed, that characterizes an outlier.

The density-based outlier detection proposed by [15], is not a binary outlier/not-

outlier indicator, but it identifies for each object a called local outlier factor (LOF),

that is given by the distance of k-nearest neighbors based on an integer parameter

k, the number of neighboring points to be computed.
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From these three approaches, the outlier identification used in the work here de-

scribed was the statistics-based method. In many cases this approach is not enough

for a proper identification of the outliers, specially under multi dimensional data,

which was not the case for the electricity load data. For the aggregate data, the

summation of all substations in the subset mentioned, this approach identified six

points as outliers, representing 0.068% of the data points, none being consecutive.

Figure 3.1 presents a histogram of the aggregate electricity load data, and a clear

visualization of the five outliers close to zero, and one close to 400. By going to the

individual substations level, these points identified in the aggregate data were miss-

ing points in some of the substation datasets. When aggregated those substations

generated a value out of the range of the other data points. Linear interpolation be-

tween neighboring points was used to correct for the outliers. Figure 3.2 presents

the electricity load over time since the first hour of 2010 until the 24th hour of June

30th, 2011.

Dry bulb temperature (Temp), relative humidity (RH), wind speed (Wind), global

horizontal irradiance (GHI) and direct normal irradiance (DNI) data was obtained

from Masdar City’s weather station. The same outlier identification approach was

used without identifying any points out of the series range.

3.2 Variables Cross-correlation

The Gauss-Markov theorem states that the least squares estimators have small-

est variance of any unbiased estimators. This does not assure that the variance

is always small in an absolute sense. If for example two variables in a model

are perfectly correlated, its variance is infinite [35] (perfect multicollinearity prob-

lem). The more common case is the non-perfect multicollinearity, when two or

more variables in a model are highly correlated. Under non-perfect multicollinear-
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Figure 3.1: Electricity load data distribution histogram

Figure 3.2: Electricity load data over time
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ity problem, the least squared estimators maintain its properties but the larger the

variance of the coefficients, the less efficient the estimation is and the higher the

probability to get erratic estimates. The main problems that arises are:

• Adding or removing a variable from the model produces wide swings in the

parameter estimates or the sign of the estimate.

• Affected coefficients tend to have large standard errors.

• Coefficients with “wrong” sign or implausible magnitudes based on the phys-

ical underlying process they are representing.

In order to avoid multicollinearity in the model, a correlation matrix between

the relevant hourly weather variables (Table 3.1) was used to identify highly cor-

related variables. As expected, solar irradiances have positive correlation between

the different measurements (GHI, DNI, DHI, DNI H, DNI V), calculated as de-

scribed in Section 4.3, in the order of 0.9. To avoid multicollinearity between the

solar irradiance variables, DNI was determined by comparing a simple regression

using each of the solar irradiance components, to be the most significant of all ir-

radiance measurements, and was the only variable retained for representing solar

irradiation.

Table 3.1: Correlation matrix
GHI DNI DHI DNI H DNI V Temp RH Wind SH

GHI 1 0.91 0.88 0.71 0.95 0.54 -0.64 0.43 -0.13
DNI 0.91 1 0.66 0.91 0.95 0.4 -0.56 0.38 -0.17
DHI 0.88 0.66 1 0.5 0.7 0.53 -0.6 0.48 -0.09

DNI H 0.71 0.91 0.5 1 0.74 0.23 -0.42 0.32 -0.17
DNI V 0.95 0.95 0.7 0.74 1 0.49 -0.61 0.38 -0.15

Temp 0.54 0.4 0.53 0.23 0.49 1 -0.65 0.4 0.44
RH -0.64 -0.56 -0.6 -0.42 -0.61 -0.65 1 -0.48 0.35

Wind 0.43 0.38 0.48 0.32 0.38 0.4 -0.48 1 -0.01
SH -0.13 -0.17 -0.09 -0.17 -0.15 0.44 0.35 -0.01 1

Insert his-

togram and

correlation

plots
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3.3 Data Normalization

In order to be able to easily identify and compare the marginal impact of each

variable in the model, the data was normalized so that it ranges from zero to one (0

– 1). The weather and load data was normalized by subtracting from each measured

parameter its lowest data point value, and dividing the remainder by the highest

minus the lowest values for each parameter.

In areas where a heating and a cooling season is present, the dataset is usually

divided for each season and two separate models are produced. Since the heating

load is not apparent in the area here studied, a single model was developed with the

whole dataset. The cut-off temperature, the point at which electricity starts being

used for indoor space cooling, was considered using two different approaches to

account for the non-linear behavior of sensible cooling requirement and load: The

first was based on analyzing the root-mean-square error (RMSE) change-point con-

sidering the cut-off threshold temperature, and the second one is based on applying

a “threshold function” to account for the non-linearity.

The RMSE change-point approach consists in varying the cut-off point of the

temperature in the model until a point of minimum in identified. This method was

applied by [2] to the same geographical area under study here for the year of 2008,

and identified that 18.5 degrees Celsius was the optimal cut-off point. The same

test was conducted for the year of 2010 (under study) and similar (18.47 ◦C) cut-off

temperature value obtained using line search minimization, being 18.5 ◦C cut-off

point used for this approach. Figure 3.3 represents the electricity load vs tem-

perature, where data-points below the threshold had the normalized temperature

set to zero, and a polynomial function later fit to model the non-linear behavior.

Similarly specific humidity data was normalized using the cut-off value of 0.008

kg(water)/kg(dry air), the threshold beyond which dehumidification is assumed to

occur.
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The second approach was based on the assumption that a single cut-off value

for an entire urban area cannot be determined, therefore a “threshold function” ψ

similar to the one implemented in the Eventail load model of Electricité de France,

described in [17] was used. This method consists in applying a transformation

function to the sensible cooling proxy1 and to the latent cooling proxy, in order to

account for the non-linear relation to load. The threshold function ψ (x,χ0,σ) of

a random variable x is the expected value of max(x− χ,0), where χ is normally

distributed with mean χ0 and standard deviation σ . The transformation based

on ψ corresponds to a left-truncated (one-sided) normal distribution function as

presented in Equation 3.1 [35], where Φ is the standard normal cumulative distri-

bution function and ϕ is the standard normal probability density function. There

is no closed form solution for ψ so it needs to be estimated numerically or from

tables.

x̄ = ψ(x,χo,σ) = Φ [(x−χ0)/σ ]

{
x−χ0 +σ

ϕ [(x−χ0)/σ ]

Φ [(x−χ0)/σ ]

}
(3.1)

Insert fig-

ure of this

threshold

function

Figure ?? presents the normalized values of electricity consumption for the

year used in the model calibration. Figure represents the distribution of the weather

variables and the electricity load after the normalization process.

1Proxy Variable: an indicator used to account for a variable in a model which simply has no fully
observable/measurable counterpart [35].
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Figure 3.3: Electricity load vs Temperature



CHAPTER 4

Model Definition

In order to define a pre-DSM baseline of electricity consumption for pre/post anal-

ysis of DSM investments in energy conservation and peak load reduction, a model

accounting for the different variables affecting the electricity consumption is nec-

essary. System-wide electrical load can be divided into two main sources: the

offset which is independent of climate and the cooling load assumed to be entirely

climate-driven, since a heating season is not apparent in the studied area. The offset

varies with hour-of-day, day-type and season, without having direct relation with

instantaneous weather parameters, and cooling load which can be further divided

into two sources: sensible cooling and latent cooling load. Sensible cooling refers

to the load directly responsible to keep the building’s dry bulb temperature within

a certain value range, mainly depended on outdoor dry-bulb temperature, while the

latent cooling load is related to the wet-bulb temperature, being affected by hu-

midity. To identify the impact of each component, a set of calendar and weather

derived parameters were considerer.

25
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Abu Dhabi has experienced a growth trend in the electricity consumption which

was modeled in two different ways: an additive linear and a multiplicative term.

For the monthly seasonality, variations between months not related to weather pa-

rameters, four different methods were tested: dummy variables, fuzzy variable,

Fourier series and moving average filter. The weather dependent fraction of the

load has a significant contribution to the electricity load in Abu Dhabi, specially

during the summer months were accounted. A combination solar irradiation, dry-

bulb temperature and humidity indicators were tested based on literature informa-

tion on the subject.

This Chapter describes each of the parameters and methods used in the model

identification, being followed by Chapter 5, where the actual results are presented.

4.1 Trend

Abu Dhabi has seen significant population and energy consumption growth in the

last decade. To account for this trend in electricity consumption through the year,

and therefore the non-stationarity of the data series, two methods were tested: an

additive linear trend and a multiplicative exponential trend.

Within literature, different approaches are used in order to produce a stationary

series from the original data. Differencing is a method commonly used in ARMA

type models in order to correct for non-stationarity of the data, since stationarity

is a pre-requisite for the proper analysis of such series. Some authors [76] are

critical of using differencing without the proper unit-root test, and due to other

problems that arise with such method. When the trend is in fact deterministic, a

non-invertible moving average component is introduced when differencing, which

causes estimation problems in the model.

By differencing the coefficients of the model are relative to the rate of change
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(differenced) data, therefore an interpretation of such coefficients becomes non-

trivial. Given the objectives of the model here described, to have interpretable

coefficients in order to analyze the impact of each load contributing component,

differencing was not tested as a method to account for the trend in the data series.

Consider E(t) the total electricity consumption on hour t, X(t) the vector with

the exogenous variables affecting the load other than the growth on hour t, and β

the coefficients of the model, for a time-series of length T .

4.1.1 Linear

The linear trend is based on the assumption that the rate of immigration, new build-

ings and new appliances result in a constant hour-over-hour increase in the elec-

tricity consumption throughout the year. This method considers that at every hour

a portion of the load (Gl) is increased from the previous hour, independently of

other factors, Gl being constant through the year. A linear growth trend is defined

by Equation 4.1:

E(t) = Gl× t +X(t)×β ∀t ∈ T (4.1)

The growth term Gl is identified during the same routine as the other parame-

ters in the model as an additive term after the data normalization process.

4.1.2 Multiplicative

The multiplicative trend is based on the assumption that there is a rate of immigra-

tion, new buildings and new appliances which affects all parameters in the model,

not only a constant hour-over-hour increase on load directly. Equation 4.2 shows

how a multiplicative coefficient Gm×t
8760 multiplies all other coefficients, creating a

non-linear model in the parameters.
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E(t) =
Gm× t
8760

×X(t)×β ∀t ∈ T (4.2)

To identify Gm in the multiplicative trend and to keep the model solvable as

a linear regression, the average load for the first 21 days (504 hours) and the last

21 days of the year was used to determine a percentage increase on load. This

trend is then removed from the electricity load data before the data normalization

process and the regression analysis. The growth rate identified (13.9%) is higher

than the population growth of 7.7% averaged between 2005 and 2010 [27], due to

an increase in electricity use intensity, the amount of electricity used per individual.

4.2 Seasonality

Electricity demand is known to exhibits seasonal fluctuations. This fluctuations are

caused by yearly seasonal patterns, as well as higher frequency, weekly and daily

fluctuations.

From the cooling load and non-cooling load (offset) distinction, four meth-

ods were tested in order to determine the best result when modeling the seasonal

variation of the offset. The seasonal variation are the changes in consumption not

directly related to short term/high frequency changes in weather parameters, there-

fore the objective was to identify changes on a monthly basis or longer timespan.

4.2.1 Dummy Variables

Dummy variable, also called binary variable, indicator variable and boolean indi-

cator are variables which take the value of either 0 or 1. In a regression model, a

dummy variable with a value of 0 will cause its coefficient to disappear from the

equation. Conversely, the value of 1 causes an additive coefficient to the model,

which acts as a offset to the intercept term. In a linear regression modeling as
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described here, this type of specification is used to define subsets of observations

that have different intercepts (each month) without the creation of separate models

(multiple-equation models) [33]. The offset component of the total load is the sum-

mation of the main offset (first hour of first workday of the month of January) with

incremental terms for each month. With this scheme, 11 dummy variables (0/1)

were used to account for the monthly changes on load. A study using a similar

approach of having step-wise constant monthly offset is described in [26]. Table

4.1 represents the assignment of dummy variables to each month and Figure 4.1

illustrates the Dummy variables distribution over the year, each color representing

one variable.

Considering β0 as the intercept term for the first hour of first workday of the

month of January, and β1...β11 as the monthly coefficients for each dummy vari-

able, Equation 4.3 gives the overall contribution of the monthly seasonality (ŷs)

and an error term ε .

ŷs(t) = β0 +D1×β1 + ...+D11×β11 + ε (4.3)

Table 4.1: Month dummy variables
D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11

January 0 0 0 0 0 0 0 0 0 0 0
February 1 0 0 0 0 0 0 0 0 0 0
March 0 1 0 0 0 0 0 0 0 0 0
April 0 0 1 0 0 0 0 0 0 0 0
May 0 0 0 1 0 0 0 0 0 0 0
June 0 0 0 0 1 0 0 0 0 0 0
July 0 0 0 0 0 1 0 0 0 0 0
August 0 0 0 0 0 0 1 0 0 0 0
September 0 0 0 0 0 0 0 1 0 0 0
October 0 0 0 0 0 0 0 0 1 0 0
November 0 0 0 0 0 0 0 0 0 1 0
December 0 0 0 0 0 0 0 0 0 0 1
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Figure 4.1: Dummy variables membership function.

4.2.2 Fuzzy Variables

Using the previous method of Dummy variables, a clear borderline between elec-

tricity consumption in one month and a subsequent month is delimited. Since in

practice behavior and therefore electricity consumption does not abruptly change

when the calendar month changes, a proposed improvement using fuzzy sets was

tested.

The concept of fuzzy variables is that the membership of an element is not

strictly false or true as in the Dummy variable method, but a gradual set to range

continuously through the interval [0,1] as presented in Figure 4.2 for the example

of a “tall men” using a sigmoid membership function. Fuzzy logic is used to deal

with the imprecision of many real-world problems and vague concepts for example

hot, tall, young, round, wealthy, etc.

In order to eliminate the abrupt changes in the seasonality parameters between

consecutive months, a fuzzy set combination [83] was used to produce a smooth

transition between them. Figure 4.3 illustrates the Dummy variables from Table 4.1
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Figure 4.2: Two definitions of the set of “tall men”, a crisp and a fuzzy set. [73]

after the fuzzyfication process, each color representing one variable. The marginal

impact of the monthly seasonal parameter is combined using a triangular mem-

bership function to fuzzify each input, which represents a smooth linear behavior

change between two consecutive months. The fifteenth day of each month’s sea-

sonal parameter is entirely and only dependent on that month’s parameter, while

other days seasonal value is determined by a linear interpolation of the parame-

ter for the two neighboring months. A similar approach was used by [19], where

a layer of nodes (fuzzy input neurons) was used in a Artificial Neural Network

model for monthly electricity demand forecasting. Similarly to the Equation 4.3,

Equation 4.4 represents the contribution of the monthly seasonality (ŷs), where F1

to F11 represents the fuzzy variables.

ŷs(t) = β0 +F1×β1 + ...+F11×β11 + ε (4.4)
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Figure 4.3: Fuzzy variables membership function.

4.2.3 Fourier Series

To account for the periodic calendar-driven variation on the load not explainable

by the exogenous weather parameters, Fourier series decomposition was used to

model seasonality in a deterministic way. Fourier series decomposition is based on

the fact that a periodic function can be expressed by the sum of sine and cosine

functions. If the function under analysis is absolutely integrable1, that is sufficient

for the convergence of the Fourier integral, this condition being sufficient, but not

necessary [34].

Considering a function f (t), a continuous Fourier series can be expressed as

Equation 4.5, being a summation of possibly infinite harmonics of sine and cosine

waves. 2π/τ is the main frequency and k represents the harmonics multiplier.

f (t) = a0 +
∞

∑
k=1

[ak sin(2kπ t/τ)+bk cos(2kπ t/τ)] (4.5)

1An integrable function f on I→R is said to be absolutely integrable on I if | f | is also integrable
on I [11].



CHAPTER 4. MODEL DEFINITION 33

The variation on load through the year was observed before by [68] to follow a

sinusoidal behavior, therefore advocating the usage of Fourier decomposition using

sines and cosines mainly concerned with the measurement of the calendar-driven

component as yearly, weekly and daily seasonal effects.

As can be seen and Figure XXX, due to the relative high frequency of the data

here studied (hourly), can be observed in Figure XXX a yearly sinusoidal variation,

as well in Figure XXX an intra-week and intra-day sinusoidal variation.

In order to model the seasonal effect in the electricity load that is not captured

by the exogenous weather variables, the following Fourier terms are considered:

Equation 4.6 represents the intra-day variation, where τ1 represents the daily pe-

riod, i.e., 24 h and ord represents the order of the series. Since this function rep-

resents the average workday, a series of dummy variables was included in order to

model the variation between a workday hour, and a Friday, Saturday, Holiday or

Ramadan hour (Section 4.6).

ord

∑
i=1

[b2i−1 sin(2iπ t/τ1)+b2i cos(2iπ t/τ1)] (4.6)

Similarly Equation 4.7 represents the weekly variation, where τ2 represents the

weekly period, i.e., 168 h and ord represents the order of the series.

ord

∑
i=1

[c2i−1 sin(2iπ t/τ2)+ c2i cos(2iπ t/τ2)] (4.7)

Equation 4.8 represents the yearly variation while τ3 represents the length of

the standard year, i.e., 8760 h corresponding to 365 days which both 2010 and

2011 happen to be. (alternatively, one could use the true length of the solar year,

i.e., 8766 h corresponding to 365.25 days [28]).

ord

∑
i=1

[d2i−1 sin(2iπ t/τ3)+d2i cos(2iπ t/τ3)] (4.8)
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Different combinations of Fourier series orders and frequencies were tested in

order to achieve the best seasonality representation.

4.2.4 Moving Average Filter

Another approach for accounting the seasonality and variations not related to mea-

surable exogenous variables is the moving average technique. This approach is

used to smooth high frequencies oscillation generally caused by weather, to isolate

the seasonality effects and to dampen the noise. By defining the moving average

filtered data as m̂t , for the year seasonality, a moving average filter of order 168 (1

week) was used Equation 4.9, while for the weekly seasonality a filter with order

24 (1 day) was used Equation 4.10.

m̂y
t =

1
168

(0.5xt−64 + xt−63 + ...+ xt+63 +0.5xt+64)+ ε (4.9)

m̂m
t =

1
24

(0.5xt−12 + xt−11 + ...+ xt+11 +0.5xt+12)+ ε (4.10)

4.3 Solar Irradiation

The sun, as any other object with absolute temperature above absolute zero emits

radiation. Radiation is transmitted, absorbed or scattered in different amounts, de-

pending on the wavelength, 97% of this emitted radiation being in the range of 290

nm to 3000 nm for the sun. The interaction of the solar radiation with the Earth’s

atmosphere result in three solar components, being (DNI) further decomposed into

two: [77]

• Direct normal irradiance (DNI) – Defined as the amount of solar radiation

from the solar disk (beam) per unit of area on a surface always normal to the

solar rays coming in a straight line from the sun.
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• Diffuse horizontal irradiance (DHI) – Defined as the amount of solar radia-

tion per unit of area that does not arrive in direct path from the sun, being

scattered by the atmosphere and aerosols.

• Global horizontal irradiance (GHI) – Defined as the total hemispheric irradi-

ance per unit of area, being the geometric sum of the DNI and DHI.

• Direct normal irradiance vertical (DNI V) – Component of DNI that is inci-

dent on vertical surfaces, usually used to account for the irradiance on walls.

• Direct normal irradiance horizontal (DNI H) – Component of DNI that is

incident on horizontal surfaces, used to model the irradiance on roofs.

When specific measurement data for each component is not available, the so-

lar azimuth angle (SZA) is an important and necessary information to calculate the

geometric summation of GHI from DNI and DHI and to decompose DNI into its

components. The relation between GHI, DNI, DHI and SZA is given by the Equa-

tion 4.11. The decomposition of DNI is given by the Equation 4.12 for the vertical

component and Equation 4.13 for the horizontal component.

GHI = DNI× cos(SZA)+DHI (4.11)

DNI V × cos(SZA) (4.12)

DNI H× sin(SZA) (4.13)

Direct normal irradiance measurements were decomposed into vertical (DNI V)

and horizontal (DNI H) planes irradiance calculated as described in [71], based the

solar position for Abu-Dhabi for every hour-of-day and day-of-year calculated us-



CHAPTER 4. MODEL DEFINITION 36

ing a function by Vincent Roy 2, following the algorithm described in [71].

4.3.1 Sol-Air Temperature

Solar irradiation absorbed by external building surfaces often provide the major-

ity of the envelope thermal gain [52]. The notion of sol-air temperature is an

improvement over the simplified practice of accounting only for the difference be-

tween outdoor envelope temperature and ambient dry-bulb temperature [62, 31],

since it accounts for solar irradiation absorption. The sol-air radiation can be de-

fined as “the equivalent outdoor temperature which will cause the same rate of heat

ow at the surface and the same temperature distribution throughout the material as

results from the outdoor air temperature and the net radiation exchange between

the surface and its environment” [70] as represented in the equation 4.14.

Tsol−air = To +
α× I−∆Qir

ho
(4.14)

Where:

To: Outdoor temperature.

α: Average solar radiation absorptivity of the surfaces.

I: Global solar irradiance incident on the surfaces.

∆Qir: Extra infrared radiation due to difference between external air tempera-

ture and apparent sky temperature.

ho: Heat transfer coefficient for radiation and convection.

In addition, this formulation enables us to explicitly consider the impact of

wind speed via its influence on the convection transfer parameter ho. Different

combinations of solar components were tried in the model and combination with

wind were tested.
2Function available at: http://www.mathworks.com/matlabcentral/fileexchange/4605-

sunposition-m/content/sun position.m

http://www.mathworks.com/matlabcentral/fileexchange/4605-sunposition-m/content/sun_position.m
http://www.mathworks.com/matlabcentral/fileexchange/4605-sunposition-m/content/sun_position.m
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4.4 Air Dry-bulb Temperature

Ambient air dry-bulb temperature and electricity load is known to have a non-

linear relationship as described in 3.3. After ambient air dry-bulb temperature

being normalized using a cut-off point (18.5 ◦C) impact on load was modeled as

a polynomial function to account for the saturation effect at very high temperature

(reduced COP of chillers) as well as the gradual take-off of cooling near the cut-off

temperature [12]. A similar non-linear relationship with temperature is presented

by Hagan [37] for load forecasting.

Heating load was studied in [38], and a similar behavior between ambient air

dry-bulb temperature and electricity load was identified for cooling load in Abu-

Dhabi, where at high outdoor temperature the ability to achieve the desired cooling

can be limited by the overall capacity of the cooling system in place. Also if the

cooling system cannot supply the necessary cooling load, a saturation effect is ex-

pected to be identified, where an increase in temperature has a lower marginal im-

pact on electricity consumption. To account for the non-linearity between temper-

ature and load, [69] simply uses the square of temperature, while here a sixth-order

polynomials, retaining only even exponents was used for a better representation of

the gradual increase of temperature impact close to the cut-off and the saturation

effect.

To account for delays caused by heat transfer between building walls and roofs,

[6] used a set of lagged temperature variables, and the same approach being tested

in the model here defined. Seasonality of the lagged temperature parameter was

tested and discarded.

A second approach to account for the heat transfer inertia through the building

was based in the previously cited Eventail load model of Electricité de France [17],

where the concept of a smoothed temperature is used as a proxy of the temperature

felt inside the premises, which can be inferred to be directly proportional to the
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sensible cooling load required. Assuming hourly sampled values, the smoothed

temperature Ts is defined by Equation 4.15 as an exponentially weighted moving

average filter. The value used for κ has significant sensibility to the forecasting

accuracy of the model, in this case the same value suggested in [17] (0.98), equiv-

alent to a filter time constant of τ = 50 h (κ = e−1/τ ) which produced was a good

estimate for the Abu Dhabi case. In order to have a similar proxy as the Sol-Air

temperature 4.3.1, a horizontal DNI component was included to define the sensible

cooling load proxy. As for the optimal value of ω , the multiplier for the hori-

zontal DNI component in the smoothed temperature, a value of 13 ◦C.m2/kW was

determined through line search minimization of the forecasting error.

Ts(t) = κ Ts(t−1)+(1−κ)(T (t)+ω I) (4.15)

The smoothed temperature represents the heat transfer inertia through the build-

ing, and in order to account for the direct impact of temperature, for example affect-

ing the chiller’s COP or heat entering the building directly through air infiltration,

a composite temperature θ is defined by Equation 4.16. In the same way as ω

in the smoothed temperature, α was identified by line search minimization of the

forecasting error as 0.19, thereby giving considerable weight (more than 80%) to

the smoothed temperature.

θ = (1−α)Ts +α T (4.16)

The composite temperature θ approach produces a cleaner final model, as a

single coefficient is identified for the combined effect of all weather variables af-

fecting the overall Abu Dhabi’s electricity sensible cooling load.
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4.5 Air Humidity

Since most cooling units in the UAE are air cooled and do not use wet cooling

towers, chiller’s coefficient of performance (COP)3 is generally not affected by the

ambient air humidity level. However, through infiltration, ventilation and fresh air

intake, outdoor air humidity has an impact on latent cooling load.

To account for the latent cooling fraction of the load, different variables de-

rived from relative humidity and temperature were used following thermodynamics

equations as:

• specific humidity

• enthalpy

• Humidex index

Specific humidity (SH) values were converted using thermodynamics equations

as the vapor pressure calculated from Equation 4.17 and Equation 4.18, where

T dc is the dew-point temperature, T c the ambient temperature in Celsius, and RH

relative humidity. Pressure assumed to be 985 mBar.

e =
(6.112× exp

17.67×T dc
243.5+T dc ×RH)

100
(4.17)

SH =
0.622× e

Pressure− (0.378× e)
(4.18)

In order to model this constituent of the electrical load, SH, was used as one

of the input variables of the model. The impact of SH is modeled as a polynomial

due to the gradual start-up and the saturation effect, similar to temperature. Both

3The coefficient of performance COP is defined as the ratio between the cooling provided, divided
by the total energy consumption (here defined as electricity) to provide that cooling.
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polynomials are sixth-order, retaining only even exponents; in addition, each poly-

nomial is formulated in such a way that the polynomial annuls at 0 (ie, at min Temp

or min SH) when is cooling load is not affecting electricity load. Specific humid-

ity was also used in the sensitivity analysis of electricity consumption in business

districts of Tokyo, Japan [42].

Enthalpy (ENT) was calculated using Equation 4.19, combination of Specific

Humidity and Temperature. ENT is given in kJ/kg, SH is the Specific humidity

in kg/kg and Temp the dry-bulb temperature. Enthalpy was considered as a linear

component in the model.

ENT = Temp× (1.01+0.00189× (SH×1000))+2.5× (SH×1000) (4.19)

Thirdly the Humidex index (HDX), a measurement index first used in 1965 in

Canada to describe how hot and humid weather feels to the average person, using

an easy to understand index. This index also relates the dry-bulb temperature with

Specific humidity using the calculated vapor pressure e. The index calculation is

straight forward given by Equation 4.20.

HDX = Temp+(
5
9
× (e−10)) (4.20)

Air infiltration can be related to wind speed [57, 55]. To account for this phe-

nomenon, a set of variables relating wind with humidity, temperature and GHI

were also included in the model.
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4.6 Day-of-week, Holiday, Ramadan and Time-of-day

Since 1st of September 2006, the regular work week for most UAE office work-

ers ranges from Sunday to Thursday, while Friday and Saturday constitute the

weekend. In addition, certain major holidays affect the aggregate load profile and

present similarities with the Friday profile, therefore public holidays are accounted

as being Fridays. The month of Ramadan, a period of 29 or 30 days also requires

changes on schedules and activities being specifically accounted for in the model.

A total of 4 day-types are to be distinguished: Weekday, Friday, Saturday and Ra-

madan.

To properly account for the hourly and daily variability of electricity consump-

tion, the proposed model includes dummy variables representing different hours of

day for regular workdays, as well as Fridays, Saturdays and Ramadan workday. A

similar approach was adopted in a forecasting model for Greece [59].

The offset component of the total load is the summation of the main off-set

(first hour of first workday of the month of January) with incremental terms ob-

tained by multiplying time-of-day/day-of-week parameters with corresponding bi-

nary (0/1) dummy variables [64]. More precisely, the dummy variables represent:

• δ w
i (t) Hourly parameter for hours (i) 2 through 24 of workdays: account

for the offset variation between different hours of a regular (non-Ramadan)

workday.

• δ
f

i (t) Hourly parameter for hours 1 through 24 of Fridays: Fridays and

Saturdays are not regular workdays in the studied region, therefore the offset

for these days have different profile from regular workdays. Holidays have

similar schedules as Fridays; therefore holidays happening on what would

be a regular workday are treated as Fridays.

• δ s
i (t) Hourly parameter for hours 1 through 24 of Saturdays: Similarly to



CHAPTER 4. MODEL DEFINITION 42

Fridays, Saturday are not regular workdays, but some offices and retail facil-

ities operate to some extent.

• δ r
i (t) Hourly parameter for hours 1 through 24 of Ramadan workdays: Main

population behavior and schedules change during Ramadan workdays. A

dummy variable and parameter was used to account for these changes. Ra-

madan Fridays and Saturdays are not treated differently since Ramadan’s

main electrical impact is considered to be due to the change in working

hours.

These four items, together with the seasonality parameter described in the Sub-

section 4.2 were tested in the model, accounting for long term offset variations

following Equation 4.21.

24

∑
i=2

[wi δ
w
i (t)]+

24

∑
i=1

[ fi δ
f

i (t)+ si δ
s
i (t)+ ri δ

r
i (t)] (4.21)

For the hourly variation when using the Fourier Series 4.2.3, the work-hour

variation is modeled by a series of sines and cosines, while the increment or decre-

ment of Friday, Saturday or Ramadan hour is done using the dummy variables as

explained in this section.

4.7 Price Elasticity

Electricity price elasticity is usually accounted for in similar studies, since price

fluctuations often produce significant changes in electricity consumption [13]. Abu

Dhabi has seen stable electricity prices in the past years; therefore the impact of

price elasticity cannot be inferred from the data available and the study period

here utilized. Furthermore, for reasons beyond the scope of the present study, the

pricing level is unlikely to be used in a DSM context within the emirate of Abu-
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Dhabi in the near future. For the reasons mentioned, price elasticity was therefore

not considered in the present study, but could be a important addition to future

work as electricity price variation happens.



CHAPTER 5

Model Results & Verification

The previous chapters described the source of data, the pre-processing and treat-

ment to generate the load constituents proxies in order to identify the best repre-

sentative model of electricity consumption for Abu-Dhabi.

Since the initial models tested, autocorrelation of the residuals was identified,

a phenomenon common when using time series data being interpreted as indepen-

dent samples, fact that due to the nature of the problem here stated could not be

directly solved. Under the Gauss-Markov assumption the residuals are assumed

to be independent distributed and non-correlated to each other: Cov(ε(i),ε( j) =

E(ε(i)ε( j)) = 0, i 6= j. The Ordinary Least Squares (OLS) framework is known

to produce under estimation of the errors when this assumption is violated, there-

fore affecting the t-statistics and hypothesis testing for the parameters coefficients

identified. In order to overcome this problem, an identification method robust to

autocorrelation and heteroskedasticity in the error terms was used. The Newey-

West estimator, devised by Whitney K. Newey and Kenneth D. West in 1987 [60],

44
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provides an estimate of the covariance matrix of the parameters to improve the

OLS regression.

A series of different models were tested with a combination of the variables and

methods previously discussed, in order to identify the best model representation of

the overall electricity load behavior. The models were compared on the coefficient

identification phase using the Adjusted R2 given by the parameter estimation tool.

The best identified models were further tested to measure the accuracy of the pre-

diction ŷ(t). The Root Mean Square Error RMSE defined by Equation 5.1 and the

Mean Absolute Percentage Error (MAPE) Equation 5.2, which has been tradition-

ally used to measure accuracy in load forecasting, were used to test the models’

forecast capability against the measured data from the first half of 2011.

RMSE =

√
∑

T
t=1(y(t)− ŷ(t))2

T
(5.1)

MAPE =
100
T

T

∑
t=1

∣∣∣∣(y(t)− ŷ(t))
y(t)

∣∣∣∣ (5.2)

5.1 Model Representation

As discussed in Chapter 4, electricity load y(t) can be decomposed into two of

components. The baseload yb(t) that varies only with calendar components, not

dependent on weather parameter, and the cooling load yc(t) which is assumed to

be completely dependent on weather. Together with these two components, there

is the growth trend described on Section 4.1, a additive linear trend applied to the

model on Equation 5.3 and the multiplicative trend that applies to both the baseload

and cooling load are presented on Equation 5.4. Both methods were tested in

combination with the other parameters, as the best trends representation was not

clear from initial tests.
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y(t) = Gl× t + yb(t)+ yc(t) (5.3)

y(t) =
Gm× t
8760

× (yb(t)+ yc(t) (5.4)

The base model considered the linear trend, with Fourier series of order 4 to ac-

count for seasonalities, composite temperature for the sensible cooling component

and Enthalpy accounting for the latent cooling load.

The table below will summarize the results: To be developed...

Table 5.1: Add caption
Prediction Base Fourier 6 Fourier 8 Growth Mult

RMSE 2.0996 (2.04%) 2.0996 (2.04%) 2.0493 (1.99%) 2.1982 (2.19%)
MAPE 2.77% 2.76% 2.75% 3.01%
AdjR2 0.9867 0.9866 0.9872 0.9835



CHAPTER 6

Applications

The accessibility of reliable electricity is responsible for a great share of the devel-

opment achieved in recent decades, despite the fact that many regions of the world

still lag the availability of advanced energy sources and reliable supply. Electricity

demand models are used in this scenario to forecast capacity requirements, area of

service and overall infrastructure investment. This application will usually demand

a long term forecast model.

The competitiveness in the electricity market has increase in recent years due

to the implementation of energy markets, where different players are involved in

buying and selling electricity, usually on a day-ahead scheme, having to rely on de-

mand forecasts to estimate load and subsequently prices. Due to the variability and

dynamics of the system, an accurate forecast of the load is not always possible, in-

curring in great financial impact of forecast errors. A large number of publications

has been made targeting short term forecast, specifically targeting this sector.

Mid-term forecast models, as proposed in this work, when applied strictly into

47
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the future, have applications mainly on system optimization. The specific applica-

tion here described is the assessment of Demand Side measures by establishing a

baseline for comparison. The objective is not to predict the future, but to identify

what would have happened if a set of changes to the system were not made. By

comparing the actual data after a energy efficiency measure or policy to the pre-

dicted consumption of the system without changes. A secondary objective of the

model established was to maintain significance with the underlying physical pro-

cess. Having coefficients representing physical parameters that can be improved

with energy efficiency measures, enables an estimation of the impacts on load of

such measures when using a sensitivity analysis.

6.1 Renewable Energy - Solar

One of the well debated demand side solution for reducing CO2 emissions and

overall transmission and distribution costs is the adoption of distributed generation

using rooftop photo-voltaic (PV) panels. The assessment of such measure, the

inclusion of a electricity generation equipment on the demand side of the electricity

system, can be made in a relative straight forward way by adding another term

to the model, with negative coefficient to represent electricity generation. The

Standard Test Conditions STC based on the standard IEC 61215 for Crystalline

Silicon Modules and IEC 61646 for Thin Film Modules state a test condition of

1000W/m2 of DNI, and 25 ◦C. Based on the rated capacity, a sensitivity analysis

can be conducted to analyze the impact of different PV penetration rate in the

studied area.
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6.2 Policy Analysis

As an example of the model application in M&V, after a city level program for

energy efficiency was conducted, it is desired to calculate the overall impact of such

measure. Due to the high dynamics of the electricity demand, and the impact of

exogenous parameters as weather, the consumption of one day, cannot be directly

compared to a different day.

For such assessment the model here proposed can be used to generate a base-

line energy consumption, based on the conditions before the energy efficiency pro-

gram, and compare to the actual measured data after the program. Figure XXX

below presents a fictitious data from an energy efficiency program where the main

target was to promote the increase of thermostats set points, reducing air condi-

tioning load. An actual trial of such measure was conducted by [61], where the

participating house-holds were knows, and the load could then be compared to a

test group. In the case where the test group cannot be delimited, using a baseline

energy model is the most common approach.



CHAPTER 7

Conclusion

The aim of this Master’s thesis was to develop a model of electricity consumption

for the city of Abu Dhabi, UAE, in order to overcome a known barrier of accu-

rate determining the ex-post impact of the deployment of Demand Side Manage-

ment (DSM) initiatives. DSM measures ranging from advanced building controls

to indoor-climate control and building equipment/envelope enhancement are de-

signed to address the increasing awareness of climate change, pollution, reduced

infrastructure investment availability and escalating fossil fuel prices. In order to

achieve this objective, a low complexity linear model (linear in the parameters as

the relationship between load and weather is known to be non-linear) was devel-

oped.

A series of parameters and methods were tested in order to identify the best

representation of the drivers of electricity load, maintaining the physical corre-

spondence with the underlying process. Hour-of-day, day-type and seasonalities

were considered to model the fraction of the load not related to weather. For the
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weather related fraction, cooling load as a heating season was not observed in the

studied area, a combination of parameters such as temperature, specific humidity,

wind speed and solar irradiance, as well as the time delays involved between the

outside condition and the actual impact on the electricity load were tested.

The hourly electricity load for 2010 was used in the parameter estimation

phase, with adjusted R-squared reaching 0.9938. The first half of 2011 data was

used for testing the model prediction capabilities, resulting in a RMSE of 34.19MW,

equivalent to 1.99% of the growth-trend corrected annual peak load, and a MAPE

of 2.75%. It was identified that the cooling load account for approximately XX% of

the overall electricity usage, while during the peak summer hour this value reaches

YY% of the total electricity load.

This model proved to achieved accurate results in developing a baseline elec-

tricity consumption profile, to identify what would have happened if a set of changes

to the system (DSM) were not made. By comparing the baseline generated from the

model, with the data actually being measured, it is possible to determine the actual

savings and impacts generated from the energy efficiency intervention/policy.

Was observed in the analysis of the model residuals that autocorrelation is still

present, this indicates that some information was not fully accounted for in the

model. The same problem was found in similar studies, explained by the limitation

of a linear regression model to fully represent the dynamic behavior of load. For

future research a model using a more dynamic modeling approach (state-space,

artificial neural networks) might be able to fully utilize this information present in

the data, which could produce better results with the cost of added complexity, or

lost physical significance.
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