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ABSTRACT
This Project is to determine the appropriate Trend for the Monthly Electricity Consumption in Ilorin Metropolis for Twenty Consecutive Years. The Time Series Data on Electricity Consumption cover the period from 2013 to 2022 and was sourced from the Baba Ode II Kw Feeder, Ilorin, Kwara State. The Data used is a Secondary Data. In this Project, we fit a Time Series Trend that best describes the Monthly Electricity Consumption in Ilorin Metropolis using Least Square and ARIMA Modeling Analysis. The Adequate Trend Model that was obtained from the Least Square Method; yt = 25.09-0.059t. The trend line also indicates decrease of electricity consumption as time goes on. The value of R2 obtained is 0.860 which implies that 86% of the consumption of electricity has been accounted for by the time. The value of coefficient of determination also close to one, it is a good measure of the trend line obtained which revealed that the model is adequate for use. The MAPE (Mean Absolute Percentage Error) is used to measure the Forecast accuracy, the Model obtained was able to Forecast with an Error of 4.61% which implies a good measure of accuracy. The result obtained on the ARIMA Model after the Series have been Differenced once to achieve Stationarity based on the selected criterion shows that ARIMA (0, 1, 2) is the best Model. The Model was used to forecast for five years (2023-2027). The result obtained from the Forecast also shows that the Consumption of Electricity in Ilorin Metropolis is decreasing as time goes on. 
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CHAPTER ONE
1.1 Introduction
Time Series can be defined as the collection of observations made sequentially in time. Time Series is a collection of equally spaced temporal data. A Time Series can consist some or all of the components such as Trend (Long Term Pattern), Cyclical (Repeated Up and Down Movements), Seasonal (Regular Fluctuations during the same Month or Quarter) and Irregular (Unexplained Random Component) (Molaei et al., 2015).
Time Series Data are collected based on certain periods which have constants value (e.g. Daily, Weekly or Monthly), it can be used to Forecast or Predict Future Circumstance. Prediction is one of the objectives of the Time Series Analysis by identifying the Model from Previous Data and assuming the Current Information will also occur in the Future. In Big Data Trend, huge amount of Time Series Data come from different Heterogeneous sources and Multiple Application Domains. These present a new challenge for Time Series Forecasting. Time Series Modeling has been widely applied and proposed in various Fields to improve its accuracy and efficiency of Forecasting.
The result of Time Series Data Analysis is usually in the form of Prediction, Classification, Clustering, Segmentation and Detection. The most challenges in analyzing Time Series Data are High Dimensional Data, Noise on Data, Non-Stationary Data, and lack of Privacy Protection (Popeanga et al., 2014). It is clear that the success of Time Series Forecasting depends on using the right Model. Time Series Data in predicting Electricity Consumption have been applied using the Least Square Analysis and ARIMA Modeling. Forecasting is predicting future values based on past and current Time Series Data. 
Electricity Demand Forecasts can help determine the number of Resources needed to generate the Forecasted Electricity Demand. Decisions based on accurate Forecasts can help avoid Power shortages and forced outages, leading to Productivity and Economic consequences (Steinbuks et al., 2017). 
Electricity is important for development of every Country from the Social, Economic and Environmental perspective. It has magnificent effect on Industrial and Agricultural Products, Health, Sanitary, Population, Education and Human Life Quality (Abbasimehr et al., 2011).
As Electricity is a crucial input to Industrial part of the Country, Electricity demand increases along the Industrial Function Increase. Rapid changes in Industry and Economy strongly affect Electricity Consumption. Therefore, Electricity Consumption is an important Economical Index that represents Economic Development of a City or a Country (Lee et al., 2011). According to the International Electricity Agent report, there should be many transformations in amount and type of future Electricity Consumption (year 2030). As over the past decade Global Electricity Consumption has increased rapidly because of Population and Economic Growth (Suganthi et al., 2014). According to wide growth of Electricity Consumption in the last decade, Electricity Demand Management is very important for achieving Economic success, Environment preservation and suitable planning for existing resources that result in self-sufficiency and Economic Development.
One of the most critical Electricity source is Electricity. It is considered an essential part of Modern Life. People use it daily in different activities, routines, and work (Gumari et al., 2019). In the past Years, due to increased Population and Economic Growth, Electricity Consumption across many Countries in the World increased continuously. 
Nowadays, efficient Electricity management is extremely important in large Cities. There are several benefits that can be derived from an accurate description and Forecasting of Electricity Consumption. The first relates to the Management of the Electricity System of the City. The Electricity Provider requires large Consumer prior to declaring needed Electricity for a given period of time. The second benefit is Economic. The cost of Electricity expended above with a stated amount is much higher than the primary. Incorrect queries lead to Economic losses for the Transport Company. The third is the ability to use the Model for the development of various Business Strategies, such as to provide Electricity Consumption when changing routes and number of Vehicles. 
It is important to highlight that in many Advanced Countries, in order to improve Electricity Management in the Electrical Grid, some relevant Electricity Consumers have the possibility to split their loads in a continuously necessary part and in a detachable part. In the Transportation case, for instance, the Electrical Engine of Buses requires continuous Electricity availability, but the Electrical Electricity used for Heating Systems is a detachable load. If the Bus Company knows the correct amount of the two load types and can forecast the two types of absorption, it can participate on a Smart Grid in a Demand Response Resource (DRR) System (Deng et al., 2012). Demand Response Programs are being used by Electric System Planners and Operators as resource options for balancing Supply and Demand. Demand Response provides an opportunity for Consumers to play a significant role in the operation of the Electric Grid by reducing or shifting their Electricity usage during Peak Periods in response to Time-Based Rates or other forms of Financial Incentives. 
1.2	Historical Background of Electricity 
	Electricity was established in Nigeria towards the end of the 18th Century when the first Generation Plant was installed in the City of Lagos. In 1950, the Federal Government of Nigeria in a bid to integrate the activities of smaller Generating Plant in order to boast Power development in Nigeria passed the Electrify Cooperating in Nigeria Ordinance 15 of 1950. The Ordinance brought under one control and electrifies undertaking previously administered by Private Individual Native Authority, Municipal Ownership and Electricity Sector of the Public Works Department. Hence, tthe Electricity Corporation of Nigeria (ECN) became the Statutory to all Consumers in Nigeria.
	In order to separate some of the Power burden being carried by E.C.N, the Federal Government by an Act of Pediment in 1962 acts on the Nigeria Dam Authority (N.D.A). The Nigeria Dam Authority (NDA) was responsible for the construction and maintenance of Dams and other Project Works on the River Niger and elsewhere generating Electricity by means of Water Power (Hydro – electricity) improve Navigation and promote Fishery and Irrigation. The Kanji Dam was constructed in Upper – Niger decided that E.C.N and N.D.A should come under one control by Decree No 24 of 1972. The E.C.N and N.D.A was merged together to become the National Electricity Power Authority (NEPA).
	The Authority was then charged with the responsible to develop and control efficient, coordinate the Economic System of Electricity Supply for all part of the Federation. In 1992 the Federal Government decides that N.E.P.A should become a Public Company by Decree No 75 of 1992 Constitution by selling Shares to Public for the effective use of Electricity Consumption in Nigeria. The National Electricity Power Authority (NEPA) came to Ilorin during the period of the ECN. During this time, the ECN was able to cope with 45 obligations due to the Towns low Population Density and few Industrial Concerns.
	In 2005, National Electricity Power Authority (NEPA) was Privatized and named Power Holding Company of Nigeria, with the aim of Managing and Maintaining the efficiency and stability of Electricity in the Federation during President Olusegun Obasanjo Regime. During this period Substation were built in some State of the Federation to integrate and enhance stability of Electricity in most State. The Ilorin   PHCN branch comprises of the Engineering Section headed by Qualified Engineer Administrative, Account Section, Commerce and Computer Section with their respective Heads.


1.3 Statement of the problems
Electricity Consumption is very expensive to bring under control when Monetary Policy is used to show Aggregate Demand. The problem of Electricity Consumption in Nigeria is particularly not worthy. It is disturbing to observe that with Nigeria as one of the most Developed Country in Africa, Electricity Consumption and other related issues should not be a problem to the Country. 
Over the years, the frequent downward rate of Electricity Consumption has created hardship for the Citizens. In view of this, this Project intends to fit an appropriate Model of Monthly Electricity Consumption in Ilorin Metropolis from (2003-2022) and to make reasonable recommendations on the result obtained. 
1.4Aim and Objectives
The aim of the Research is to study the pattern of Monthly Electricity Consumption in Ilorin Metropolis from 2003-2022. The objectives of this study are to:
i. Plot the Monthly Electricity Consumption Data in Ilorin Metropolis;
ii. Fit appropriate Model to the Data ; and
iii. Forecast Electricity Consumption in Ilorin Metropolis from2023-2027
1.5 Significance of the Study
The result of this Project will serve as relevance and contribution to the existing Studies on Electricity Consumption. This Project will in no doubt add to the knowledge of the Researchers, The Electricity Business Hubs and subsequent Researchers who intent to carry out Studies related to this topic. It also helps in effort to shed more light on the Electricity Consumption rate in Ilorin.


1.6 Scope of the study
The Scope for any Research Work is usually discovered in order to give account to the extent of its inference. For this particular Research, the Scope is restricted to the Monthly Electricity Consumption in Ilorin Metropolis between 2003 -2022 and to fit a Model that can be used for future prediction.
1.7 Source of the data
 The Data used for this Research was sourced from the Electricity Business Hub, Challenge, Ilorin, Kwara State .The Data is Secondary Data since the Method of collecting the Data is documentary. The Data collected covers 240 Months (20 Years) from2003-2022.






CHAPTER TWO
2.0 	LITERATURE REVIEW
Increasing Global Electricity demand requires intelligent Forecasting Algorithms and Models. Suganthi and Samuel (2014) have surveyed many different Models in the Field of Electricity Forecasting and introduced two types of Models including: 1- Traditional Forecasting Models such as: Time Series, Regression, Econometrics Models, and ARIMA, 2- Soft ComputingModels such as Fuzzy Logic, Genetic Algorithm, Neural Network, Support Vector Regression Models for Forecasting National and Regional Electricity Demand.
Time Series Models are the simplest Models for Trend Analysis in Electricity Forecasting. Some Time Series Approaches like Traditional Statistical Models including: Moving Average, Exponential Smoothing and ARIMA are Linear Forecasting Methods. ARIMA Model is one of the most popular Time Series Models and has been broadly used (Zhang, 2003).
Various Techniques have been used for Electricity Demand Management to Forecast Future Electricity demands accurately (Suganthi et al., 2014). However, Electricity Forecasting is difficult, because it is affected by rapid development of Economy, Technology, Government decisions and other Factors (Yu et al., 2015). As far as Electricity prediction is concerned, especially in Developing Countries like Iran, lack of data are a critical problem in Forecasting. Moreover, missing values and lack of a Standard and precise System for Data collection raised other issues in such Countries (Azadeh et al., 2016). 
Pappas, Ekonomou (2008), proposed ARIMA Model for Forecasting Greek Electricity Consumption and compared the proposed Model with three Analytical Time-Series Models. Results showed that ARIMA Model is more efficient than the other Time-Series Models.From the other point of view, Statistical Forecasting Methods usually require normal Data, while large Data sets are Trendy or Seasonal Data Pattern are often inadequate or Noisy. ARIMA Models are Linear but Real Time Series rarely has Linear Structure (Lee et al., 2011).
Electricity demand is forecasted based on Economic and Non-Economic Indexes. The Nonlinearity of these Indexes and Electricity Demand has led to a search in the Field of Artificial Intelligence Approaches such as Neural Network and Fuzzy models. These Methods are used because of high flexibility and power of Forecasting, Estimating and Overcoming with Noisy Data (Azadeh et al., 2008).
Pao (2006) Forecasted Taiwan Electricity Consumption by Neural Networks and Linear Models. Neural Network has functioned better than the Linear Models.But depending on situation, accuracy of ANN Methods decrease because of several reasons. Forecasting accuracy of ANN depends on learning data set and their adequacy. Moreover ANN Methods sometimes get stuck in Local Minimum, so choosing proper Data Set, is too critical in Neural Network Models and these Models get good results only when the number of Data is high.
Fuzzy Models have good results in varying situations with inadequate Data. Recently, Fuzzy Logic has been widely used to deal with high level of uncertainty issues (Ciabattoni et al., 2014). Accuracy of Electricity Forecasting is usually impressed by Data uncertainty and Interdependency between Model's Variables. These relations are eliminated by classification of Fuzzy Model (Hao et al., 2012).
(Mamlook et al., 2009) Forecasted short term Electricity Consumption of Jordan by Fuzzy Model was found that Fuzzy Model performed much better than the usual Statistical Forecasting Models. Yet, Probabilistic Consumption pattern cannot be correctly forecasted just by Fuzzy based or Time- Series Models.
(Azadeh et al., 2011) proposed Fuzzy-Regression Hybrid Model to improve Estimation and Forecasting of Electricity Consumption, with use of small set of (inadequate) Data, Population and GDP as inputs. They used Annual Data from Iran and some other Countries from 1995 to 2005 and the results showed the superiority of proposed Hybrid Model compared to Single Models. The application of Fuzzy Models in Electricity is reviewed by (Sughanthi et al., 2015) [19]. The review indicates that Fuzzy based Models in Electricity Field provide realistic estimates.	
The Philippines Electricity Market has a rapidly developing structure because of the increasing Population and Government-Initiated Infrastructure Boom. However, Electricity Sources are scarce, and the Country heavily relies on Import sources for its Electricity Generation. In 2020, 76% or 17 Giga watts (GW) of the Country’s Total Electricity capacity was generated by Coal, Natural Gas, and Oil. Geothermal and other renewable sources generated the remaining 6 GW. Out of the total Coal consumed by Power Plants, 87% or 25,921,662 Metric Tons mainly were imported from China. A reduction of about 4% or 4,286 Giga Watt-Hours (GWH) in Power Generation was observed from 2019 to 2020. The decrease was caused by lower demand, which can be significantly attributed to the effect of the COVID-19 pandemic. The Residential Sector has the largest Electricity Consumption with a share of 33.7%, followed by the Industrial (25.1%) and the Commercial (20.4%) Sectors (Philippines Electricity Market and 2020 Coal Statistics). 
By using Regression analysis, Guzman and Rey (2020) have forecasted the residential power consumption of Bogotá, Colombia. The Model used includes the Economic Interpretation of Coefficients. Regression Analysis can be used for prediction and explicating purposes, as it can explain which combination of variables is strongly associated with the outcome variable. However, it is not realistic to include all the potential predictors (Lewis et al., 2002). 
Furthermore, ARIMA Models were used to predict Ghana's Electricity Consumption. The Study found that ARIMA (0,1,0) was the statistically appropriate Model. It predicted that by 2030, Ghana would consume 9.5597 billion KWh of Electricity (Sarkodie, 2017). 
(Nyoni, 2019) using the Box-Jenkins ARIMA Model. He study the estimated Electricity Demand in Zimbabwe up to 2025. The Study found that ARIMA (1,1,6) was the most stable and best-fitting Model for projecting Electricity Demand. The Study estimated that the Electricity Demand in Zimbabwe would decrease.
Zhao and Magoules (2012) reviewed the prediction of Electricity Consumption in Buildings using Technical Expertise Methods, Time Series Statistical Methods, and Artificial Methods. 
Sandel et al.,(2015) used Regression Methods to predict Electricity Consumption one day in the future in Office Buildings.
Ostertagova and Ostertag(2011) used Simple Exponential Smoothing (SES) on number of personnel in the Industrial Production in Slovakia over the years 2001 – 2010. Meanwhile,
 Ostertagova and Ostertag (2012) utilized SES on Primary Production of Electricity in Terajoules in Slovakia over the Year 2001-2009. The accuracy of the SES depends on the value of Smoothing Factor, α.They determined the Optimal Value of α used Traditional Optimization Method based on the Lowest Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE).
Abd Jalil, Ahmad and Mohamed (2013) applied Holt-Winters (HW), Holt-Winters for Double Multiplicative Seasonality proposed by Taylor (HWT) and two variations of HWT on a half-hourly load demand of Malaysia from September 01, 2005 to August 31, 2006. They used the 11 Months of Data to estimate Methods Parameters and the remaining 1 Month to evaluate Post-Sample Forecasting performance. They concluded that HWT performed better than HW.
Nazim and Afthanorhan (2014) compared SES, Double Exponential Smoothing (DES), Holt’s (Brown)and Adaptive Response Rate Exponential Smoothing (ARRES) Techniques on the Secondary Data of Malaysia Population covering the period 1957 up to 2013. Holt’s Method was found to be the best Method to Forecast the Malaysia Population as produces the Lowest Mean Square Error (MSE) value.
Muhamad and Mohamad Din (2015) employed Single and Double Exponential Smoothing as well as Holt’s Method on River Water level Data from three Rivers in Perlis Malaysia. They found that Double Exponential Smoothing Technique was the best in this problem.
Kavanagh (2017) employed Double Seasonal Exponential Smoothing Variations of Holt-Winters Method on STLF. He obtained an Average Daily MAPE of 2.99% over a period of nearly Four Weeks.
Tirkes et al., (2017) examined the performances between Trend Analysis, Decomposition and HW Models on Monthly Time Series Data by a group of Jam and Sherbet Product demands from January 2013 to December 2014. HW and Decomposition Models obtained better results in their Study.
Therefore, in this Project, Time Series Methods will be applied to the Monthly Data on Electricity Consumption in Ilorin Metropolis from January 2003 to December 2022 and to forecast the Monthly Electricity Consumption for the Year 2023-2030.






CHAPTER THREE
RESEARCH METHODOLOGY
3.0	Introduction
In this chapter, the Procedure and Methodology of the Research were discussed. 
3.1 	Time Series	
Time Series can be defined as the collection of Observation made sequentially in Time.
This is denoted by (Yt), the Yt represent Observation value at a Time t. it is Stochastic Process. A Stochastic Process is a Collection of Random Variable which is ordered in Time.


Mathematically; it is defined as collection of Random Variable (Yt t € T) where T denote the sum of Time Points at which the process is defined we donate the Random Variables at Time t by Y(t), if T is continuous (usually ) and Y(t), if T discrete 
Thus Time Series Analysis is Sub -Class of Stochastic Process. Stochastic Process is to specify the Joint Probability Distribution of Y(t)…… Ytn for any Set of Time t1, t2….. tn value of n.
[bookmark: _Toc525560721]3.2 Accuracy Measure
MAPE: Mean Absolute Percentage Error. This measures the accuracy of fitted time series values. It expresses accuracy as a percentage.



  where = Actual Value, = Fitted Value and n = number of observations.
MAD: Mean Absolute Deviation. This measures the accuracy of fitted time series values. It expresses accuracy in the same units as the data, which helps conceptualize the amount of error.




 where = Actual Value, = Fitted Value and n = number of observations.
MSD: Mean Squared Deviation. MSD is always computed using the same denominator, n, regardless of the model, so we can compare MSD values across models. MSD is a more sensitive measure of an unusually large forecast error than MAD.


3.3 ARIMA Modeling
3.3.1Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF)
Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) of a Stationary Series are collected over Time. The procedure usually serve as a prelude to selecting Series of Models that are subjected to Statistical Test to confirmation as the best and Optimal Model for a particular case. The Methodology emphasized the use of some vital Statistical Approach such as determination of the Model order, Parameter Estimation as well as Model Testing and Forecast .behavior of ACF and PACF provide a suggestion of where the Model can build from and corresponding Model Order. While use of ACF and PACF to determine Model Order is because both give sight information about the behavior of the Time Series. It is paramount and necessary requirement if a giving Series is Cyclical, Irregular, Seasonal /Secular or process any of the two attributes must be Stationary (Box and Jenkins 1970). When the Series is Stationary the Order of the Model that is the coefficients number can be determined.
[bookmark: _Toc525560722]3.3.2 Autoregressive (AR) Model



Autoregressive Model are based on the idea that the current value of the Series, xt  can be explained as a function of p Pass value …. 
where p determines the number of steps into the Pass needed to Forecast the Current Value. 
An autoregressive Model of Order p, abbreviated as AR (p) can be written as; 

                                                                          …   (1)



 where  represent the Time Series Data at point t,  are the Parameters of the AR Model and = 0 unless otherwise stated.
The letter p denotes the Order of Autoregressive Model, defining how many previous values the current value is related to. The Model is called Autoregressive because the Series is Regressed on to past values of itself.


The Error Term {et} in Equation (1) refers to the Noise in the Time Series. Above, the Errors were said to be iid. Commonly, they are also assumed to have a Normal Distribution with Mean Zero and Variance .written as (NID 0,). The highest Order p is referred to as the order of the Model. By introducing the Log Operator (back shift) B in equation (1) we obtain;



From the characteristics Polynomial of Order p, the Model in Lag Operators takes the following form 

                                                                                  … (2)

The Autoregressive Operator  is defined to be 


 =                                                                                 …(3)
More concise the AR Model can be expressed as; 

                                                                                                               …(4)
The Mean of AR (2) Model can be computed as follows (bear in mind that the Model is Stationary)

    Due to Stationary condition

Mean = 

and Variance is defined as


Variance = 
[bookmark: _Toc525560723]3.3.3 Moving Average (MA) Model
A Moving Average Model an alternative to the Autoregressive representation in which the  


on the left-hand side of the equation are assumed to be combined Linearly, the Moving Average Model of Order q, abbreviated as MA (q)  assumes the White Noise () on the right –hand side of the defining equation are combined Linearly to form the Observed Data .
A moving average model of order q, abbreviated as MA (q) can be written as; MA (q) can be written as;

                                                                                … (5)






Where are the Moving Average (MA) Parameters in the Model and   are the White Noise Error Terms  and  is a Gaussian White Noise Series, with Mean Zero and Variance unless otherwise stated. The Moving Average Model in lag operation is of form

                                                                                 … (6)

The Moving Average operator is of form;

                                                                             … (7)
[bookmark: _Toc525560724]3.3.4 Autoregressive Moving Average (ARMA) models

This is a process of maxing Autoregressive and Moving Average model to form an Autoregressive Moving Average (ARMA) models for stationary time series. A general ARMA (p,q) model can be written as follows;  
[bookmark: _Toc525560725]3.3.5 Autoregressive Integrated Moving Average (ARIMA) models
Autoregressive Integrated Moving Average (ARIMA) Models are an extension to the class of ARMA Models by adding the possibility to integrate a Non-Stationary Process to a Stationary. ARIMA (p,d,q) Models are Univariate Time Series Models that consist of an Autoregressive Parameter (p), an Order of Integration (d) and Moving Average (q).


A process () is said to be an Autoregressive Integrated Moving Average (ARIMA) Process if is the Non- Seasonal Differencing Operator of Order d. to produce Non-Seasonal Stationary of the dth   Difference. Usually d = 1 or 2.
[bookmark: _Toc525560726]3.4 Signal and Noise
The observed and recorded Time Series, say {Xn}, consists of two components:
1. The signal. This is the component of the Data that contains information, Say {Sn} this is the component of the Time Series that can be forecasted.
2. The Noise. This is the Randomness that is observed, which may be due to numerous other Variables affecting the Signal, Measurement imperfections, etc. Because the Noise is Random, it cannot be forecasted.
[bookmark: _Toc525560727]3.5 Model Selection Criteria
When fitting Models, there is the tendency of two or more Models competing and for that reason it is appropriate to use good Model selection criteria to select the most adequate Model. In this Study, the Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC) were the measures of goodness of ﬁt that were employed to select the most adequate Model. For a given Data Set, several competing Models may be ranked according to their AIC, or BIC values with the one having the lowest information criterion value being the best. 
 In general the AIC, and BIC are given by;
AIC = 2k+nlog (RSS/n)    			
BIC = log () +k/n xlog (n)
where
k is the number of Parameters in the Statistical Model,
RSS is the Residual Sum of Squares of the Estimated Model,
n is the number of observations in the data,  is the error variance.	
[bookmark: _Toc525560728]3.6 Model Identification
In Time Series Analysis, the most crucial steps are to identify and build a Model based on the available Data or Information to suggest a suitable Model to describe how the Data has been generated. If the Data appears to be Stationary no Differencing is called for, and we identify d=0 where d is the Order of Difference of the Series until its Time Plot appears to be Stationary.
As mentioned earlier the input Series of the ARIMA Model need to be Stationary, that it should have a constant Mean, Variance and Autocorrelation through Time. Therefore, usually the Series’ first need to be Differenced until it is Stationary. However, The first step in the identification of an ARIMA process is to examine the Time Plot if there is no Seasonal Variation. The three commonly used tools , Graphical Methods in Identification in Time Series are: - the Time Plot of the Series, the Time Plot of Autocorrelation at various lags (ACF) and the Time Plot of the Partial Autocorrelation Function (PACF).
i. 
Time plot of a series:-This is a Graphical representation of a Time Series of observed values plotted against Time observations. It is a useful tool for interpreting a set of Autocorrelation Co-efficient.
ii. 
Time plot of Autocorrelation function:-This is a Graphical representation of the Sample Autocorrelation  versus h (the time lags). It is also said to be a Plot that describes the Correlation between values of the Process at different point in Time, as a function of the two times or of the time difference. we define the sample autocorrelation function to be the Sequence of Values
(1)	rτ  =  cτ  /c0,	    τ = 0,1,...,T − 1, where 	



 and     

is the Empirical Auto Covariance at lag τ and c0is the Sample Variance. One should note that, as the value of the lag increases, the number of observations comprised in the Empirical Auto Covariance diminishes until the final element. 
[bookmark: _Toc525560729]3.7 Information Criterion
The Akaike Information Criterion is a measure of the relative goodness of Fit of a Statistical Model. Akaike (1969, 73, 74) suggests measuring the goodness of Fit for some particular Model by balancing the Error of the Fit against the number of Parameters in the Model. It provides the measure of information lost when a given Model is used to describe reality. It can be said to describe the tradeoff between Bias and Variance in Model construction.
Hannan-Quinn Information Criterion (AIC) is a Criterion for Model selection. It is an alternative to Akaike Information Criterion (AIC). 
Bayesian Information Criterion (BIC) or Schwarz Criterion is another Criterion for Model selection among a Finite Set of Models. BIC give a Model with smaller Order than AIC or AICc. The Formula for the AIC, BIC, AIC and AICc are;-

	

		

			

						
where k is the number of Parameters in the Statistical Model.
  L is the maximized value of the Likelihood function for the Estimated Model. AICc is a modification of AIC by Hurvich and Tsai (1989) while Burnham and Anderson (1989) insist on using AICc regardless of sample size since it converge to AIC as n is large and n = the sample size.
[bookmark: _Toc525560731]3.8 KPSS Test for Stationarity
The integration properties of a Series may also be investigated by testing the Null Hypothesis that the Series is Stationary against a unit root. Kwiatkowski et al (1992) have derived a Test for this pair of Hypotheses. The Null Hypothesis is rejected when the Test Statistic is greater than Appropriate Significance Level.
There are four important steps in analyzing Time Series Data. These are broadly given as;
Description:  When presented with a Time Series problem, the first step in the analysis is to packet the Data and obtains Simple Descriptive Measure of the main properties of the Series. For some Series such obvious feature and fairly Simple Model dominate the Variation, for other Series more sophisticated Technique will be required to provide an adequate Analysis.
Explanation: When Observations are taken one, two or more Variables, it may be possible to use the Variation in one Time Series to explain in another Series. This may lead to an understanding of the mechanism which generate a given Time Series, For example if it is of interest to see how Sales are infected by Price and Economic conditions, Analysis will allow hidden Pattern (e.g. Trends to be revealed)
Prediction: Given an Observed Time Series, one may want to predict the future value of the services, this is an important takes in Sales Forecasting, and in the Analysis of the Economic and Industrial Time Series. Prediction is closely related to control problem in many situations. For example if one can predict that a Manufacturing Process is going to be more off target, then an appropriate correction action to be taken.
Control: When a time series is generated it measures the quality of manufacture process. The aim of the analysis may be controlling. The process control of several different kind change invariable over a period of time are considered to be a result of combine impact of force that constantly at Work.
3.9 Forecasting
	The objective of Time Series Analysis is to Forecast the Future Event or Observation of the Series. Trend Estimation for the period whose forecast is required as computed using Trend Estimate. The Trend Estimate is then multiplied by the Seasonal Index for the Day, Week, Quarter or Month as the case may be.





Where the Trend Value is at Time (t)  and are constant that have been estimated, t is the Future Time that need to forecast for. The Trend Value is then multiplied by the Seasonal Index 


	Forecast = = Trend Seasonal Index
	There are different types of Forecasting namely Subjective, Univariate and Multivariate Forecasting.
i. Subjective Forecasting:
	This is a type of Forecast that is based on the Judgment, In tuition, Commerce Experience and any other relevant Information. It also about understands past Behaviour, evaluating Current Accomplishment and predicting Future based on the study without using any Statistical Model.    
ii. Univariate Forecasting.   Under this type of Forecasting other Variables are taken into consideration. For example, Birth Forecasting may be made using Population Size, Marriage Rate etc. Unlike univariate where the Forecast is based on the past record only.
3.10 Software Package Used
Gretl and Minitab software package would be used in this project work to achieve our pre-selected aim and objectives. 
3.11	Data Presentation
Table 1: Data on Monthly Consumption of Electricity in Ilorin Metropolis between 2013-2022
	Years/Months
	Jan
	Feb
	Mar
	Apr
	May
	Jun
	July
	Aug
	Sept
	Oct
	Nov
	Dec

	2013
	20.28559
	19.69851
	17.87411
	17.45967
	17.73587
	15.78323
	16.38477
	17.74451
	16.93522
	15.9601
	17.64121
	17.84115

	2014
	19.4893
	18.92273
	17.16786
	16.76752
	17.03044
	15.15338
	15.72873
	17.03164
	16.25259
	15.3146
	16.9253
	17.11467

	2015
	13.3546
	17.2077
	15.8898
	15.0132
	15.5949
	15.8968
	13.4512
	16.4865
	15.7535
	17.6713
	15.8532
	16.7532

	2016
	15.4939
	14.4939
	17.1422
	16.9812
	17.3546
	18.0132
	18.6411
	17.2641
	15.8491
	16.3546
	18.974
	16.997

	2017
	13.4809
	16.1422
	11.6547
	13.7072
	16.184
	10.4126
	10.7491
	12.997
	16.0132
	12.8082
	13.0593
	12.4944

	2018
	17.8217
	16.0536
	11.2551
	12.4944
	11.974
	12.178
	16.1422
	13.0593
	9.24135
	9.35455
	16.1422
	11.997

	2019
	15.3546
	14.8077
	14.3598
	16.0132
	14.4939
	14.7987
	14.9812
	15.4865
	15.7535
	13.6713
	14.6432
	16.0536

	2020
	16.184
	16.0031
	16.1422
	12.178
	9.24135
	9.64108
	10.3811
	9.96406
	10
	9.35455
	11.974
	11.997

	2021
	13.4809
	12.8082
	11.6547
	13.7072
	13.0621
	10.4126
	9.12867
	11.2551
	10.7491
	11.7964
	12.4944
	13.0593

	2022
	13.0531
	12.6523
	11.4594
	11.173
	11.3286
	10.0624
	10.4261
	11.2697
	10.7349
	10.0972
	11.1387
	11.2427



CHAPTER FOUR
ANALYSIS OF DATA
4.1	Data Analysis
4.1.1	Analysis on Least Square Method 

Figure 1: Time Series Plot and Trend line
Findings: The result obtained in table 1 showed that the consumption of electricity in Ilorin metropolis is on decrease as time increases. The trend line equation obtained is yt = 25.09-0.059t. The trend line also indicates decrease of electricity consumption as time goes on. The value of R2 obtained is 0.860 which implies that 86% of the consumption of electricity has been accounted for by the time. The value of coefficient of determination also close to one, it is a good measure of the trend line obtained which revealed that the model is adequate for use.
Accuracy Measure
MAPE   4.60621
MAD   0.61722
MSD   1.51663
The MAPE (Mean Absolute Percentage Error) is used to measure the Forecast Accuracy; the Model obtained was able to Forecast with an Error of 4.61%.
4.1.2	Analysis on ARIMA
TIME SERIES PLOT BEFORE DIFFERENCE
[image: ]
Figure 2: Time Plot of Electricity Consumption in Ilorin Metropolis 
A critical visual inspection of the Plot of Electricity Consumption Rate Data shows that there is High and Low Frequency. Though is not a Normal Pattern but sudden Increase and Decrease. Also the Observed Time Plot showed that the Series has no constant Mean and Variance with all evidence of no Stationarity.
 We proceed to examine the Correlogram i.e. Autocorrelation Function (ACF) and the Partial Autocorrelation Function (PACF) of the Series.[image: ]
Figure 3: The ACF and PACF of Electricity Consumption in Ilorin Metropolis
The Autocorrelation Function ACF and PACF clearly shows that the Data is not Stationary, since there is no any Seasonal behavior that appeared in the circulation of the Quarters
4.2 UNIT ROOT TEST BEFORE DIFFERENCING
Result of ADF Test
H0: The series contains unit root
H1: The series is generated by stationary process 
Model: (1-L)y = b0 + (a-1)*y(-1) + ... + e
1st-order autocorrelation coefficient for e: 0.001
Lagged differences: F(59, 119) = 3.614 [0.0000]
Estimated value of (a - 1): -0.00574632
Test Statistic: tau_c(1) = -0.17674
 Asymptotic p-value 0.939
Decision: By looking at the result obtained from ADF test above, we can observe that, the test Asymptotic p-value 0.939 is greater than 0.05. We therefore fail to reject the null hypothesis and conclude that the series is not stationary.

KPSS test
H0: The Series is Stationary 
H1: The Series is not Stationary
Table 1: Result of KPSS test
	Critical values
	1%
	5%
	10%
	Test Statistic

	
	0.217
	0.148
	0.217
	0.125234


Decision: By observing the table 1 above, we can notice that, the Test Statistics for the KPSS Test is not less than all Asymptotic Critical Values at all Level of Significance, and therefore we reject the Null Hypothesis and conclude that the Series is not Stationary. 
TIME SERIES PLOT AFTER FIRST DIFFERENCE
[image: ]
Figure 4: Time Plot of the First Difference of Electricity Consumption Data in Ilorin
It can be observe that the Time Plot of the Data Set at First Difference is more meaningful and better than the Plot of the Actual Data Set. It can be observe that the Time Plot of the Data Set at First Difference is Stationary, at both Mean and Variance.

ACF AND PACF AFTER FIRST DIFFERENCE [image: ]
Figure 5: The ACF and PACF of the first Difference of Electricity Consumption in Ilorin Metropolis
The Autocorrelation Function ACF and PACF clearly show that the Data is Non Seasonal, since there is no any Seasonal behavior appeared in the Circulation of the months. Majority of the spikes falls within 90% confidence limit which implies better stationary.
4.3 UNIT ROOT TEST AFTER DIFFERENCING
Result of ADF Test
H0: The series contains unit root
H1: The series is generated by stationary process 
Model: (1-L)y = b0 + b1*t + (a-1)*y(-1) + ... + e
1st-order autocorrelation coefficient for e: 0.001
Lagged differences: F(58, 119) = 3.699 [0.0000]
Estimated value of (a - 1): -63.4312
Test Statistic: tau_ct(1) = -4.35631
Asymptotic p-value 0.002509 
Decision: By looking at the result obtained from ADF test above, we can observe that, the test Asymptotic p-value 0.002509 is lesser than 0.05. We therefore reject the null hypothesis and conclude that the series is stationary.
KPSS Test
H0: The Series is Stationary 
H1: The Series is not Stationary
Table 2: Result of KPSS test
	Critical values
	1%
	5%
	10%
	Test Statistic

	
	0.740
	0.463
	0.348
	0.227785


Decision: By looking at the table 2 above, we can observe that, the Test Statistics for the KPSS Test is less than Asymptotic Critical Values at all Level of Significance, therefore, we fail to reject the Null Hypothesis and conclude that the Series is Stationary.
[bookmark: _Toc525560744]4.2	Model Identification
Since we achieved Stationarity at First Difference of the Data, therefore the Order of the Integration is 1, and we proposed (p and q) to be 1, 2 and 3 in which 14 ARIMA Models are generated and we select the best among them. By considering Akaike Criterion (AIC), Schwarz Criterion (SIC) and Hannan-Quinn Criterion (HQC).
Table 3: Results of ARIMA Model Identification for Electricity Consumption Rate Data in Ilorin Metropolis 
	     MODEL
	    A I C
	     S IC
	    H QC

	ARIMA (0, 1, 1)
	922.3759
	932.8035
	926.5787

	ARIMA (0, 1, 2)
	878.1535
	892.0598
	883.7572

	ARIMA (0, 1, 3)
	878.9580
	896.3404
	885.9626

	ARIMA (1, 1, 0)
	936.9862
	947.4156	
	941.1890

	ARIMA (1, 1, 1)
	879.5979
	893.5038
	885.2016

	ARIMA (1, 1, 2)
	878.4783
	895.8606
	885.4829

	ARIMA (1, 1, 3)
	879.4752
	900.3340
	887.8807

	ARIMA (2, 1, 0)
	912.4123
	926.3181
	918.0159

	ARIMA (2, 1, 1)
	880.1460
	897.5283
	887.1506

	ARIMA (2, 1, 2)
	879.4905
	900.3493
	887.8960

	ARIMA (2, 1, 3)
	880.8798
	905.2151
	890.6863

	ARIMA (3, 1, 0)
	914.1242
	931.5065
	921.1288

	ARIMA (3, 1, 1)
	879.0711
	899.9299
	887.4766

	ARIMA (3, 1, 2)
	879.4899
	903.8252
	889.2964


From the table 3 above, we found that ARIMA (0, 1, 2) Model has the Least Values of all the Criterion considered, therefore we will make use of these Model for further Analysis.
[bookmark: _Toc525560745]4.3 Parameter Estimates of the Model
Table 4: Results of ARIMA (0, 1, 2) Model Estimation for the Electricity Consumption Data in Ilorin
	Parameter
	Coefficient
	std. error
	Z
	p-value

	Const
Theta_1
Theta_2
	-0.0595171
-0.524021
-0.475979
	0.00202516
0.0532398
0.0523792
	-29.39
-9.843
-9.087
	7.63-190***
7.37e-023***
1.02e-019***


Key (1% ***) (5 %**) (10 %*) 
All the parameters are found to be Significant at all Level of Significance, 1%, 5% and 10%  in table 4.
4.4	Model Diagnostic Checking
Before we use the Model, we are to look at some Tests Plots to check whether this Volatility Models have adequately captured all of the persistence in the Variance of Returns. And in as much as the Model is adequate, then Standard Residuals are Uncorrelated as specified in the results below.
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Figure 6: The Residual Plot of ARIMA (0, 1, 2) Model
Findings: By observing the above Plot in figure 6, we observed that the Plot has a Wave-Like Pattern; showing that the Series has Constant Mean and Variance which make the Series to be Stationary.




[image: ]
Figure 7: The Plot of Residual Correlogram of ARIMA (0, 1, 2) Model
Findings: As we observed, figure 7 indicated that the Residual Plot ACF and PACF of ARIMA (0, 1, 2) Model  clearly shows that the Data is Stationary since most of the Spikes are within the Control Limit. The Model has passed the Standard Test Criteria of being White Noise.
[bookmark: _Toc525560748]4.5	Forecast
The ability of good Fitted ARIMA Model is in its ability to forecast the time series data that is tested. This further testifies the Validity of the Model.
Table 5: Result of ARIMA (0, 1, 2) Forecast Value for five Years
	TIME
	PREDICTION
	STANDARD ERROR

	2023:01
	10.83393
	1.47859

	2023:02
	10.70360
	1.63753

	2023:03
	10.64408
	1.63753

	2023:04
	10.58456
	1.63753

	2023:05
	10.52505
	1.63753

	2023:06
	10.46553
	1.63753

	2023:07
	10.40601
	1.63753

	2023:08
	10.34650
	1.63753

	2023:09
	10.28698
	1.63753

	2023:10
	10.22746
	1.63753

	2023:11
	10.16794
	1.63753

	2023:12
	10.10843
	1.63753

	2024:01
	10.04891
	1.63753

	2024:02
	9.98939
	1.63753

	2024:03
	9.92988
	1.63753

	2024:04
	9.87036
	1.63753

	2024:05
	9.81084
	1.63753

	2024:06
	9.75132
	1.63753

	2024:07
	9.69181
	1.63753

	2024:08
	9.63229
	1.63753

	2024:09
	9.57277
	1.63753

	2024:10
	9.51326
	1.63753

	2024:11
	9.45374
	1.63753

	2024:12
	9.39422
	1.63753

	2025:01
	9.33471
	1.63753

	2025:02
	9.27519
	1.63753

	2025:03
	9.21567
	1.63753

	2025:04
	9.15615
	1.63753

	2025:05
	9.09664
	1.63753

	2025:06
	9.03712
	1.63753

	2025:07
	8.97760
	1.63753

	2025:08
	8.91809
	1.63753

	2025:09
	8.85857
	1.63753

	2025:10
	8.79905
	1.63753

	2025:11
	8.73953
	1.63753

	2025:12
	8.68002
	1.63753

	2026:01
	8.62050
	1.63753

	2026:02
	8.56098
	1.63753

	2026:03
	8.50147
	1.63753

	2026:04
	8.44195
	1.63753

	2026:05
	8.38243
	1.63753

	2026:06
	8.32291
	1.63753

	2026:07
	8.26340
	1.63753

	2026:08
	8.20388
	1.63753

	2026:09
	8.14436
	1.63753

	2026:10
	8.08485
	1.63753

	2026:11
	8.02533
	1.63753

	2026:12
	7.96581
	1.63753

	2027:01
	7.90629
	1.63753

	2027:02
	7.84678
	1.63753

	2027:03
	7.78726
	1.63753

	2027:04
	7.72774
	1.63753

	2027:05
	7.66823
	1.63753

	2027:06
	7.60871
	1.63753

	2027:07
	7.54919
	1.63753

	2027:08
	7.48967
	1.63753

	2027:09
	7.43016
	1.63753

	2027:10
	7.37064
	1.63753

	2027:11
	7.31112
	1.63753

	2027:12
	7.25161
	1.63753


[image: ]Figure 8: Result of the Actual, Forecast and 95% Confidence Interval Graphical Representation of ARIMA (0, 1, 2) Model.
Findings: The result from figure 8 showed that the actual data and forecast values till 2022 exhibits the same movement which further validates the adequacy of the ARIMA (0,1,2) model and the projected values showed that the future consumption of electricity is declining as time increases.
CHAPTER FIVE
SUMMARY, CONCLUSION RECOMMENDATIONS
5.1 Summary
This Project Work is aimed to carry out Time Series Analysis base on the Study of Monthly Consumption of Electricity in Ilorin Metropolis between the Years 2013 to 2022. The Study will not only help in building a Model but also help to Forecast for the monthly Consumption of Electricity in Ilorin Metropolis for Eight Years (2023-2027).The Data used for this Study was sourced from Electricity Business Hub, Challenge, Ilorin, Kwara State. The result of the Data collected was analyzed using Least Square Analysis and ARIMA Model.
The trend line equation obtained is yt = 25.09-0.059t. The trend line also indicates decrease of electricity consumption as time goes on. The value of R2 obtained is 0.860 which implies that 86% of the consumption of electricity has been accounted for by the time. The value of coefficient of determination also close to one, it is a good measure of the trend line obtained which revealed that the model is adequate for use.
The MAPE (Mean Absolute Percentage Error) is used to measure the Forecast accuracy, the Model obtained was able to Forecast with an Error of 4.61% which implies a good measure of accuracy.
The result obtained on the ARIMA Model after the Series have been Differenced once to achieve Stationarity based on the selected criterion shows that ARIMA (0, 1, 2) is the best Model. The Model was used to forecast for five years (2023-2027). The result obtained from the Forecast also shows that the Consumption of Electricity in Ilorin Metropolis is decreasing as time goes on. 
5.2 Conclusion
Data on Monthly Consumption of Electricity in Ilorin Metropolis from Year 2003 to 2022 was collected from Electricity Business Hub, Challenge, Ilorin, Kwara State was studied using Least Square Analysis and ARIMA modeling. Based on the results obtained from the Methods of Analysis used, it was concluded that the monthly Electricity Consumption in Ilorin Metropolis would be decreasing as time goes on. The result of MAPE obtained on the Least Square Analysis is 4.61% which implies a good measure of accuracy. The result obtained on the ARIMA Model after the Series have been Differenced once to achieve Stationarity based on the selected criterion shows that ARIMA (0, 1, 2) is the best Model. The Model and Forecast obtained from both analyses can be used for future purpose based on accuracy measures conducted.
[bookmark: _Toc461295314][bookmark: _Toc525731234][bookmark: _Toc525735956]5.3 Recommendations
In the light of the findings of this Study, it is recommended that 
i. The Electricity Business Hub should always give Electricity (Light) to the Populace in the Metropolis to enable them make payment as at when due and to encourage them to maintain stability on the Electricity Usage and Consumption to make the Trend of the Electricity Consumption Rate be on an Increase Trend.
ii. The Business Hub should also work on the improvement of their Services and Customers Satisfaction in order to increase and maintain their Generated Revenue.
iii. There are many sources of energy and electricity generation now in the country (Inverter, Solar etc).  The Electricity Business Hub should maintain good relations with their customers to keep them patronizing the Hub. 
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