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 Sammanfattning 

 

Denna studie undersöker prediktion av tidserier. Den tittar närmare på last- och effektbehov i Sulaymaniyah i Irak som 

idag drabbas av regelbunden effektbrist.  Rapporten applicerar en vedertagen tidseriemodell, den autoregressiva 

integrerade glidande medelvärdesmodellen, som sedan jämförs med den naiva metoden. Några karaktäristiska 

modellegenskaper undersöks för att evaluera modellens noggrannhet. Den anpassade modellen används sedan för att 

predikera last- och effektbehovet på dags-, månads-, och årsbasis. Prognoserna evalueras genom att undersöka dess 

residualer. Vidare så användas de kvalitativa svaren från intervjuerna som underlag för att undersöka förutsättningarna 

för kapacitetsplanering och den strategi som är bäst lämpad för att möta effektbristen. Studien visar att det råder en 

ohållbar överkonsumtion av energi i regionen som konsekvens av låga elavgifter och subventionerad energi. En föreslagen 

lösning är att hantera efterfrågan genom att implementera strategier som att höja elavgifter men även försöka matcha 

produktionen med efterfrågan med hjälp av prognoser. De månadsvisa prognoserna för produktionen i studien överträffar 

den naiva metoden men inte för prognoserna för efterfrågan. På veckobasis underpresterar båda modellerna. De dagliga 

prognoserna presterar lika bra eller värre än den naiva metoden. I sin helhet lyckas modellerna förutspå utbudet bättre 

än efterfrågan på effekt. Men det finns utrymme för förbättringar. Det går nog att uppnå bättre resultat genom bättre 

förbehandling av data och noggrannare valda tidseriemodeller. 

 

 
Nyckelord—ARIMA, Kapacitetsplanering, Energi, Kurdistan, Tidserier, Prognoser. 
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Abstract—This thesis examines the concept of time series 

forecasting. More specifically, it predicts the load and power 

demand in Sulaymaniyah, Iraqi Kurdistan, who are today 

experiencing frequent power shortages. This study applies a 

commonly used time series model, the autoregressive integrated 

moving average model, which is compared to the naïve method. 

Several key model properties are inspected to evaluate model 

accuracy. The model is then used to forecast the load and the 

demand on a daily, weekly and monthly basis. The forecasts are 

evaluated by examining the residual metrics. Furthermore, the 

quantitative results and the answers collected from interviews are 

used as a basis to investigate the conditions of capacity planning in 

order to determine a suitable strategy to minimize the unserved 

power demand. The findings indicate an unsustainable over 

consumption of power in the region due to low tariffs and 

subsidized energy. A suggested solution is to manage power 

demand by implementing better strategies such as increasing 

tariffs and to use demand forecast to supply power accordingly. 

The monthly supply forecast in this study outperforms the baseline 

method but not the demand forecast. On weekly basis, both the 

load and the demand models underperform. The performance of 

the daily forecasts performs equally or worse than the baseline. 

Overall, the supply predictions are more precise than the demand 

predictions. However, there is room for improvement regarding 

the forecasts. For instance, better model selection and data 

preparation can result in more accurate forecasts. 

 
Index Terms—ARIMA, Capacity planning, Energy, Kurdistan, 

Time series, Load forecasting.   

I. INTRODUCTION 

he world is currently changing rapidly like no other time in 

history. Since the industrial revolution the human 

population has increased exponentially and the living standards 

around the world has never been this high. This would not have 

been possible without access to energy, mainly in the form of 

fossil fuels. However, the burning of fossil fuels has resulted in 

great amount of carbon dioxide released into the atmosphere, 

which in turn have resulted in greenhouse effects. Despite 

resistance, most countries have made concrete steps to fight 

climate change. The potential consequences of extreme weather 

will most likely unproportionally impact poor nations, such as 

Iraq. As more countries move towards middle-income status, 

the demand for western way of life will increase, further 

increasing the energy demand. 

This field study is funded by the Swedish International 

Development Cooperation Agency (SIDA) which is a 

government agency of the Swedish Ministry of Foreign Affairs. 

It is responsible for development assistance to developing 

countries and thus works closely with international institutions 

such as the United Nations (UN) to achieve to fulfil its mission 

to for instance, reduce poverty. In 2015, The UN established a 

new set of goals, the Sustainable Development Goals (SDG), 

which SIDA also promotes. One of the main challenges and 

opportunities globally today is related to energy. Access to 

energy is key to improve people’s living standards and the 

demand is only expected to grow. To achieve the seventh goal, 

which is to ensure access to affordable, reliable, and modern 

energy for all by 2030, drastic measures must be undertaken. 

Approximately 1.1 billion people world-wide, did not have 

access to electricity during 2016, in addition many more had 

insufficient and unreliable supply. According to the IEA, the 

current rate of electrification efforts will not keep up with global 

population growth. The reasons which brought on this situation 

was caused by the lack of investment in power stations and 

electric power infrastructure, subsidized tariffs that do not 

offset the cost of supply, and inadequate governance and legal 

security [1]. 

Network reinforcements and expansions require massive 

investments and thus, it is appropriate to forecast future load 

and demand to carry out proper planning. The system load 

depends on several factors such as; economic factors, time, 

weather, randomness, etc. The demand follows general 

consumption patterns in the economy1, changes in 

demography, industry activity, weather, etc [2]. 

II. BACKGROUND 

A. Kurdistan 

The Kurdistan Regional Government (KRG) is the ruling body 

of the autonomous Iraqi Kurdistan region as specified in Iraq’s 

federal constitution. Its institutions act as governmental and 

executive authorities in many areas in Iraq [3]. 

 In the 1970s, Iraq was given a middle-income country status 

and it was able to provide enough infrastructure, healthcare and 

education. However, Iraq has since been ravaged by war and its 

people have suffered for many decades because of turmoil, 

brutal dictatorship and blockades, thus preventing economic 

growth in the region. However, Iraq is currently experiencing a 

period of tranquillity after some years of fighting terror groups, 

especially in the Iraqi Kurdistan. The region consists of three 

governorates; Duhok, Erbil and Sulaymaniyah [4]. 

 Sulaymaniyah is one of the biggest cities in the semi-

autonomous region with an area of 17000 square km and a 

population of approximately 710 532 people [5]. Despite being 

a safe region in relation to the rest of the country, inflation is 

rampant, and corruption is widespread which impacts 

investments and limits growth [6]. 

 The first Gulf War in 1991 and the later internal conflicts 

which took place in the region, caused severe damage to the 
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electricity supply in the three northern governorates, Erbil, 

Sulaymaniyah and Dohuk. For example, numerous 

transmission and distribution grids were put out of commission, 

several substations were ruined, and power stations were 

destroyed by explosives. Further, in 1994, the three 

governorates were cut off from the national power grid in Iraq. 

Thus, the power supply in Erbil and Sulaymaniyah depended 

on the hydropower stations in Dukan and Darbandikhan, while 

Dohuk had no electricity for nearly a year. The rebuilding of the 

infrastructure began by investing in power stations, substations, 

transmission and distribution lines. In 1998, the energy system 

was still insufficient. Power shortages up to 5 hours a day were 

common, and in specific areas, power supply did not exist or 

varied between 1 to 5 hours a day. More recently, the energy 

system improved significantly after the KRG brought in private 

sector investments in 2013, which resulted in more than 20 

hours of power supply per day [7]. 

B. Energy in Sulaymaniyah 

KRG has two hydropower stations, both of which are in 

Sulaymaniyah governorate; Dukan and Darbandikhan. These 

two have an installed capacity 5x80 MW and 3x83 MW. 

Furthermore, there is one thermal power plant in the city of 

Sulaymaniyah with an inbuilt steam cycle to further extract 

electricity from the burning of fossil fuels. It has an installed 

capacity of 8x125 MW for the gas cycle and 2x250 MW for the 

steam cycle but also a minor one in the Chamchamal area with 

an installed capacity of 4x125 MW. According to Hawraman 

A. Saed, head of General Directorate of Control and 

Communication, the maximum demand during a year, for 

Sulaymaniyah city is approximately 2000 MW. However, due 

to energy demand in other parts of the region, the city only 

receives about 30 % of primary electricity production, resulting 

in power shortages. The unserved demand is currently served 

by distributed diesel generator which are privately owned. 

C. Governance 

The energy system is currently hierarchical since the ministry 

of electricity controls every aspect in the process. Everything 

from providing consumers electricity equipment to billing and 

accounting services. This causes confusion and internal 

conflicts within the Ministry of Electricity which in turn result 

in deficient service [8]. Furthermore, the ministry owns, 

operates and regulates the electricity sector and thereby creating 

a potential conflict of interest since it is functioning as policy 

maker, operator, regulator and supplier at the same time. Also, 

the electricity sector does not operate under any formal 

regulatory framework, and despite invoices, there is no 

interaction with consumers on electricity services [9]. 

D. UNDP sustainable development goals (SDG) 

The UN General Assembly put forward 17 global goals to 

promote social, economic and environmental sustainability for 

the year 2030. This study treats three of them.  

Affordable and clean energy.  

The UNDP states that energy is the dominant contributor to 

climate change, and it is accounting for approximately 60 % of 

the GHG-emissions in the world. The goal is to provide 

affordable and clean energy to all, since energy supports all 

sectors and enhances human and economic development [10]. 

In Sulaymaniyah, primary energy production does not meet the 

demand, and consumers have turned to local actors who provide 

electricity from diesel generators which is more expensive and 

results in poor air quality. 

Sustainable industry, innovations and infrastructure. 

 Investments in infrastructure and innovation are the crucial 

ingredients for economic growth, sustainable development and 

empowering communities in a country. In addition, the 

renewable energy sector is estimated to create 20 million new 

jobs by 2030 [11]. In Sulaymaniyah, regulations and outdated 

infrastructure impedes sustainable energy solutions. By 

providing applicable energy solutions in Sulaymaniyah, it could 

attract investors and influence policy. Also, bring more human 

capital and Kurds residing in diaspora to the region to spur 

innovation. 

Sustainable cities and societies.  

Today, more than half of the world’s population lives in cities. 

95% of urban expansion will take place in the developing 

countries, which further increases the importance for 

sustainable urban solutions. This is certainly the case for 

Sulaymaniyah which have experienced rapid expansion in 

recent years [12]. The current state of electricity production is 

mostly based on fossil fuels like natural gas, oil products or 

diesel which results in poor air quality. 

E. Load and demand forecasting 

Since electricity itself cannot be stored, it is generated 

whenever there is a demand for it. For this reason, it is 

imperative for power utilities to predict the demand in advance 

in order to minimize losses and maximize revenue. The process 

of estimating load is referred as load forecasting. The energy 

sector is a capital-intensive industry which necessitates 

optimization of different processes. The consequences of 

miscalculation could ultimately lead to blackout and damage to 

infrastructure. Load forecasting is used as a basis when 

deciding on future investments, load switching, voltage control, 

network reconfiguration and infrastructure development [13]. 

There are three types of forecasting: 

Short term load forecasting. 

Usually one hour to one week. This type is mainly used to 

manage the system and the daily operations within it. It can be 

used to decide on overloading and load shedding. 

Medium term load forecasting.  

Ranging from one week to one year. This is usually used to 

schedule fuel supplies and unit management. 

Long term load forecasting.  

Period stretches more than a year. Any relevant information 

in this perspective could be used to access future needs for 

expansion, equipment purchases or staff hiring. 

It is possible to predict the next day load with an accuracy of 

approximately 1-3%. Since forecasting is a stochastic problem 

rather than a deterministic one, it is important to remember that 

it is nearly impossible to predict peak load further into the 

future, for instance the peak next year in a narrow time period 

with high accuracy. Instead the output of a forecast will be in 

probabilistic form. Furthermore, load series exhibits several 

layers of seasonality such as dependence between current hour 

loads and previous hour loads, but also between the same hour 

on the previous day and the same hour in the previous week on 

the same day [14]. 
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 There are many factors to be considered when forecasting 

load and demand. In the short-term, the weather and the type of 

consumers have a big impact on the outcome. Forecasted 

weather parameters such as temperature and humidity are the 

most commonly used load predictors. For instance, a model 

estimating electricity demand (ED) could be described as (1). 

  
𝐸𝐷 = 𝑓(𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒, 

𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑒𝑐𝑜𝑛𝑜𝑚𝑦, 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑖𝑚𝑒)   (1) 

 

 Moreover, it is possible to produce the probability 

distribution based on past weather data since there is usually a 

correlation between electricity demand and temperature. But 

there could be many other correlations as well, thus field 

knowledge is often necessary when making models. There are 

numerous statistical and machine learning methods to forecast 

the load in the short-term. One is regression methods which 

tries to model the relationship of load consumption and some 

other variable, such as BNP growth, weather, day type, and 

customer class. Time series is another, it assumes that data has 

some internal structure such as autocorrelation, trend or season 

variation which can be detected and examined. The most 

common used in this context is the autoregressive moving 

average model (ARMA) and the autoregressive integrated 

moving average model (ARIMA) For stationary processes 

ARMA is used while for non-stationary processes, ARIMA is 

used. Both ARMA and ARIMA uses time and load as input 

parameters. To find the best model an iterative approach is 

common, called the Box-Jenkins method, named after the 

statisticians George Box and Gwilym Jenkins. Additionally, 

there are other techniques such as neural networks, fuzzy logic 

and Support vector machines [15]. 

 For the medium- and long-term, forecasts consider historical 

load and weather data, consumer information, appliances that 

uses the electricity, demography of consumers, etc. In this 

forecasting horizon end-use models are applied. These extract 

extensive information on end use and end users such as 

appliances, the customer use, their age, sizes of houses, etc. 

Another is econometric models which combines economic 

theory and statistical techniques for forecasting electricity 

demand [16].  

 In general, the electricity suppliers plan the capacity of their 

system to meet the expected peak demand requirements and the 

general demand trend. However, in developing countries this is 

not always possible. The load growth is often not driven by 

demand, but rather the by the ability of the electrical supply to 

build and finance the expansion of the network. These countries 

experience load shedding, bad voltage and power cuts. They 

also rely on distributed generation such as diesel generators and 

domestic generation which may distort load forecasts [17].  

Demand forecasting can be divided into two types based on 

the degree of mathematical analysis, namely: quantitative and 

qualitative methods. The qualitative one relies on planning, 

interviewing, applying the Delphi method, etc. Quantitative 

methods are techniques such as curve fitting, decomposition 

methods, regression analysis, exponential smoothing, etc [18].  

F. Time series 

Time series is a sequence of observations where each of them 

have been observed at some specific time, thus the data is 

discrete. It is widely applied in statistics, econometrics, finance, 

weather forecasting, energy prediction, etc. By analysing how 

time series changed in the past it is possible to make future 

estimates, called forecasts. However, the level of uncertainty 

increases as the forecast horizon increases. The time series can 

either be interpolated, that is the estimates are within the 

observation spectrum, thus it is possible to compare forecasts 

with the actual outcome. Alternatively, the predictions end up 

outside the observation spectrum. Consequently, making it 

impossible to evaluate the forecasts until the outcome occurred 

[19]. 

Time series often carry some form of pattern. The patterns 

often carry insightful information that can be used to predict 

future values. There are four types of patterns; trend, seasonal, 

cyclic and randomness. Trend refers to the long-term change in 

the data. Seasonal patterns occur when data is dependent on 

seasonal factors such as time of year or day of the week. It is 

fixed and its frequency is known. Cyclical ones occur when the 

data changes, but not with a constant frequency. The only 

component left is noise or variations that can not be explained 

by the previous components. If there is a pattern in any of these 

levels, the time series can be compared with its own lagged 

values. I.e. the measured values in a time period compared 

against the forecast with an equivalent time period. If there is a 

correlation between these, then the time series is said to be non-

stationary, that is the statistical properties of the series changes 

with time [20]. 

III. RESEARCH QUESTION 

The formal academic question this thesis aims to answer is: 

1) “What are the conditions for load and demand forecasting 

using time series modelling the Iraqi Kurdistan?  

2) “Which of the load and demand forecasts are more 

accurate and why?” 

3) “What strategy in terms of capacity planning should be 

implemented to reduce the number of power shortages?” 

IV. AIM 

This thesis, apart from being an academic paper, is also a SIDA-

funded project. It examines the energy conditions in 

Sulaymaniyah, Iraqi Kurdistan using capacity planning, time 

series forecasting and data visualizations. More specifically, 

what strategy should be pursued in order to meet the increasing 

energy demand but also how to attain the set UNDP sustainable 

development goals. Political, technical and economic factors 

were examined to understand which strategy is most suitable. 

V. SCOPE AND LIMITATIONS 

This study only examines two models, one of which is the 

baseline used as a reference. The used ARIMA model will 

consists of a combination of at least one AR-model and one 

MA-model. No model reductions are applied in this thesis. 

Furthermore, the model will be fitted with daily load and 

demand data for the year 2018, hence hourly predictions is not 

possible. However, the forecasts are aggregated from there into 

weeks and months. The data measures power and not energy 

since data of time duration is absent to make those calculations.  
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VI. PREVIOUS STUDIES 

Time series forecasting can be applied in various cases. A 

common use is to predict demand and production of consumer 

products. One study examined which time series models in 

combination with what data preprocessing method would result 

in accurate sales forecasts for the second-hand market for cars. 

Based on the findings, they then discussed the optimal capacity 

planning but also whether quantitative forecasts provide enough 

insights make those kinds of decisions in general. They 

concluded that the performance did not depend on the applied 

models, i.e. any of the used AR-, MA- and ARIMA-models. 

Instead, their findings suggested that data preprocessing had a 

bigger impact, moreover that differencing achieved the best 

results and not classical decomposition nor harmonic regression 

[21]. 

Another study examined the monthly peak-load demand for 

Sulaymaniyah Governorate, using SARIMA models. The 

findings showed good estimation for one month ahead. It 

concluded a peak demand of 476 MW, a 16% growth rate, for 

the December 2006. The empirical model managed to estimate 

the near-term demand and thus could assess whether the 

generating capacity could accomplish it or not [22]. 

VII. THEORY  

A. Capacity planning 

In many developing countries, annual real per capita GDP 

growth is linked to electricity consumption, which makes 

reliable electricity crucial to achieve economic growth. For this 

reason, it is sensible for underdeveloped countries to subsidize 

energy in hope of spurring growth and sway public opinion. 

In the business world, capacity is defined as the maximum 

amount of work that can be completed given a period. Unused 

capacity is wasteful and overcapacity lead to cost increases and 

capital wearing out. Instead processes should keep a reasonable 

level of capacity to increase investment longevity. Thus, 

making capacity planning essential [21]. Since electrical energy 

can not be stored, electricity generated must be used up 

instantaneous or stored in some other way. Therefore, it is 

necessary for power plants to access the demand and act 

accordingly. There are three ways to approach fluctuations in 

demand. They are; level capacity, chase capacity and manage 

demand. Level capacity entails a constant capacity, regardless 

of change in demand and it avoids costs increases that comes 

with change in capacity. Chase demand imply capacity that tails 

demand and manage demand intent to mitigate fluctuation in 

demand by applying price strategies, marketing, etc [23].  

The chase demand strategy has three more capacity 

strategies. The first one, the lead-strategy which tries to 

increase capacity while expecting demand increases. This is an 

aggressive approach and the ambition is to be ahead of 

competitors. The strategy also avoids alternative costs that 

comes with running on full capacity while denying current 

demand. The lag-strategy is the opposite, in that it is 

conservative and postpones capacity increases until the demand 

is realized. This results in unused capacity which is wasteful. 

The last one is the match-strategy which is more short-term. It 

varies capacity in smaller quantities as a response to change in 

demand and relies on forecasts and capacity planning [21]. 

Since forecasts are uncertain, the alternative is to implement 

a contingency-based approach which is means to reduce 

variability and increase flexibility [23]. In the context of the 

energy sector it would be to reduce demand fluctuations and 

increase the flexibility in power supply. 

Developing countries struggle to finance new generation 

capacities and they either lack the needed capital to implement 

planned expansions or it arrives too late. For the past few years, 

Iraqi Kurdistan have put resources into the war effort against 

ISIS and into accommodating the influx of refugees, thus 

impeding investments. Moreover, the oil prices shocks have 

undercut the regional budget and delayed many infrastructure 

projects [22]. This kind of uncertainty hinder planning. 

Additionally, in developing countries, there is great uncertainty 

in electricity demand. This results in desperately finding other 

ways to meet the unserved demand, often with diesel 

generators. The lack of funds effects the selection behaviour of 

new generation pants to the extent that, plants with lower capital 

investment but higher running cost are preferred to those with 

higher investment but lower running costs. This is the 

consequence of not waiting to secure enough funds to capital 

intensive investments, in order to meet the current unserved 

demand [22]. 

B. Time series 

Time series can be formally defined as: “A model for the 

observed data {𝑥𝑡} is a specification of the joint distributions of 

a sequence of random variables {𝑋𝑡} of which {𝑥𝑡} is postulated 

to be a realization.”[19]. In other words, a time series is a 

collection of observations, 𝑥𝑡, at some time t. Since the future 

is unknown, it is reasonably to perceive any outcome as a 

random variable. Hence, estimations of future outcomes are 

often accompanied by a prediction interval which expresses the 

confidence level in the model [20].  

The underlying pattern categories of time series can be 

analysed by decomposition. Assume additive and 

multiplicative decomposition formulated the following way: 
 

𝑦𝒕 =  𝑆𝑡 + 𝑇𝑡 + 𝑅𝒕,  (2) 

𝑦𝒕 =  𝑆𝑡 ∗ 𝑇𝑡 ∗ 𝑅𝒕 𝑖𝑠 𝑒𝑞𝑣𝑖𝑣𝑎𝑙𝑒𝑛𝑡 𝑡𝑜 𝑦𝒕 = 𝑙𝑜𝑔𝑆𝑡 + 𝑙𝑜𝑔𝑇𝑡 +
𝑙𝑜𝑔𝑅𝒕  (3) 

𝑆𝑡: 𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡,    

𝑇𝑡: 𝑡𝑟𝑒𝑛𝑑 − 𝑐𝑦𝑐𝑙𝑒 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡,    

𝑅𝒕: 𝑟𝑒𝑚𝑎𝑖𝑛𝑑𝑒𝑟 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡   
 

Data can be adjusted to any of the three components. For 

additive decomposition, seasonally adjusted data is given by 

𝑦𝒕 − 𝑆𝑡 [24]. Time series can be decomposed and smoothened 

by using moving averages. A moving average of order m can be 

written as 
 

�̂�𝑡 =  
1

𝑚
∑ 𝑦𝑡+𝑗,

𝑘
𝑗=−𝑘  𝑤ℎ𝑒𝑟𝑒 𝑚 = 2𝑘 + 1.  (4) 

 

The estimate of the trend is acquired by averaging the values 

within k periods of t. This eliminates randomness in the data 

[24]. 

C. Autocorrelation and Partial Autocorrelation 

Correlation refers to the relationship between two variables. It 

is a single number that describes the type of relation between 
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variables – positive or negative and linear or non-linear. The 

linear correlation between two variables is given by (5). 
 

𝑟 =
∑(𝑦𝑡−�̅�)(𝑦𝑡−�̅�)

√∑(𝑥𝑡−𝑥)2√∑(𝑦𝑡−�̅�)2
 (5) 

 

Where r lies between -1 and 1. 

The autocorrelation measures the linear relationship between 

two lagged values. Time series that exhibits no autocorrelation 

are called white noise and it is a prerequisite when forecasting 

using ARIMA models [24]. If T is the length of the time series, 

then the relationship, 𝑟𝑘, between two lagged values is given by 

(6). 

 

𝑟𝑘 =
∑ (𝑦𝑡−�̅�)(𝑦𝑡−𝑘−�̅�)𝑇

𝑡=𝑘+1

∑ (𝑦𝑡−�̅�)2𝑇
𝑡=1

   (6) 

 

Like autocorrelation, the partial correlation uses its own 

lagged values, except for the ones with shorter lags [24].   

D. Stochastic process 

A collection of random variables is called a stochastic process. 
 

𝑿 =  {𝑋(𝑡) | 𝑡 ∈  𝑇},   (7) 
 

where T might be 𝑇 ∈  𝑍. The mean, the variance, the 

autocorrelation and the autocovariance of the process are 

defined as [24], 
 

µ𝑿(𝑡) =  𝐸[𝑋(𝑡)], 𝑡 ∈  𝑇,    (8) 
𝑉𝑎𝑟𝑿(𝑡) =  𝐸[𝑋2 (𝑡)] −  µ2

𝑿
(𝑡), 𝑡 ∈  𝑇,   (9) 

𝜌𝑿(𝑡, 𝑠) =  𝐸[𝑋(𝑡) ·  𝑋(𝑠)], 𝑡, 𝑠 ∈  𝑇,   (10) 

𝛾𝑿(𝑡, 𝑠) =  𝜌𝑿(𝑡, 𝑠) −  µ𝑿(𝑡) ·  µ𝑿(𝑠), 𝑡, 𝑠 ∈  𝑇.   (11) 

E. Stationarity 

If the statistical properties of a process remain unchanged with 

time, it is said to be stationary. More specifically {𝑋𝑡} is 

stationary if: 

𝐸(𝑋𝑡) =  µ and 𝑉(𝑋𝑡) =  𝜎2. The mean and the variance 

remain constant over time. 

𝐶𝑜𝑣(𝑋𝑡 , 𝑋𝑡+ℎ)= 𝛾ℎ. The covariance depends on the distance h 

and not time t.   

For instance, time series with trends are not stationary while 

white noise is. Stationarity can be achieved by differencing 

which means to compute the differences between consecutive 

observations. Still, the degree of differentiation should be 

minimized. After differentiation the autocorrelation and the 

partial autocorrelation should decay rapidly to zero. The 

autocorrelation and the partial autocorrelation can be visualized 

using ACF and PACF plots [24].   

F. Simple forecasting methods 

Before proceeding with more advanced forecasting techniques, 

it is wise to establish a benchmark to assess prediction 

performance. There are some simple, yet sometimes, effective 

forecasting methods. One is the average method. As the name 

suggests, it forecasts future values based on the mean of 

historical data [24]. If we denote historical data by y1, … ,y𝑇 , 
then the formula becomes (12). 

 

�̂�𝑇+ℎ|T = �̅� = (y1 + ⋯ + y𝑇)/T  (12) 

The left side imply the estimation of 𝑦𝑇+ℎ is based on the 

data 𝑦1 + ⋯ + 𝑦𝑇 , where h is the forecast horizon. Another is 

the Naïve method which simply forecasts values to be the 

same as the last observation (13). 

�̂�𝑇+ℎ|T = y𝑇  (13) 

G. Autoregressive model (AR) 

The AR model is a representation of a random process used to 

describe time varying processes. The output is obtained by 

linear combination of its past values. It includes constant c and 

a random value 𝜀𝑡 . By modifying c, ∅ and order p, the AR 

model can capture and forcast different time-series patterns. 

The method of least square can be used to optimize theta [21]. 

The AR model is similar to multiple regression, in this case the 

lagged values of y𝑡  act as predictors. For an AR(1) model, 

if ∅1 = 0, or an AR(0) model, then y𝑡 is equal to white noise 

(𝜀𝑡 ) 
y𝑡 = 𝑐 + ∅1 y𝑡−1 + ∅2 y𝑡−2 + ⋯ + ∅𝑝 y𝑡−𝑝 + 𝜀𝑡    (14) 

= 𝑐 + ∑ ∅𝑖 y𝑡−𝑖 + 𝜀𝑡 

𝑝

𝑖=1

 

𝐴𝑅(1) 𝑚𝑜𝑑𝑒𝑙:  − 1 < ∅1 < 1 

𝐴𝑅(2) 𝑚𝑜𝑑𝑒𝑙:  − 1 < ∅2 < 1,   ∅1 + ∅2 > −1,   ∅2 − ∅1 < 1. 

H. Moving average (MA) 

The moving average process is common univariate time series 

model. Conceptually, the model is linear regression of current 

values against current and previous white noise error terms 

[24]. In other words, the weighted sum of the q most recent error 

term plus the current error term. 

 

y𝑡 =  𝑐 + 𝜃1 𝜀𝑡−1 + 𝜃2𝜀𝑡−2 + ⋯ + 𝜃𝑞𝜀𝑡−𝑞 + 𝜀𝑡   (15) 

= 𝑐 + ∑ 𝜃𝑗𝜀𝑡−𝑗 + 𝜀𝑡 

𝑞

𝑗=1

 

 𝑀𝐴(1) 𝑚𝑜𝑑𝑒𝑙:  − 1 < 𝜃1 < 1 

𝑀𝐴(2) 𝑚𝑜𝑑𝑒𝑙:  − 1 < 𝜃2 < 1,   𝜃2 + 𝜃1 ≻ 1,   𝜃1 − 𝜃2 < 1. 

I. Autoregressive integrated moving average (ARIMA)  

The ARIMA model is one of the most common methods 

applied on time series. The model is a continuous stochastic 

process that uses autocorrelations in the data. It is a generalized 

combination of AR and MA with a differencing step for 

transforming non-stationary time-series into stationary [21]. 

This combination results in a more sophisticated stochastic 

structure. The ARIMA model can be reduced to an ARMA-, 

AR- or MA- model. If the data is stationary it is reduced to an 

ARMA-model (16). 

 

y𝑡 = 𝜀𝑡 + 𝜃1 𝜀𝑡−1 + 𝜃2𝜀𝑡−2 + ⋯ + 𝜃𝑞𝜀𝑡−𝑞 +  

𝑐 +  ∅1 y𝑡−1 + ∅2 y𝑡−2 + ⋯ + ∅𝑝 y𝑡−𝑝   (16) 
 

 The ARIMA model is easier to understand using backshift 

notation. 
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𝐵𝑦𝑡 = 𝑦𝑡−1 , 𝐵2𝑦𝑡 = 𝑦𝑡−2 ,    (17) 

𝑦′ = 𝑦𝑡 − 𝑦𝑡−1 = 𝑦𝑡 − 𝐵𝑦𝑡 = (1 − 𝐵)𝑦𝑡   (18) 

𝑦′′ = 𝑦𝑡 − 2𝑦𝑡−2 + 𝑦𝑡−2 = (1 − 2𝐵 + 𝐵2)𝑦𝑡   (19) 

= (1 − 𝐵)2𝑦𝑡  
 

A dth-order difference can be written as (0) 

 

(1 − 𝐵)𝑑y𝑡   (20) 

 

Thus, the ARIMA model can be described as (21) [24]. 

 

(1 − ∅1 𝐵 − ⋯ − ∅𝑝 𝐵
𝑝)(1 − 𝐵)𝑑y𝑡 0 = 

𝑐 + (1 + 𝜃1 𝐵 + ⋯ + 𝜃𝑝 𝐵
𝑝)𝜀𝑡     (21)  

J. AIC and BIC 

When selecting a model, there is a trade-off between 

goodness of fit and the complexity of the model. Akaike 

Information Criterion (AIC) and Bayesian Information 

Criterion (BIC) are two suitable measurements when selected 

what order p and q to use in a model (22)(23) [25]. 

 

𝐴𝐼𝐶 =  −2𝑙𝑛(𝐿)  +  2𝑘        (22) 
𝐵𝐼𝐶 = −2 ln(𝐿) + ln(𝑁) 𝑘   (23) 

 

L is the likelihood of the data; N is the number of 

observations and k is the number of estimated parameters. The 

first term of AIC indicates model accuracy and the second, the 

model complexity. Thus, it penalizes model complexity and 

discourages overfitting since it seeks the most parsimonious 

model. The model with the lowest AIC should be considered as 

the preferred model. BIC penalizes free parameters more 

strongly than AIC. Likewise, the model with the lowest BIC 

should be selected [26]. 

K. Residual Diagnostics 

Values that have been forecasted using previous observations, 

but also future ones, are called fitted values and are denoted 

by �̂�𝑇+ℎ|T. What is remaining between the observations and the 

fitted model is called residuals (24).  

 

e𝑡 = 𝑦𝑡 − �̂�𝑡     (24) 
 

These are useful when checking whether a model managed to 

accurately capture the information in the data [24]. 

A good forecasting model will yield residuals with the 

following properties:  

The residuals are uncorrelated. If not, there is still 

information left that could be used in the forecast. 

The residuals have zero mean. Otherwise, there is bias. 

The residuals have constant variance. Also known as 

homoscedasticity. 

The residuals are normally distributed or follow a Gaussian 

distribution.  

L. Evaluation 

To evaluate forecasting accuracy, there are four common 

error measurements; mean squared error (MSE), root mean 

squared error (RMSE), mean absolute error (MAE) and mean 

absolute percentage error (MAPE) [26].  

 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝑦𝑖 − �̂�𝑖)2

𝑛

𝑖=1

,         (25) 

 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑖 − �̂�𝑖)2𝑛

𝑖=1

𝑛
,          (26) 

 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑖 − �̂�𝑖,|

𝑛

𝑖=1

,            (27)    

 

𝑀𝐴𝑃𝐸 =  
1

𝑛
∑

|𝑦𝑖 − �̂�𝑖,|

𝑦𝑖

𝑛

𝑖=1

,         (28)          

 

Since MSE is of second order, it incorporates the variance. 

Its square root results in the RMSE or the standard error. Large 

errors have disproportional large effect on RMSD and MSE, 

thus both are sensitive to outliers. The MAE common in time 

series analysis. However, it can not be used to make 

comparisons between different scaled series since MAE is scale 

dependent. MAPE expresses accuracy as a percentage. This 

measurement encounter singularity problems when the series 

has small denominators. The ambition is to minimize these 

errors when selecting forecasting models. Lower values 

indicate higher accuracy.   

VIII. METHOD 

A. Data 

The data used in this thesis was provided by the General 

Directorate of Control and Data Communication in 

Sulaymaniyah, Iraq. It contains daily power demand and load 

for the year 2018. Since the data is limited, the data will be 

rotated in order to extract enough information to forecast an 

entire year. The models will forecast the demand and the supply 

one day ahead, one week ahead and one month ahead. One 

month will be modelled on the eleven preceding months. 

Likewise, weekly and daily predictions will be based on the 

preceding 51 weeks or 364 days. Once a time period is 

predicted, the dataset rotates one time period and a new time 

period will be predicted. The procedure will continue until the 

entire year is estimated. Since 365 is not divisible by 12 nor 52, 

the number of days will be reduced. The weekly forecasts will 

be fitted on 364 days and the monthly forecasts will be fitted on 

360 days. 

B. Box-Jenkins Methodology 

This thesis will use the Box-Jenkins approach to find the most 

suitable time series model. It is an iterative three-stage process 

and is widely practiced for model selection. The method 

consists of the following steps [27]: 

Data preparation 

The first step is to plot the data and explore any distinct 

discontinuities and outliers. The two datasets are the power 

supply and the power demand during 2018. The ACF and PACF 

will be plotted to determine if the datasets are non-stationary. 

Then the data will be differenced until no patterns are left in the 

data, thus that data is stationary. 

Model selection 

This thesis will only examine the ARIMA models. The models 

necessitate stationary datasets and therefore differentiation by 
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some degree d might be required. Apart from the degree of 

differentiation, they also request the order of the AR and the 

MA polynomials, p and q. These are determined by the ACF 

and the PACF but also by the information criteria, AIC and 

BIC. The order of p and q that generates the lowest AIC and 

BIC will be selected. 

Parameter estimation 

The model will be fitted using MATLAB. The parameters will 

be estimated by fitting the model on the data subsets.  

Model checking 

Only the models fitting it with the entire datasets will be 

evaluated. Note, these are not the ones used during forecasting. 

Instead due to data rotation, the models are refitted for each time 

period. This simplification is necessary, otherwise the models 

must be revaluated for each fitted subset which will result in too 

many models which is not practical. The assumption is that the 

model fitted with the entire dataset will have similar properties 

as the models fitted with subsets of the same datasets. The 

properties will be evaluated by examining the ACF, residual 

histograms, quantile quantile-plots, the Ljung-Box Q-test and 

the ARCH-test.  

Forecasting 

There will be daily, weekly and monthly forecast. The 

estimations will be plotted together with the confidence bounds 

at 95%. The forecasts will be evaluated by measuring using the 

mean absolute error, the mean absolute percentage error, and 

the root mean squared error. The predictions of load and 

demand at various time periods will be compared using these 

measurements. 

C. Interviews 

Semi-informal interviews with government officials and 

representatives from the private sector in Iraqi Kurdistan will 

give qualitative insights about the challenges the region faces I 

terms of energy access. This qualitative approach allows for 

more nuanced discussions, which is necessary given the 

complex governance structure in the region. However, this 

comes with potential risks such as misunderstandings and 

inconsistency in the gathered interview data. Due to corruption, 

power struggles and sectarian violence in the region, 

transparency is lacking, and progress is curbed. Therefore, 

statements made by interviewees will be compared to official 

data from reliable sources to ensure validity. For instance, 

reports such as Reconstruction of the Kurdistan Region's 

Electricity Sector from 2013 made by the UNDP and 

Demographic Survey: Kurdistan Region of Iraq from 2018 

made by the International Organization for Migration. The 

energy sectors are a sensitive business, thus potential agendas 

will be taken into considerations when analysing the interviews. 

By reviewing the lasts research within the field of capacity 

planning and analysing the interview answers, a suitable 

strategy will be suggested.   

The initial questions asked during the semi-informal 

interviews are prepared in advance but the follow up questions 

are not. Most of the interviews will be recorded and the 

interviewees are selected based on professional experience and 

current industry or government position. Due to the hierarchical 

structure in Kurdistan, only the high-ranked officials have the 

authority to provide information about the power plants, 

networks, investments, etc. 

 

Here follows the list of the people that will be interviewed in 

chronological order: 
• Hewa Abdullah - The Head of the Electricity Distribution 

Directorate in Sulaymaniyah 

• Hawraman A. Saed - Official at the General Directorate of 

Control and Communication  

• Ako Jamal - Senior Engineer and Head of the Dokan 

Hydroelectric Power Plant 

• Yaseen Kareem - The Head of Planning and Follow up 

• Diyar Baban - The Director-General of the Ministry of 

Electricity 

• Rawa Penjweni - The Head of Renewable Energy and 

Advisor to Diyar Baban 

• Faraidun Karim - Official at Diesel Generation Regulation 

Department at the General Directorate of Electricity in 

Sulaymaniyah 

IX. RESULTS 

A. Stationarity and Differentiation 

The two datasets are clearly not stationary, since the 

autocorrelation and the partial autocorrelation due to their slow 

decay.  The demand follows a seasonal pattern with peaks 

during winter and summer. At lag 180, the winter demand 

overlaps summer, the dataset is essentially overlapping itself. 

However, it is important to keep in mind that due to low tariffs 

and power shortage in the region, the demand may be distorted. 

The load dataset may not follow a clear seasonal pattern, but the 

autocorrelation is still not within the bounds (fig. 3,6). 

After one differentiation, the autocorrelation and the partial 

autocorrelation rapidly decays as seen in fig. 9 and fig. 12. 

However, the autocorrelation of the differenced demand is still 

somewhat ambiguous compared to the autocorrelation of the 

differenced supply. Still, the assumption was made that 1 order 

differentiation is enough for both time series to achieve 

stationarity. Furthermore, it is reasonable to examine lags up to 

4 to find the suitable model parameters. 4 lags will generate a 

total of 16 possible ARIMA models with order 1 differentiation.  

B. Model selection 

Based on the AIC and BIC tests, it is evident that the supply 

should be modelled by setting p and q to one since they generate 

the lowest score. However, tests applied to the demand datasets 

contradict each other. Since BIC penalizes model complexity 

more heavily it gravitates towards low values on p and q, thus 

both equal to 1. However, the lowest value for the AIC is 

achieved by setting both parameters to 4. Since the ACF and 

PACF can is also used informally to determine the order of the 

polynomials, this study proceeds by having p and q equal to 1 

since the plot decays rapidly after lag 1.  

C. Model evaluation 

The AIC and BIC test resulted in a ARIMA(1,1,1) model, fitted 

with the load and demand datasets. The residual histograms are 

visibly normally distributed in both cases. Likewise, the 

quantile-quantile plots show clear alignments with the normal 

distribution curve. Also, the are no clear signs of 

autocorrelation in either dataset when examining the ACF plots. 
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 The Ljung-Box Q-test results in low p-values for the 

demand and higher p-values for the supply. The null hypothesis, 

no autocorrelation of the residuals within the first 20 lags, can 

be rejected at significance level of 0.1. For the supply, the 

significance level is 0.25 (fig. 20, 21). This indicates stronger 

autocorrelation in the supply dataset then in the demand dataset.  

The ARCH tests for heteroscedasticity show that the null 

hypothesis, the residuals of the model fitted with the supply 

exhibits no signs of heteroscedasticity, can be rejected at a 

significance level of 0.00001. In the case of the model fitted 

with the demand, the corresponding significance level is 0.26. 

The two models seem to perform well after examining the 

informal and the formal tests. However, the model fitted with 

the load performed badly in the Ljung-Box Q-test but well on 

the ARCH test. The opposite is true for model fitted with the 

demand.  

D. Monthly forecasting 

The naïve method, as well as the ARIMA model results in a lot 

of errors. The ARIMA models do fit quite well in the beginning 

of each month, which is also indicated by the narrower 

confidence bounds. However, after a few days the confidence 

bound diverges and each monthly forecast levels out, 

coinciding with the structure of the naïve method (fig. 24)   

The supply forecast outperforms the baseline in every 

metrics (table 1). However, the demand forecast does not. In 

fact, it scores higher on the MSE and RMSE whilst scoring 

about the same the baseline on the MAE and the MAPE. This 

suggest some outliers.  

Overall, the supply forecast seems to outperform the baseline 

whilst the demand forecast tends to do a bit worse. 

E. Weekly forecasting  

The demand forecast performs worse on all metrics compared 

to the naïve method on a weekly basis as well. The same can be 

stated for the supply forecast, excepts for the MAE, where it 

performs scores slightly lower (table 1) (fig. 25). 

Compared to the monthly forecasts, the supply prediction is 

worse on a weekly basis than on a monthly one. 

F. Daily forecasting 

The daily demand prediction is also worse than the naïve 

method. But the supply forecast manages to perform better than 

the baseline (table 1). Almost throughout the entire year, the 

daily prediction ends up within the confidence bounds. 

G. Difference in supply and demand 

Based on the data provided, the total supply and demand in 

Sulaymaniyah for the year 2018 was amounted to 

approximately 0.24 TW and 0.37 TW. The average power 

supply for the city was 667 MW compared to the average 

demand which was 1017 MW. The largest gap between supply 

and demand occurred during winter, more specifically at late 

December, the difference between supply and demand reached 

1016 MW (fig. 2). However, due to technical issues related to 

load flow, inadequate transmission network (400 kV), budget 

cuts, fuel constraints, the delivered capacity is far less than that. 

Thus, resulting in lack of power supply and power shortages 

[22].  

H. Artificial demand   

Since demand is barely met, it is difficult to estimate the 

actual demand. According to Hawraman A.Saed, the demand 

for an arbitrary day of the year is calculated by measuring the 

load from each feeder in the city. If data is missing, a naïve 

method is used, that is the demand is amounted to the last 

measured load from that feeder. This methodology creates 

uncertainty regarding the demand data. However, the supply 

dataset is measured at the power plant and thus more reliable.  

I. Interview answers  

What is the reason behind the lack of electric energy in this 

region? 
‘’The main problem is that we lose power in the transmission 

lines. We have 132 kV, but we need 400 kV’’ - Hewa Abdullah  
‘’We have two major problems; one is the infrastructure, in 

other words the transmission lines but then also the lack of fuel 

because the government does not reliably deliver it to us’’ - 

Hawraman A. Saed 
‘’Regarding the hydropower plant both here in Dokan and in 

Darbandikhan, we are dependent on the weather. Previously, 

we have had very dry years and we have not been able to 

produce enough but not this year, this year has been good. 

Besides, we have problems with the generators that require 

indulgence and maintenance which we do not always get the 

means to complete’’ - Ako Jamal 
‘’We have the power capacity to produce enough power to 

the whole KRG and even to export to the rest of Iraq, but due to 

lack of fuel that is not possible. Most of the power plants have 

stopped their production’’ - Diyar Baban 
‘’Of course, it is a problem with the transmission lines and 

the stoppage of fuels, but I would say it is in the mentality of the 

government as well. We do not have a sustainable way of 

thinking. ‘’ - Rawa Penjweni 
‘’It lays in the gap between costs and revenues. And 

thereafter reducing the losses by strengthening the transmission 

lines’’ - Yaseen Kareem 
What is the solution to this problem? 
‘’The power is there but we need investments in new 

transmission lines’’ - Hawraman A.Saed 
‘’If the budget cuts stop and we receive the fuel needed, the 

production can proceed. The Ministry of Natural Resources is 

responsible to give us fuel ‘’ - Diyar Baban 
‘’We need completely new reforms in the electricity sector. 

First and foremost, we need structural reforms and the 

expansion and strengthening of the transmission lines’’ - 

Yaseen Kareem 
Do you see any potential for renewable energy sources? Are 

there any obstacles?  
‘’This year is the first year it has rained this much, and it has 

benefited the hydropower plants. They are weather dependent 

but generally reliable. Moreover, we can see potential in solar 

PV and wind power, especially solar PV. But the main problem 

here is the land coverage. It requires massive investments in 

infrastructure, also where should you build it? A centralized 

system that replaces the diesel generators is not doable in 

urban areas since space is scarce. The solution for that is a 

decentralized system with net-metering. However as of today, 

the energy surplus produced by a household is to put back into 

the grid through a traditional mechanical meter, but the 
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households do not get payed or any receive rewards for this, 

since there are no regulations or tariffs.’’ - Rawa Penjweni 
‘’Distributed solar power can help Iraqi Kurdistan provide 

affordable, reliable electricity to its citizens. But to get there, 

the region needs significant energy reform. These reforms are 

transmission lines and huge investment in implementing the 

solar panels.’’ - Yaseen Kareem 
‘’I would probably say the southern parts of KRG have more 

potential for solar power than we have here in Sulaymaniyah. 

This due to the sunlight being stronger down south. 

Additionally, the cost of installing solar PV systems are too high 

for the consumer in my opinion.’’ - Faraidun Karim 

J. Capacity planning 

The electricity tariffs set by the KRG are progressive, but they 

remain low and no energy conservation measures are enforced, 

half of generation results in losses and capital is needed to 

upgrade the networks. Furthermore, one of the main reasons 

why power plants to shut down is lack of fuel, more specifically 

natural gas [22]. 

According to Rawa Penjweni, the Head of Renewable 

Energy, the energy demand in artificially high since the 

electricity is subsidized. When the grid is up and running, 

people consume excessive amount of power since there is great 

uncertainty regarding when the next power cut takes place. In 

fact, electricity subsidies accounts for most of all subsidies 

given by the KRG. According to a report, the KRG should 

implement demand side management (DSM) and use price 

signalling in order to decrease demand. They too claim tariffs 

are too low [9].  

X. CONCLUSION 

A. Forecasting 

There is a tradeoff between forecasting horizon and prediction 

accuracy. When predicting longer time periods, more factors 

affect the outcome which increases complexity and decreases 

forecast confidence. Still, it can provide relevant information 

about the long-term direction of the estimated processes. 

Likewise, shorter forecast horizons provide accurate 

predictions, at the expense of less insight about future 

movements. This phenomenon applies to all type prediction 

contexts.  

After evaluating the forecast errors, it is not apparent that the 

demand forecast is somehow superior than the baseline. On the 

contrary, the supply forecast managed to beat the baseline, 

something with good margin as well. Thus, it can be concluded 

that the supply forecasts were more accurate than the demand 

forecasts. The poor performance of the demand forecast could 

depend on the selected values on p, q, and d. This study 

assumed a value of 1 on all of them, due to the contradictory 

results from the information criteria. This assumption might 

have resulted in suboptimal values which in turn resulted in an 

unsuitable ARIMA-model. Alternatively, the demand might 

still have been non-stationary even after differentiation. The 

assumption made in this thesis was based on an ambiguous 

interpretation of the ACF plot. It might have resulted in 

insufficient amount of measures when trying to make the 

demand stationary. This claim is also supported when 

examining the ACRH Test for Heteroscedasticity. The 

ARIMA-model fitted with the supply dataset was far more 

confident in rejecting the null hypothesis than the ARIMA-

model fitted with the demand dataset. Thus, it would be 

appropriate to difference the time series further or make it 

stationary in some other way.  

Furthermore, the demand did show clear signs of seasonality, 

even stronger than the supply. Other models that take 

seasonality into account might be able to fit the demand better. 

For instance, the demand could have been forecasted using a 

seasonal autoregressive integrated moving average (SARIMA) 

with a seasonal lag of 180 days, since the demand clearly 

dependent on the weather.  

However, one paper disputes the rationality of forecasts in 

general and claim the impossibility in predicting future 

outcomes, more specifically in business. It argues that simple 

statistical models are better than sophisticated models, the 

explanation is that complex models try to find non-existent 

patterns in past data. It concluded that preparation for different 

contingencies is a better strategy then seeking predictability in 

general [28]. This thesis does not dispute this kind of reasoning 

in the business world. However, in the case of load and demand 

forecasting, there are few clear predictors that can explain 

potential outcomes. Of course, there are some unexpected 

events that could drastically alter the outcome. In Kurdistan for 

instance, the war against ISIS, oil shocks, the refugee influx, 

etc. have all impacted the supply and demand for power. But 

these forecast does not deal with the level of uncertainty found 

in whole economies and industries. Load and demand 

forecasting are necessary to solve power shortages in the 

region.  

B. Capacity planning 

The main obstacle in meeting energy demand is the insufficient 

infrastructure in the region, and not the actual production 

capacity. According to several interviewees, there is enough 

energy produced to cover the demand, but the problem lies in 

transmission and distribution. The current power lines are 

overloaded, any increase in energy production would not have 

any effect in output since it can not be delivered. This makes it 

difficult to install on-grid solar systems for instance, since the 

energy produced would not be able to be sent through the grid. 

Thus, the attention should be directed at the improving the 

network instead of increasing the level capacity in power 

generation.  

The power supply is cut off by the KRG, mostly when the 

grid is overloaded. The unserved demand is provided by private 

diesel generators which are more expensive.  People consume 

much less energy from diesel generators since the price is 

higher. This suggest that consumers are price sensitive. Also, 

most equipment in the network are out of date, damaged or not 

sized to deal with higher loads, all this indicate the need for 

system upgrade. Thus, one easy by expensive option would be 

to the increase the general baseload in the transmission and 

distribution system. But since network upgrade is a massive 

investment, all other options to meet reduce the power shortage 

should be considered. Since networks in general are designed 

to handle peak demands, it would be wise to implement demand 

management to reduce these peaks, before any network 

upgrades. It might otherwise result in overcapacity.  
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Managing demand or demand-side management (DSM) 

commonly used in the energy sector, is a recurring topic 

brought up by several interviews. This strategy has been the 

best short-term solution regarding power shortages.  Since total 

power demand is not met, most people today are willing to 

spend more money to receive energy from diesel generators 

when the network is down. Due to higher prices, they choose to 

use less of the supply provided by privately owned distributed 

system. Thus, making financial incentives an effective tool for 

managing demand. The tariffs should be configured in such a 

way to reduce peak demand and reduce the demand when 

supply is low. For instance, the tariffs could reasonably be 

higher during summer and winter, or on certain days of the 

week and during midday. 

Although evidence support tariff increases, it is important to 

recognize that its effectiveness depend on elasticity of demand. 

If poorly implemented, it can ultimately to lead public backlash. 

Introduced tariffs, apart from reducing demand, can also be 

used to incentivize the transition towards renewables. Solar 

energy could for instance be exempted from tariffs. Still, if the 

network is not upgraded, no extra electricity can be fed into the 

system, making these incentives useless. One other obstacle 

preventing renewables is the immense task of changing 

mentality in the region. The authorities and consumers need to 

be convinced of the long-term benefit of cost solar energy and 

not focus on the short-term capital costs. When capital is scarce, 

lower investments costs are preferred than lower running costs.  

The chasing demand strategy is somewhat tricky since the 

demand is essentially not real. Due to subsidies and low tariffs, 

the artificial demand could lead to wasteful production. Still, 

there is a clear seasonal demand pattern that follows the weather 

conditions. Solar energy production does follow the same 

pattern during summer. Since the cost of solar energy continues 

to drop, and its ability to quickly scale, it is feasible to chase the 

demand during summer when demand and production patterns 

align. The challenge is to meet the demand increase during the 

winter since the weather conditions are not optimal, even after 

reconfiguration the solar panels such that the energy production 

is altered and evened out throughout the year.  

XI. FURTHER RESEARCH 

The results from this study could be further examined and more 

thoroughly executed. More exact selected model parameters 

could result in more accurate forecast. Another suggestion 

would be to compare ARIMA models with Holtz-Winters. 

These two are the most commonly used time series models 

today.  

 Also, ARIMA is a univariate time series model. It predicts 

data by examining data patterns. Since load and demand 

correlate with predictors such are temperature, humidity, day of 

the week, etc, one could create forecasts based on multivariate 

causal models and compare with time series models. 
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Appendix 
 

 
Figure 1 Iraqi Kurdistan has successfully expanded power 

generation capacity with the help of private actors. More than 85% 

of the capacity is provided by the private sector. As long as the gap 

between the demand and the supply persists, the region will suffer 

from power shortages. 
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Figure 2 The demand clearly follows a seasonal pattern. During the 

summer people tend to use more air-conditioning and during winter 

people use heating. The supply is not as weather-dependent, the output 

is reliant on access to oil and natural gas. 

 

 

https://otexts.com/fpp2/components.html
https://se.mathworks.com/help/econ/choose-arma-lags.html
https://www.researchgate.net/publication/313991989_Evaluating_and_Comparing_Forecasting_Models
https://www.researchgate.net/publication/313991989_Evaluating_and_Comparing_Forecasting_Models
https://robjhyndman.com/papers/BoxJenkins.pdf
file:///C:/Users/ersha/Downloads/L4%20Why%20Forecasts%20Fail.pdf


 15 

 
Figure 3 The demand shows clear signs of autocorrelation 

 

 
Figure 4 The PACF of the demand 

 

 
Figure 5 First order differentiation of the demand. 

 

 

 

 
Figure 6 The supply does not show a clear sign of seasonality. 

However, it is still non-stationary. 

 
Figure 7 The PACF of the supply. 

 

Figure 8 First order differentiation of the supply. 
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Figure 9 After differentiation of one order, the demand seems to be 

stationary.  

 

 
Figure 10 The PACF of the differenced demand. 

 
Figure 11 The AIC and the BIC contradict each other. However, since 

the ACF decays rapidly, it is reasonable to assume the values of p and 

q to be 1. 

 

 
Figure 12 After differentiation of one order, the supply seems to be 

stationary. Since the function is almost entirely within the confidence 

bounds, it is almost certaintly stationary. 

 
Figure 13 The PACF of the differenced supply. 

 
Figure 14 The values of p and q for the supply model should be 1 

according to the information criteria. 
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Figure 15 Since the demand model residuals are normally distributed, 

the model is performing well. 

 
 
Figure 161 QQ-plot is another way of examining normality. 

 

Figure 17 There seems to be no autocorrelation in the demand model 

residuals. 

 

 
Figure 18 Since the supply model residuals are normally distributed, 

the model is performing well. 

 

Figure 19 QQ-plot is another way of examining normality. 

 

Figure 20 There seems to be no autocorrelation in the supply model 

residuals. 
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Figure 21 There is more confidence in the formal tests for the supply 

model, more specifically the null hypothesis for heteroscedasticity is 

rejected with high confidence. 

 

Figure 22 The formal tests for heteroscedasticity and autocorrelation 

indicate that the demand models is somewhat suitable. 

 

Figure 23 The supply is predicted with greater accuracy than the 

demand. The demand variance is greater than the supply, which is 

evident when studying the y-axis.          

 
Figure 24 Although the models manage to stay within the confidence 

bounds, is performs the on a weekly basis.  

 

 

Figure 25 Unsurprisingly, the short forecasting horizon results in 

great forecasting fit. 

 
Figure 26 The baseline for the supply. 
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Figure 27 The baseline is improving as the naive method uses shorter 

forecasting periods. 

Table 1 This table lists all four types of errors measured for each 

forecasting period and each forecasting method. 

 MSE RMSE MAE MAPE 
Monthly 
Forecast 

    

Naïve-
Supply 

9886,1658 99.4292 78.6055 12.133
3 

Naïve-
Demand 

35768,190
0 

189.124
8 

138.967
1 

14.040
6 

Arima-
Supply 

5187,1253 72.0217 54.4862 8.7263 

Arima-
Demand 

38398,793
1 

195.956
1 

139.286 13.934
3 

     
Weekly 

Forecast 
    

Naïve - 
Supply 

2990,2961 54.6836 37.8 5.6789 

Naïve - 
Demand 

4494,2275 67.039 41.0564 4.3108 

Arima - 
Supply 

3058,3223 55.3021 37.7442 5.681 

Arima - 
Demand 

5963,2991 77.2224 44.4458 4.5895 

     
Daily  

Forecast 
    

Naïve - 
Supply 

1914,1063 43.7502 31.6493 4.81 

Naïve - 
Demand 

2156,8129 46.4415 24.5321 2.5711 

Arima -
Supply 

1792,7349 42.3407 30.8269 4.6875 

Arima - 
Demand 

2327,9853 48.2492 25.0931 2.6167 

 

 

 

 

 

 

ACKNOWLEDGMENT 

I would first like to thank KTH, SIDA and Hogir Rasul for 

opportunity to conduct a meaningful study that hopefully brings 

clarity within this topic.  

Also, thank you to everyone who guided us along the way; 

Olov Engwall, Mattias Wiggberg, Berdman Bakhtiar, Allan 

Abdullah, Hewa Abdullah, Hawraman A. Saed, Ako Jamal, 

Yaseen H. Kareem, Diyar Baban, Rawa Penjweni and Faraidon 

Kareem. 

And thanks to everyone else who supported this study. 

 

Ershad Taherifard is a student at KTH and is currently 

pursuing a B.S. and M.S. degree in Industrial Engineering and 

Management with specialization towards Computer Science. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



20 

www.kth.se 

TRITA-EECS-EX-2019:405


