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MODELLING AND FORECASTING THE ENERGY 

CONSUMPTION IN BANGLADESH 

ABSTRACT 

lll 

The main purpose of this study is to determine efficient forecasting models of the gas and 

electricity consumption in Bangladesh. In addition, an attempt is made to identify the 

important factors affecting the consumption of these two types of energy. For this purpose, 

yearly gas consumption data for the period 1970-71 to 1992-93 and electricity consumption 

data for the period 1976-77 to 1992-93 are used. 

For determining the important factors affecting energy consumption, step-wise regression 

analysis and factor analysis are employed separately. Again, before analyzing for modelling, 

the whole data period is split into two periods, viz., the estimation period and the validation 

period. Models are fitted for data in estimation period and validations of the models are 

verified using data for validation period. Three types of econometric models, viz., Growth 

type, ARIMA type and ANN type, are selected analytically. The predictive performances of 

these three types of models are compared in two stages. At first, comparison of the 

predictive performances of pair wise models including tests of the type 'encompassing-in

forecasts' are performed, Then the predictive performance of individual model is compared 

2 
against the values of the criteria R , AME, SAPE, MAPE, RMSE, Chi-square, Theil's U and 

PC. Modelling to the log-transformed series of energy consumption are also performed. 

It has been found from analysis that gas production and electricity consumption are the 

influential factors for variation of gas consumption. Electricity consumption is significantly 

affected by gas consumption and petroleum consumption. In case of growth type of 

modelling, it has been found that quadratic type better performs for transformed and 

untransformed series of both gas and electricity consumption. Again, in case of ARIMA type 

of modelling, the investigation has showed that ARIMA(1 ,2, 1) model adequately fits the 

untransformed and log-transformed gas consumption series, ARIMA(1 ,2, 1) model has been 

found to be the best ARIMA model for untransformed electricity consumption and 

ARIMA(1, 1, 1) model has been found to outperform other types of ARIMA models for log

transformed electricity consumption. On the other hand, in case of ANN techniques, ANN 

model with a single hidden layer consisting of single neuron has been selected as the best 



iv 
ANN model for both of the untransformed and transformed gas consumption. The input layer 

contains a _single neuron corresponding to the time period and the output layer contains a 

single output neuron corresponding to the annual gas consumption. Again, ANN model with a 

single hidden layer consisting of two neurons in each layer has been found to best suit the 

untransformed electricity consumption, while, ANN model with a single hidden layer 

containing a single neuron has been selected as the best ANN model for log-transformed 

electricity consumption. 

Investigation towards the comparison of the predictive performances of the competing three 

types of models produces the following outputs. Tests of encompassing-in-forecasts for 

untransformed gas consumption show that none of the three competing models 

encompasses forecast of anyone of other two models. MGN and WSR test for pair wise 

equal accuracy comparison indicate that there is significant difference between forecast 

accuracy of forecasts from ARIMA and ANN models. On the other hand, no significant 

difference between the prediction accuracy of growth and ANN models, and growth and 

ARIMA models are found by pair wise equal accuracy tests. Again, forecasting performance 

of ANN model supersedes other two models by maximum criteria of individual predictive 

performance comparison. The same thing happens in the case of log-transformed gas 

consumption. So, ANN model is selected as the best predictive model for untransformed and 

transformed gas consumption in Bangladesh followed by quadratic model and ARIMA model. 

In the case of untransformed electricity consumption, predictive performances of ARIMA and 

growth models are found to be better than that of ANN model. However, values of the 

maximum criteria are in favour of better performance of growth model. Again, as far as the 

considered criteria are concerned, predictive performances of all the three types of models 

are found to be almost same in case of log-transformed electricity consumption. In this case 

too, values of the most of the criteria are in favour of better performance of growth model. 

So, finally, growth model is selected as the best predictive model for electricity consumption 

in Bangladesh. 

The forecasted consumption figures up to 2000-2001 for untransformed and transformed gas 

and electricity are reported in the study. 
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weakness in the planning scenario of our country must be removed. With this aim I have 
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CHAPTER-I 

INTRODUCTION 

This introductory chapter provides a glimpse ofthe works presented in the thesis. For 

convenience the chapter is divided into some sections. Section 1.1 introduces the 

background and depicts the main problem undertaken in the study. In section 1.2 

relevant literature and previous works are briefly reviewed. The main objectives ofthe 

study are presented in section 1. 3. The data used in the study and their sources are 

given in section 1.4. Methodologies adopted for selection of the best predictive 

models in the study are briefly discussed in section 1. 5. The organisation of the 

contents of the whole study is mentioned in section 1.6. Section 1. 7 deals with the 

findings of the study in a nutshell. Finally, the policy which may be implemented from 

the findings of the study is outlined in section 1. 8. 

1.1. BACKGROUND OF THE STUDY 

Energy is an important element of the socio-economic political world in which we live. 

We must pay due attention to the energy factor while planning for the future because 

the energy system shadows very closely the economic system (Hutber 1984; p.2). 

Again, given similar economic characteristics and profiling the same energy scenario, 

Ebohon (1996; p.447) shows that energy plays a key role in economic development for 

developing countries. Bangladesh Government has been making plans every five-year 

for its future development since its independence. In all of the earlier plans the 

authority gave emphasis to minimize the gap between the production and the 

consumption of gas and electricity. In the plans, the authority had to provide some 

I 
.I 

I 
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estimated figures of the consumption of energy for the next five-year of planning for 

convenience of production and SJ.lpply planning. They do not mention any method used 

for estimation/prediction purjJoses. It has transpired that there always remained a 

significant gap between their prediction and the actual consumption. 

Presently oil, gas, power and mineral resources' condition in Bangladesh is very weak 

and their per capita consumption is very low. The government is considering natural 

gas and power as two ofthe important elements for its economy. That is why three of 

the important objectives regarding gas and power sectors considered in Fourth Five 

Year Plans (1990-91 to 1994-95) of Bangladesh were i) to improve the total gas 

system ii) to reduce the present gap between production and consumption of gas and 

iii) to encourage production and efficient use of electricity. 

Hence, it is clear from the above discussion that future socio-economic development of 

a developing country like Bangladesh partially depends on the future consumption 

pattern of energy system. Moreover, presently, the demand of natural gas and power is 

increasing with respect to its supply. So, the Government of Bangladesh is in a position 

to take intensive care for improving the supply of energy, subject to its availability. 

Eventually, the question like • supply to what extent ?1 has to be faced by the planners 

for proper planning. The answer to such a question lies in searching the best predictive 

model(s) by which future energy consumption can be predicted efficiently. This study 

is an effort in that direction. 
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1.2. REVIEW OF LITERATURE 

The work on the energy consumption in Bangladesh, focussing particularly on 

~odelling and forecasting aspects, is rather scarce. 

Paul and Haque (1995) performed a work on the modelling and forecasting the total 

gas consumption in Bangladesh using ARIMA methodology. They verified the fitness 

of three pre-selected ARIMA models. Although primarily they considered AME, 

MAPE, RMSE and SBC criteria for model selection, finally they selected the model on 

the basis of MAPE only. They showed that ARIMA( 1, 1, 1) model outperformed the 

gas consumption in Bangladesh. Paul (1994) worked with the problem of finding 

characteristics of the sector wise gas consumption and total electricity consumption. 

The work focussed on growth types of modelling and determining the factors which 

affect the aforesaid energy consumption. The selection was made depending on the 

value of R2 and it was found that the cubic model fitted the selected energy 

consumption rather well. In the present study, the fitness of ARIMA models and 

growth models to the total gas and electricity consumption is also restudied using 

some latest tools for the selection of models. The selected models are then compared 

with ANN models with respect to their predictive performances. 

Some other available works on 'non-modelling' aspect of energy consumption m 

Bangladesh and elsewhere are reported here. 

Zahir (1993) worked with non-oil sector energy consumption with the vrew to 

identifying the potentials for developing non-oil energy resources in ore member 

countries using some suitable coefficients and indices. Hossain (1985) worked with 
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the planning and development aspect of the gas sector in Bangladesh. No analytical 

research on modelling and forecasting the electricity consumption has yet been 

performed. 

Besides these, considering the extensive use of the forecasting of energy consumption, 

different types of empirical works on gas and electricity consumption in different 

countries are undertaken by some authors. Some of the very recent works are the 

following: 

Ebohon (1996) made an effort to observe the exact relationship between energy and 

other factors of production, such as GDP and GNP in order to see whether energy 

complemented or sub~tituted the considered factors of production in Nigeria and 

Tanzania. He used multiple regression analysis for this purpose and showed that the 

relationship between energy and economic factors was complementary. Wilson et 

al.(1994) worked with the energy efficiency aspect in Australia. They defined the 

energy efficiency as the ratio of value produced to the energy consumption after 

allowing for the effects of changes in relative sizes of sectors which had different 

intensities. They showed that energy efficiency in Australia was improved by around 

- --

1 0% in total energy consumption and 9% in final energy consumption between 1973-

74 and 1990-91. Quanguo et al. (1994) compared China's present and past energy 

consumption using some tables. They found that both of coal production in the 

composition of energy consumption and the utilization efficiency of energy in China 

were low. They also found that serious environmental pollution was caused by coal 
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consumption and per unit energy consumption m China was higher than some 

developed/advanced countries. Finally, they recommended some strategy and policies 

for energy consumption in China. Eden (1993) studied present and future energy 

condition in the world in general. He outlined two scenarios for energy and electricity 

consumption for the year 2050. He showed that the growth in energy demand had been 

much greater in developing countries than in industrial countries, particularly, since 

1973. Per capita demand in developing countries increased by more than 50% since 

that time and total demand in this group had more than doubled. On an average, per 

capita electricity consumption was 0.4 MWH/A in the developing countries. In a 

targeted growth by the year 2050, per capita use in DEVC would increase more than 

five folds to 2.3 MWH. The continuing growth of population in the DEVC coupled 

with substantial growth in per capita use of electricity, led to fairly high growth rates 

for total electricity demand of the order of 4.1% per annum and 3. 5% per annum for 

targeted efficiency. These were about half the recent historical growth rates for DEVC. 

Lee et a/.(1992) worked on short-term electric load forecasting in Korea applying 

ANN models. For this purpose he applied the back-propagation learning algorithm in 

two different approaches, viz. static and dynamic. He showed that performance of 

dynamic approach was better than static approach in the sense that dynamic approach 

used much less number of neurones and weights, trained faster and gave better results. 

Testing the results using historical utility load data, they showed that the use of ANN 

model in short term forecasting was satisfactory. Ho et a/.(1992) proposed a multi 

layer NN with an adaptive learning algorithm for short term electricity demand in 

Taiwan. Effectiveness of their proposed algorithm was demonstrated performing load 
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forecast and compared with that of conventional algorithms. They showed that 

accurate load forecast could be achieved by their proposed adaptive learning algorithm 

in a very efficient way. Engel et a/.(1992) formulated some univariate linear regression 

forecasting equations for hourly peak electricity demand in Michigan. They compared 

performances of the models using some criteria. They showed that univariate linear 

regression with one day lag was simply a more sophisticated rule of the thumb for 

forecasting daily system peak. 

Saine other~works are as follows: 

Ayyash et al.(1985) studied the electricity consumption in Kuwait. Mashayekhi (1985) 

worked on the residential and commercial gas sector of Pakistan. Lyness (1984) 

worked on the gas demand in Great Britain. Rhys (1984) worked on electricity demand 

in England and Wales. Skinner (1984) worked on the electricity demand in England. 

Beirlein et a!. ( 1981) studied the consumption of electricity and natural gas in the North 

Eastern United States. 

Besides these, some available empirical studies on the comparative aspect of 

forecasting performance of econometric models are as follows: 

Ferrer et. a/.(1997) investigated the forecasting ability of unobserved component 

models compared to the univariate ARIMA approach for five types of monthly 

automobile sales in Spain. Accuracy of forecasting ability was assessed by comparing 

some measures of forecasting performance based on out-of-sample predictions. They 
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showed that the performance of ARIMA approach was fair by most of the 

performance criteria. Jamal and Abdullah (1996) developed an econometric model of 

sinusoidal type to forecast the electricity consumption and to study the impact of 

ambient temperature on consumption in the Eastern Province of Saudi Arabia. They 

compared the results· of this model with that of simple linear regression and quadratic 

models. They showed that simple regression model gave better results followed by 

sinusoidal and the quadratic model. Kohzadi et. al. (1996) compared the predictive 

performance of ANN technique with ARIMA types of models using data of live cattle 

and wheat price. They used AME, MAPE and MSE criteria for comparison of 

prediction accuracy. They also performed turning point test suggested by Cumby and 

Modest (1981). Nizami and Garni (1995) performed a comparative study on the 

predictive performance of ANN technique with that of regression technique. They used 

chi-sqaure (goodness of fit) criterion for comparison of prediction performance. 

Chiang et. al. (1996) defined and developed a back-propagation neural network and 

compared its predictive performance with that of linear and non-linear regression 

techniques. They used net asset value of mutual fund data for their study. For 

comparison they used MAPE Criterion only. They showed that the neural network 

significantly outperformed regression models in the situation with limited data 

availability. Leshno and Spector (1996) verified the predictive performance of ANN 

technique in comparison with classical multivariate discriminate analysis (MDA) using 

data ofbank bankruptcy in New York. For comparison purposes they used type I, type 

II and total error of the selected models. Chakrabarty et. a/.(1992) compared the 

performance of multivariate neural network technique with ARMA model using the 
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data of monthly flour prices in the Buffalo, Minneapolis and Kansas Cities. They used 

MSE and coefficient of variation criteria for comparison. Tang et. al. (1991) 

compared neural networks and Box-Jenkins models, using international airline 

passenger traffic, domestic car sales and foreign car sales in the USA They concluded 

that Box-Jenkins models outperformed the neural net models in short-term forecasting. 

On the other hand, neural net models outperformed the Box-Jenkins models in the long 

run. 

All of the above authors showed that ANN techniques performed better for prediction 

than the traditional models considered in their respective study. 

In this study, attempt is made to compare the predictive performance of three types of 

models, viz. growth types of models, ARIMA types of models and the ANN 

techniques using as many as seven criteria. The best models of each of three types are 

selected analytically._ Predictive performances of these three types of models to the 

log-transformed data are also compared. 

1.3. OBJECTIVE OF THE STUDY 

The literature reviewed above indicates that no notable initiative has yet been 

undertaken to forecast the energy consumption in Bangladesh. The basic objective of 

the present investigation is to fill this outstanding gap and it is hoped that the forecasts 

will be useful for future energy planning. The detailed objectives are: 

i) to find the characteristics and structural models of the gas and power consumption, 

ii) to determine analytically what types of available econometric models fit best to the 
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gas and power consumption in Bangladesh, 

iii) to develop an ANN type of model which fits gas and power consumption 

adequately, 

iv) to compare the predictive performances of the models on the basis of available 

statistical/ econometric criteria, 

v) to select the most predictive model by comparative study, and finally, 

vi) to predict the energy consumption by the selected model(s). 

1.4. DATA USED IN THE STUDY 

To achieve the above objective, yearly data of gas consumption (Gc) in 10
6 

eft in 

Bangladesh for the years 1970-71 to 1992-93 and that of electricity consumption (EC) 

in MKWH for the years 1976-77 to 1992-93 ( available as on December 1995) are 

collected from annual reports of Bangladesh Gas, Oil and Mineral 

Corporation(BOGMC) 1993-94, different issues of Statistical Year Book of 

Bangladesh and annual reports of the Bangladesh Power Development Board (BPDB) 

1993-94. Data regarding some other correlated factors such as annual gas production 

(GP), annual petroleum and petroleum products consumption (PETC), annual gross 

domestic products (GDP) and ·annual populations (POP) are also collected from 

different issues of Statistical Year Book of Bangladesh. 
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1.5. METHODOLOGY 

In order to proceed with the modelling and forecasting of the gas and electricity 

consumption in Bangladesh, latest devices of econometric . methods are employed, 

because, it is already well established that econometric methods are the best methods 

of forecasting future patterns of a series. For example, Armstrong (1978; p.552) stated 

' ..... econometric methods provide more accurate short range forecasts than other 

methods'. He performed a survey of the experts' opinion on accuracy of econometric 

predictions and found that 35% of the respondents viewed econometric methods as 

'significantly' accurate, whereas 62% viewed such methods as somewhat accurate. 

Brown (1970; p.441) asserted that econometric methods were originally designed for 

short-range forecasting. Worswick (1974; p.118) also stated that econometric methods 

in short range forecasting were more fairly generally recognized. Again, in favour of 

the application of econometric methods for energy forecasting, Rhys (1984; p.28) 

stated that econometric methods represented a major intellectual advance over simple 

trend projections; they provided a means to explain and measure trends in total energy 

use or electricity uses in terms of cause and effect. Philips (1984) used and 

recommended econometric methodology as the predominant methodology for energy 

forecasts. 

Hence from the above fact it is clear that the use of econometric methods for 

modelling and forecasting the energy consumption in Bangladesh is quite justified. The 

step-wise methodology employed in this study is discussed below in brief It must be 

mentioned here that we have followed the same methodology for gas and electricity 
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consumption separately. 

Step I. Salient features and structural relationship of energy consumption 

In this step, statistical properties, such as average consumption, standard deviation of 

consumption and.growth rate of energy consumptions are observed. Energy efficiency 

defined by Wilson et. al.(1994; p.287) is also observed. Correlation coefficients of 

energy consumptions with some related factors are computed to examine their 

interrelationship. Structural relationship of energy consumption with other related 

factors are also estimated through multivariate regression analysis in order to identify 

the factors responsible for variations in energy consumptions. For this purpose the 

models with appropriate regressors are selected by two methods. Firstly, applying step

wise regression analysis considering all possible combination of regressors. In this case 

the final models with appropriate regressors are selected comparing values of the 

criteria like adjusted R 2 (Johnston 1991; p .177), mean square error (MSE), Cp 

(Mallows 1973; p.662; Montogomery and Peck 1992; p.271), PC (Amamiya 1976; 

p. 7), PRESS (Allen 1974; p.126). Secondly, more influential factors are selected using 

factor analysis (Srivastava and Carter, 1983). At this stage all regression models are 

fitted using SPSSPC+ software. 

However, the structural models are estimated using the total set of data with the view 

to determining the factors which affect the energy consumption. These methods are 

not used for forecasting purposes. Although some analysts, for example, Engel et.al. 

(1992), Jamal and Abdullah (1996), showed that structural models sometimes gave 
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better model for prediction for out-of-sample data, these were very difficult to use in 

predicting future data. Difficulties of using structural models for prediction purposes 

were also mentioned by some other analysts, such as Ma (1989; p.394), Messe and 

Rogoff (1983; p.3), etc. Moreover, Hall (1994, p.21) stated that the advantage of 

using univariate models in forecasting was that spurious correlation between variables 

would not give rillsleading forecast and provided a very simple and robust approach to 

forecasting. 

Due to the above-mentioned limitations of using structural model for forecasting, we 

prefer to investigate the fitness of univariate/time-dependent models including a 

comparison of their forecasting performances. 

Step II. Partition of data in different periods 

The available consumption data set for gas and electricity is split into two parts. The 

first part is the observation set, commonly known as estimation· period and the second 

part is the prediction set, commonly known as validation period. The first part is used 

for model fitting and the. second part is used to verify the prediction performance of 

fitted models. The consumption figure for second half is predicted using the models 

fitted with data in estimation period. This type of post-sampling study for model fitting 

and prediction was advocated by some econometricians, for example, Cooper and 

Weeks (1986), Montogomery and Peck (1992) and also used by Nizami and Garni 

(1995), among others. 

Thus, for gas consumption data the period 1970-71 to 1988-89 is considered as the 
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estimation period and that of the period 1989-90 to 1992-93 is considered as validation 

period. Similarly, for electricity consumption data the period 1976-77 to 1990-91 is 

considered as estimation period and that of the period 1991-92 to 1992-93 is 

considered as validation period. Accuracy of the models are also compared on the 

basis of their performances in total period. 

Step ill. Application of growth models 

In this step, fitness of ten types of time-dependent regression models, commonly 

known as growth models, to the energy consumption using data in estimation period 

are investigated. The types considered in this study are linear, logarithmic, inverse, 

quadratic, cubic, compound, power, S, growth and exponential. Primarily three of the . 

more outperformed models are selected on the basis of the values of adjusted R2
. The 

consumption figures for these three models are predicted for validation period. Then, 

the most predictive model or the best of these three models are selected· comparing 

values against absolute mean error (AME), root mean square error (R¥SE), mean 

absolute percent error (MAPE) in all the three periods. 

It is to be noted here that Kennedy (1985, p.210) suggested the use of log-

transformation of a series for better ARIMA model and Lachtermacher and Fuller 

(1995, p.391). showed that some type of Box and Cox (1964) transformation 

improved the performance of neural network models. So, fitness of all the three types 

of models, viz., growth models, ARIMA models and ANN models, to the 

untransformed series and to the log-transformed series are studied separately. In this 
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step fitness of all of the above-mentioned ten models to the log-transformed series are 

also investigated. The variable, untransformed or transformed, for which the model is 

to be selected is determined using the two statistics viz. r2 and T, proposed by Sclove 

(1970, p.394 equations 7 and 8 forT). However, in this study results obtained from 

both types of series are reported for the convenience of use. 

Step IV. Application of autoregressive integrated moving average (ARIMA) 

model 

In this step Box and Jenkins' (1976) models or popularly known as ARIMA(p,d,q) 

types of models are fitted to the untransformed and log-transformed energy 

consumption using data in estimation period. Detail of this ARIMA methodology is 

available in text books (for example, among others Box and Jenkins 1976, Pankratz 

1986; Pindick and Rubinfeld 1986; Hall 1994). For fitting and selecting the tentatively 

adequate models, three steps described by Box and Jenkins (1976, p.19} are followed. 

In this case too ten forms of ARIMA models are fitted to each of all types of series. 

These forms are chosen observing the nature of autocorrelation function (act) and 

partial autocorrelation function (pact) plots of original series, differenced series and 

error series. Thus in this study, the proper order of autoregression is determined 

comparing the values of Cp Criterion (Mallows 1973, p.662), <j>(p) criterion (Hannan 

and Quinn 1979; p.191), the corrected Akaike Information Criterion (Hurvich and Tsai 

1989, p. 300), Schwarz Information Criterion (Schwarz 1978; p.463) for all the 

models. The appropriate degree of differencing in order to make the series stationary, 

is determined using the o(p;d,q) criterion (Koreisha and Pukkila 1993; p.401, equation 
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4). In addition to comparing values of these criteria, the nature of acf and pacf plots 

are also observed. The order of moving average is determined by observing the acf and 

pacfplots. Analysis in the fitting stage is performed using the software SPSSPC+. 

In this case too, three of the closely better performed models are selected for 

comparison. Using these three models the consumption figures are predicted for 

validation period. Thus, the inost predictive ARIMA type of model is finally selected 

comparing the values of these three J71odels against AME, RMSE and MAPE in all the 

three periods. The predictive_"performance of this finally selected model is compared 

with the models selected in steps III and V. 

Step V. Application of artificial neural networks_ {ANN) technique 

An artificial neural network (ANN) is a comparatively recent development in the field 

of pattern recognition and general function estimation which is becoming increasingly 

popular in varied fields of human enquiry. The main developments in this field are done 

by cognitive scientists and recently the models' usefulness as an answer to the 

statistical regression problem and time series forecasting problems is being looked into 

by many authors. 

Literature on this technique is available in many text books, among others Carpenter et 

al.(1987), Kohonen (1989), Aleksander and Morton (1990), Kosko(1994). The 

programming of this technique in C++ language is also available in Rao and Rao 

(1996). The applications of this technique, particularly in forecasting the time series 
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data, are also available. For example Kohzadi et. al.(1996), Chiang et. al.(1996), 

Nizami and Garni(1995), Leshno and Spector (1994), Ho and Yang(l992), 

Chakrabarty et.al.(l992), Tang et.al.(l991) among others. 

In this case about ten forms of models with varied numbers of hidden layers in a single 

input layer are trained using the data in estimation period for untransformed and 

transformed series separately and the values ofMAPE and RMSE are observed in each 

case. Output of three more adequately fitted models are reported. The consumption 

figures for validation period are predicted using these three forms. Then the final 

model is selected on the basis of the values of AME, RMSE and MAPE in all the three 

periods. The predictive performance of this finally selected model is compared with the 

models selected in steps III and IV. 

Step VI. Comparison of forecasting performances and selection of final 

model 

It is mentioned in section 1.2 that some comparative studies on the predictive 

performance of different types of models have been performed by some authors. Most 

of them used AME, MAPE and RMSE criteria for comparison purposes. Pair wise 

predictive performance comparison has also been carried out. In this study, in order to 

select the best predictive model from three types of analytically selected models in 

steps ill, IV and V, predictive performances of them are compared in two stages using 

some additional criteria. 

Thus, in the first stage, tests of equal accuracy of the predictive _performance of pair 
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wise models are undertaken. For this purpose the non-parametric test statistics like 

sign tests, Wilcoxon1s signed rank test and MGN test are employed. These tests are 

proposed by Diebold and Mariano (1995). In addition, the tests of encompassing-in-

forecasts are also applied to test the hypothesis that model i encompass model j, 

against the two alternatives - either model i encompasses model j or model j 

encompasses model i. This type of test is proposed by Chong and Hendry (1986) and 

applied by Hallman and Kamstra (1989) and Donaldson and Kamstra(1996). 

In the second stage, predictive performances of selected models are compared 

considering individual performance using values of some statistical/econometric criteria 

computed for each of the three periods. The criteria considered in this study are R2
, 

AME (absolutemean error), RMSE (root mean square error), MAPE (mean absolute 

percent error), SAPE ('smoothed' absolute percent error), Chi-square, Theil's U (Theil 

1961, p.32; Leitch and Tanner 1991, p.581) and PC (prediction criteria) (Amamiya 

1976;p.7). 

The prediCted values obtained by different types of selected models along with the 

observed values are also reported at the appropriate place. 

After the above mentioned analytical modelling and forecasting performance 

comparison, the best predictive model for each of untransformed and transformed data 

series is selected and recommended for efficient prediction of gas and power 

consumption in Bangladesh. 



18 

1.6. ORGANIZATION OF THE CONTENTS 

The contents are organized in different chapters. Each chapter is a combination . of 

different sections and subsections. Chapters are mainly comprised of different steps of 

methodology separately. The main contents of different chapters are as follows: 

Chapter II constitutes with the analysis and results of the step I, i.e. it discusses the 

salient features and structural relationship of energy consumption. Chapter III consists 

of the analysis and results of step III, i.e. this chapter focuses on the application of 

growth models to the untransformed and transformed energy consumption data. In 

addition logic of transformation is also discussed in this chapter. Chapter IV contains 

the analysis and results of step IV, i.e. it contains the application of ARIMA methods 

to the untransformed and transformed energy consumption. Chapter V deals with the 

analysis and results of step V, i.e. this chapter discusses the application of ANN 

technique to the untransformed and transformed energy consumption. Chapter VI 

contains the analysis and results of step VI, i.e. this chapter discusses the analysis of 

the comparison of predictive performance of different selected models. Each chapter 

contains a summary of the results obtained. Finally, Chapter VII contains concluding 

remarks including suggestions for further study and an epilogue. 

1. 7. FINDINGS OF THE STUDY 

For succintness, the findings of the study obtained from the analysis discussed· in 

methodology section are presented here. 

i) Average gas consumption (GC) in Bangladesh is 73646.261 X 106 eft. per annum 
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and that of the consumption of electricity (EC) is 2844.47 l\1K.WH, gas consumption 

efficiency in Bangladesh is 91.68%. 

ii) There exists strong correlation of gas consumption with GP, EC, PETC, POP and 

GDP. Similarly, electricity consumption is strongly correlated with GC, PETC, POP 

andGDP. 

iii) Step-wise regression analysis for selecting_ the subset of regressors usmg the 

-2 
selection criteria like MSE, R , Cj>, PC, PRESS shows that {GP, EC} are so far the 

best subset regressors for expressing the gas consumption by linear regression model. 

The same type of analysis shows that { GC, PETC} are the best subset regressors for 

electricity consumption. 

iv) Factor analysis by maximum likelihood method extracts the same two factors GP 

and EC as step-wise regression analysis for gas consumption which together explains 

95.64% of total variation. Similarly in case of electricity consumption, factor analysis 

extracts the same two factors GC and PETC as in step-wise regression which together 

explains 93.27% of total variation. 

v) Finally, regression model GC = -3400.31 + 0.89 GP + 23.22 EC is selected for gas 

consumption and regression model EC = 1672.84 + 0.359 GC - 1.215 PETC is 

selected for electricity consumption in Bangladesh. 

vi) Investigation toward the fitness of as many as ten types of growth models to the 

gas consumption data are performed. The models are fitted to the data of observed 

period. The validations of models are verified using data of validation period. The 

performances ofthree well-performed models (on the basis ofR2
) are compared on the 
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basis ofthe values of criteria like Adjusted value ofR2

, AME in three periods, MAPE 

in three periods and RMSE in three periods. 

vii) Quadratic model is found to outfit all other models, with respect to the criteria, to 

the untransformed gas consumption. 

viii) Predictive performance of the quadratic growth model 1s the best for log-

transformed gas consumption too. 

ix) Untransformed and log-transformed electricity consumption can also be best 

predicted by quadratic type of growth model. 

x) Log-transformed series of both gas and electricity consumption is preferable to the 

untransformed series as dependent variable in order to fit quadratic models. 

xi) Gas consumption data (untransformed and transformed) and electricity 

consumption data (untransformed and transformed) are non-stationary. In order to fit 

ARIMA models to these data they ~e made stationary by differencing. The degrees of 

differencing is determined by observing the nature of acf and pacf plots of differenced 

series and employing the criterion suggested by Koreisha and Pukkila ( 1993). 

xii) The order of autoregr~ssion is determined by employing Mallows ( 1973) criterion, 

Schwarz (1978) criterion, Hannan and Quinn (1973) criterion and Hurvich and Tsai 

(1989) ·criterion. In this case too, nature of acf and pacf plots of original series 

(transformed and untransformed) are observed. 

xiii) Ten types of tentatively selected ARIMA models (obviously, on the basis of the 

criteria mentioned above) with varied values of p,d,q are estimated and their validities 

are tested using AME, MAPE and RMSE in all the estimation, validation and total 
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periods. Thus as far as the criteria selected for diagnostic checks are concerned, it is 

found that ARIMA(1,2,1) model out perform other models for untransformed gas 

consumption series and the same type of ARIMA model is also found to adequately fit 

the log-transformed gas consumption series. 

xiv) ARIMA(1,2,1) model is selected as the best ARIMA model for untransformed 

electricity consumption data series, while, in case of log-transformed electricity 

consumption, ARIMA(l,l,l) model is found to outperform othertypes of ARIMA 

models. 

xv) The untransformed gas consumption data is preferable to the log-transformed data 

for AR1MA modelling, and in the case of electricity consumption data, no such 

conclusion can be drawn. 

xvi)ANN model with a single hidden layer consisting of a single neuron has been 

selected as the best ANN model for both of the untransformed and transformed gas 

consumption. The input layer containing a single neuron corresponding to the time 

period and the output layer containing a single neuron corresponding to the annual gas 

consumption figure. 

xvii) Again, ANN model with a single hidden layer consisting of two neurons in each 

layer has been found to best suit the untransformed electricity consumption, while, 

ANN model with a single hidden layer containing a single neuron has been selected as 

the best ANN model for log-transformed electricity consumption. 

The main findings of this study towards comparison of the predictive performances of 

the selected three types of models and selection of the best model produces the 
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following results. 

xviii) Tests of encompassing-in-forecasts for untransformed gas consumption show 

that none of the three competing models encompasses any one of the other two. MGN 

and WSR test for pair wise equal accuracy comparison indicate that there is significant 

difference between forecast accuracy of ARIMA and ANN models. On the other hand, 

no significant difference between the prediction accuracy of the growth and ANN 

models, and growth and ARIMA models are found· by pair wise equal accuracy tests. 

Again, forecasting performance of ANN model supersedes other two models by 

maximum criteria of individual predictive performance comparison. So, ANN model is 

selected as the best predictive model for untransformed gas consumption followed by 

quadratic model and ARIMA model. 

xix) Interpretation of the results of pair wise forecast accuracy tests and individual 

prediction performance tests for log-transformed gas consumption is the same as that 

of untransformed series. Thus, in this case too, ANN model is selected as the best 

predictive model for log-transformed gas consumption followed by quadratic model 

and ARIMA model. 

xx) For untransformed electricity consumption, tests of encompassing-in-forecasts 

show no significant difference between the predictive accuracy of three competing 

models. The sign test, WSR test and MGN test reveal that predictive performance of 

ANN model significantly differs from that of growth and ARIMA models. While no 

significant difference is found in predictive accuracy of growth and ARIMA models. 

Neither of the growth and ARIMA models uniquely outperforms either by individual 

predictive performance accuracy tests. However, the values of the most of the criteria 
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are in favour of better performance of the growth model. So growth model 1s 

considered as the best predictive model for untransformed electricity consumption. 

xxi) It is found by the tests of encompassing-in-forecasts and pair wise accuracy 

comparison tests that there are no significant difference between predictive 

performances of three types of selected models for log-transformed electricity 

consumption. Individual predictive performance accuracy also reveals that predictive 

accuracy of all the three models are almost the same. In this case too predictive 

performance of growth model is a little bit better so far as the values of the criteria are 

concerned. Hence, growth model is selected as the best predictive model for log-

transformed electricity consumption followed by ANN model and ARIMA type of 

model. 

1.8. POLICY IMPLICATIONS 

Forecasting and policy evaluation are very closely related in a feedback system. In 

general, the need for forecasts arises from the fact that the planners need to have a 

clear view about the future behaviour of the factor( s) of interest. Knowledge about this 

behaviour pattern is essential for effective economic planning. Energy sector is perhaps 

the most significant one that needs a thorough management. Hence, modelling energy 

consumption (in Bangladesh) assumes an extremely important role towards reducing 

the energy wastage and thereby furthering economic progress. It is expected that the 

models selected in this study will be helpful for policy makers as well as the concerned 

authority in efficient energy management in Bangladesh, 
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CHAPTER-II 

SALIENT FEATURE OF ENERGY CONSUMPTION 

AND STRUCTURAL RELATIONSHIP 

In order to get some idea about the nature. of data used in the study, some statisticaV 

econometric properties of the energy consumption data are demonstrated in this 

chapter.· Thus, in section 2.1 statistical properties of gas and electricity consumption 

data aie given, in section 2.2 correlation of gas and electricity consumption with some 

selected factors are discussed, in section 2.3 structural relationship (multivariate 

regression models) of both types of energy consumption data are obtained using two 

types of methods for selecting the subset regressors and finally, in section 2.4 findings 

of this chapter are presented. Numerical results obtained for the analysis are presented 

in the appendix in last part of the chapter. 

2.1. STATISTICAL PROPERTIES OF ENERGY CONSUMPTION 

Yearly average consumption, standard deviation and consumption growth rates of gas 

and electricity in Bangladesh are given below: 

2.1.1. For gas consumption 

In the study period the average annual gas consumption (in 106 eft.) in Bangladesh is 

73646.261 and standard deviation of gas consumption is 59338.952. Both are 

statistically significant at P<O.OOl. Over the period from 1970-71 to 1992-93 total gas 

consumption increases 1964.89%. The highest average annual gas consumption 

growth (46.15%) occurs in the period 1975-76 to 1976-77, while the lowest (-
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30.23%) occurs in just preceding period 1974-75 to 1975-76. The average annual 

growth rate over the period is 17.82%. Negative growths occur in two periods. 

Average gas consumption efficiency is 91.68%, while the remaining 8.32% is due to 

system loss. Note that this energy efficiency is defined as the percentage of energy 

used per unit of output (Wilson et.a/.1994; p.287). 

2.1.2. For electricity consumption 

The per year electricity consumption (in IviKWH) in Bangladesh is 2844.47 and 

standard deviation is 1559.70. These two statistics are also statistically significant at 

0. 01 level. Over the period from 197 6-77 to 1992-93 total electricity consumption 

increases 546.03%. The highest average annual electricity consumption growth 

(27.23%) occurs in the period 1981-82 to 1982-83, while the lowest(0.23%) occurs in 

1989-90 to 1990-91. The average annual growth rate over the period is 12.66%. 

Average electricity consumption efficiency could not be computed due to unavailability 

of annual total electricity production in Bangladesh. 

2.2. CORRELATION WITH OTHER FACTORS 

Linear correlation coefficient of total gas consumption (GC) and electricity 

consumption (EC), in Bangladesh with some available and apparently correlated 

factors are shown the table 1.1. The factors considered in the study are annual 

production of gas (GP), annual consumption of petroleum and petroleum products 

(PETC), gross domestic products in factor costs (GDP) and annual population (POP). 

It would be better if the factors like average temperature, per unit price of gas and 
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electricity and areas under gas and electricity supply were consider in the study, but 

due to unavailability these factors could not be considered. 

For computing the correlation matrix, data from 1976-77 to 1992-93 have been used 

for all the factors, because data for electricity consumption are available only for that 

period. In addition to see the strength of relationship between pair wise factors, this 

correlatio~ matrix is constructed with a view to selecting the regressors for appropriate 

regression model by factor analysis given in section 2.3 .2 . 

. 
It is clear from correlation matrix (table 2.1 in the appendix) that gas consumption is 

significantly strongly correlated with all the factors considered in the study such as gas 

production, petroleum consumption, electricity consumption, gross domestic product 

and population per annum. All of the above factors have positive correlation with gas 

consumption in Bangladesh. Electricity consumption is also strongly linearly correlated 

with gas consumption, petroleum consumption, gross domestic product and 

population. 

2.3. STRUCTURAL RELATIONSHIP 

In following subsections attempt is made to observe the structural relationship of gas 

and electricity consumption to identifY the factors responsible for changes in energy 

consumption. The analysis is performed considering the factors found to be correlated 

in table 2.1. The tentatively postulated form of regression model for gas consumption 

with full set of regressors is 



GC1 = B0 + B1GP1 + BzECt + B3PETCt + B4GDPt + BsPOPt + Et .. 

Similarly, for electricity consumption is 

EC1 =Bo + B1GC + BzPETCt + B3 DPt + B4 POPt + Et 
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............................. ;(2.1) 

............................... (2.2) 

where, t stands for time and Et is the residual term assumed to be identically and 

independently distributed as normal with mean zero and constant variance cr2. The 

appropriate regression model may contain full or subset of the above-mentioned 5 

regressors for gas consumption and 4 regressors for electricity consumption. Thus in 

order to select the most outfitted subset of regressors for gas and electricity 

consumption the following methodological tools are adopted. 

2.3.1. Step-wise regression 

To find the best subset regressors for regression model to explain gas and electricity 

consumption in Bangladesh, in this section regression models of the form (2.1) for gas 

consumption and form (2.2) for electricity consumption using all possible subset 

regressors are fitted. There are 25 
= 32 equations with 32 subset regressors for gas 

consumption and 24 
= 16 models with 16 subset regressors for electricity consumption. 

This type of step-wise regression technique is advocated by Amemya (1976), Drapper 

and Smith (1966), Montogomery and Peck (1993) among others. 

2.3.1.1. Criteria for selecting appropriate subset regressors 

The following selection criteria are used for selecting the appropriate. subset regressors 

for regression model. 

MSE, the mean square error: The mean square. error is defined as 



~ [ obs( Ct) - pred( Ct) f 
MSE = L.... 

N- k t=l 
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where, N is the number of observations and k is the number of regressors used in the 

model. 

=:-2 
R , the adjusted coefficient of determination.: It might be objected that R2 

, the 

coefficient of multiple correlation_ or coefficient of determination defined as 

R2 = 1- SS(ERROR)/SS(TOTAL) can overstate the value of a regression fit since the 

quantity SS(ERROR) can be reduced simply by adding further explanatory variables, 

even if they are not relevant to explaining the explained variable. Amemiya (1976, p.1) 

also restates the same drawback in different language that R2 has an obvious weakness 

i.e. it can be maximised by maximising the number of regressors. Therefore, some kind 

of correction that accounts for the degree of freedom is necessary. Thus the alternative 

-2 
-of the R2 denoted by R that corrects for degree of freedom in estimating the error 

variance and variance of explained variables is defined as 

=:-2 N-1 2 R = 1- -(1-R) 
N-k 

where, N is the n~mber of observations used in model fitting and k is the number of 

. . -z 
parameters estimated. It is to note that in case of particularly bad fit, R can be 

negative and it does not exist when n<k. Theil (1961; p.177), Granger and Newbold 

(1986,p.191), Johnston (1991, p.177) and other econometricians used and 

recommended this alternative. 
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Cp, the Mallows criterion: Mallows (1964;1973, p.662) and Montgomery and peck 

(1992, p.271) proposed a criterion nained as Cp-plot, a graphical display device, which 

helped the researcher for selection of subset regressors, defined as 

where, pis the number of variables used in a model, N is the sample size, RSSp is the 

corresponding residual sum of squares of a model and 62 is the unbiased estimate of 

residual variances. Frequently, the MSS of the full equation is used as 62
• In this study 

too, MSS(error) offull equation (MSS of last row of respective table) is used as 62 
• 

Mallows (1973, p.671) also stated that using the minimum Cp-plot rule to select a 

subset of terms for least squares fitting could not be recommended universally. 

However, that by examining this Cp plot one can see whether or not a single best 

subset is uniquely indicated, the ambiguous cases, where the 'minimum Cp I rule will 

give bad results are exactly those where a large number of subsets are close 

competitors for_ the honour. With such data no selection rule can be expected to 

perform reliably. 

However, in order to take decision regarding number of regressors in a model, it is 

necessary to construct a plot of Cp as a function of p, for each regression equation. 

Regression model with 1ittle bias will have values of Cp that fall near the line Cp = p, 

while those equations with substantial bias will deviate more from respective p values. 

Although generally small values of Cp are more desirable, it may be preferable to 

accept some bias in the equation to reduce the average error of prediction. 

Amemiya (1976) and Montgomery and Peck (1993) advocated the use of this Cp 

criterion for selection of subset regression modei and this criterion was also used by 
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Hurvich and Tsai(1989) for selection of order of autoregression model. In chapter IV, 

this Cp criterion is used for selecting the order of autoregression too. 

PC, the prediction criterion: Amemiya (1972; 1976, p.7) suggested the use ofa 

criterion named, prediction Criterion, defined as 

A2 k 
PC = u (1 + -) 

N 

for the selection of subset regressors of regression model, where the notations have the 

usual meaning. 

PRESS Criterion: The prediction error sum of squares (PRESS) initially proposed 

by Allen (1971 p.47; 1974 p.126) which provided a useful residual scaling. The 

computational formula of the statistic given by Montogomery and Peck (1992 p.275) is 

· et 2 

PRESS= l:(-) 
1- htt 

where, ~ is the deviation of actual value from predicted value at time t and htt is the 

(t,t)th element of Hat matrix x!(x!X}1X. Montgomery and Peck also stated that this 

statistiC was potentially useful for discriminating between alternative models, and hence 

very much useful for measuring the prediction accuracy of a model. 

2.3.1.2. Results of step-wise regression analysis for gas consumption 

Regression models of type (2.1) are fitted to the gas consumption data using all the 25 
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= 32 subsets of regressors. The parameters are estimated applying most popularly used 

least square methods. Outputs of all the models are not reported in the study, some of 

the models whose fitness is better are reported. Note that this fitness, is judged on the 

values of R2
. The output obtained for step-wise regression analysis for a selected 

subset of regressors for gas consumption are reported in tables 2.2.1 and 2.2.2. 

From tables 2.2.1 and 2.2.2, it is evident that all the coefficients for all the considered 

models are significant at 0.01 level. MSE is minimum for the model with GP and EC 

=:-2 
as the regressors, R is maximum for the same models, value of Cp is minimum and at 

· the same time closer to the value of p for that model, while Cp for all other models 

deviate much more from the value of respective p's, and finally, value of the PC is also 

miillmum for the model with GP and EC as the regressors. ~o by step-wise regression 

methodology model with GP and PC as the regressors are considered to be the best 

model for gas consumption as per the above-mentioned criteria are concerned. It is 

also clear from the values of D-W statistics that there exists a positive autocorrelation 

problem in all the selected equations. 

2.3.1.3. Result of step-wise regression analysis for electricity consumption 

Like gas consumption data regression models of type (2.2) are fitted to the electricity 

consumption data using all the 24 
= 16 subsets of regressors. In this case too, the 

parameters are estimated applying most popularly used least square methods. Outputs 

of all the models are not reported in the study, some of the models whose fitness is 
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better are reported iti tables 2.3.1 and 2.3.2. 

From tables 2.3.1 and 2.3.2, it is evident that all the coefficients for all the considered 

models are significant at 0. 01 level. MSE is rriinimum for the model with GC and 

=-2 -
PETC as the regressors, R is maximum for same models, value ofCp is minimum and 

at the same time closer to the value of p for model with . GC and PETC as -the 

regressors, whiie Cp for all other models deviate much more from the values of 

respective p's, and finally, value of the PC is also minimum for the model with GC and 

PETC as the regressors. So, by step-wise regression methodology as per the selected 

criteria are concerned the model of type (2.2) with GC and PETC as the regressors are 

considered to be the best model for electricity consumption. In this case too, it is clear 

from the values of D;. W statistics that there exists a positive autocorrelation in all the 

selected equations. There is also a multicollinearity problem. 

2.3.2. Selection of subset regressors by factor ·analysis 

Factor analysis, a branch of statistical science, is a method of data reduction that 

assumes a specific underlying model. Factor analysis reduces data by extracting the 

more significant factor( s) from a set of factors in such a way that the extracted factors 

can specify a model adequately. The extraction of the factprs cari be performed by two 

methods such as maximum likelihood method and principal component method. In the 

study the former one is adopted. For details of the methodology see Srivastava and 

Carter (1983). Factor analysis for selecting the appropriate subset regressors out of a 

set of regressors is used and recommended by Engel and Watson (1981) and Elston 
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and Proe (1995). Thus, for selecting the more influential factors for formulating 

regression model for both the gas and electricity consumption in Bangladesh, a factor 

analysis is performed. The factors considered for gas consumption are GP, EC, PETC, 

POP and GDP. While for electricity consumption, the factors are GC, PETC, POP and 

GDP. The output and discussion of factor analysis are given below. 

2.3.2.1. Result of factor analysis for gas consumption 

From table 2.4.1 it is evident that maximum likelihood method extracts two factors 

such as GP and EC as significant among the considered five factors. These two factors 

explain 95.64% of total variation together. So it can be said that the subset regressors 

{GP, EC} are enough for explaining the gas consumption. Step-wise regression 

analysis also gives the same result. Hence model 

GC = -3400.31 + 0.89 GP + 23.22 EC ................................ (2.3) 

with the criteria given in tables 2.2.1 and 2.2.2, is the finally selected regression model 

for gas consumption in Bangladesh. 

2.3.2.2. Result of factor analysis for electricity consumption 

Table 2.4.2 shows that maximum likelihood method extracts two factors such as GC 

and PETC, for which again values are greater than unity, as significant among the 

considered four factors. These two factors explain 93.27% of total variation together. 

So it can be said that the subset regressors {GC, PETC} are enough for explaining the 

electricity consumption. Step-wise regression analysis also gives the same result, 

although a multicollinearity problem exists there. However, model like 
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EC = 1672.84 + 0.359 GC - 1.251 PETC ...... : ...................... (2.4) 

with the criteria given in tables 2.3.1 and 2.3.2, is the finally selected regression model 

for electricity consumption in Bangladesh. 

Forecasts from the selected models may be attributed to specification errors. The 

forecast efficiency can be improved by incorporating the variables like per unit price, 

temperature and area under energy consumption. 

2.4. SUMMARY 

It is observed from the analysis in this chapter that 

i) Average gas consumption (GC) in Bangladesh is 73646.261 X 106 eft. per annum 

and that of electricity consumption (EC) is 2844.47 MKWH, gas consumption 

efficiency in Bangladesh is 91.68%. 

ii) There exists strong correlation of gas consumption with GP, EC, PETC, POP and 

GDP. Similarly, electricity consumption is strongly correlated with GC, PETC, POP 

andGDP. 

iii) Step-wise regression analysis for selecting the subset of regressors using the 

=-2 

selection criteria like MSE, R , Cp, PC, PRESS shows that {GP, EC} are so far the 

best subset regressors for expressing the gas consumption by linear. regression model. 

The same type of analysis shows that {GC, PETC} are the best subset regressors for 

electricity consumption. 

iv) Factor analysis by maximum likelihood method extracts the same two factors GP 

and EC as in step-wise regression analysis for gas consumption which together explain 



35 . 

95.64% of total variation. Similarly, in case of electricity consumption factor analysis 

extracts the same two factors GC and PETC as in step-wise regression which together 

explain 93.27% of total variation. 

v) Finally, regression model of the type (2.3) is selected for gas consumption and 

regression model of the type (2.4) is selected for electricity consumption in 

Bangladesh. Autocorrelation problem exists in both the models. Montogomery and 

Peck (1992, p.366) stated that there were several c~uses of autocorrelation, perhaps 

the primary cause of autocorrelation in regression problems involving time-series data 

was failure to include one or more regressors in the model. In addition, a 

multicoilinearity problem exists in model (2.4) which may cause over specification of 

the regression models. Due to limitation of scope (lack of data and factors) the above-

. mentioned problems could not be removed. 

However, emphasis will not be given in structural model for forecasting purposes due 

to the reason mentioned in chapter 3. So in subsequent chapters investigation toward 

the fitness of classical growth models, univariate Box-Jenkins' type of model and 

artificial neural network type of models are undertaken. 
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APPENDIX-II 

Table 2.1 Pair wise correlation.coefficient between different factors 

Facotrs GP GC EC PETC POP GDP 

GP 1.000 

GC 0.998* 1.000 

EC 0.491 0.998* 1.000 

PETC 0.626 0.850* -0.837* 1.000 

POP 0.358 0.861 * 0.884* 0.605* 1.000 

GDP 0.992* 0.782* 0.631 * 0.938* 0.584 1.000 

* Sigmficant at 0.05 level. 

Table 2.2.1 Step-wise regression output for gas consumption 

Regressors in the model Bo coefficients of 

GP EC PETC POP GDP 

GP -2734.8 1.11 * 
(92.62) 

EC -7701.5 35.69* 
(27.30) 

GPEC -3400.3 0.98* 23.22* 
(18.78) (11.23) 

GPPETCEC -2932.7 0.75* 7.18* 3.33* 
(15.93) (49.54) (23.51) 

ECPETCPOP -1803.1 23.87* 10.59* 3.66* 
(19.31) (30.25) (27.62) 

GP PETC EC POP -4235.4 0.93* 8.59* 1.38* 1.14* 
(62.91) (33.61) (18.73) (26.90) 

GP PETC EC GDP POP -358.29 0.98* 12.65* 6.15* 2.32* 0.75* 
(62.91) (8.95) (21.54) (31.52) (14.70) 

* significant at 0.05 level. 
Values in the parentheses are the absolute values of corresponding !-statistics. 



Table 2.2.2. Values of diagnostic criteria of considered regressions 
for gas consumption 

Regressors MSE 
~ 

Co PRESS PC 

GP 275401.6 0.984 3.88 35703.7 287375.6 

EC 305612.5 0.973 5.27 41230.4 318899.5 

GP EC 251255.5 0.989 2.71 27125.5 273101.4 

GPPETCEC 372152.6 0.965 13.8 45111.3 420693.6 

ECPETCPOP 581543.2 0.933 28.9 71234.5 657396.4 

GP PETC EC POP 402314.0 0.955 14.6 53352.4 472281.6 

GP PETC EC GDP POP 276991.9 0.981 7.00 31892.2 337207.6 
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D-W 

0.395 

0.226 

0.147 

0.159 

0.323 

0.493 

0.115 



Table 2.3.1. Step-wise regression output for electricity 
consumption 

Regressors in the Coefficient of 
model Bo 

GC PETC POP GDP 

GC 267.51 0.027* 
(27.30) 

PETC 1958.22 -0.079* 
(31.51) 

POP 5463.23 3.721* 
(51.29) 

GCPETC 1672.84 0.359* -1.251 * 
(11.35) (12.21) 

GCPETCPOP 7140.55 0.172* -0.471 * 10.323* 
(19.33) (23 .12) (12.22) 

GC PETC POP GDP 6289.94 0.893. -0.338* 2.915* 15.88* 
(22.51) (19.57) (35.61) (8.99) 

* significant at 0.05 level. 
Values in parentheses are the absolute values of corresponding t-statistics. 

38 



Table 2.3.2. Values of diagnostic criteria of considered regressions 
for electricity consumption 

-z 
Regressors MSE 

R 
~ PRESS PC 

GC 45091.15 0.974 9.77 20511.1 47743.57 

PETC 51362.30 0.938 12.9 . 29402.5 54385.61 

POP 110356.5 0.645 42.7 81539.6 ll848.06 

GCPETC 29531.82 0.983 2.98 11253.9 33006.13 

GCPETCPOP 62795.71 0.896 18.7 46822.7 73877.29 

GC PETC POP GDP 31679.33 0.979 6.00 17361.3 39135.50 

39 

D-W 

0.422 

0.356 

0.237 

0.298 

0.159 

0.478 



Table 2.4.1. Output of factor analysis for gas consumption 
(extraction of factors by maximum likelihood method) 

Initial Statistics 
Variable Communality * Factor Eigenvalue % ofVar. 

GP 1.000 * 1 2.9873 59.83 

EC 1.000 * 2 1.7880 35.81 

PETC 1.000 * 3 0.1010 2.03 

GDP 1.000 * 4 0.0920 1.84 
POP 1.000 * 5 0.0243 0.49 

ML extracted two factors 
**Chi-square = 5.624, DF= 3 

Final statistics 

Variable Communality * Factor Eigenvalue % ofVar. 

GP 0.9586 * 2 2.9873 59.83 
EC 0.9634 * 1.7880. 35.81 

PETC 0.8199 * 
GDP 0.6769 * 
POP 0.9384 * 

**upper tailed tests 

Table 2.4.2. Output of factor analysis for electricity consumption 
(extraction of factors by maximum likelihood method) 

Initial Statistics 
Variable Communality * Factor Eigenvalue % ofVar. 

GC 1.000 * 1 2.8961 59.22 
PETC 1.000 * 2 1.6654 34.05 
GDP 1.000 * 3 0.2037 4.16 
POP 1.000 * 4 0.1255 2.57 

ML extracted two factors 
••chi-square = 6.223, DF= 1 

Final statistics 
Variable Communality * Factor Eigenvalue % ofVar. 

EC 0.9511 * 2 2.8961 59.22 
PETC 0.9032 * 1.6654 34.05 
GDP 0.7156 * 
POP 0.8677 * 

** upper tailed tests 
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Cum.% 

59.83 

95.64 
97.67 
99.51 

100.00 

Cum.% 

59.83 
95.64 

Cum.% 

59.22 
93.27 
97.43 

100.00 

Cum.% 

59.22 
93.27 
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CHAPTER-Ill 

APPLICATION OF GROWTH MODEL 

Use of structural model for forecasting purppses creates some problem ( discussed in 

section 3.1 ). Hence, in ·this chapter different types of time-dependent models are 

considered for investigating their fitness to energy consumption data. After diagnostic 

check one of the models for each type of energy consumption is selected for 

forecasting. Thus section 3.1 focuses applicability of growth .models to the energy 

consumption, section 3.2 discusses the logic of using transformation of data series, the 

criteria selected for diagnostic check of the predictive performance of models are given 

in section 3.3, the result of analysis for gas and electricity consumption are given in 

sections 3 .4 and 3. 5 respectively, choice of the variables for model building is 

discussed in section 3.6, and finally section 3.7 deals with the result obtained from the 

analysis in this chapter at a glance. Numerical results obtained are reported in the 

appendix in last part of the chapter. 

3.1 INTRODUCTION 

In the previous chapter multivariate analysis of the energy consumption data is 

performed. As far as the selected diagnostic criteria are concerned, it is found that the 

fitting performances of structural models are good. As already mentioned earlier that 

the purpose of the present study is to find the best fitted models which adequately 

predict the future observations of gas and electricity consumption in Bangladesh. Some 
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econometricians e.g. Engel et. al. (1992), Jamal and Abdullah (1996), etc. showed that 

structural model sometimes gave good model for .prediction for out-sample-data. But 

they were very difficult to use for prediction of future data. Structural models use 

defailed relationship based on the economic theory to describe the economic 

phenomena. The generation of the forecast of dependent variable from a structural 

model requires forecasts ofthe explanatory variables as well (Ma 1989 p.394). Meese 

and Rogoff (1983 p.3) also stated that structural models had high explanatory power, 

but they predicted badly because explanatory variables were themselves difficult to 

predict. Hence, in this study the structural models are not considered· for comparison 

of prediction performance with other selected models due to the limitations mentioned 

· above. Moreover, the time dependent forecasting methods have some advantages over 

multivariate method. Some ofthe advantages are cited in section 3.1.2. 

3.1.1 Definition of growth models 

The models which are used to describe the behaviour of some variables, as they vary 

with respect to time, are termed as growth models. This type of model needed ill a 

specific area and in a specific problem depends on the type of growth that occurs in the 

time series data. In general, growth models are mechanistic, rather than empirical ones. 

A mechanical model usually arises as a result of making assumptions about the type of 

growth, writing down the differentials or difference equations that represent these 

assumptions and then solving the equations to obtain a growth model. An empirical 
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model, on the other hand, is a model chosen to empirically approximate an unknown 

mechanistic model. Typically, the empirical model is a polynomial of some suitable 

order. However, in this study the growth models of different types are fitted using the 

software SPSSPC+. 

Apart from the disadvantages of multivariate forecasting techniques discussed above, 

the time dependent growth model for forecasting has following advantages over 

multivariate techniques. i) They are quick and inexpensive to apply, and produce 

better forecasting model. The cost of making particular forecasting error should always 

be balanced against the cost of producing forecasts. 

ii) Extraneous information may not require. 

iii) Forecasts obtained in this manner can often be usefully combined with other 

forecasts in order to get superior overall forecasts. 

iv) Having produced this sort of forecasting, one is in a position to assess the variation 

explained in terms of its own past or future behaviour, etc. 

3.1.2. Models considered in the study 

The fitness of as many as ten types of time-dependent models to the energy 

consumption data are investigated in this study. The models considered are 

Linear Ct = .Bo + .B1t + Et 

Logarithmic Ct = .Bo + .B1lnt + Et 

.............. (3.1) 

.............. (3.2) 



. Inverse Ct = Bo + .81/t + Et 

Quadratic Ct = Bo + B1t + 1ne + Et 

Cubic 

S Ct = exp(Bo + Bdt)Et 

Growth Ct = exp(Bo + B1t + Et) 

Exponential Ct = .Bo exp( B1t)Et 
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.............. (3.3) 

.............. (3.4) 

.............. (3.5) 

.............. (3.6) 

.............. (3.7) 

.............. (3.8) 

.............. (3.9) 

............. (3.10) 

where, Ct stands for the consumption, Et is the white noise ·term assumed to be 

distributed as normal with mean zero and constant variance cr2
. 

3.2. TRANSFORMATION OF VARIABLES 

It is assumed here that the Box and Cox (1964) type oftransformation(s) may improve 

the predictive performances of the models. Hence, predictive performances of the 

models are also studied here with transformation of variables. For defining the type of 

transformation used in the study, let us have a look at the Box and Cox type of 

transformations .. Box and Cox worked with a parametric family of transformations 

from c to c<a.>, the parameter a defining a particular transformation. The paran1etric 

family considered was' the family defined for all real a by 

c<(J.) = (c(J.- 1)/a, for a # o 

=loge, for a=O 

............... (3.11) 

................ (3.12) 
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for c>O. Thus, in this study the transformation of the type (3.12) i.e. log-

transformation of the variables is used. Because, one alternative suggestion Kennedy 

(1985 p.210) offered for the stationarity of a series was the use of this transformation 

which might make the series stationary in order to fit an ARIMA model. Again, 

Lachtermacher and Fuller (1995 p.391) stated that the use of Box and Cox 

transformation seemed to be justified, since in the non-stationary cases it improved the 

performance of neural network model by decreasing the forecasting errors and 

diminishing the neural networks modelling time, compared with networks trained with 

untransformed data. That is why in next two chapters the performances of log-

transformed series are also studied for ARIMA modelling and for neural network 

modelling. One of the purposes of this study is to compare the predictive performances 

of three types (viz. growth type, ARIMA type and ANN type) of selected models. 

Same type of transformation, as in the case of ARIMA and neural network modelling, 

is required for comparison. So investigation toward the fitness of the growth type of 

models to the log-transformed series is quite justified. 

Again, Sclove (1972) showed that the choice of c, or logc1 as dependent variable, in 

general, depended on two statistics, viz. r2
, the square of sample correlation coefficient 

and T, where the statistic T is defined as 

N N 

T(O) = - ln So + ~)n c, 
2 t=l 
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and 

N 
T(l) = 2ln S1 

for log-transformed dependent variable and for original variable respectively, where, So 

and S 1 are the residual ·sum of squares of the model with logCt and c1 as dependent 

variable respectively. 

With an illustration· for a linear model Sclove (1972) shows that the model with 

maximum r2 and mitlimum T is preferable. However, although selected models in this 

study ar~ not linear, it is assumed that they arelinear. So decision about the preference 

ofthe variable.(untransformed or transformed) is taken in the whole study, where it is 

necessary, on the basis of these two criteria. 

In this chapter fitness of above~ mentioned ten types of growth models are also verified 

for log-transformed series of both types of energy consumption. 

3.3. CRITERIA USED FOR SELECTION OF MODEL 

In order to select the type of growth model of best fit for forecasting the energy 

consumption data, estimated models are compared against the values of the following 

criteria. 

~ 

i) R , the adjusted coefficient of determination: As defined in section 2.3 .1.1 of 

chapter II. This value is computed for the estimation period only. 
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The greater the value of this criterion, the more is the accuracy of the model. 

ii) AME, The absolute mean error : Defined as 

AME = f let ( obs) - Ct (pred)l 

t=I N 

iii) RMSE, the root mean square error: Defined as 

N 

L [ct(obs) - Ct(pred)]2 

RMSE = 
t=I 

N-k 

iv) MAPE, the mean absolute percent error: Defined as 

1 ~ let ( obs) - Ct (pred)l 
MAPE = - LJ X 100 

N t=l Ct(obs) 

The minimum values of last three criteria are desirable for the adequacy of a model. 

The values of the criteria AME, RMSE and MAPE are compared for three periods, 

viz. estimation period, validation period and total period. 

3.4. SELECTION OF MODEL FOR GAS CONSUMPTION 

It is mentioned in chapter I that the whole period is split into two periods. The 

observed or estimation period contains data from 1970-71 to 1988-89 and the 

validation or post-sample period contains data from 1989-90 to 1992-93. The models 

in this chapter and subsequent chapters are fitted using the data of observed period and 

the vlilidity of model is verified using data of validation period. For this purpose, at 
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first the models are fitted using data of estimation period, then by the estimated model 

the consumption figures for validation period are predicted for prediction performance 

comparison and testing the validity of the model. 

3.4.1. For untransformed series 

Fitness of all of the ten models mentioned in section 3.1.3. are verified for 

untransformed series of gas consumption data of observed period. Models are fitted 

using the software SPSSPC+. At first three models are selected on the basis of the 

values of R2
, which is directly obtained from output of software. The values of the 

criteria mentioned in section 3.3 are computed for these three models. The computed 

values of the criteria are reported in table 3 .1.1. in the appendix. 

Form table 3.1.1, it is evident that model of type (3.4) outperforms the other two types 

for prediction of gas consumption by all the criteria considered for fitting and testing 

validity of models, except R2 
. The value of R2 is larger in case of model (3.5), 

because, it is known that this value increases with the increase of the number of 

explanatory variables in the model. That is why the criterion adjusted R2 is suggested. 

The value of this adjusted R2 is again lesser in case of model (3.5) than (3.4). 

Moreover, forecasting the future figure of gas consumption is more difficult from a 

growth model of type (3.5) i.e. from a cubic model. So, the model of type (3.4) is 

finally considered as the best prediction model of growth type for untransformed gas 
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consumption followed by type (3.5). 

The estimated model . 

The estimated growth type of model selected for untransformed gas consumption is as 
follows: 

Ct = 15858.61 - 1820.30* t + 423.57* t2 

(15.12) (4.89) 

(values in the parentheses are corresponding absolute values oft
statistics, * means significant at P<O. 01 ) 

The gas consumption figures for the years up to 2000-2001 are estimated with this 

selected model and reported in table 3.1.3. 

3.4.2. For log-transformed series 

In this case too, fitness of all of the models given in section 3 .1.3. is verified to the log-

transformed series of gas consumption. Values of the criteria against three better 

models are reported in table 3.1.2. The models at this stage are selected on the basis of 

the values of R 2. 

It is clear from table 3 .1.2. that the natures of the values of the criteria are exactly the 

same as that of untransformed series. So, discussion about the values of the criteria is 

the same as gas consumption. in untransformed consumption. So model of type (3.4) is 

selected as the best predictive growth model for log-transformed 
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The estimated model 

The estimated growth type of model selected for log-transformed gas consumption is 

as follows: 

• • 2 
logct = 8.9975 + 0.1806 t- 0.00l8 t 

(10.42) (6.55) 

(values in the parentheses are corresponding absolute values oft
statistics, *means significant at P<O.Ol) 

The gas consumption figures for the years up to 2000-2001 are estimated with this 

selected model and reported in table 3.1.3. It is mentionable here that in this case the 

original values of gas consumption are obtained by taking exponent of the predicted 

logarithmic series. 

3.5. SELECTION OF GROWTH TYPE OF MODEL FOR 

ELECTRICITY CONSUMPTION. 

As in case of gas consumption series the total period, for which electricity 

consumption data are used in the study, is split into two periods. The observed or 

estimation period, containing data from 1976-77 to 1990-91, is used for fitting the 

model and the validation or post-sample period, from 1991-92 to 1992-93, is used for 

testing the validity of selected model. In this case too, at first the models are fitted 

using data of estimation period, then by the estimated model the consumption figures 

for validation period are predicted for prediction performance comparison and testing 

the validity of models. 
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3.5.1. For untransformed series 

All of the models given in section 3 .1.3. are also fitted to the untransformed electricity 

consumption data. The values of the criteria for three well fitted (on the basis of R 2) 

models are reported in table 3 .2.1: The table shows that the model of type (3 .4) again 

fits the electricity consumption data most adequately. Although the value of R2 is a 

little bit greater in ca~e of model (3.5) than model (3..4). But model (3.4) again appears 

as superior with respect to adjusted values ofR2
. So the growth model of type (3.4) is 

finally selected as the best type of growth model for electricity consumption. It is to be 

noted here that Paul(1994) shows that the model of type (3.5) is the best fitted model 

for electricity consumption, because for selection purposes he uses the R 2 criterion 

only. 

The estimated model 

The estimated growth type of model selected for untransformed electricity 

consumption is as follows: 

Ct =._-801.676 + 87.856"' t + 11.925" t2 

(19.22) (5.63) 

(values in the parentheses are corresponding absolute values oft
statistics, * means significant at 0.01 level) 

The electricity consumption figures for the years up to 2000-2001 are estimated with 

this selected model and reported in table 3~2.3. 
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3.5.2. For log-transformed series 

Investigation toward the fitness of the ten types of growth models, given in section 

3.1.3., to the log-transformed series of electricity consumption is also performed. As in 

all previous cases, at first three well-fitted models are selected on the basis of R2
. The 

criteria computed for three selected models are reported in table 3.2.2. 

As far as the values of the criteria presented in table 3.2.2 are concerned, the model of 

type (3.4) is again appeared as the best fitted model for log-transformed electricity 

consumption. So, the model oftype (3.4) is finally selected as the best growth type of 

model for log-transformed electricity consumption. 

The estimated model 

The estimated growth type of model selected for log-transformed electricity 

consumption is as follows: 

• • 2 logCt=6.646+0.148 t-0.0018 t 
(14.33) (8.16) 

(values in the parentheses are corresponding absolute values oft
statistics, * means significant at 0. 0 1 level) 

The electricity consumption figures for the years up to 2000-2001 are estimated by the 

selected model and reported in table 3.2.3. It is mentionable here that in this case too, 

the original values of electricity consumption are obtained by taking exponent of the 



53 

predicted logarithmic series. 

3.6. PREFERENCE OF VARIABLE (UNTRANSFORMED OR 

TAANSFORMED) 

Two statistics ~ and T are defined in section 3.2 for taking decision about the 

preference of variables as dependent variable. The values of those two statistics are 

computed for the selected models of gas and electricity consumption of both types, 

transformed and untransformed. The values are computed for total period. 

· 3.6.1. For gas consumption 

For untransformed gas consumption series for selected quadratic model the values of r2 

and T are computed as 0.9851 and 110.7476 respectively. Similarly for log

transformed series the values are 0.9853 and 106.1503 respectively, where r2 is 

maximum and T is minimum for log-transformed series. So it can be concluded that 

log-transformed series of gas consumption is preferable as dependent variable to 

untransformed one. 

3.6.2. For electricity consumption 

In case of untransformed electricity consumption for selected quadratic model the 

values of r2 and T are computed as 0.9884 and 232.9721 respectively. Similarly for 

log-transformed series the values are 0. 9885 and 224.1924 respectively. Where in this 
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case too, r is maximum and T is minimum for log-transformed series. So it can be 

concluded that log-transformed series of electricity consumption is preferable as 

dependent variable to untransformed one. 

However, predicted values for both untransformed and transformed series are reported 

in the study, so that one can use any result. 

3.7. SUMMARY 

The findings in this chapter can be summarised as follows: 

i) Investig~;~.tion toward the fitness of as many as ten types of growth models to the gas 

consumption data is performed. The models are fitted to the data of observed period. 

The validations of models are verified using data of validation period. The 

performances of three selected models (on the basis of R 2) are compared on the basis 

of the values of criteria like Adjusted value of R2
, AME in three periods, MAPE in 

three periods and RMSE in three periods. 

ii) Quadratic model is found to outfit all other models, with respect to the criteria, to 

· the untransformed gas consumption. 

iii) Predictive performance of quadratic growth model is the best for log-transfonned 

gas consumption. 

iv) Untransformed and log-transformed electricity consumption can also be best 

predicted by quadratic type of growth model. 
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v) Log-transformed series of both gas and electricity consumption is preferable to the 

untransformed series as dependent variable in order to fit quadratic models. 



A P P E N D I X III 

Table 3.1.1. Values of diagnostic criteria for selecting Growth 
models for untransformed gas consumption 

Values of diagnostic criteria for 
Criteria Period 

56 

Model(3.4) Model(3.5) Model(3 .1 0) 

~ Estimation 
-

,0.9851 . 0.9852* 0.9760 

' . 0.9832 .. ~ Estimation 0.9826 0.9746 

Estimation 4066.2927* 4125.5632 4229.7689 

AME Validation 4134.6883* 4159.4444 5236.2281 
Total 4078.1876 .. 4131.4555 4404.8053 

Estimation 14.3148* 14.9508 15.8679 

MAPE Validation 2.4487* 2.8132 3.1231 
Total 12.2511* 12.8399 13.6514 

Estimation 5613.1105* 5710.2380 6231.5991 

RMSE Validation 11145.072 I • 11160.1027 11247.1684 
Total 5605.0194 .. 5684.4392 6114.8340 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 
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Table 3.1.2. Values of diagnostic criteria for selecting Growth type of 
model for log-transformed gas consumption 

Values of diagnostic criteria for 
Criteria Period 

Model(3.4) Model(3.5) Model(3.10) 

Rz Estimation 0.9862 0.9868* 0.9712 

~ Estimation 0.9853* 0.9851 0.9695 

Estimation 3269.2927" 3281.2711 3301.5252 

AME Validation 5890.7761" 6054.1990 5960.3127 
Total 3725.2028" 3763.5191 3763.9238 

Estimation 10.143 I"' 10.1435 11.3215 

MAPE Validation 3.4100" 3.4121 3.4530 
Total 8.9971" 8.9728 9.9531 

Estimation 4710.5897" 4812.3501 5069.2433 

RMSE Validation 9235.1433" 9384.0509 10126.4653 
Total 4692.1335" 4788.5277 5068.2432 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 
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Table 3.1.3. Observed and predicted values obtained by selected 
growth models for gas consumption data 

Observed gas For untransformed series by For log-transformed series by 
Year conswnption • quadratic growth model quadratic growth model 

in 106 eft 

ESTIMATION PERIOD 

1970-71 9400 14461.843 9665.743 
1971-72 12300 13912.259 11517.800 
1972-73 8800 14209.817 13676.275 
1973-74 20000 15354.514 16181.919 
1974-75 28313 17346.353 19079.025 
1975-76 19754 20185.332 22415.389 
1976-77 28871 23871.452 26242.207 
1977-78 32029 28404.713 30613.879 
1978-79 34131 33785.115 35587.734 
1979-80 38243 40012.657 41223.632 
1980-81 45032 47087.340 47583.471 
1981-82 49494 55009.163 54730.567 
1982-83 63717 63778.128 62728.908 
1983:84 70133 73394.234 71642.289 
1984-85 80257 83857.480 81533.322 
1985-86 90958 95167.867 92462.318 
1986-87 101138 107325.395 104486.063 
1987-88 118955 120637.039 117656.494 
1988-89 146309 134181.872 132019.291 

VALIDATION PERIOD 

1989-90 159071 148880.827 147612.400 
1990-91 164191 164426.913 164464.527 
1991-92 178668 180820.145 182593.617 
1992-93 194100 198060.517 202005.361 

FORECAST PERIOD 

1993-94 216148.030 222690.902 
1994-95 235082.684 244629.475 
1995-96 254864.479 267779.725 
1996-97 275493.414 292087.881 
1997-98 296969.490 317473.618 
1998-99 319292.707 343849.727 

1999-2000 342463.065 371104.881 
2000-2001 366480.563 399101.081 

* Source: Different issues of Bangladesh Statistical Yearbook, Bangladesh Bureau of Statistics, 
Government of Bangladesh, Dhaka and Annual Report 1994, Bangladesh Oil, Gas and Mineral 
Resources Corporation, Dhaka. 
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Table 3.2.1. Values of diagnostic criteria for selecting growth model 
· for untransformed electricity consumption 

Values of diagnostic criteria for 
Criteria Period 

Model(3.4) Model(3.5) Model(3.6) 

R2 Estimation 0.9884 0.9890* 0.9870 

i(l Estimation 0.9866* 0.9859 0.9761 

Estimation 102.6636* 103.1234 110.5888 

AME Validation 334.8150* 335.0798 340.6345 
Total " 129.9755* 130.4123 137.6530 

Estimation 4.1606* 4.1758 4.2263 

MAPE Validation ._ 6.3264" 6.4125 7.0321 
Total 4.4154* 4.4389 4.5564 

Estimation 145.9366" 147.0038 152.5731 

RMSE Validation . 479.9085* 480.3663 498.4597 
Total 186.2950* 187.0968 194.1657 

' 

Note: The value of the cnterion for a model with starlet shows that the ·model is better than 
other two models with respect to that ·criterion. 
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Table 3.2.2. Values of diagnostic criteria for selecting growth models 
for log- transformed electricity consumption 

Values of diagnostic criteria for 
Criteria Period 

Mode1(3.4) Model(3.5) Mode1(3.6) 

R2 Estimation 0.9885 0.9885 0.9868 

~ Estimation 0.9865"' 0.9853 0.9657 

Estimation 

AME Validation 103.2713"' 104.0469 112.3350 
Total 325.5142"' 325.7011 336.2487 

120.4173" 130.1238 138.6779 
Estimation 

MAPE Validation 4.2232'" 4.2561 4.4121 
Total 6.2061'" 6.2218 6.8728 

4.4565" 4.4873 4.7015 
Estimation 

RMSE Validation 149.8785"' 150.0042 159.2342 
Total 474.7247"' 480.3216 491.5788 

188.0209 .. 189.1189 197.4688 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 
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Table 3.2.3. Observed and predicted values obtained by selected 
growth models for electricity consumption 

' 

Observed For untransformed series by For log-transformed series by 

Year electricity quadratic growth model quadratic growth model 
consumption 

. 
inMKWH 

ESTIMATION PERIOD 

1976-77 932 901.457 891.494 
1977-78 1012 1025.087 1028.635 
1978-79 1205 1172.566 1182.719 
1979-80 1381 1343.895 1355.128 
1980-81 1406 1539.073 1547.236 
1981-82 1594. 1758.101 1760.397 
1982-83 2028 2000.977 1995.917 
1983-84 2399 2267.703 2255.028 
1984-85 2704 2558.278 2538.864 
1985-86 2841 2872.703 2848.423 
1986-87 3307 3210.977 3184.545 
1987-88 3485 3573.100 3547.873 
1988-89 3772 3959.073 3938.823 
1989-90 4694 4368.895 4357.554 
1990-91 4705 4802.566 4803.931 

VALIDATION PERIOD 

1991~92 4870 5260.087 5277.503 
1992~93 6021 5741.457 5777.475 

FORECAST PERIOD 

1993~94 6246.676 6302.682 
1994-95 6775.745 6851.577 
1995-96 7328.663 7422.194 
1996-97 7905.430 8012.275 
1997-98 8506.046 8618.876 
1998-99 9130.512 9239.102 

1999-2000 9778.828 9869.258 
2000-2001 10450.992 10505.455 

* Source: Different issues of Bangladesh Statistical Yearbook, Bangladesh Bureau of 
Statistics, Government ofBangladesh, Dhaka and Annual Report 1993-94, Bangladesh 
Power Development Board, Dhaka. 
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CHAPTER -IV 

APPLICATION OF ARIMA METHODOLOGY 

In chapter III application of growth types of model to both types of energy 

consumption data are shown. They are simply the time·dependent models._ Although on 

the basis of selected criteria it is found that some form of growth types of models outfit 

the energy consumption data, but univariate ARIMA types of models have some 

advantages over growth or regression models. Thus, in this chapter, section 4.1 gives 

an outlook of ARIMA model. Basic concepts, advantages of univariate ARIMA 

models are given in section 4.2. Characteristics of a good ARIMA model. are 

mentioned in section 4.3. Section 4.4 deals with the steps in building up an ARIMA 

model. In section 4.5 criteria used in diagnostic checks are discussed. In section 4.6 

criteria adopted for testing the validation of models are discussed and in section 4. 7 

back shift notation of ARIMA model is given which is used in the study. In section 4 .. 8 

application and result of ARIMA model to gas consumption data (untransformed and 

transformed) are discussed. In section 4.9 application and result of ARIMA model to 

the ·electricity consumption data are given. Finally, discussion of the preference of 

variables is given in section 4.10 and in section 4.11 a summary of the findings in this 

chapter is reported in brief The numerical results obtained for whole analysis is 

presented in Appendix in last part of the chapter. 
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4.1. INTRODUCTION 

ARIMA models are flexible and widely used in time series analysis. The stochastic 

process for which the exponentially weighted moving average forecast is optimal and 

a member of the class of non-stationary processes is ·the ARIMA process. The 

abbreviation ARIMA(p,d,q) stands for Autoregressive-Integrated-Moving-Average 

with three parameters p, the order of autoregression, d, the degree of differencing and 

q, the order of moving average (details ofthe parameters are given in next section). 

The ARIMA model, commonly known as Box-Jenkins• model,. due to Box and 

Jenkins•(1970) worked for forecasting of a large variety of time series data. The 

underlying assumption is that the time series to be forecasted has been generated by a 

stochastic process. In other words it is assumed that each value in time-series is 

drawn from a probability distribution. Again, in some types of statistical analysis the 

various observations within a single data series are assumed to be statistically 

independent, which is a standard assumption about the error term in traditional 

regression analysis. But in univariate Box-Jenkins ARIMA analysis it is assumed that 

the time-sequenced observations in a data series (e,g, c1 .... Ct-1, Ct, Ct+l .... ) are 

statistically dependent. 

However, it is necessary to discuss the basic concepts of ARIMA (p,d,q) models. 

4.1.1 Three basic concepts of ARIMA(p,d,q) methodology 

In this section three basic concepts of ARIMA(p,d,q) models are discussed. 

ARIMA models are the combination of three types of processes such as autoregression 
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(AR) process, differencing to strip of the integration (I) and moving average (MA) 

process. All three are based on the simple concept of random disturbances or shocks. 

·Between two observations in a series, a disturbance occurs which somehow affects the 

level of the series. These disturbances can be mathematically described by ARIMA 

models. Each of the three types of processes has its own characteristic way of 

responding to a random disturbance. The most general ARIMA model involves all the 

three processes. Although they are related, each aspect of the model can be examined 

separately. 

Autoregression 

The first of' ~the three processes included in an ARIMA model is autoregression. In an 

autoregressive process each value in a series is linear function of the preceding 

v8.Iue(s). Thus in ·a first order autoregressive process oiuy the single preceding value is 

used as a function of current vaiue, in a second order autoregressive process two 

preceding values are used, and so on. These processes are commonly denoted by the 

notation AR(n), where the number in parenthesis stands for the order. Hence, AR(l), 

the first order autoregressive process, is defined as 

................... (4.1). 

The coefficient 13 is estimated from the observed series and indicates how strongly each 

value depends on the preceding value. So it is clear that AR(n) model is the same as 

ARIMA (n,O,O) model. 



65 

In an AR(1) process the current value is a function of the preceding value, which is a 

function of one preceding to it, and so on. Thus, each shock or disturbance to the 

system has a diminishing effect on all subsequent time periods. When the coefficient B 

is greater than -1 and less than + 1, as is usually the case, the influence of earlier 

observations dies out exponentially. For a pure AR process of order p, the partial 

autocorrelation function (pact) up to lag p will be AR coefficient, while beyond that all 

are expected to be zero. An AR(p) model has exponentially declining values of 

autocorrelation function (act) and have precisely p spikes in first p values of pacf So 

the AR order of a series can be found from the plot of acf and pacf. However, in this 

study the criteria suggested by Mallows (1973), Schwarz (1978), Hannan and Quinn 

(1979) and Hurvich and Tsai (1989) are also employed to determine the proper order 

of autoregression which are discussed in section 4. 5. 

Differencing 

A time series often reflects the cumulative effect of some process. The process is 

responsible for change in the observed level of the series but is not responsible for the 

level itself Inventory level, for example, is not determined by the receipts and sales in a 

single period. Those activities cause changes in inventory levels. The levels themselves 

are the cumulative sums of the changes in each period. A series that measures the 

cumulative effect of something is called 'Integrated'. In the long run, the average level 

of an integrated series might not change. But in short run values can wander quite far 

from the average level purely by chance. When a series wanders, the difference from 
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one to the next is often small. Thus, the differences of even a wandering series often 

remain fairly constant. This steadiness, or •stationarity• of the differences is highly 

desirable from a statistical point of view. 

The standard notation for integrated models that need to be differenced once is 1(1); or 

ARIMA(O, 1. 0). Occasionally one will need to look at the differences of the differences, 

such models are denoted by 1(2) or ARIMA(0,2,0), and so on. Thus one way of 

looking at 1(1) process is that it has perfect memory of previous value. Except for 

random fluctuations each value equals the previous value. This type of I( 1) process is 

often called a random walk because each value is one step away from previous value. 

For a properly selected degree of differencing of a series which makes the series 

stationary, the acfplots of differenced series will exhibit no significant ·autocorrelation. 

To determine the true 'degree of differencing in order to make the series stationary, the 

criteria suggested by Koreisha and Pukkila (1993) are adopted, details of which is. 

given in section 4.5;'' 

Moving Average 

Last type of process in ARIMA models, which is the most difficult to visualize, is the 

moving average. In a moving average process, each value is determined by the average 

of the current disturbance and one or more previous disturbances. The order of the 

moving average process specifies how many previous disturbances are averaged into 

the value. Thus, the equation for a first-order moving average process is 
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Ct = Et- B Et-1 ...................... (4.2) 

In the standard notation, MA(q) or ARIMA(O,O,q) processes use q previous 

disturbances along with the current value. 

The difference between the autoregressive process and a moving average process is 

subtle but important. Each value in a moving average series is a weighted average of 

the most recent random disturbances. Where as each value in an autoregression is a 

weighted average of the recent values of the series. Since these values in turn are 

weighted averages of the previous ones, the effect of a given disturbance in an 

autoregressive process dwindles as time passes. In a moving average process, a 

disturbance affects the system for infinite number of periods (order of moving average) 

and then abruptly ceases to affect it. In a MA( q) process, the pacf will die away toward 

zero with no clear 'cut ofP and acf will exhibit a clear 'cut ofP at qth point. MA( q) 

process has precisely q spikes in first q values of pacf Hence, in this study the order of 

moving average is determined by observing the nature of acf and pacf plots. 

4.1.2 Other concepts related to ARIMA .models 

In this section some other concepts which are pertinent to an ARIMA model are 

discussed. 

Stationarity: 

-
The univariate Box-Jenkins' (UBJ) ARIMA method is applicable to a stationary data 
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series. Hence, stationarity is a condition which must be met by time series to which a 

UBJ-ARIMA model is to be fitted. Pure moving average (MA} series are stationary, 

·. 
while autoregressive (AR) and autoregressive-moving..:average (ARMA) series might 

not be so. So before dealing with the problem of fitting ARIMA model to a data, it is 

necessary to test the stationarity condition of the series; A stationary time-series have 

mean, variance and autocorrelation that are constant throughout the time. 

The mean of stationary series indicates the overall level of the series. If the time-series 

is stationary then the mean of any major subset of the series does not differ 

significantly than any other subset. 

Similarly, in case of the variance, if the data series is stationary, then the variance of. 

any major subset of the series will differ from the variance of any other major subset 

only by chance. 

Again, if the estimated acf of the senes drops off to zero quite rapidly, i,e, the 

estimated acf quickly becomes insignificantly different from zero, then the series is said 

to be stationary, otherwise the series is non-stationary. 

However, any non-stationary series can be transformed into stationary series by proper 

degree of differencing, by transfer function model or taking logarithmic value of the 

series before differencing. 
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Autocorrelation function (acj) 

The role of acf is very important at the identification stage of UBJ method. It measures 

the direction and strength of statistical relationship between ordered pairs of 

observations in a single data series. An estimated autocorrelation coefficient (rk, of 

order k) is not fundamentally different from any sample c-orrelation coefficient. The 

standard formula of calculating autocorrelation coefficient is 

N-k 

:Lcct-c)Cct+k -c) 
t=l .................... (4.3) 

This is some dimensionless number that can take on values only between -1 and + 1. A 

value of -1 means perfect negative correlation, + 1 means perfect positive correlation 

and zero means Ct's are not correlated at all in the available data. 

Looking at the pattern in an estimated acf is a key element at the testing phase of 

stationarity and at the identification stage of the UBJ method. Box-Jenkins' (1976; 

p.33) suggested that maximum number of useful autocorrelation was roughly N/4, 

where N is the. number of observations. 

The acf is a useful identification and diagnostic checking tool for selecting ARIMA 

model. In addition to the values obtained by using the Mallows criterion and Hannan 

and Quinn Criterion, the exponentially declining nature of ac~ plots are also observed 
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for taking final decision about the order of autoregression. The number of significant 

spikes in acf plots also helps in. t;:tking decision about the degree of moving average. 

Again, for taking decision about the degree of differencing, the degree obtained by the 

criterion of Koreisha and Pukkila is compared with the· number of significant 

autocorrelations of the acf plots of differenced series. 

Partial autocorrelation function (pacj) 

The estimated partial autocorrelation function (pact) is broadly similar to an estimated 

acf An estimated pacf is also a graphical representation of the statistical relationship 

between sets of ordered pairs ( Ct , Ct+k) drawn from a· single time series. The estimated 

pacf is used as a guide, along with the estimated acf in choosing one or more ARIMA 

models that might fit the available data. 

The idea of partial autocorrelation analysis is that we want to measure how Ct and Ct+k 

are related, but with the effects ofthe intervening c's accounted for. For example, we 

want to show the relationship between ordered pairs ( Ct, Ct+2) taking into. account the 

effect of Ct+l on Ct+2· Next, we want the relationship between the pairs ( Ct, Ct+3), but 

with the effects of both Ct+l and Ct+2 on Ct+3 accounted for and so on, each time 

adjusting the impact of any c's that fallen between the ordered pairs in question. 

The most accurate way of calculating partial autocorrelation coefficient is to estimate a 

seri~s of least squares regression coefficient. An estimated regression coefficient is 

interpreted as a measure of the relationship between the 'dependent' variable and the 
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'independent' variable in question, with effects of other variables in the equation taken 

into account. That is exactly the definition of a partial autocorrelation coefficient, 

denoted by <f>kk, QJ.easures the relationship between Ct. and Ct+k while the effects of the 

. . . 

y's falling between these ordered pairs are accounted for. 

Like acf, the pacf is also an important identification and checking tool for an ARIMA 

model. The values obtained by using the criteria of Mallows, and Hannan ana Quinn, 

are compared, with the number of significant spikes in the pacf plots for taking 

decision about the order of autoregression. Exponentially declining nature of pacf plots 

also helps in taking decision about the degree of moving average. 

Various attempts to compare the Box-Jenkins ARIMA methods with different types 

oftraditional forecasting techniques have been made. Reid (1971) compared the Box-

Jenkins' method to a variety of forecasting techniques based on exponential smoothing 

methods. On analysis of 113 time series of annual, quarterly and monthly data of 

economic variables in the UK, Reid concluded that Box-Jenkins' approach produced 

minimal forecasting errors. Granger and Newbold (1986) suggested the use of Box-

Je.nkins' approach in forecasting time series data because .it produced superior results, 

and it can be employed with confidence for relatively short period time series. Geurts 

and Ibrahim (1975) compared the Box-Jenkins' model to first and second order 

exponential smoothing models and showed that this method produced equally good 

results. Ferrer et. al.{1997) compared the forecasting performances of univariate 
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ARIMA models with unobserved component models using monthly time series data of 

automobile sales in Spain. He showed that the forecasting performances of ARTh1A 

models were fairly better. 

Moreover, the UBJ model has three specific advantages over many other traditional 

single-series methods. 

First, the concepts associated with UBJ models are derived from solid foundation of 

classical probability theory and mathematical statistics. 

Second, ARIMA models are a family of models, notjust a single model. Box and 

Jenkins developed a strategy that guide the analyst in choosing one or more 

appropriate model(s) out of a larger family of models. Some works on the selection of 

parameters of an . appropriate ARIMA model have also ··been done · by some 

econometricians (e.g. Mallows (1973) and Hannan and Quinn (1979) developed 

criteria of selection of the order of autoregression. Koreisha and Pukkila (1993) 

developed the method of choosing appropriate degree of differencing for ARTh1A 

models). 

Third, it can be shown that an appropriate ARTh1A model produces optimal univariate 

forecasts. "There seems to be general agreement among knowledgeable professionals 

that properly built UBJ models can handle a wide variety of situations and provide 
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more accurate short-term forecasts than any other standard single series technique" 

(Pankratz, 1986; pp.19). 

Again Hall (1994,_p.l7) stated that Box-Jenkins modelling strategy for pure time series 

forecasting had received considerable attention over recent years. This procedure may 

be seen as one of the early attempts to confront the problem of non-stationary data. 

Although many researchers now view the Box-Jenkins approach as having been 

superseded by contegration and multivariate non-stationary analysis, it should still be 

regarded as useful tool in the overall as armory of econometric techniques with a 

particularly important_ role in univariate modelling. 

4.2. CHARACTERISTICS OF A GOODARIMA MODEL 

A good ARIMA model has the following seven properties: 

i) It is parsimoniousi.e. uses the smallest number of coefficients needed to explain the 

available data. 

ii) It is stationary.· 

iii) It is invertible 

iv) It has estimated coefficients ofhigh quality. 

v) It has uncorrelated residuals 

vi) It fits the available data enough to satisfy the analyst i.e. a) RMSE is acceptable 

b) MAPE is also acceptable. 

vii) It forecasts the future satisfactorily. 



4.3. STEPS IN THE BOX-JENKINS ITERATION APPROACH 

TO MODEL BUILDING 
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Box-Jenkins (1976, p.19) proposed a practical three stages' procedure for finding a 

good model. The three-stage UBJ procedure is as follows: 

Step 1: Identification 

At the identification stage two graphical devices are used to measure the correlation 

between the observations within a single data series. These devices are called estimated 

autocorrelation function (act) and an estimated partial autocorrelation function (pact). 

These estimations are helpful in giving an idea for the patterns of available data. The 

estimated acf and pacf are used as a guide to choosing one or more ARIMA models 

that seem appropriate. The basic-idea is that every ARIMA model has a theoretical acf 

and a pacf associated with it. At the identification stage estimated acf and pacf 

calculated from the available data are compared with various theoretical acfs and 

pacfs. Then a model is tentatively chosen whose theoretical acf and pacf closely 

resemble the estimated acf and pacf of the data series. 

Whichever model is chosen in identification stage, it is considered only tentatively, it is 

only a candidate for final model. To choose a final model next two stages are followed 

and perhaps it ·may require to return to the identification stage if the tentatively 

considered model proved inadequate. 
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Step 2: Estimation 

At this stage precise estimates of the coefficients of the model chosen at the 

identification stage are obtained. This stage may. provide some warning signals about 

the adequacy of the chosen model. The. coefficients are estimated using nonlinear least 

square estimation (For details ·see Pankratz 1986; pp.192-199). If the estimated 

coefficients do not satisfy certain inequality conditions viz. stationarity and invertibility 

(details are available in Pankratz 1986; pp.B0-136), the model is rejected. 

Step 3: Diagnostic checking 

The final step in the ARIMA modelling is the diagnostic checking of the model. Box 

and Jenkins suggest some diagnostic checks to help to determine whether an estimated 

model is statistically adequate. A model that fails these diagnostic tests is rejected. 

Furthermore, the results at this stage may also indicate how a model could be 

improved which may lead the researcher back to the identification stage. Then cycles 

of identification, estimation and diagnostic checking are to be repeated until a good 

final model is obtained. 

This three-step iterative nature of UBJ modelling is important. Although the 

applications of these three stage procedures do not guarantee that one would finally 

arrive at the best possible ARIMA model, but it stacks the cards in favor of the 

researcher. Thus, in this step the following checks are essential. 
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1. The acf and the pacf of the error series should not be significantly different from 

zero, one or two high-order correlations may exceed the 95% coll:fidence limit. 

2. The residuals should be without a pattern. A common test for this is the Box-Ljung 

Q statistic, also, called modified Box-Pierce Statistic. This statistic should not be 

significant. 

4.4 CRITERIA USED FOR DETERMINING THE ORDER OF 

AUTOREGRESSION AND THE DEGREE OF 

DIFFERENCING 

The following criteria are used for determining the order of autoregression and the 

proper degree of differencing of ARIMA model. 

Mallows Criterion: Details of this criterion is given in section 2.3.1.1 of chapter II. 

p is to be selected so that Cp is minimum. 

Hannan and Quinn Criterion: Hannan and -Quinn (1979) developed a criterion, 

namely, <!>(p) criterion, defined as 

<j>(p) = ln crA/ + N-1 2 pc ln ln (N), c>1 

cis a constant to be determined by the researcher, usually, cis taken to be 2. They also 

show that as compared to other procedures, this is a strongly consistent procedure and 



77 

underestimate the order of autoregression to a lesser degree. 

Koreisha and Pukkila Criterion: Koreisha and Pukkila (1993) introduced a new 

approach of determining the degree of differencing necessary to make a series 

stationary, which is one of the prerequisites for fitting ARIMA models. They propose 

to select the structure ARIMA (p,d,q) which minimises 

8(p,d,q) = NlncrA2
p,d,q + (p + q)g(N) 

where, g(N) is a prescribed non-negative criterion which is usually set equal to ~112 . 

They also show that this B(p,d,q) criterion performs extremely well. 

In addition to the criteria used for determining the order of autoregression and the 

degree of differencing, the following diagnostic checks are used in the study for 

selecting the ARIMA model. 

The Corrected Akaike Information Criterion (AICc): AIC is one of the leading 

statistics which helps in taking decision about the order of an autoregressive model. 

AIC takes into account both how well the model fits the observed series, and the 

number of parameters to be used in the fit. AIC, due to Akaike (1969), is defined as 

AIC = N (In cr/\2 + 1) + 2(p + 1) 

where, the parameters bear usual meanings. Akaike also mentioned that the minimum 

AIC criterion produced a selected model which was hopefully closer to the best 

possible choice. 

But, sometimes this AIC criterion does not provide efficient order of model selection, 
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while asymptotic efficiency is more desirable criterion. Shibata (1976) showed that 

AIC criterion was not consistent too. Thus, Hurvich and Tsai (1989) provide a 

criterion of AIC correction for bias. The correction is of particular use when the 

sample size is small or when the number of fitted parameters is a moderate to a large 

fraction of sample size. They defined the criteria as 

i.e. 

1 + _E_ 
AICc = N ln cr /\2 + N ---=-N"--

p 1 ... p + 2 
N 

AICc = AIC + 2(p + 1)(p + 2) 
N- p- 2 

i.e. AICc is the sum of AIC and an additional non-stochastic penalty· term 

2(p+ 1 )(p+2)/(N-p-2), where, the parameters bear usual meanings. They show that their 

corrected AICc is asymptotically efficient if the true model is finit~ dimensional. 

Shibata (1981) also shows that if the approximating model was linear, then AICc is 

asymptotically efficient. This was also found to provide a better criterion for selecting 

order of autoregression than any other method. The model which adequately describes 

the series has the minimum AICc. 

Schwartz Information Criterion (SIC): Schwarz (1978) suggested a criterion SIC 

which helps in deciding the order of autoregression. Initially, he develops this criterion 

for taking decision about the regressors subset. Later, Engel et. al.(1992) use this 

criterion as a tool for determining the order of autoregression and they define this · 

criterion as · 
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p 2 p 
SIC = cr"'p(l - -) NzN 

N 
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where, the parameters have usual meaning. In this study this definition of SIC is used 

in whole analysis. Schwarz showed that this criterion was better than AIC. Hurvich 

and Tsai (1989) use this criterion for selecting the order of autoregression in their 

study. The model with minimum SIC is assumed to describe the data series adequately. 

Box-Ljung statistic1 
: A test statistic which tests the null hypothesis that a set of 

sample autocorrelation is associated with a random series. The Ljung-Box (1978) 

statistic is used to test the adequacy of a fitted model. If a model fits well, the residuals 

should not be correlated and the autocorrelation should be . small. In this case the 

hypothesis 

Ho: P1(a) = P2 (a) = ........... = Pk(a) = 0 

k 

is tested with the Box-Ljung statistic Q" = N(N + 1) LCN- k Y1 r/ (a) 
k=l 

where, N is the number of observations used to estimate the model. This statistic Q • 

approximately follows chi-square distribution with (k-m) DF, where m is the number of 

parameters estimated in the ARIMA model. If Q" is large (significantly different from 

zero), it says that the residual auto correlations as a set are significantly different from 

1 Some analysts and computer programmers use a statistic suggested by Box and 
Pierce (1970) defined as 

K 

Q = N Ir/ (a) 0 The Ljung-Box statistic is preferred to the Box-Pierce statistic 
k=! 

since its ·sampling distribution more nearly approximates the chi-square distribution 
when the sample size is moderate. 
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zero and random shocks of the estimated model are probably auto correlated. So, one 

should then consider reformulating the model. The values of this statistic Q ·.which are 

shown in right-hand sides ofacfplots in figures 4.1.1, 4.2.1, 4.3.1, 4.4.1, indicate that 

the autocorrelations are insignificant. 

4.5. CRITERIA USED FOR TESTING THE VALIDITY OF 

MODEL 

The values of the above-mentioned criteria AICc, SIC, Cp, <J>(p) and o(p,d,q) are 

compared for correct determination of the order of autocorrelation and the degree of 

differencing, these criteria are computed for estimation period only. For the selection 

of an ARIMA model which adequately describes the data series, the values against 

. -

following criteria:_.are also compared for three periods, vtz. estimation period, 

validation (or prediction) period and total period. 

Absolute mean. error(AME), Root mean square error (RMSE), Mean 

absolute percent error (MAPE) which are defined in section 3.3 of chapter 3. An 

adequately good model has minimum AME, RMSE and MAPE. 

4.6. NOTATION AND INTERPRETATION OF ARIMA MODEL 

The ordinary algebraic form of two common ARIMA processes, the AR(1) and the 

MA(l) are respectively, 



Ct = C+ <l>1ct-l + at 

Ct = C - 81 '"-I + at 

81 

................. (4.4) 

................. (4.5) 

where, C is an intercept term, <!> is coefficient of an autoregression term, 8 is the 

coefficient of moving average terms and a is white noise. 

Similarly, AR(2) process, MA(2) process and ARMA(l, I) process are respectively, 

and ct=C+<I>1ct-l+<l>2ct-2+at ................. (4.6) 

Ct = C - 81 at- 1 - 82 at- 2 + at 

Ct = C + <1>1 Ct- I - 81 at- 1 + at 

................. (4.7) 

................. (4.8) 

The equation (4.8) is ARMA(l,l) process because the AR order is one and the MA 

order is one. 

The ARIMA equations are the generalization of (4.8). Let the AR order of a process 

be designated p, the MA order of the process is q and the number of times a realization 

must be. differenced. to achieve a stationary mean be d. Although ARIMA(p,d,q) is 

enough to express an ARIMA model with the parameters p,d,q, let us have a look at 

the equation of ARIMA(p,d,q) model in a bit different form, which is commonly used 

and known as back shift notation of ARIMA model. Here the back shift operator B is 

used to denote the time back i.e. if Ct is multiplied by B, Ct-1 is obtained, i.e. BCt = Ct-I, 

B2Ct = Ct-2 and so on. So, (1-B)Ct = Ct- Ct-t, (I-BiCt = Ct- 2Ct-1 + Ct-2 and so on. (I-BiCt 

is a compact and convenient way of writing the second difference of Ct. 
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Thus a non-seasonal ARIMA(p,d,q) process in back shift notation has the general form 

as 

.................. (4.9) 

where, c-t is the dth differenced series of Ct measured from mean of the dth 

differenced series. In case any constant term C occurs in the estimated equation, it is to 

be placed in right-hand sides as an additional term. While, if d=O, then C is related· to 

the mean of the series by the relation c.= ~(1 - :E<J>i). 

A more compact form that often appears in time-series literature is as follows. 

Let, Ad = (1 - B)d, 

<!>(B),;, (1 - <!>1 B_- 4>2 B2 -............... - <l>p BP) 

and 8(B) = (1 - 81 B - . 82 B2 
.. 00 00 00 00 - 8qBq) 

then we get the general compact fonil of ARIMA(p,d,q) process as 

<I>(B) Ad c-t . = 8(B) at 

However, in this study the form (4.9) will be used. 

4.7. SELECTION OF ARIMA MODEL FOR GAS 

CONSUMPTION 

.......... (4.10) 

0000000000000(4.11) 

................ (4.12) 

In order to identifYing the tentative. ARIMA model to the gas consumption data, the 
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steps described by Box and Jenkins (given in section 4.4) are followed. For this 

purpose the data of the sample period 1970-71 to 1988-89 are used in fitting stage and 

the remaining data i.e. the period 1989-90 to 1992-93 is used for testing the validity of 

the models. Thus as in the case of growth model, at first the models are fitted using the 

data for estimation period, then, using the estimated models the consumption figures 

for the validation period is computed for testing the validity. 

4. 7.1 For untransformed series 

The steps followed for selection of appropriate ARIMA model for gas consumption 

are as below. 

Identification stage 

The first and the most subjective step in ARIMA modelling is the identification of the 

process underlying the series. One must determine the value of the integers p,d,q in 

ARIMA (p,d,q) processes generating the series. It is mentionable here that Paul and 

Haque (1995) verified the performance of ARIMA model to gas consumption data. 

Out of three preselected models they showed that ARIMA(1,1,1) model performed 

better. In this study performance of ARIMA model is restudied using some latest. tools 

in determining the degree of differencing and the order of autocorrelation. The 

following stepwise methodology is followed here. 
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A. Tests for stationarity nature of data 

The original series of gas consumption data are plotted in a graph in order to observe 

whether the historical series are stationary in nature, because, stationarity is one of the 

prerequisites of modelling ARIMA. The plot reveals that the data for gas consumption 

rise steadily over time i.e. the series exhibits a clear upward trend, beside some 

exceptions, (which is also clear from consumption data too) also indicates their non

stationary nature. Non-stationarity of original data series is clearly evident from same 

figures. 

For testing homogeneity of the average and the dispersion, the whole series is divided 

into four quarters. The first three quarters containing six observations each and the last 

quarter containing last five observations. Then, the test of equality of means of four 

quarters is performed using F test statistic and the equality of variances are performed 

using Bertlett's (approximate chi-square) test statistic. The statistics show that the 

means and variances of four quarters change considerably significantly over time, 

which also indicate the non-stationary nature of the series. 

Moreover, the ACF plot of the original series (Figure 4.1.1) starts out with large 

positive values which die out slowly at increasing lags. This pattern als<~L.confirms that 

the series is not stationary. 

Hence an attempt ts made to remove the non-stationarity of the data senes by 
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differencing. Thus, for determining the proper degree of differencing the following 

methodology is adopted. 

B. Determination of the degree of differencing 

For this purpose first and second difference of the original series are considered and 

their acf plots are observed. Thus for second difference it is seen that acf plots show no 

significant autocorrelation at any lag. This is also evident from the Box-Ljung 

statistics, presented in the right-hand side of acf figures (Figure 4.1.2), that all the 

differenced values fall within the 95% confidence limits in the acf plots. Moreover, 

these values are reduced into white noise indicating their randomness. So the second 

differencing transformed all the original series into stationary one. So the value of the 

second parameter 'd' of the AR1MA model is tentatively chosen as 2. 

Again, to be more confirmed about the value of 'd', the ARIMA models with d = 1 and 

2 are compared with the criterion suggested by Koreisha and Pukkila (1993). These 

values are reported in table 2.1, from which it is evident that the value of the criterion 

is minimum for d=2. So d=2 is selected for final model. 

C Determination of the order of autoregression 

Once the appropriate degree of differencing has been determined, the next step of 

identification process is to assess the appropriate ARMA specification of the stationary 

series. This is done by examining both acf and pacf, relying on the fact that AR and , 
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MA processes have more quite different theoretical properties. It is already mentioned 

in section 4:1.1 that for a pure autoregressive process oflag p, the pacfup to lag p will 

be autoregressive coefficient, while beyond that all of them are .expected to be zero. 

So, in general there will be a 'cut ofP in lag p in the pacf The acf on the other hand, 

will decline asymptotically toward zero and not exhibit any discrete 'cut ofP point. That 

means, AR(p) models have exponentially declining values of acf and have precisely p 

spikes in the first p values of pacf Thus, it is observed from the figure 4.1.1 that ,the 

acfs and the pacfs for untransformed gas consumption data are different in respec.t to 

number of spikes. So the order of autoregression and the order of moving average Will 

be different. The acf plot of original data shows exponentially declining values and the . 

pacf has one significant spike, which suggest that the maximum order of 

autoregression 'p', the first parameter of an ARIMA model, is 1. However, ARIMA 

models with p = 0,1,2 are run by computer using SPSSPC+ software in order to 

determine the appropriate value of 'p'. But it is well known that one problem that 

regression analysis with time series data very often faces, is the problem of 

autocorrelation. Unfortunately, with fewer time series data it is not easily identified. 

Again Gujarati (1978; pp.238) also stated 'in a sample of fewer than 15 observations, it 

becomes very difficult to draw any conclusion about auto-correlations by examining 

only the estimated residuals'. Hence as mentioned earlier in section 4.5 for determining 

the proper order of autoregression, the values of Cp Criterion and <j>(p) criterion are 

computed considering the values ofp for all p= 0, 1,2. Three of the models with smaller 

values of these criteria are reported in table 4 .1.1. Then comparing these values it is 
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found that the appropriate value of 'p' is 1. However, the appropriate ARIMA model is 

selected comparing all the criteria listed for diagnostic checking (section 4. 5 and 4. 6) 

and values are reported in table 4.1.1. 

D. Determination of the order of moving average 

It is mentioned in the previous section that appropriate ARMA specification of the 

stationary series is done by examining both the acf and the pacf, relying on the fact that 

AR and MA processes have more quite different theoretical properties. As already 

mentioned in section 4.1.1 (def of MA) that in case ofMA process, the MA process 

of order 'q' will exhibit reverse property to that of AR process of order 'p'. The pacf 

will die away slowly toward zero with no clear 'cut off, while the acf will exhibit a 

discrete 'cut off at the qth point. That means, MA( q) models have precisely q spikes in 

the first q values of the acf and exponentially declining values of pacf Thus from the 

acfandpacfplots (figure 4.1.1), it is observed that the acfhas two significant spikes in 

first two values and the pacf shows sharply declining values. Hence, the maximum 

value of 'q' is tentatively chosen as 2. The appropriate value of 'q' is also determined 

comparing the values against criteria in table 4.1.1. 

E. Estimation stage 

Ten ARIMA models with tentatively selected different values ofp,d,q described above, 

are estimated by computer using SPSSPC+ software. The maximum likelihood method 

of estimation is used here. The tentatively selected models are ARJMA( 1, 1, 1 ), 
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i\FlD\1J\(0,1,2), i\FlD\1J\(1,2,0), i\FlD\1J\(1,2,1), J\Fl0\1J\(0,2,1), J\Fl0\1J\(2,1,1), 

i\FlD\1J\(2,1,0), ARIMA(2,0,2), ARIMA(l,O,l) and ARIMA(1,2,2). The most 

appropriate model is selected in the diagnostic check stage given in the following 

subsections. 

F. Diagnostic checks and final model selection 

. The adequacies of the. tentatively selected models are compared using the criteria 

discussed in sections 4.5 and 4.6.· The values of the criteria for three more well 

performed models are reported in table 4.1.1. Box-Ljung statistics are not reported 

here due to the fact that they are used for testing the randomness of the series. The 

Box-Ljung statistics reported in figure 4.1.1 show that there is no significant 

autocorrelation, i.e. the residuals are autocorrelated. Thus, table 4.1.1 reveals that 

AR.JMA model with p=l, d=2 and q=1 possesses minimum values of all the selected 

criteria AICc, SIC, Cp, <j>(p) and 5(p,d,q) indicating that ARIMA model with above 

mentioned values of parameters, i.e. ARIMA( 1 ,2, 1) model, adequately describes the 

data series. Again, AME, MAPE and RMSE of the same model are the smallest in all 

the three periods i.e. estimation period, validation period and total period. Hence, it 

can be C<?ncluded that ARIMA(1,2,1) model is the best fitted ARIMA model for 

untransformed gas consumption data. Moreover, this model satisfies all characteristics 

of a good ARIMA model given in section 4.3. So finally ARIMA (1,2,1) model is 
,. 

selected for forecasting the gas consumption and used for comparison of prediction · 

performance with selected other two types of models i.e. growth type of models and 



ANN models. 

The selected model 

The structure of ARIMA(1,2,1) model selected for gas consumption is as follows: 

!l; 

(1 + 0.05934*B)(1-Bi c-1 = 8.3858 + (1-1.1392*B)a1 

(-4.8132) (7.3605) 

(values in the parentheses are corresponding t- values and 
* statistical significance P ~ 0. 01) 
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where, c-1 is the second differenced value of gas consumption after taking the 

deviation from the mean of the second differenced series. 

Finally the gas consumption figures are forecasted up to 2000-2001 using the selected 

model-and reported in table 4.1.3 

4. 7.2. Fo~ log-transformed series 

It is mentioned in last chapter (section 3.2) that attempt is also made to examine the 

fitness of ARIMA modelling to a log-transformed data series of gas consumption. 

Kennedy (1985; p.209-210) states that Box-Jenkins model does not perform as well as 

expected. One suggestion he offers for the improvement, is the use of transfer function 

model. He also states that differencing is not the only transformation employed to 

generate stationarity, logarithms of observations before differencing, may sometimes 

improve the result. In this study the log-transformation is made with such an object. 
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The same type of analysis from sections 4.8.1.1 to 4.8.1.3 as in the case of 

untransformed series is performed for log-transformed series. The nature of acf and 

pacf plots of log-transformed series are exactly same as in the case of untransformed 

series. Thus, in this case too ten tentative ARIMA models are run. The models 

considered here are ARIMA(1,1,1), ARIMA(1,1,2), ARIMA(1,2,1), ARIMA(1,2,2), 

ARIMA(1,2,0), ARIMA(0,1,1), ARIMA(2,1,2), ARIMA(l,l,O), ARIMA(2,2,1) and 

AiUMA(2, 1, 1 ). The values of the criteria for three more well performed models are 

reported in table 2.1.2. Box-Ljung statistics are not reported here due to the fact that 

they are used for testing the randomness of series. The Box-Ljung statistics reported in 

figure 4.1.2 show that there is no significant autocorrelation. 

It is evident from table 4.1.2 that ARIMA model with p=1, d=2 and q=1 possesses 

minimum values of all the selected criteria AICc, SIC, Cp, <l>(p) and o(p,d,q) indicating 

that ARIMA model with above mentioned values of parameters, i.e. ARIMA(1,2,1) 

model, adequately describes the data series. Again, AME and MAPE of the same 

model are the smallest in all the three periods i.e. estimation period, validation period 

and total period. Only RMSE in . estimation period is minimum in case of 

ARIMA(2, 1,2) model, . while for other two periods it is minimum in case of 

ARIMA(1,2,1) model. Since the purpose of the study is to select a forecasting model, 

it is justified to consider ARIMA(1,2,1) model as the best fitted ARIMA model for 

log-transformed gas consumption data. This model also satisfies the characteristics of a 

good model given in section 4.3. So ARIMA (1,2, 1) model is finally selected for 

forecasting the gas consumption for log-transformed series and used for comparison of 
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prediction performance with selected other two types of models i.e. growth type of 

models and ANN models. 

The estimated model 

The estimated ARIMA(1,2,1) model for log-transformed series of gas consumption is 

as follows: 

(I+ 0.03061.B)(l-Bi logC-t = -0.003478 + (1-0.9817.B)a1 

(-11.5091) (3.6095) 

(Values in the parentheses are corresponding t- values and 
*statistical significance P~ 0.01) 

where log c-1 is the logarithmic value of second differenced values of gas consumption 

after taking the deviation from the mean of the second differenced series. 

Forecasting the original data from an ARIMA model of log-transformed series is not 

straightforward as that of untransformed series. Computing simply the antilog of the 

logarithmic forecasts to get the forecasts of original series creates a problem. The 

method of forecasting the original series from a log transformed series is discussed 

here in brief (for details see Pankratz 1986; pp.257). Let a log-transformed series be 

denoted by c/., where Ct is the original series. Then it can be shown that the forecast of 

c/\'t+, depends on both the forecast and the forecast-error variance of c/\'t+I in this way 

1\ [ /\/ + 1 /\2 [ /\/ ]] c t+I = exp c t+I 2cr a t+I 
.................... (4.13) 

1\1 1\ 
Thus, one should not simply find the anti-log of c t+I to find c t+I. Instead, one must 

take into account the variance of the logarithmic forecast as shown in equation 4.13. 
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Finally, the gas consumption figures are forecasted up to 2000-2001 using the selected 

model and reported in table 4.1.3. This job is also performed by computer using 

SPSSPC+ software. 

4.8. SELECTION OF ARIMA MODEL FOR ELECTRICITY 

CONSUMPTION 

The selection procedure of ARIMA model for electricity. consumption data is also the 

same as that for gas consumption data. The steps of choosing an ARIMA model 

described by Box and Jenkins (given in section 4.4 of this study) is also followed for 

electricity consumption data. In this case too, at first models are fitted to the data for 

estimation period, then, using the fitted model consumption figures for validation 

period is computed for testing the validity of models. 

4.8.1. For untransjormed data 

As in the case of gas consumption in this case too in order to identifying the tentative 

ARIMA model to the electricity consumption data, the steps discussed in sections 

4.8.1.1 to 4.8.1.3 are followed. For this purpose the data of the estimation period 

1976-77 to 1990-91 is used in fitting stage and the data of the remaining period, i.e. 

1991-92 to 1992.:.93 is used for testing the validity of models. In this case too, a 

number of ARIMA models with varied tenta,tively chosen values of parameters are run 

by computer. The appropriate model is selected using the values, reported in table 



93 

4.2.1, of criteria of diagnostic tools of three better performed models. 

It is very clear in table 4.2.1 that as far as the values of the selected criteria are 

concerned, the ARIMA(1,2,1) model outperforms other two models. uniquely. So 

ARIMA(1,2,1) model is finally selected as the best ARIMA model for untransformed 

electricity consumption data. 

The estimated model 

The structure of ARIMA( 1 ,2, 1) model for untransformed electricity consumption is as 

follows: 

(1 + 0.6424*B) (1-B)2 logC-t = 22.8211 + (1- 0.9296*B)a t 
(-3.44301) (4.8789) 

(values-in the parenthesis are corresponding t- values and 
*statistical significance P~ 0.01) 

where, c-1 is the second differenced value of electricity consumption after taking the 

deViation fromthe mean of the second differenced series. 

Finally, the consumption figures are forecasted up to 2000-2001 and reported in table 

4.2.3. 

4.8.2. For log-transformed series 

As in the case. of untransformed series of electricity consumption the values of the 

three better performed ARIMA models, from ten tentatively chosen models, are 
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reported in table 4.2.2. 

It is clear from table 4.2.2, that ARIMA(2, I,2) supersedes other two models only by 

AICc criterion and ARIMA(I,2,2) model supersedes other two models only by AME in 

validation period. ARIMA(I, I, 1) model supersedes other two models by all other 

criteria selected for diagnostic checking. So, ARIMA( I, 1, 1) model is finally selected as 

the best ARIMA model for log-transformed series of electricity consumption. 

The estimated model 

The estimated ARIMA(I,I,I) model for log-transformed electricity consumption is as 

follows: 

(1 + 1.0143.B)(l-B) logC-t = 0.1172 + (1- 0.9991.B)a1 

(-5.3111) (9.4875) 
(values in the parentheses are corresponding t- values and 
*statistical significance P~ O.OI) 

where, log C-t are the logarithmic values of the first differenced series of electricity 

consumption after taking the deviation from the mean of the first differenced series. 

Then, the electricity consumption figures up to 2000-2001 are computed as in the case 

of log-transformed gas consumption following Pankartz (1986; pp.257) and reported 

in table 4.2.3. 



4.9. PREFERENCE OF VARIABLE (UNTRANSFORMED OR 

TRANSFORMED) 
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The statistics r2 and T defined in chapter III, section 3.2 are also used for the selected 

ARIMA model in order to take decision regarding the choice of the variables, Ct or 

logCt. 

4.9.1. For gas consumption 

The values of the statistics r2 and T computed for untransformed senes of gas 

consumption models are 0.998 and 235.8098 respectively. Those for log-transformed 

series are 0.9674 and 253.9723 respectively. The result shows that untransformed gas 

consumption series is preferable for ARIMA modelling. 

4.9.2. For electricity consumption 

Again for untransformed electricity consumption series r2 
= 0.995, T = 115.6385 and 

for log-transformed series r = 0.9772, T = 107.7655, which implies that for ARIMA 

model, no variable is preferable to other. From this it can be assumed that both data 

series perform well. However, in chapter VI both transformed and untransformed 

series of both type of data will be considered for comparison of their predictive 

performance. 
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4.10. SUMMARY 

The findings obtained in the study can be summarized as below. 

i) Gas consumption data (untransformed and transformed) and electricity consumption 

data (untransformed and transformed) are non-stationary. In order to fit ARIMA 

models to these data they are made stationary by differencing. The degrees of 

differencing are determined by observing the nature of acf and pacf plots of differenced 

series and employing the criterion suggested by Koreisha and Pukkila (1993). 

ii) The order of autoregression is determined by employing Mallows (1973) criterion, 

Schwarz (1978) criterion, Hannan and Quinn (1973) criterion and Hurvich and Tsai 

(1989) criterion. In this case too, the nature of acf and pacf plots of original series 

(transformed and untransformed) are observed. 

iii) Ten types of tentatively selected ARIMA models (obviously, on the basis of the 

criteria mentioned above) with varied values ofp,d,q are estimated and their validity is 

tested using AME, MAPE and RMSE in all the estimation, validation and total 

periods. Thus as far as the criteria selected for diagnostic checks are concerned, it is 

found that ARIMA(1,2,1) model outperforms the other models for untransformed gas 

consumption series. 

iv) The same type of model ARIMA(1,2,1) is also found to adequately fit the log

transformed gas consumption series. 

v) ARIMA(1,2,1) model is selected as the best ARIMA model for untransformed 

electricity consumption data series. 

vi) In case of log-transformed electricity consumption, ARIMA( 1, 1, 1) model is found 
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to outperform other type of ARIMA model. 

vii) Gas and electricity consumption figures (for transformed and untransformed) are 

forecasted using the selected models and reported in the study. 

viii) The untransformed gas consumption data is preferable for ARIMA modelling, 

which is inconclusive in case of electricity consumption data. 
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APPENDIX V 

Table 4.1.1. Values of diagnostic criteria for selecting ARIMA 
models for untransformed gas consumption data 

Values of diagnostic criteria for 
Criteria Period 

J\ltl~(1,2,1) ARIMA(1,2,2) ARI~(1,1,1) 

AICc Estimation 361.3482* 361.8367 364.6605 

SIC Estimation 1789.0283* 1812.1754 1939.1727 

Cp Estimation 2.0000* 2.4427 5.3229 

$(p) Estimation 17.9957* 18.0214 18.1568 

o(p,d,q) Estimation 346.3159* 351.1633 349.3783 

Estimation 5310.8522" 5423.9920 5372.7165 
AME Validation 4831.4556" 4875.8441 5791.2373 

Total 5219.5367" 5319.8242 5452.4348 

Estimation 18.2428" 19.9508 19.8679 
MAPE Validation 2.7156" 2.8132 3.2231 

Total 15.2853" 16.6865 ·16.6974 

Estimation 7216.7655" 7310.1381 7822.4355 
RMSE Validation 10837.3823" 10940.3072 13647.8631 

Total 6858.0550* 6878.5620 7623.0992 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 
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Table 4.1.2. Values of diagnostic criteria for selecting ARIMA 
models for log- transformed gas consumption data 

Values of diagnostic criteria for 
Criteria Period 

~(1,2,1) ARIMA(1,1,2) ~(2,1,2) 

AICc Estimation 363.2452* 363.7490 365.6225 

SIC Estimation 1880.6086* 1905.7089 2006.9974 

Cp Estimation 2.0000* 2.5106 3.5330 

<f>(p) Estimation 18.0955* 18.1220 18.2979 

o(p,d,q) Estimation 348.2130* 353.0757 352.3753 

Estimation 4790.4799* 4801.8310 4868.5719 
AME Validation 9262.3819"' 10987.3611 11547.2359 

Total 5642.2707'" 5980.0272 6140.6983 

Estimation 17.8713* 18.1132 18.3412 
MAPE Validation 5.2699"' 5.3564 5.5376 

Total 15.4711'" 15.6833 15.9024 

Estimation 7586.1916 7687.4440 7492.3973* 
RMSE Validation 21413.7997* 28685.2191 35103.4221 

Total 8380.7155* 10209.0768 11457.6523 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 
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Table 4.1.3. Observed and predicted values obtained by ARIMA 
models for .gas consumption 

Observed gas For untransformed series by For log-transformed series by 
Year consumption • ARlMA(l,2,1) Model ARlMA(l,2,1) Model 

in 106 eft 

ESTIMATION PERIOD 

."•, 1970-71 9400 NA NA 

·~: 1971~72 12300 NA NA 
1972-73 8800 16038.579 16038.794 
1973-74 20000 9155.615 9285.213 
1974-75 28313 27024.067 19969.662 
1975-76 19754 32702.410 35915.052 
1976-77 28871 25850.470 27143.724 
1977-78 32029 38697.308 31844.297 
1978-79 34131 37628.886 38298.717 
1979-80 38243 43911.966 40503.169 
1980-81 45032 47081.248 44187.711 
1981-82 49494 55099.464 51116.869 
1982-83 63717 59241.068 56943.474 
1983-84 70133 74557.596 70216.024 
1984-85 80257 79276.437 80708.641 
1985-86 90958 93240.524 90813.696 
1986-87 101138 102637.039 102771.184 
1987-88 118955 115056.905 114300.774 
1988-89 146309 132415.986 131872.147 

VALIDATION PERIOD 

1989-90 159071 157613.821 160242.519 
1990-91 164191 170291.636 180031.412 
1991-92 178668 182446.664 187030.235 
1992-93 194100 202089.329 205776.161 

FORECAST PERIOD 

1993-94 219892.328 220039.568 
1994-95 239060.597 227783.437 
1995-96 259036.193 250533.905 
1996-97 279852.223 274846.173 
1997-98 301506.723 300388.265 
1998-99 323999.810 327191.550 

1999-2000 347331.476 355139.806 
2000-2001 371501.721 384139.872 

* Source: Different issues of Bangladesh Statistical Yearbook, Bangladesh Bureau of 
Statistics, Government of Bangladesh, Dhaka and Annual Report 1994, Bangladesh 
Oil, Gas and Mineral Resources Corporation, Dhaka. 
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Table 4.2.1. Values of diagnostic criteria for selecting ARIMA 
models for untransformed electricity consumption 

Values of diagnostic criteria for 
Criteria Period 

~(1,2,3) ARIMA(2, 1,2) ARIMA(1,1,2) 

AICc Estimation 176.8141* 181.3092 183.3070 

SIC Estimation 52.6350* 60.1852 65.3535 

Cp Estimation 2.0000* 5.2809 9.5832 

<f>(p) Estimation 10.7199* 11.0731 11.1528 

o(p,d,q) Estimation 172.3061* 173.6193 174.5339 

Estimation 143.3811* 177.1340 174.5339 
AME Validation 252.4369* 334.7481 445.7787 

Total 157.9219* 198.1492 210.6998 

Estimation 5.4436* 8.1937 7.8792 
MAPE Validation 4.7569* 5.6166 7.5595 

Total 5.3520* 7.8501 7.8365 

Estimation 186.2591* 194.5933 231.2658 
RMSE Validation 254.8609* 453.3534 577.0276 

Total 199.3390* 243.9912 310.6128 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 
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Table 4.2.2. Values of diagnostic criteria for selecting ARIMA 
models for log- transformed electricity consumption 

Values of diagnostic-criteria for 
Criteria Period 

. 
ARIMA(3,1,1) ~(2,1,2) ARIMA(l,2,2) 

AICc Estimation 185.9117 185.1988* 186.6802 

SIC Estimation 67.6275* 68.5168 73.1308 

CP Estimation 6.oooo· 7.2139 12.1269 

<J>(p) Estimation 11.3915* 11.4125 11.5239 

o(p,d,q) Estimation 174.4089* 177.5089 178.3773 

Estimation 137.1802* 144.1952 179.5949 
AME Validation 305.8173 316.0629 198.2964* 

Total 158.2598* 165.6787 181.9325 

Estimation 5.1118* 6.2159 6.3068 
MAPE Validation 5.7933* 5.8627 5.2830 

Total 5.1970* 6.1717 . 6.1788 

Estimation 199.7811'. 221.5321 258.7874 
RMSE Validation 368.6351* 381.3719 405.1132 

Total 220.6352* 236.7121 279.3564 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 
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Table 4.2.3. Observed and predicted values obtained by ARIMA 
models for electricity consumption 

Observed For untransformed series by For log-transformed series by 

Year electricity ARIMA(1,2,1) Model ARIMA(l,l,1) Model 
consumption· 

inMKWH 

ESTIMATION PERIOD 

1976-77 932 NA NA 
1977-78 1012 NA 1047.901 
1978-79 1205 1114.821 1145.430 

1979-80 1381 1373.971 1354.319 
1980-81 1406 1559.044 1503.272 
1981-82 1594 1635.859 1615.970 
1982-83 2028 1848.467 1860.358 
1983-84 2399 2198.399 2198.631 
1984-85 2704 2551.908 2563.489 
1985-86 2841 2928.642 3017.150 
1986-87 3307 3186.894 3204.461 
1987-88 3485 3676.457 3850.871 
1988-89 3772 3883.397 3780.339 
1989-90 4694 4370.912 4549.311 
1990-91 4705 4910.927 5078.040 

VALIDATION PERIOD 

1991-92 4870 5157.504 5233.871 
1992-93 6021 5803.630 6268.758 

FORECAST PERIOD 

1993-94 6189.0633 6793.011 
1994-95 6779.4423 7641.572 
1995-96 7275.6488 8685.324 
1996-97 7869.8312 9720.219 
1997-98 8438.5567 10906.868 
1998-99 9061.1163 . 12299.690 

1999-2000 9686.5749 13816.457 
2000-2001 10347.6524 15526.640 

* Source: Different issues of Bangladesh Statistical Yearbook, Bangladesh Bureau of 
Statistics, Government ofBangladesh, Dhaka and Annual Report 1993-94, Bangladesh 
Power Development Board, Dhaka. 
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Figure 4.1.3. ACF and PACF of error series of gas consumption I 

(untransformed) for ARI.MA(l,29 l) model 
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Autocorrelations: 

Transformations: difference (2) 
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13 -.049 .123 * 15.967 .251 

14 .034 .112 ·* 16.057 .310 

15 .033 .100 ' 16.169 .371 

16 -.046 .087 * 16.455 .422 

Figure 4.2.2. ACF and PACF of differenced series of gas 
consumption (transfonned) 

Partial Autocorrelations: 

Transformations: difference (2) 

Pr-Aut- Stand. 
Lag Corr. Err. -1 -.75 -.5 -.25 0 .25 .5 .75 1 

1 

1 -. 531 .229 ·******"'* 
2 -.718 .229 ·******** 
3 -.363 .229 ******* 
4 -.413 .229 ·****lt**~ 

5 -.183 .229 **1t1t 
6 -.152 .229 *:It* 
7 -.014 .229 lt 

8 -.093 .229 :it* 
9 . 072 .229 k 

10 -.034 .229 * 
11 .083 .229 u 

12 -.033 .229 * 
13 -.051 .229 lt 

14 -.258 .229 1t***lt . 
15 -.197 .229 **** 
16 -.199 .229 **** 
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Autocorrelation&: 

Auto- Stand. 
Lag Corr. Err. -1 -.75 -.5 -.25 0 .25 .5 .75 1 Box-Ljung Prob. . I • . 

' --. 
1 -.291 .212 ****** 1.878 .171 

2 -.450 .206 ·******* 6.639 . 036 

3 .314 .200 '***** 9.095 .028 

4 -.035 .194 *· 9.127 .058 

5 -.081 .187 ** ,, 9.312 .097 

6 .046 .181 t 9.378 .153 

7 -.022 .173 * 9.394 . 226 
I 

8 -.003 .166 * 9.394 .310 

9 .068 .158 

I·* 
9.578 .386 

10 -.058 .150 *' 9.724 .465 

11 .010 .142 * 9.730 .555 

12 -.006 .132 * 9.731 .640 

13 -.042 .123 * 9.848 . 706 

14 .051 .112 * 10.054 .758 

15 .073 .100 ~ 10.584 .781 

16 -.066 .087 * • 11.168 .799 

Plot Symbols: Autocorrelatione * Two Standard Error LiKlits 

Figure 4.2.3. ACF and PACF of error series of gas consumption 
(transformed) for AR1MA(1,2,1) model 

Partial Autocorrelation&: 

Pr-Aut- Stand. 
Laq Corr. Err. -1 -.75 -.5 -.25 0 .25 .5 .75 1 

I 

1 -.291 .229 ****** 
2 -.585 .229 ·******** 
3 -.106 .229 ** 
4 -.314 .229 ****** 
5 -.097 .229 ** 
6 -.215 .229 **** 
7 -.145 .229 *** 
8 -.203 .229 **** 
9 -.066 .229 * 

10 -.158 .229 *** 
11 -.027· .229 * 
12 -.164 .229 *** 
13 -.137 .229 *** 
14 -.193 .229 **** 
15 -.011 . 229 * 
16 -.064 .229 . * l 

Plot Symbols: Autocorrelation& * Two Standard Error LiKlits 



Autocorrelation&: ELECTRICITY OONSUHPTIOK 

Auto- Stand. 

Lag eorr. Err. -1 -.75 -.5 -.25 0 .25 0 5 . 75 1 Box-Ljung . .. -
1 ,803 .. 234 ~*******·******• l1 0 731 

2 0 571 .226 ~*******·~· 18 0 129 

3 .407 .217 t*******· 21.657 

4 ', 243 .208 *~··~ 23.020 

5 .067 .198 '* 23.133 

6 -.083 .188 ** 23.329 

7 -.217 .177 **** 24.832 

8 -.323 .166 ·****** 28.622 

9 -.385 .153 **·***** 34.929 

10 -.403 .140 **·***** 43.220 

11 -.381 .125 ***·**** 52.492 

1'2 -.3~4 .108 ***·*** 63.133 

13 -.293 . 089 **·*** 74 0 081 

Plot Symbols: Autocorralations * Two StandArd Error Li11its 

Total casas: 15 Computable first lags: 14 

Figure 4.3.1. ACF and PACF of electricity consumption 
(uotransformed original series) 

Partial Autocorrelation&: 

Pr-Aut- Stand. 
Lag Corr. Err. -1 -.75 -.5 -.25 

1 .803 

2 -.205 

3 .058 

4 -.158 

5 -0134 

6 -.089 

7 -.142 

8 -.079 

9 -.063 

10 -.029 

11 -. 008 
12 -.085 

13 . 028 

Plot Symbols: 

.258 

.258 

.258 

.258 

.258 

.258 

.258 

.258 

.2!18 

.258 

.258 

.2!18 

.258 

. 
**** 

*** 
*** 

* 
* 

~· 

Autocorrelations * 

ELECTRICITY CONSUMPTION 

0 . 25 . 5 .75 1 
I .I 

" 

~ 

Two Standard Error Limits 

Total cases: 15 Computable first lags: 14 
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Prob . 

.001 

.000 

.ooo 

.000 

.000 

.001 

.001 

.000 

.000 

.000 

.000 

.000 

.000 



Autocorrelation&: ELECTRICITY COHSUHPTIOK 

Tranafoi'IUtiona: difference (2) 

Auto- Stand. 
Laq COrr. Err. -1 -.75 -.5 -.25 0 .25 .5 .75 1 Box-Ljung 

• 
1 -.421 .248 *****'It** 2.874 

2 -.183 .238 **** 3.468 

3 .266 .226 ~***'It 4.843 

4 -.189 .215 **** 5.618 

5 .066 .203 5. 723 

6 -.034 .189 It 5.756 

7 .157 .175 ~·· 6o557 

8 -.059 .160 * 6o691 

9 -.176 .143 **** 8o199 

10 .086 .124 t• 8.685 

11 .054 .101 It 8.970 

Plot Symbols: Autocorrelation& * Two Standard Error Limits 

Total cases: 15 Computable first lags after differencing: 12 

Figure 4.3.2. ACF and PACF of differenced series of 
electricity consumption ( untransformed) 

Pa• • A~t~ ~elations: ELECTRICITY COKSUHPTIOK 

Transformations: difference (2) 

Pr-Aut- Stand. 
Lag Corro Err. -1 -o75 -.5 -o25 0 o25 o5 o75 1 

1 -0421 .277 ******** 
2 -o437 0 277 *•******* 
3 -.044 o277 * 
4 -0191 . 277 **** 
5 -o027 0 277 If 

6 -.156 . 277 *** 
7 .199 . 277 ~*** 

8 o100 . 277 ~· 
9 -o053 . 277 * 

10 -0182 o277 **""* 
11 -.025 o277 * 

Plot Symbols: Autocorrelations * T\lo Standard Error Limits 

Total cases: 15 Computable first lags after differencing: 12 
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Prob. 

o090 
o177 

.184 

.230 

.334 

o451 

o476 
o570 

o514 

o562 

o625 
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Autocorrelations: 

Auto- Stand. 
Lag Carr. Err. -1 -.75 -.5 -.25 0 .25 .5 . 75 1 Box-Ljung Prob . '. 

1 -.211 .248 **** .721 .396 

2 -.176 .238 **** 1.267 .531 

3 .055 .226 1. 326 . 723 

4 -.301 .215 ****** 3.285 . 511 

s .086 .203 t1r 3.467 .628 
6 .029 .189 '* 3.490 .74!1 
7 .130 .175 *** 4.03!1 .776 
8 -.066 .160 "' 4.203 .838 
9 -.149 .143 **"' 5.282 .809 

10 . 077 .124 t1r 5.666 .842 
11 .070 .101 * 6.147 .863 

Plot Symbols: ·Autocorrelations * Two Standard Error Limits 

Total cases: 15 Computable first lags: 12 

Fig·ure 4.3.3. ACF and PACF of error series of electricity consumption 
(untransformed) for the ARIMA(l,2,1) model 

Partial Autocorrelations: 

Pr-Aut- Stand. 
Lag Carr. Err. -1 -. 7!5' -.5 -.25 0 . 25' . 5 .75 1 . l ' ' 1 -.211 • 277 "'*** 

2 -.230 . 277 *"'*** 
3 -.043 .277 * 
4 -.373 .277 ******* 
5 -.109 .277 ** 
6 -.1'11 .277 *** 
7 .097 .277 . t1r 

8 -.173 .277 *** 
9 -.178 . 277 ***"' 

10 - •. 120 .277 ** 
11 .086 .277 •• 

Plot SYilbols: Autocorrelations * Two Standard Error Limits 

Total casee: 15 Computable first lags: 12 



Autocorrelation&: 

Auto- Stand. 

Lag Corr. Err. -1 -. 75 -.5 -.25 0 .25 ,5 . 75 1 Box-Ljung .. . . • I 

1 .812 . 234 •*******·******* 12.000 

2 .598 .226 "'*******·**• 19.018 

3 .427 .217 •••****** 22.899 

4 .262 .208 k**** 24.487 

5 .074 .198 * 24.625 

6 -.094 .188 ** 24.876 

7 -.229 .177 ***** 26.545 

.. 8 -.332 .166 ******* 30.562 

9 -.396 .153 **·***** 37.225 

10 -.414 .uo **·*•**• 45.979 

11 -.390 .125 ***·***• 55.675 

12 -.362 .108 ***·*•• 66.840 

13 -.298 .089 **·*** 78.166 

Plot Symbols: Autocorrelations * Two Standard Error Lilllits 

Total cases: 1!5 Computable first lags: 14 

Figure 4.4.1. ACF and PACF of electricity consumption 
(transformed original series) 

Partial Autocorralatione: 

Pr-Aut- Stand. 
Lag Corr. Err. -1 -. 75 -.5 -.25 0 .25 • 5 .75 1 

I I I 
I I I ' ' 

I 

1 .812 .258 
2 -.178 .258 .,..,. .. .,. 

**•******·*••*** 

3 -.001 . 258 * 
4 -.122 .258 .... 
5 -.191 .258 **•* 
6 -.099 .258 ** 
7 -.103 .258 ** 
8 -.086 .258 ** 
9 -.049 .258 * 

10 -.025 .258 * 
11 -.003 .258 lt 

12 -.093 .258 ** 
13 .032 .2!58 t 

Plot Syabola: Autocorrelation& * Two Standard Error LiMits 

Total casas: 15 Coaputabla first lags: 14 
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Prob. 

.001 

.000 

.000 

.000 

.000 

.000 

.000 

.000 

.000 

.000 

.000 

.000 

.000 



Autocorrelation&: 

Transformations: difference (1) 

Auto- Stand. 
Lag Corr. Err. -1 -.75 -.5 -.25 0 .25 .5 .75 1 Box-Ljung 

l 
I 

1 -.205 .241 **** .721 

2 -.300 .231 ****** 2.<603 

3 .119 .222 ** 2.690 

4 -.041 .211 * 2. 728 

5 .058 .200 * 2.812 

6 -.099 .189 ** 3.085 

7 .141 .177 t** 3.717 

8 -.097 .164 ** 4.070 

9 -.250 .149 ·***** 6.863 

10 .195 .134 ****· 8.987 

11 .073 .116 t 9.386 

12 -.150 .094 ·*** 11.892 

Plot S)'lllbols: Autocorrelation& * Two Standard Error Li11its 

Total cases: 15 Computable first lags after differencing: 13 

Figure 4.4.2. ACF and PACF or differenced series of 
electricity consumption (transformed) 

Partial Autocorrelation&: 

Transformations: difference (1) 

Pr-Aut.:. Stand. 
__ Lag Carr. Err. -1 -.75 -.5 -.25 o . 25 . 5 .75 1 

1 -.205 . 267 **** 
2 -.357 .267 ******* 
3 -.045 .267 * 
4 -.151 ·, 267 *** 
5 .047 .267 * 
6 -.150 .267 *** 
_7 .162 .267 *** 
8 -.150 .267 *** 
9 -.225 .267 ***** 

10 -.058 .267 * 
11 -.004 .267 * 
12 -.144 .267 ***' 

Plot S'[lllbols: Autocorrelatione * T\lo Standard Error Lilllits 

Total cases: 15 Co•putable first lags after differencing: 13 
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Prob. 

.396 

.301 

.442 

.604 

.729 

.798 

.812 

.851 

.651 

.533 

.586 

.454 
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Autocorrelationa: 

Auto- Stand. 
Laq Corr. Err. -1 -.75 -.~ .-.25 0 .25 .5 . 75 1 Box-Ljung Prob . 

I I I I I I I ' I 

1 -.015 .2U * .00-l .951 

2 -.152 .231 *** .o43o4 .80!5 

3 -.0-48 .222 * .-480 .923 

" -.139 .211 *** .910 .923 

5 .071 .200 • 1.036 .960 

6 -.080 .189 ** 1. 215 .976 

7 -.Q32 .177 * 1.248 .990 

8 -.105 .164 ** 1.661 .990 

9 -.149 .149 *** 2.660 .976 

10 .190 .134 ****· 4.690 . 911 

11 .004 .116 * -4.691 .9-45 

12 -.103 .094 ul. 5.875 .922 

Plot SY!IIbols: Autocorrelations * Two Standard Error Li11its 

Total cases: 15 Computable first lags: 13 

Figure 4.4.3. ACF and PACF of error series of electricity consumption 
(transformed) for ARlMA(l,l,l) model 

Partial Autocorrelations: 

Pr-Aut- Stand. 
Lag Corr. Err. -1 -.75 -.5 -.25 0 .25 . 5 .75 1 

_l 
~ 

1 -.01!5 .267 ' ~ 
2 -.152 .267 *** 
3 -.054 .. 267 * 
4 -.168 .267 *** 
5 .050 .267 -6 -.137 .267 *** 
7 -.034 .267 * 
8 -.177 .267 ***• 
9 -.179 .267 **** 

10 .091 .267 •• 
11 -.076 0 267 •• 
12 -.14-l .267 *** 

Plot Symbols: Autocorrelations * T~o Standard Error Limits 

Total cases: 15 Co11putable first lags: 13 
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CHAPTER-V 

APPLICATION OF ARTIFICIAL 

NEURAL NETWORK TECHNIQUE 

The present chapter will investigate the suitability of using the ANN modelling 

techniques in forecasting and model building exercises involving two very important 

and interesting economic time series viz., the annual gas consumption and the annual 

electricity consumption data for Bangladesh. Section 5.1 briefly introduces the ANN 

model. In section 5.2 the criteria used for the selection of ANN type of models are 

discussed. Results obtained for gas consumption are discussed in section 5.3. and those 

for electricity consumption in section 5.4. Section 5.5 deals with the preference of 

variables (transformed or log-transformed). Finally a summary of the findings of this 

chapter is presented in section 5.6. The numerical results obtained in different steps are 

reported in the appendix in last part of the chapter. 

5.1. INTRODUCTION 

Artificial neural networks (ANN) are an emerging field with diverse applications in 

many practical areas. The ANN architecture is well suited for parallel processing, 

which is the most significant property of the human brain and it is expected that if this 

property can be instilled into an artificial computing system then it may be possible to 

build brain like systems capable of processing fuzzy and ill structured data and provide 

a powerful solutions to many long-standing mathematical problems. 



117 

A very challenging problem of statistics is the problem of time series modelling and 

forecasting, which is still a very open field with no clear-cut and well defined solution 

which may be called as standard. Many solutions ranging from the highly mathematical 

and technical to the most ad-hoc and naive techniques have been developed so far, but, 

all of these have their benefits as well as their under-sides. However, in many of the 

critical applications , the theory often fails miserably to catch the nuances of the data. 

But, it is once again a common experience that an experienced human brain sometim.es 

makes pretty accurate predictions about human and natural systems based on its 

diverse e{(periences (past data) about the system in question. This· is often the sole 

result of the highly non-linear and parallel architecture of the human br?-in. This fact 

has led to a good amount of research in the past by leading statisticians as well as 

subject matter specialists in many fields to look into the possibilities of the ANN 

models in the realm of many forecasting related problems. Many successful ANN 

forecasting models have so far been constructed in the tinancial and related fields. 

There are a considerable number of researches conducted by cognitive scientists using 

neural networks towards forecasting related problems. Tam and Kiang ( 1991) used 

neural networks to predict bank failures and found the results to be superior to that of 

discriminate analysis techniques. Salchenberger et a/. ( 1992) predicted thrift failures 

with neural networks and achieved better results than that of logit models. Dutta and 

Shekhar (1989) illustrated that neural networks outperform regression analysis in 

predicting the bond ratings. Other researchers have also used neural networks to 
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predict stock price performance (Y oon el a/. 1993 ), software reliability (Karunanithi et 

a!. 1992), power system load (Lu e/ a/. 1993 ), academic success of graduate students 

(Hardgrave et a!. 1994) and have generally found the results better than those of the 

traditional techniques. Shard a ( 1994) presented a survey of literature on applications of 

neural networks and noted that neural network models performed better than 

traditional techniques 71% of the time (30 out of 40 studies). Most of the research 

concerning neural networks for economic forecasting purposes has been in the area of 

time series forecasting. The use of neural networks has been frequently compared to 

the use of traditional time-series forecasting techniques ( e.g. Box-Jenkins) and has 

been applied in a variety of situations (see, for example, Chakrabarty et a/. 1992, 

Foster et a/. 1992, Huntley 1991, Shard a and Patel 1990, Tang et a/. 1991, Chan and 

Chen 1992). 

The purpose of this study is to evaluate the use of neural networks to develop 

forecasting models for predicting the annual gas and electricity consumption in 

Bangladesh. Thus the predictive performances of the selected/developed models will 

be compared with those of two traditional forecasting models, viz., the growth model 

and the ARIMA model. The comparison will show that the ANN models do no~ lag 

behind the other models in modelling and forecasting accuracy. While judging the 

performance of ANN model, we have deliberately restrained ANN model in many 

directions to make the comparison meaningful. The main restrain being the number of 

predictors used. Because the other more conventional methodologies do not work 
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right with such explosions of input variables. Note that the ANN model is capable of 

handling a large amount of both crisp as well as fuzzy input data to arrive at the 

predictions. Thus to maintain comparability of the methodologies it is required to 

consider the same input for the ANN model as done for other models. This constraint 

notwithstanding, the ANN methods have done quite well by producing heartening 

results in both the case studies conducted in this study. 

5.1.1. The Artificial Neural Network model in brief 

A brief description of an ANN model is now provided. There are a large number 

variants of the basic ANN architecture, and even a brief outline of all the major models 

will become too voluminous to handle inside the scope of the present thesis. Thus we 

shall restrict ourselves to the bare minimum and shall touch upon only those models 

which have been directly employed in this study. A more or less authoritative 

description may be found in Wasserman (1989) and Kosko ( 1994). 

The network architecture that have been used, in building the forecasting models, is 

known as the Feed Forward Back Propagation ANN. This type of ANN model is a 

very popular model in neural networks. It does not have feedback cormections, but 

errors are back propagated during training. Generally least mean square error (MSE) is 

used. Although in this study, least mean absolute percent error (MAPE) is also used. 

Many applications can be formulated for using a feed forward back propagation 

networks, and the methodology has been a model for most multilayer neural networks. 
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Errors in the output determine measures of hidden layer output errors, which are used 

as a basis for adjustment of connection weights between the input and hidden layers. 

Adjusting the two sets of weights between the pairs of layers and recalculating the 

outputs is an iterative process that is carried on until the errors fall below a tolerance 

level. Learning rate parameters scale the adjustments to weights. A momentum 

parameter can also be used in scaling the adjustments from a previous iteration and 

adding to the adjustments to the current iteration. The ANN architecture with 

reference only to this particularly important variant of the general ANN architecture 

will be discussed here. 

A Feed Forward Back propagation ANN constitutes the following: 

Layers in a neural network 

A neural network has its neurons divided into subgroups, or fields, and elements in 

each subgroup are placed in a row, or a column. Each subgroup is then referred to as a 

layer of neurons in the network. A great many models of neural networks have two 

layers, quite a few have one layer, and some have three or more layers. A number of 

additional, so-called hidden layers are possible in some networks, such as the 

feedforward back propagation network. When the network has a single layer, the input 

signals are received at that layer, processing is done by its neurons, and output is 

generated at that layer. When more than one layer is present, the first field is for the 

neurons that supply the input signals for the neurons in the next layer. 



121 

Every network has a layer of input neurons, but in most of the networks, the sole 

purpose of these neurons is to feed the input to the next layer of neurons. However, 

there are feedback connections, or recurrent connections in some networks, so that the 

neurons in the input layer may also do some processing. If any layer is present between 

the input and the output layers, it is refereed as hidden layer, in general. 

Mapping 

The feed forward back propagation network maps the input vectors to output vectors. 

Pairs of input and output vectors are chosen to train the network first. Once training is 

completed, the weights are set and the network can be used to find outputs for new 

inputs. The dimension of the input vector determines the number of neurons in the 

input 'layer, and· the number of neurons in the output layer is detennined by the 

dimension ~f the outputs. If there are k neurons in the input layer and m neur<;ms in the 

output layer, then this network can make a mapping from k-dimensional space to an m

dimensional space. Obviously, mapping is mainly dependent on the pair of patterns or 

vectors used as exetnplars to train the network,· which determine the network weights. 

Once trained, the network gives the image of a new input vector under this mapping. 

Knowing what mapping a researcher wants the feed forward back propagation 

network to be trained for implies the dimension of the input space and the output 

space, so that he can determine the numbers of neurons to have in the input and output 

layers. 
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Layout 

The architecture of a feed forward back propagation network is as in figure 5.1. The 

figure illustrates the network with only one hidden layer, but there can be many hidden 

layers in a network. Although the number of neurons in the input layer and that in the 

output layer are determined by the dimensions of the input and output patterns 

respectively, it is not easy to determine how many neurons are needed for the hidden 

layer. In order to avoid cluttering the figure, the figure is shown with three input 

neurons, two neurons in the hidden layer and three output neurons, with a few 

representative connections. 

The network has three fields of neurons: one for input neurons, one for hidden 

processmg elements and one for output neurons. As already mentioned earlier, 

connections are for feed forward activity. There are connections from every neuron in 

input layer to every one in hidden layer, and, in turn, from every neuron in hidden layer 

to every one in output layer. 

Thus there are two sets of weights, those figuring in the activations of hidden layer 

neurons, and those help determine the output neuron activations. In training all of 

these weights are adjusted by considering what is called a cost .function in terms of the 

error in the computed output pattern and the desired output pattern. 
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OUTPUT LAYER 

HIDDEN LAYER 

INPUT LAYER 

Figure 5.1. Layout of a feed forward backpropagation neural network 

Training 

The feed forward back propagation network undergoes supervised training, with a 

finite number of pattern pairs consisting of an input pattern and a desired target output 

pattern. An input pattern is prese.nted at the input layer. The neurons here pass the 

pattern activations to the next layer neurons, which are in hidden layer. The output of 

the hidden layer neurons are obtained by using perhaps a bias, and also a threshold 

function with the activations determined by the weights and the inputs. These hidden 

layer outputs become output neurons, which process the inputs using an optional bias 

and a threshold function. The final output of the network is determined by the 

activations from the output layer. 

The computed pattern and the input pattern are compared, a function of this error for 
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each component of the pattern is determined, and adjustment to weights of 

connections between the hidden layer and the output layer is computed. A similar 

computation, still based on the error in the output, is made for the connection weights 

·between the input and hidden layers. Tl1e procedure is repeated with each pattern pair 

assigned for training the network. Each pass through all the training patterns is called a 

cycle or an epoch. The process is then repeated as many cycles as needed until the 

error is within a prescribed tolerance. 

Mathematical formulation 

Artificial neural networks are highly non-linear functional forms motivated from the 

human neural architecture. In these networks one has a few fields of neurons, where 

each neuron is represented by a sigmoid function· known as signal function in the neural 

literature. Popularly the logistic function given by 

<f>(x) = 1/{ I + exp(-x)} .......................... (5.1) 

is·used as the sigmoid function. It is to be noted here that this logistic signal function 

considers only the fraction values of inputs. The neurons work as univariate functions, 

transforming the input, x, using their signal functions and then sending the transformed 

input as an output, <f>(x). These neurons are interconnected with each other, i.e. the 

outputs of each of the neurons are fed as inputs to other connected neurons after 

multiplication by a certain constant what is known as a synaptic weight in the neural 

literature. The effective input to a particular neuron is the sumtotal of all the outputs 

from the feeder neurons multiplied by synaptic weights. 
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The variant of the general network that is considered in this study is generally known 

as the two layer feed forward back propagation network. In this type of network we 

actually have three layers or fields of neurons, viz., the input layer, the hidden layer and 

the output layer. However, since the input layer neurons do not transform the data but 

works as mere feeders to the second layer ( the hidden layer) neurons, it is sometimes 

termed as a 2-layer network. The inputs are applied to the input layer neuron(s) and 

the network outputs are obtained at the output layer. The main objective is to minimise 

the sum of squared error at the output. In this study mean absolute percent error is also 

minimised. As mentioned earlier, error being the difference between the actual 

network output and the target output. In this study inputs are the years and the target 

outputs are the energy{gas or electricity) consumption in Bangladesh. 

The architecture of the feed forward network is so that the neurons of the same field or 

layer are not connected to each other, but, are connected to all the neurons of the next 

layer, i.e, each neuron in the input layer is connected to all the neurons in the hidden 

layer and each neuron in the hidden layer is then connected to all the output layer 

neurons. The flow of information is only in one direction, viz., input to hidden to 

output layer, hence the name feed forward neural network. The mathematical 

expression ofthe above discussion can be provided by the following model 

AC, = <f>{.yo ~ LYi <f> (Poi+ Put)} ......................... (5.2) 

where, AC1 is the annual energy consumption in Bangladesh for the period t, 

i is the number of hidden layer neurons used, where i varies from 1 to N 
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Yo and Poi are the synaptic weights for the bias neuroids corresponding to the 

output neuron and the ith hidden layer neuron respectively , 

y; is the synaptic weight corresponding to the connection between the ith 

hidden layer neuron and the output neuron, 

Pli is the synaptic weight corresponding to the connection between the ith 

hidden layer neuron and the input neuron, 

<P is the sigmoid signal function introduced in equation (5.1) which is us~d 

as the common signal function for all the neurons in the hidden layer as 

well as the signal output layer. 

For estimating the parameters (the synaptic weights) of the feedforward neural 

network back propagation algorithm, also· known as the Generalised Delta Rule, 1s 

used in the study. For details of this algorithm see Kosko ( 1994, p.IS0-182). 

5.1.2. The ANN modelling cycle 

Building a successful and useful ANN forecasting model is a rather tricky task, and in 

these early days of ANN research, it is more an art than a purely scientific and 

objective endeavour. The modelling cycle can be broken down, in general, into the 

following main steps which are followed in developing the ANN model in this study. 

1. Decide on what the target is and develop a neural network (following the 

succeeding st~ps) for each target. 

2. Determine the time frame that one wish to forecast 

3. Gather information about the problem domain 

4. Gather the needed data and get a feel for each inputs relationship to the target 
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5. Process the data to highlight features for th.e network to discern. 

6. Transform the data as appropriate. 

7. Scale and bias the data for the network, as needed. 

8. Reduce the dimensionality of the input data as much as possible. 

9. Design a network architecture (topology, number oflayers, size of layers, 

parameters, learning paradigm). 

10. Go through the training, testing and redesigning loop for a network. 

11. Eliminate correlated inputs as much as possible, while in step 10. 

12. Deploy the network on new data and test it and refine it as necessary. 

The details of the steps are available in Rao and Rao (1996, p.378). Once the 

forecasting model is developed, it requires to be integrated into trading system. A 

neural network can be designed to predict direction, or magnitude, or perhaps just 

turning points in a particular market or something else. 

5.2. CRITERIA USED FOR SELECTION OF MODEL 

In order to select the type of ANN model of best fit for forecasting the energy 

consumption, trained models are compared against the values of the following criteria. 

i) AME, absolute mean error , ii) RMSE, root mean squal'e error and iii) 

MAPE, mean absolute percent error which have been discussed in section 3.3 of 

chapter III. 

The minimum values of these criteria are desirable for the adequacy of a model. The 
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values of the criteria AME, RMSE and MAPE are compared for all of the three 

periods, viz. estimation period, validation period and total period. It is mentionable 

here that the values of RMSE and MAPE for estimation period are found directly 

during training the ANN model. 

5.3. MODELLING CYCLE FOR GAS CONSUMPTION 

It is mentioned in chapter I that the whole period is split into two periods. The 

observed or estimation period containing data from 1970-71 to 1988-89 and the 

validation or post sample period containing data from 1989-90 to 1992-93. The 

models are fitted using the data of observed period and the validity of model is verified 

using data of validation period. For this purpose, at first the models are fitted using 

data of estimation period, then by the estimated model the consumption figures for 

validation period are predicted for prediction performance comparison as well as for 

testing the validity of model. 

5.3.1. For untransformed series 

A logistic signal function in an ANN model at the output neuron considers output 

fractions only. So for the purpose of training the ANN model the gas consumption 

figures are divided by 250000.00 to make all the target outputs fraction. For 

untransformed gas consumption, several network architectures have been considered 

and trained. At last, on the basis of MAPE and RMSE, following three types are 

selected for comparison. 



129 

Type 1: The model with a single hidden layer consisting of single neuron. The input 

layer with a single neuron corresponding to the time period (year) and the output layer 

consisting of a single output neuron corresponding to the annual gas consumption. 

Type II: The model with a single hidden layer consisting of two neurons. The input 

and the output layers are the same as in type 1. 

Type ill: The model with two hidden layers each consisting of single neuron. The 

input and the output layers are the same as in type I. 

Diagnostic checks 

The decision in model selection is taken on the basis of the criteria given in section 5.2. 

The values of MAPE and RMSE for estimation period are found directly from the 

computer. AME is computed later. The values of these criteria for three types of 

models are reported in table 5 .1.1. 

Thus from table 5. 1. 1 it is clear that the ANN model of type 1 outperforms the other 

two types by all of the selected criteria in all periods. So ANN model with a single 

neuron in single hidden layer is selected as the best ANN model for untransformed gas 

consumption. 

The selected model 

The estimated synaptic weights for selected model of the untransformed dependents 

are as follows: 
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Ho1= -213.73164 BJ,==0.1073085 

'to = -3.71492 -r 1 = 9.817492 

The gas. consumption figures for the years up to 2000-2001 are predicted using the. 

estimated ·parameters of selected model and reported in table 5 .1.3. 

5.3.2. For log-transformed series 

As in the case of untransformed series in order to make the target outputs fractions, 

for log-transformed series the data are subjected to both base and scale transformation. 

For this purpose 9.00 is subtracted from the log-transformed series and the results are 

divided by 5.00. 

In this case too, several netwo.rk architectures are verified. Thus. the same three 

types as in the case of untrarisformed series have been selected for diagnostic 

checking. 

Diagnostic checks 

The deCision in model selection in this case too, is taken on the basis of the criteria 

given in section 5.2. The values of the criteria for the three types of models are 

. ' . . 

reported in table 5.1.2. From table 5.1.2, it is evident that as in the case of 

untransformed series, in this case too the ANN model with a single neuron in single 

hidden layer outperforms other two types. So ANN model with a single neuron in 

single hidden layer is selected as the best ANN model for log-transformed gas 
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consumption too. 

The selected model 

Synaptic weights for selected models for the log-transformed dependents are found as 

follows: 

fio1 = -103.5704 

"to = -12.736193 

B11 = 0.0528653 

"t! = 16.584375 

The gas consumption figures for the years up to 2000-2001 are predicted using the 

estimated parameters of selected model and reported in table 5.1.3. Note that in this 

case the original values of gas consumption are obtained by taking exponent of the 

predicted logarithmic series. 

5.4. MODELLING CYCLE FOR ELECTRICITY CONSUMPTlON 

As in the case of gas consumption series the total period of electricity consumption 

data have also split into two periods. The observed or estimation period, containing 

data from 1976-77 to 1990-91, is used for fitting the model and the validation or a 

post sample period, from 1991-92 to 1992-93, is used for testing the validity of 

selected model. In this case too, at first the models are fitted using data of estimation 

period, -then by the estimated model the consumption figures for validation period are 

predicted for prediction performance comparison and testing the validity of models. 
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For model selection, the same architectures as the gas consumption have also been 

followed in case ofboth of transformed and untransformed electricity consumption. 

5.4.1. For untransformed series 

The values of the diagnostic criteria for untransformed electricity consumption are 

reported in table 5.2.1. 

Diagnostic checks 

It is evident from table 5.2.1 that the ANN architecture"of type II outperforms other 

two types by all criteria in three periods. So ANN model with single hidden layer 

consisting of two neurons has been selected as the best ANN model for untransformed 

electricity consumption. 

The selected model· 

The estimated synaptic weights for the selected ANN model of untransformed 

electricity consumption are as follows: 

Bot= 1.80602 

fio2 = -6.40298 

fill= -2.82142 

fil2 = 23.47349 

-c0 = 4.60582 -c 1 = -10.18731 't2 = 0.93898 

The electricity consumption figures for the years up to 2000-2001 are estimated with 

this selected model and reported in table 5.2.3. 
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5.4.2. For log-transformed series 

The values of the diagnostic criteria for log-transformed electricity consumption are 

reported in table 5.2.2. 

Diagnostic checks 

It is evident from table 5.2.2 that the ANN architecture of type I outperforms other 

two types by all criteria in three periods. So ANN model with single hidden layer 

consisting of single neuron has been selected as the best ANN type for log

transformed electricity consumption. 

The selected model 

The estimated synaptic weights for the selected ANN model of log-transformed 

electricity consumption are as follows: 

fio1 = :..0.81540 

-co = -0.91275 

f\11 = -4.80183 

1:1 = -2.63668 

It is mentionable here that in this case too, the original values of electricity 

consumption are obtained by taking exponent of the predicted logarithmic series. The 

electricity consumption figures for the years up to 2000-2001 are estimated with this 

selected model and reported in table 5.2.3. 
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Two statistics~ and T defined in chapter ll1 (s~ction 3::2) are also used here for taking 

decision abqut the preference of variables as dependent variable. The values of those . . . 

two. statistics are computed for the selected ANN models of gas and electricity 

consumption of both types viz., transformed and untransformed. The values are 

computed only for total period. 

5.5.1. For gas consumption 

For untransformed gas consumption series· for selected ANN model the values· of r2 

and T are computed as 0.9879 and 192.6168 respectively. Similarly for log-

transformed series the values are 0.9854 and 212.2443 respectively, which immediately 

show that ~ is maximum and T is minimum for untransformed series. So it can be 

concluded that untransformed series of gas consumption is preferable as dependent 

variable to log-transfom1ed one. 

5.5.2. For electricity consumption 

In the case of untransformed electricity consumption for selected .ANN model the 

values of r and T are computed as 0.9361 and 132.5521 respectively. Similarly for 

log-transformed series the values are 0.9883 and 119.4879 respectively. In this case r2 

is maximum and T is minimum for log-transformed series. So it can be concluded that 
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log-transformed series of electricity consumption is preferable as dependent variable 

to untransformed one. 

However, predicted values for both the untransformed and transformed senes are 

reported in the study, so that one can use any result. 

5.6. SUMMARY 

The findings in this chapter can be summarised as follows: 

i) Investigations towards modelling the energy consumption applying ANN techniques 

are performed. Performances of ANN with various numbers of neurons in various 

numbers of hidden layers are studied by observing the values of MAPE and RMSE. 

Then, forecasting performance's of three better performed models are compared using 

AME, MAPE and RMSE for three periods. 

ii) ANN model with a -single neuron in single hidden layer is selected as the best ANN 

model for untransformed gas consumption. 

iii) ANN model with a single neuron in single hidden layer is selected as the best ANN 

model for log-transformed gas consumption too. 

iv) ANN model with single hidden layer consisting of two neurons has been selected 

as the best ANN model for untransformed electricity consumption. 

v) ANN model with single hidden layer consisting of single neuron has been selected 

as the best ANN type for log-transformed electricity consumption. 

vi) For modelling purposes untransformed series of gas consumption is preferable to 
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transformed one, while, log-transformed series of electricity consumption is preferable 

to untransformed series. 
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APPENDIX V 

Table 5.1.1. Values of diagnostic criteria for selecting ANN types of 
models for untransformed gas consumption 

Values of diagnostic criteria for ANN models of 
·Criteria · Period 

' ,. 

-_ .' Type I Type II . Type III 

Estimation 3312.0942. 3325.11.50 3341.5213 
AME Validation 3145.2500. 3194.3564 3318.6451 

Total 3283.0770. 3300.7220 3314.9340 

Estimation 13.6285. 13.9314 13.8152 
MAPE Validation 1.9036. 2.0119 1.9901 

Total 11.5895" 11.8584 11.7589 

Estimation 4335.7238" 4369.2236 4346.8836 
RMSE Validation 4466.8274. 4501.3152 4498.6641 

Total 4254.5732" 4287.4420 4268.4411 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 

Type 1: The model with a single hidden layer consisting of a single neuron. The input layer 
with a single neuron corresponding to the time period (year) and the output layer consisting of a 
single neuron corresponding to the annual gas consumption. · 

Type II: The model with a single hidden layer consisting of two neurons. The input and the) 
output layers are the same as in type I. 

Type III: The model with two hidden layers each consisting of single neuron. The input and 
the output layers are the same as in type I. 
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Table 5.1.2. Values of diagnostic criteria for selecting ANN types of 
models for log- transformed gas consumption 

Values of diagnostic criteria for ANN model of 
Criteria Period 

Type I Type II Type III 

Estimation 3711.6227" 3791.5841 3784.0532 
AME Validation 3749.6950. 3862.8142 3799.0113 

Total 3718.2005+ 3803.9710 3786.6541 

Estimation 12.7085. 12.8259 12.8513 
MAPE Validation 2.2273. 2.2517 2.2603 

Total 10.8857. 10.9869 11.0094 

Estimation 4761.4763. 4802.0153 4805.6213 
RMSE Validation 4777.5243. 4780.2134 4783.5432 

Total 4654.2433. 4688.5720 4692.0571 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 

Type 1: The model with a single hidden layer consisting of a single neuron. The input layer 
with a single neuron corresponding to the time period (year) and the output ·Jayer consisting of a 
single neuron corresponding to the annual gas consumption. 

Type II: The model with a single hidden layer consisting of two neurons. The input and the 
output layers are the same as in type I. 

Type III: The model with two hidden layers each consisting of single neuron. The input a:nd 
the output layers are the same as in type L 
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Table 5.1.3. Observed and predicted values obtained by selected 
ANN models for gas consumption data 

Observed gu~ 1\Jr unlmnsfonned series by For 1og-lransfomled series by 
Year consumption ANN model ANN model 

in 106 eft 

ESTIMATION PERIOD 

1970-71 9400 13339.56 12409.224 
1971-72 12300 14469.1R 13477.771 
1972-73 8800 158(15.75 14810.061 
1973-74 20000 17718.25 16469.338 
1974-75 28313 19901.75 18531.764 
1975-76 19754 22483.50 21087.179 
1976-77 28871 25543.75 24238.668 
1977-78 32029 29178.00 28100.243 
1978-79 34131 33496.75 32792.064 
1979-80 38243 38625.25 38432.825 
1980-81 45032 44701.25 45129.487 
1981-82 49494 51866.50 52965.276 
1982-83 63717 60255.25 61987.601 
1983-84 70133 69974.50 72197.997 
1984-85 80257 81078.75 83546.792 
1985-86 90958 93539.25 95929.707 
1986-87 101138 107214.80 109199.310 
1987-88 118955 121834.00 123169.461 
1988-89 146309 136999.50 137631.980 

VALIDATION PERIOD 

1989-90 159071 152221.80 152370.700 
1990-91 164191 166978.50 167175.100 
1991-92 178668 180788.80 181851.510 
1992-93 194100 193276.50 196230.870 

FORECAST PERIOD 

1993-94 201823.41 201995.09 
1994-95 211197.03 211559.35 
1995-96 218949.45 219998.36 
1996-97 225239.06 225624.11 
1997-98 230267.62 231207.07 
1998-99 237372.77 237897.20 
1999-2000 239820.49 241123.51 
2000-2001 245578.30 246823.99 

• Source: Different issues of Bangladesh Statistical Y carbook, Bangladesh Bureau of 
Statistics, Government of Bangladesh, Dhaka and Annual Report 1994, Bangladesh Oil, Gas 
and Mineral Resources Corporation, Dhaka. 
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Table 5.2.1. Values of diagnostic criteria for selecting ANN types of 
·models for untransformed electricity consumption 

-· 

Values of diagnostic criteria for ANN model of 
Criteria Period 

Type II Type I Type III 

Estimation 313.3704* 359.1403 321.5032 
AME Validation 781.8690* 794.1241 801.1435 

Total 368.4879* 410.3172 377.9314 

Estimation 10.8505* 10.9914 10.9314 
MAPE Validation 15.2988* 15.8153 15.7005 

Total 11.3739* 11.6805 11.5766 

Estimation 486.4364* 503.7112 499.1111 
RMSE Validation 876.7573* 888.013'5 881.3341 

Total 559.1353* 574.5703 569.6391 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 

Type 1: The model with a single hidden layer consisting of a single neuron. The input layer 
with a single neuron corresponding to the time period (year) and the output layer consisting of a 
single neuron corresponding to the annual electricity consumption. 

Type II: The model with a single hidden layer consisting of two neurons. The input and ,j:he 
output layers arc the same as in type I. '-

Type III: The model with two hidden layers each consisting of a single neuron. The input and 
the output layers are the same as in type I. · · 

; 
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Table 5.2.2. Values of diagnostic criteria for· selecting ANN types of 
models for log- transformed electricity consumption 

Values of diagnostic criteria for ANN model of 
Criteria Period 

Type I Type II Type III 

Estimation 100.951 0* 111.0132 109.9202 
AME Validation 433.9585* 420.5804 435.0153 

Total 140.1283* 147.4328 148.1366 

Estimation 4.0295* 4.1136 4.2302 
MAPE Validation 7.4886* 7.6312 7.775'9 

Total 4.4365* 4.6161 4.7367 

Estimation 149.6813* 151.7205 155.0103 
RMSE Validation 738.6789* 750.5555 752.1159 

Total 241.2024* 316.5547 318.4443 

Note: The value of the criterion for a model with starlet shows that the model is better than 
other two models with respect to that criterion. 

Type 1: The model with a single bidden layer consisting of a single neuron. The input layer 
with a single neuron corresponding to the time period (year) and the output layer consisting of a 
single neuron corresponding to the annual electricity consumption. 

Type II: The model with a single hidden layer consisting of two neurons. The input and the 
output layers are the same as in type I. 

Type III: The model with two hidden layers each consisting of single neuron. The input and 
the output layers are the same as in type I. 
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Observed For untninsfonncd series by For log-transformed series by ANN 
Year electricity ANN model model 

consumption 
. 

inMKWH 

ESTIMATION PERIOD 

1976-77 932 1077.717 935.3509 
1977-78 1012 1119.658 1035.954 
1978-79 1205 1186.506 1160.669 
1979-80 1381 1303.274 1313.599 
1980-81 1406 1501.472 1498.445 
1981-82 . 1594 1781.485 1717.896 
1982-83 2028 2105.177 1972.952 
1983-84 2399 2451.392 2262.346 
1984-85 2704 2!Q7.070 2582.238 
1985-86 2841 3242.353 2926.315 
1986-87 3307 3698.142 3286.328 
1987-88 3485 4184.751 3652.947 
1988-89 3772 4684.751 4016.759 
1989-90 4694 5174.800 4369.174 
1990-91 4705 5635.023 4703.094 

VALIDATION PERIOD 

1991-92 4870 6048.586 5013.265 
1992-93 6021 6406.152 5296.347 

FORECAST PERIOD 

1993-94 6512.256 5489.991 
. 1994-95 6789.011 5612.075 
1995-96 7005.325 5806.230 
1996-97 7289.664 6117.339 
1997-98 7435.568 6358.257 
1998-99 7706.123 6603.108 

1999-2000 7<J78.450 6824.006 
2000-2001 8209.237 7003.555 

* Source: Different issues of Bangladesh Statistical Y carbook, Bangladesh Bureau of 
Statistics, Government of Bangladesh, Dhaka and Annual Report 1993-94, Bangladesh Power 
Development Board, Dhaka. 
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CHAPTER -VI 

COMPARISON OF THE FORECASTING 

PERFORMANCES AND FINAL MODE:L SELECTION 

The main purpose of this study is to s.elect the best predictive model out of selected 

· three types of models, so that the energy consumption in Bangladesh can be predicted 

efficiently. In this. chapter, analysis toward the comparison of predictive performance 

of selected three types of models is performed. Thus, section 6.1 focuses review of 

some works on comparative aspect of predictive performance, the criteria used for 

comparison of predictive performance in this study both pair wise and individual are 

discussed in section 6.2, discussion of the results obtained for comparison for all types 

of data are given in section 6.3 and finally, a summary of the findings of this chapter is 

provided in section 6.4. The results are reported in tables in the appendix. 

6.1. INTRODUCTION 

Some empirical studies on the comparative aspect of predictive performance of 

econometric models have been performed by some researchers. 

For example, Ferrer et. a/.(1997) investigated the forecasting ability of unobserved 

components models compared to the univariate ARIMA ·approach for five types of 

monthly automobile sales in Spain. Accuracy of forecasting ability was assessed by 

comparing some measures of forecasting performance based on out-of-sample 

predictions. They showed that the performance of ARIMA approach was fair by most 

of the performance criteria. Jamal and Abdullah (1996) developed an econometric 

model of sinusoidal type to forecast the electricity consumption and to study the 
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impact of ambient temperature on· consumption in the Eastern Province of Saudi 

Arabia. They compared the results of this model with that of simple linear regression 

and quadratic models. They showed that simple regression model gave better results 

followed by sinusoidal and the quadr~tic model. Kohzadi et. a!. (1996) compared the 

predictive performance of ANN technique with ARIMA type of model using data of 

live cattle and wheat price. They used AME, MAPE and MSE criteria for comparison 

of prediction accuracy. They also performed turning point test suggested by Cumby 

and Modest (1981) and showed that ANN model is the better predictive model. 

Nizami and Garni (1995) performed a comparative study on the predictive 

performance of ANN technique with that of regression technique. They used chi

sqaure (goodness of fit) criterion for comparison of prediction performance and 

showed that ANN outperformed regression technique. Chiang et. a!. (I 996) defined 

and developed a back-propagation neural network and compare its predictive 

performance with that of linear and nonlinear regression techniques. They used net 

asset value of mutual fund data for their study. For comparison they used MAPE 

Criterion only. They showed that the neural network significantly out performed 

regression models in the situation with limited data availability. Leshno and Spector 

(1996) verified the predictive performance of ANN technique in comparison with that 

of classical multivariate discriminant analysis (MD A) using data of bank bankruptcy in 

New York. For comparison purposes they used type I, type II and total error of the 

selected models and showed that performance of ANN model is better. Chakrabarty 

et. a/.(1992) compared the performance of multivariate neural network technique with 
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that .of .ARMA model usrng the data of monthly flour prices in· the Buffalo, 

Minneapolis and Kansas cities. They used MSE and coefficient of variation criteria for 

comparison. They showed that performance of MNN model superseded the ARMA 

model by most of the criteria. Tang et. a!. (1991) compared neural networks and Box

Jenkins models, using international airline passenger traffic, domestic car sales and 

foreign car sales in the USA They concluded that Box-Jenkins models outperformed 

the neural net models in short-term forecasting. On the other hand, neural net models 

outperformed the Box-Jenkins models in the long run .. · 

In this study, an attempt is made to compare the predictive performance of three types 

of models, viz. growth types of models, ARIMA types of models and the ANN 

techniques to the two types of energy consumption data. The best models of each of 

the three types are analytically selected in last three chapters. Predictive performances 

·of these three types of models to the log-transformed data are also compared. A brief 

description of the criteria used for comparison of predictive performance are given in 

next section. 

6.2. CRITERIA USED FOR COMPARISON·dF PREDICTIVE 

PERFORMANCES 

In order to select the model of best fit for efficient prediction of energy consumption 

figures, the predictive performances of the selected models are compared using the 

following criteria: 
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6.2.1. Pair wise accuracy comparison 

At first predictive performance of the three competing models considering pair wise 

performance is undertaken. The following methodology is employed to total series for 

this purpose. 

Diebold and Mariano (1995 p.254) proposed and evaluated explicit tests of a null 

hypothesis of no difference in the accuracy of two competing forecasts for finite 

samples which is given below. Allowing the time-t loss associated with a forecast to be 

an arbitrary function of the realization and prediction, say, g( Ct, Cit), where Cit is' the 

forecasted value of the ith model. They consider the loss function as a direct function 

of forecast error i,e, g(Ct, Cit) = g(eit). Then the null hypothesis to be tested is the 

hypothesis of equal forecast accuracy for two forecasts is E[g(eit)] = E[g(ejt)], where i 

and j stand for the ith model and the jth model respectively, which can be written as 

E(dt) = 0, where dt = [g(eit)-g(e.it)], the linear loss differential. Thus, tests of equal 

accuracy null hypothesis is equivalent to the tests of null hypothesis that the 

population mean or median of the loss differential series is zero. 

The proposed two powerful tests, the Sign Test based on observed loss differential and 

the Wilcoxon's Signed rank test based on the ranks of loss differentials are discussed 

below. 
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i)Sign Test 

In this case the null hypothesis is considered to be a zero median loss differential 

Med.[g(eit) - g(ej1)] = 0. If the loss differential is symmetrically distributed, then the 

g( eit) and g( ejt) is the same. This symmetry of loss differential may be obtained if the 

distribution of g( eit) and g( ejt) is the same up to location shifts. 

Assuming the loss differential series is identically and independently distributed (iid), 

and the number of positive loss differentials in a sample of size N has the Binomial 

distribution with parameter N and 1/2 under the null hypothesis. Thus, the test statistic 

IS 

where, I+( dt) = 1 if dt >0 

= 0, otherwise. 

In a large sample, the standardized version of the sign-test statistic is standard normal, 

given by 

ii) Wilcoxon's Signed Rank Test 

1 
S- -N 

2 
a N(O,l) 

A relatively powerful test than the sign test is Wilcoxon's signed-rank test. In this case . 

too, it is assumed that the loss differential series is iid. Thus, the test statistic is 
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defined as 

WSR =Sum of [ I+(dt) x Rank of I dt I] 

i,e, WSR is equal to the sum of the ranks of absolute values of positive observations. 

In this case the standardised version is also standard normal, given by 

WSR. 

N(N +1) 
WSR - ---'----'-

-;========4==== " N(O, 1) 
N(N + 1)(2N + 1) -

2N 

In the study assuming sample size is large, the asymptotic versions of tests are used. 

Lehman (1975) also showed that usual Sign test and Wilcoxon's signed rank tests were 

standard. In all of the above tests a squared error loss differential or absolute loss 

differential may be used. However, in this study linear loss differential is considered. 

iii) Morgan-Granger-Newbold (MGN) Test 

Granger and Newbold (1986) introduced an orthogonal transformation of forecasting 

error components due to Morgan to the error in forecasted values which enabled 

relaxation of contemporaneously non-correlation assumption of forecast errors. This 

test introduced by Granger and Newbold termed as MGN, due to Morgan, Granger 

and Newbold, and advocated by Diebold and Mariano (1995, p.256) is as follows: 

x = ( e"· + e"· ) z = ( e"· - e"· ) Let t It Jt and t It Jt , then testing the null hypothesis of 

equal forecast accuracy is equivalent to zero correlation between x and z , thus the test 

statistic for testing the null hypothesis of equal accuracy given by 



MGN= 
P"xz 

~ 
v~ 

is distributed as student's t with N-1 degrees of :freedom. 

iv) Test for encompassing-in-forecasts 
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The test for encompassing-in-forecasts introduced by Chong and Henry (1986) was 

applied by Hallman and Kamstra (1989) and recently· by Donaldson and Kamstra 

(1996). In each study they used the test for encompassing-in-combined-forecasts to 

compare the combined forecasts' accuracy. However, in this study this test is 

performed following Do"naldson and Kamstra ( 1996) for testing the null hypothesis 

that the forecasts accuracy of pair wise model is equal. 

The test formalises the intuition that model i should be preferred to model-j if model i 

Gan explain what model j cannot, while model j is preferred to model i if model j being 

able to explain what model i cannot explain. As such, the test provides a useful method 

for ranking out-of-sample forecasts. 

Let eit be the model i's forecasts' error in time t as defined earlier and fj1 be model j's 

forecasts, thus, the test for encompassing involves testing for significance of the B1 

parameter in the regression ~t = Bo + Br fjt + Et . 

Given forecasts for two models i and j, the null hypothesis considered is that neither 
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model encompasses the other. Then it is first required to regress the forecast error 

from model i on the forecast for model j, as in above equation, call this regression 'ij' 
. . 

and the resulting ·estimates of B1 coefficient Bij. Then regress the forecast error from 

model j on forecasts from model i, call this regression ~i',. and the resulting estimates of 

B1 coefficient Bji· tf Bij is not significant at some predetermined level, but Bji is 

significant, then reject the null hypothesis that neither model encompasses other in 

favor-of the alternative hypothesis that model i encompasses model j. Conversely, if Bji 

is not significant at some predetermined level, but. Bij is significant, then it is said that 

. . . 

model j encompasses model i. However, ·if both B's are significant :or if both_ are 

insignificant, then one fails to reject the hypothesis that neither model encompasses the . 

other. Multicollinearity ~an lead to both estimated coefficients being insignificant, 

· while sufficiently non-overlapping information sets can lead to both estimated 

coefficients being significant. 

'··~ ' 

It is clear fro~ the above discussion that the null hypothesis to be considered in case of 

two tailed tests i), ii) and iii) is 

Ho: Forecasts' accuracy of considered two types of models are srune; 

against the alternative' 

HA: They are different. . 

Again the null hypothesis to be ~onsidered in case of test iv) is 

Ho: Neither of the considered two models (i and j) encompasses the other. 

·against two alternatives 
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HA: Model i encompasses model j 

HA: Model j encompasses model i. 

6.2.2 Individual predictive performance comparison 

Apart from testing the pair wise equal forecast accuracy of the selected models, the 

predictive performances of the models are also compared against the values of 

following criteria for all of the three periods, viz. estimation period, validation period 

and total period. 

i) R2
, The coefficient of determination: The value ofR2 is considered here instead 

=-2 -2. 

of R , the adjusted value of R2
, because, R does not exist for prediction period of 

electricity consumption. The reason is that in case of growth and ARIMA models, k is 

greater than N for prediction period. 

ii) AME, the mean absolute error, iii) RMSE, the root mean square error and iv) 

MAPE, the mean absolute percent error as defined in section 3.3 of chapter ill. 

Miller (1978; p.580) stated that there was a drawback of using this RMSE as a 

measure of forecast accuracy. For a model which fails test for stability over time, the 

value ofRMSE Statistic will be sensitive to the period over which it is computed. Even 

if the models are stable over time, the use of RMSE still does not permit a valid 

comparison of some models. However, this criterion is used by almost all researchers 

who deal with the problem of predictive performance comparison and in addition to 
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the RMSE, values of other criteria are also compared. 

v) SAPE, the ~moothed 'absolute percent error : The smoothed absolute percent 

error is defined as 

N lctCpred) - Ct(obs)l 
100 SAPE = L X 

t=I [ct(pred) + Ct(obs)]/2 

The advantage of this measure of forecasts accuracy over other measures is that it not 

only views accuracy as a relative measure, widely used and easily understood 

(Armstrong and Collopy 1992), but it is also less susceptible to small values in the 

denominator (Makridakis 1993). 

This type ofthe measure offorecasts accuracy is used by O.Connor et. al. (1997) for 

comparing the forecasts accuracy of different types of time series data such as-

downward series, flat series and upward series. 

vi) PC, the prediction criterion: Amamiya (1972; 1976, p.7) suggested the use of 

a criterion named, prediction criterion, defiend as 

Although he suggested this criterion for the selection of subset regressors of regression 

model, here this criterion is used for comparing the predictive performance. 

vii) Chi-square criterion: A chi-sqaure statistic is also used as a criterion to measure 

the goodness of fit , defined as 
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2 ~ [ctCobs) - c1Cpred)r 
X = LJ 

t=J Ct (pred) . 

Minimum values of the above-mentioned criteria are desirable for a comparatively 

adequately good model. 

viii) Theil's U criterion 

The familiar AME and RMSE criteria can be misleading in certain cases. They are not 

comparable, especially, when the units of measurements of two or more variables to be 

forecasted are different. Theil (1961, p.32) introduced a measure of coefficient of· 

inequality U which was free from this problem and used as testing criterion for 

forecastmg performance, defined as 

U= 
1 k 2 

N ~Pt+j + 

Leitch and Tanner (1991, p.581) viewed this U as RMSE of a forecast divided by the 

RMSE 

of naive forecasts of no change and defined as 

U= 
j=l 

where, Pt+j is the forecast value j period ahead, Ct+j is the actual value of the variable. 

U = 0, when the prediction is perfect 
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= 1, when RMSE of the prediction change equals the accuracy of the baseline 

forecast of no change and 

> i, indicates that the forecasts have higher RMSE than the rio change forecast. 

This U statistic is one of the most popular criteria in the literature of forecasting. In 

this study the formula given by Theil is used. Intrilligator (1978, p.524) called this 

statisti~ ~s the inequality coefficient. 

In all of the above fonnula, the notations possess usual meanings. It is to be noted here 

that in all cases of <;amputations of the values of criteria, the degree of freedom for 

ANN model is considered to be one following Nizami and Garni (1995;p.l102) and for 

groWth. and ARJMA models it is usual. 

The result . obt$ed for the values of the criteria for different competing models are 

discussed below. 

6.3. RESULT AND DISCUSSION 

For the purpose of comparison, the predicted values obtained by_ three competing 

models of the types growth, ARIMA and ANN are arranged in tables. (each for same 

type of data). The values of the criteria of both types. (for individual and pair wise 

comparison) are computed and reported in tables. The results obtained for predictive 

performance comparison for each type of data are discussed below. 
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6.3.1. For untransformed gas consumption 

The values of the criteria discussed in section 6.2 are computed and reported in 

different tables. In case of pair wise comparison all the test statistics discussed in 

section 6.2.1. are computed for total period. The sample size is assumed here large and 

as a result, the distributions of the statistics become normal. The values of the criteria 

selected for individual performance comparison are computed separately for three 

periods viz. estimation period, prediction period and total period. As mentioned earlier, 

the d.f for ANN model is considered as one. 

In case of pair wise equal forecasts' accuracy comparison, the values of the criteria of 

non-parametric tests for untransformed gas consumption are reported in table 6.1.1(a) 

and those of the encompassing-in-forecasts are reported in table 6.1.1(b). From the 

values of statistics in table 6.1.1(a), it is evident that there is no significant differenc~· 

between the. forecasts' accuracy of growth model and ARIJv.[A. Model, and between 

that of growth and ANN models. Only WSR and MGN tests show a significant 

difference between the forecasts accuracy of ARIJv.[A. and ANN models. Again, .the 

regression coefficients in table 6.1.1 (b) show that neither of the three competing 

models encompasses either model. This may happen due to the fact that as far as the 

criteria are concerned (in table 6.1.2), performance of ANN and growth models are 

almost same and better. On the other hand, performance of growth and ARIMA 

models are almost same and a bit worse than that of the first pair. So, for selecting the 

most adequate predictive model, it is necessary to look at table 6.1.2. for individual 
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predictive performance comparison. 

The values of the criteria for the selected models for individual predictive performance 

comparison for untransformed gas consumption are· reported in table 6.1.2. It is clear 

from the table that values ofR2 for estimation and prediction periods are maximum for 

selected ANN model. The values of all other criteria like AME, RMSE, MAPE, SAPE, 

· chi-square, PC for the three periods are in favour of the best predictive performance of 

the same model. The above result shows that the predictive performance of ANN 

model is the best. Again, the values of Theil's U criterion are nearer to zero for ANN 

model than other two models which imply that predictive performance of ANN model 

is the most perfect._ So although ARIMA model outperforms other two models only by 

R2 (prediction), ANN model outperforms ARIMA and growth models by almost all of 

the other selected criteria. 

It is also clear. that so far as the predictive accuracy is concerned, growth model is 

more competing to ANN model, while ARIMA model is far from ANN but closer to 

growth model. That is why the tests of equal performance show no significant 

difference between predictive performance of ANN and growth models, and growth 

and ARIMA models. Figure 6.1.1. presented in the appendix also reveals that the 

predictive performances of the ANN model is the best. 

From above discussion it is clear that out of the three competing models, the ANN 
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model is . the best predictive model of untransformed gas consumption followed by 

quadratic model and ARIMA model. 

6.3.2. For iog-transformed gas consumption 

As in the case of untransformed series the computed values of test statistics for pair 

wise forecasts accuracy comparisons are presented in table 6.1.3(a) and those of the 

regression coefficients for the test of encompassing-in-forecasts are presented in table 

6.1.3(b). It is evident from table 6.1.3(a) that there'is no significant difference between 

the forecasts' accuracy of growth and ANN models, and that of growth and ARIMA 

models. However, only MGN test shows a significant difference between the forecasts' -

accuracy of ARIMA and ANN models. Again, as in the case of untransformed series 

regression coefficients for the tests of encompassing-in-forecasts show t~at neither 

model encompasses either. This may happen due to the same fact as in the -case of 

untransformed series. So, from here it is rather difficult to· select the best predictive 

model. Hence, for this purpose let us have a look at the individual predictive 

performance comparison. 

The values of the selected criteria computed for individual predictive performance 

comparison are reported in table 6.1.4. The table shows that performance of ARIMA 

model is the worst among the three competing models. In this case too, growth model 

is only the competing model to ANN. ANN model outperforms the growth model by 

~, AME , SAPE and RMSE each for prediction and total periods, by MAPE arid chi

sqaure each for prediction period only, by PC for all periods. The values of Theil's U 
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for three periods show that predictive performance of ANN is more perfect than that 

of growth model. Growth model fits the transformed consumption pattern well in 

estimation period by the criteria R2
, AME, SAPE, RMSE, MAPE and chi-square. It is 

obvious that sometimes if a model fits well in estimation period, its prediction 

performance is poor, and the converse is also true. As the study is oriented to the good 

predictive model and it is clear that no model uniquely supersedes either. Whereas, 

predictive performance of ANN model supersedes growth model by maximum criteria, 

unlike other two. Again, figure 6.1.2. presented in the appendix shows that the 

predicted values obtained by ANN model are more nearer to those of observed values, 

which implies that performance of the ANN model is the best. So ANN model is 

considered as the best predictive model forJog-transformed series too. 

6.3.3. ·For untransformed electricity consumption 

The values of the criteria described in. section 6.2 are also computed for the three types 

of competing models of untransformed electricity consumption. The values of the 

criteria for pairwise accuracy comparison tests, such as Sign test, WSR test and MGN 

tests are reported in table 6.2.1(a). All the statistics of this table show that there is no 

significant difference between the predictive accuracy of growth model and ARIMA 

model, while predictive accuracy of ANN model differs significantly from that of 

growth model and ARIMA model. Again it is evident from regression coefficients in 

table 6.2.1 (b) that none of the three models encompasses any other. From this table it 

is rather difficult to take idea about the best predictive model. For selection of the best 
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predictive model it is required to compare the values of the selected criteria for 

indiVidual models' predictive performance accuracy which are reported in table 6.2.2. 

The values of the criteria in table 6.2.2 show that predictive accuracy of growth model 

and ARIMA model are better than that of ANN model. Again in all the cases except 

Theil's U statistic, prediction performance of ARIMA model is superior to growth 

model so far as the accuracy in prediction period is concerned. While growth model 

seems to be more accurate than ARIMA model by the values of the criteria in 

estimation period and total period of the study. Only Theil's U.statistic is in favour of 

the superiority of growth model over ARIMA model in prediction period. So it is 

clearly understood that none of the growth model or ARIMA model supersedes either 

uniquely. It is known that if a model outperforms in estimation period, it may not 

predict the future data good, the converse is also true. Same things happened in this 
. . 

case too. Again since most of the values of criteria confirm that performance of growth 

model is better than ARIMA model and values of Theil's U criteria for growth model 

in all the three periods are nearer to zero in comparison with those of ARIMA model. 

Moreover, figure 6.2.1. presented in the appendix also reveals that the predictive 

performances of growth model is the best, so growth model ·is selected as the best 

predictive model ofuntransformed electricity consumption. 
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6.3.4. For log-transformed electricity consumption 

The values of the statistics of pair wise models' prediction accuracy comparison 

reported in table 6.2.3(a,b) support that there is no significant difference between the 

prediction accuracy of pairwise competing three models. In order to select the better 

performed model, let us look at the nature of the values of the criteria of individual 

model's predictive performance. 

· It is a difficult job to select a model out of these three considering their individual 

prediction performance. Because, it is clear from table 6.2.4 that prediction 

performances of different models are different periods. For example, ANN model 

performs better for estimation period, growth model performs better for total period, 

while ARIMA model performs better for prediction period. So it can be inferred that 

prediction performances of all the three models are almost the same. However, out of 

21 values of the criteria growth model outperforms other two by nine values, whereas 

other two models outperform growth model by six values each. In this case too the 

figure 6.2.1. presented in the appendix exhibits that the predictive performances of the 

growth model is better than other two. So, growth model can· be considered as 

comparatively the best model for log-transformed electricity consumption. 
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6.4.SUMMARY 

The final result regarding the selection of the best model from the three competing 

models after prediction accuracy comparison can be summarized as below. 

i) Tests of encompassing-in-forecasts for untransformed gas consumption show that 

none of the three competing models encompasses any other. MGN and WSR tests for 

pair wise equal accuracy comparison indicate that there is significant difference 

between forecasts accuracy of ARIMA and ANN models. On the other hand, no 

significant difference between the prediction accuracy of the · growth and ANN 

models, and growth and ARIMA models are found by pair wise equal accuracy tests. 

Again, prediction performance of ANN model supersedes other two models by 

maximum criteria of indiVidual predictive performance comparison. So, ANN model is 

selected as the best predictive model for untransformed gas consumption followed by 

quadratic model and ARIMA model. 

ii) Interpretation of the results of pair wise forecasts accuracy tests and individual 

prediction performance comparison for log-transformed gas consumption is the same 

as that of untransformed series. Thus, in this case too, ANN model is selected as the 

best predictive model for log-transformed gas consumption followed by quadratic. 

model and ARIMA model. 

iii) For untransformed electricity consumption, tests of encompassing-in-forecasts 

show no significant difference· between the predictive accuracy of competing three 

models. The sign test, WSR test and MGN test reveal that predictive performance of 
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ANN model significantly differs from that of growth and ARIMA models. While no 

significant difference is found in predictive accuracy of growth and ARIMA models. 

Neither of the growth and ARIMA models uniquely outperforms either by individual 

predictive performance accuracy tests. However, the values of the most of the criteria 

are in favour of better performance of growth model. So growth model is considered 

as tlie best predictive model for untransformed electricity consumption. 

iv) It is found by the tests of encompassing-in-forecasts and pairwise accuracy 

comparison tests that there are no significant difference between predictive 

performances of three types of selected models for log-transformed electricity 

~onsumption. Individual predictive performance accuracy also reveals that predictive 

accuracy of all the three models are almost the same. In this case too predictive 

perforrhance of growth model is a little bit better so far as the values of the criteria are 

concerned. So, growth model is selected as the best predictive model for log

transformed electricity consumption. 

Finally, the predicted series of gas and electricity obtained by the selected models are 

shown in figures. 
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Table 6.1.1. Statistics for pair wise prediction accuracy 
comparison for untransformed gas consumption 
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(a). Absolute values ofz statistics for sign test and WSR test, and t
statistic for MGN test 

Growth ARIMA 
Type of model 

Sign WSR MGN Sign WSR MGN 

ARIMA 1.091 0.817 0.927 

ANN 0.218 0.298 1.453 1.527 2.092" 3.193" 

* Statistical significance at P :s: 0.025 

(b). Regression coefficient for test of encompassing in-forecasts 

Regression coefficient of growth error on ARIMA forecasts is B = -0.0035 and t = -0.1624 

Regression coefficient of ARIMA error on Growth forecasts is B = 0.0039 and t = 0.0021 

Regression coefficient of growth error on ANN forecasts is B = -0.0037 and t = -0.173 6 

Regression coefficient of ANN errpr on Growth forecasts is B = -0.0014 and t = 0. 0011 

Regression coefficient of ARIMA error on ANN forecasts is B = 0.0053 and t = 0.2136 

Regression coefficient' of ANN error on ARIMA forecasts is B = 0.0001 and t = 0.0072 

Note: None of the regression coefficients is significant at standard level. 



Table 6.1.2. The values of the predictive performance comparison 
criteria for different types of selected models of 
untransformed gas consumption . . 

MODEL 

Criteria Period 
' 

ANN Growth ARIMA 

Estimation 0.9879 .. 0.9851 0.9785 
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R2 Prediction 0.9422 0.9382 0.9490'" 
Total 0.9948 .. 0.9919 0.9918 

Estimation 3312.0942* 4066.2927 5310.8522 
AME Prediction 3145.2500 .. 4134.6883 4831.4556 

Total 3283.0770 .. 4078.1876 5219.5369 

Estimation 171.4644* 204.2936 287.1909 
SAPE Prediction 7.6890* 9.9787 10.6939 

Total 179.1534* 214.2724 297.8849 

Estimation 4335.7238" 6013.1105 7216.7655 
RMSE Prediction 4466.8274" 11145.0721 10837.3823 

Total 5254.5732* 5605.0194 6858.0550 

Estimation 13.6285* 14.3148 18.2428 
MAPE Prediction 1.9036. 2.4487 2.7156 

Total 11.5895 .. 12.2511 15.2853 

Estimation 13716.1821* 15576.3501 26143.6423 
Chi-Square Prediction 370.9011 .. 759.8635 648.7853 

Total 14087.7142* 16336.2131 26792.4303 

Estimation 0.0324* 0.0396 0.0477 
Theil's U Prediction 0.0111" 0.0159 0.0155 

Total 0.0222* 0.0279 0.0326 

Estimation 21766685.49'" 36481868.98 61272594.48 
PC Prediction 34916957.70" 217372391.1 2055354.41.6 

Total 20462445.30" 33882925.95 53751917.34 

Note: The value of the criterion for a model with starlet means the perfonnance of that model is 
superior tci other two models with respect to that criterion. 



Table, 6.1.3. Statistics for pair wise prediction accuracy 
comparison for log- transformed gas consumption 
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(a). Absolute values ofz statistics for sign test and WSR test, and t· 
statistic for MGN test 

Growth ARIMA 
Type of model 

Sign WSR MGN Sign WSR MGN 

ARIMA 0.218 0.643 2.115 

ANN 0.218 0.115 1.115 0.218 0.253 2.767. 

* StatistiCal significance at P ~ 0. 025 

(b). Regression coefficient for test of encompassing in-forecasts 

Regression coefficient of growth error on ARIMA forecasts is B ::: -0.0 149 and t ::: -0.693 7 

Regression coefficient of ARIMA error on Growth forecasts is B::: -0.0037 and t::: 0.0009 

Regression coefficient of growth error on ANN forecasts is B::: 0.0014 and t::: -0.0683 

Regression coefficient of ANN error on Growth forecasts is B::: -0.0164 and t::: -0.9953 

Regression cOefficient of ARIMA error on ANN forecasts is B = 0.0338 and t = -1.1499 

Regression coefficient of ANN error on ARIMA forecasts is B = 0.0148 and t = 0.82686 

Note: None of the regression coefficients is significant at standard level. 
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Table 6.1.4 .. The values of the predictive performance comparison 
criteria for different types of selected models of log

transformed gas consumption. 

Criteria Period MODEL 

ANN Growth ARIMA 

Estimation 0.98.54 0.9854 0.9652 
R2 Prediction 0.9089" 0.8192 0.8452 

Total 0.9938" 0.9920 ' 0.9815 

Estimation 3711.6227 3269.2929" 4790.4799 
AME Prediction 3749.6950" 5890.7761 9262.3819 

Total 3718.2431" 3725.2028 5642.2707 

Estimation 192.8109* 178.9051 261.2332 
SAPE Prediction 8.9617* 13.8038 20.3505 

Total 201.7723* 192.7190 281.5837 

Estimation 4761.4763 4710.5899" 7586.1916 
RMSE Prediction 4777.5243" 9235.1433 21413.7997 

Total 4654.2433" 4692.1355 8380.7155 

Estimation 12.7085 10.1431" 17.8713 
MAPE Prediction 2.2273" 3.4100 5.2699 

Total 10.8857 8.9721" 15.4711 

Estimation 12616.1620 9766.9191" 20547.0221 
Chi-Square Prediction 416.5779" 1234.0931• 1648.7853 

Total 13032.7423 11001.0184" 22195.8074 

Estimation 0.0356" 0.0357 0.0501 
Theil's U Prediction 0.0118" 0.0207 0.0307 

Total 0.0243" 0.0276 0.0395 

Estimation 23864874.63" 29633147.08 67706239.42 
PC Prediction 28530923.24" 366239152.2 802463932.8 

Total 22603805.78" 33307761.85 80270163.03 

Note: The value of the criterion for a model with starlet means the performance of that model is 
superior to other two models with respect to that criterion. 



Table 6.2.1. Statistics for pair wise prediction accuracy 
comparison for untransformed electricity 

consumption 
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(a). Absolute values ofz statistics for sign test and WSR test, and t
statistic for MGN test 

Growth ARIMA 
Type of model 

Sign WSR MGN Sign WSR MGN 

ARlMA 0.259 0.762 0.072 

ANN 2.840"' 2.222"' 5.321 * 2.840* 1.968* 5.193* 

* Statistical significance at P ~ 0.05 

(b). Regression coefficients for test of encompassing-in-forecasts 

Regression coefficient of growth error on ARIMA forecasts is B = 0.0287 and t =0.083 

Regression coefficient of ARIMA error on Growth forecasts is B = -O.Oi57 and t = -0.457 

Regression coefficient of growth error on ANN forecasts is B = 0. 0003 8 and t = 0. 0 13 

Regression coefficient of ANN error on Growth forecasts is B = -0.2114 and t =-1. 926 

Regression coefficient of ARIMA error on ANN forecasts is B = -0.0138 and t = -0.490 

Regression coefficient of ANN error on ARIMA forecasts is B = -0.2061 and t = -1.8256 

Note: No regression coefficient is significant at standard level. 
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Table 6.2.2. The values of the predictive performance comparison 
criteria for different types of selected models of 
untransformed electricity consumption. 

MODEL 
Criteria Period 

ANN Growth ARIMA 

Estimation 0.9361 0.9884* 0.9851 
R2 Prediction 0.5248 0.7915 0.8076* 

Total 0.9438 0.9875* 0.9871 

Estimation 313.3704 102.6636* 143.3811 
AME Prediction 781.8690 334.8150 252.4369* 

Total 368.4879 129.9755* 157.9219 

Estimation 127.2776 57.4052* 71.3826 
SAPE Prediction 27.7871 12.4546 9.4108* 

Total 155.0648 69.8599* 80.7935 

Estimation 486.4364 145.9366* 186.2591 
RMSE Prediction 876.7573 479.9085 254.8609* 

·Total 559.1353 186.2950* 199.3390 

Estimation 10.8505 4.1606* 5.4436 
MAPE Prediction 15.2988 6.3264 4.7569* 

Total 11.3739 4.4154* 5.3520 

Estimation 653.9875 86.6212* 121.0636 
Chi-Square , Prediction 252.8073 42.5393 . 24.1682* 

Total 906.7949 129.1605* 137.8372 

Estimation 0.0070 0.0016* 0.0329 
Theil's U Prediction 0.0051 0.0011 * 0.0341 

Total 0.0054 0.0016* 0.0330 

Estimation 283944.5 25557.0015* 42698.4022 
PC Prediction 1921758.8 287890.2210 162385.2045* 

Total 6780211.7 33882925.95* 53751917.34 

Note: The value of the criterion for a model with starlet means the performance of that model is 
superior to other two models with respect to that criterion. 



Table 6.2.3. Statistics for pair wise prediction accuracy 
comparison for log- transformed electricity 

consumption 
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(a). Absolute values of z statistics for sign test and WSR test, and 
t- statistic for MGN test 

Growth ARIMA 
Type of model 

Sign WSR MGN Sign WSR MGN 

ARIMA 0 1.015 00565 

ANN 0 00537 1.489 00500 1.373 1.352 

* Statistical significance at P s: 00025 

(b). Regression coefficient for test of encompassing forecasts for log
transformed electricity consumption 

Regression coefficient of growth error on ARIMA forecasts is B = 000052 and t = 001758 

Regression coefficient of ARIMA error on Growth forecasts is B = -000719 and t =-10471 

Regression coefficient of growth error on ANN forecasts is B = 0 0 0007 4 and t =0 0 0219 

Regression coefficient of ANN error on Growth forecasts is B = 000515 and t =1.3552 

Regression coefficient of ARIMA error on ANN forecasts is B = -000733 and t = -1.3718 

Regression coefficient of ANN error on ARIMA forecasts is B = 0005379 and t = 1.5495 

Note: No regression coefficient is significant at standard level. 
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Table 6.2.4. The values of the predictive performance comparison 
criteria for different types of selected models of log~ 

transformed electricity consumption. 

MODEL 
Criteria Period 

ANN Growth ARIMA 

Estimation 0.9883 0.9885* 0.9810 
R2 Prediction 0.4314 0.7801 0.9898* 

Total 0.9796 0.9883* 0.9848 

Estimation 100.9510* 103.2713 137.1802 
AME Prediction 433.9585 325.5142* 305.8175* 

Total 140.1283 120.4173 158.2598 

Estimation 59.9441 58.6182* 71.3504 
SAPE Prediction 15.7015 12.1597 11.2346* 

Total 75.6492 70.7778* 82.5850 

Estimation 149.8713* 149.8785 199.7811 
RMSE Prediction 738.6789 475.7247 368.6351 * 

Total 241.2024 188.2014* 220.6352 

Estimation 4.0295* 4.7885 5.1118 
MAPE Prediction 7.4885 6.2061 5.7933* 

Total 4.4365* 4.4565 5.1970 

Estimation 85.2909* 93.0154 132.8633 
Chi-Square Prediction 103.2420 41.7302 35.0897* 

Total 188.5329 134.7443* 167.9530 

Estimation·. 0:0240* 0.0241 0.0361 
Theil's U Prediction 0.0491 0.0305* 0.0400 

Total 0.0343 0.0265* 0.0369 

Estimation 26885 .4006* 26956.2714 48466.4420 
PC Prediction 1364116.2~ 281204.4510 169724.9100* 

Total 68445.4311 41590.4562* 57807.3122 

Note: The value of the criterion for a model with starlet means the performance of that model is 
superior to other two models with respect to that criterion. 
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C H A P T E R - VII 

CONCLUDING REMARKS AND SUGGEGTIONS 

This concluding chapter provides an overall conclusion of the whole investigation. Major 

findings of the study are presented the section 7. 1. An outline of the policy to be 

undertaken along with the suggestions for further study is given in section 7 .2. Remarks 

on the study is reported in section 7.3. Section 7.4 deals with the limitations ofthe study 

and finally, the thesis is concluded with an epilogue. 

7.1. MAJOR FINDINGS OF THE STUDY 

The major findings of the study are as follows: . 

i) The regression model 

GC = -3400.31 + 0.89 (Gas Production)+ 23.22 (Electricity Consumption) 

is finally selected for gas consumption. Similarly, the regression model 

EC = 1672.84 + 0.359 (Gas Consumption)- 1.215 (Petroleum Consumption) 

is finally selected for electricity consumption in Bangladesh. 

ii) Quadratic model has been found to outfit all other types of growth models, subject to 

the considered criteria, for the untransformed and log-transformed gas ·and electricity 

consumption. 

iii) ARIMA(1,2,1) model has been found to adequately fit the untransformed and log

transformed gas consumption series. ARIMA( 1 ,2, 1) model is also selected as the best 

ARIMA model for untransformed electricity consumption and in case of log-transformed 
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electricity consumption, ARIMA(1, 1,1) model is found to outperfonn other types of 

ARIMA models. 

iv) ANN model with a single hidden layer consisting of a single neuron has been selected 

as the best ANN model for both of the untransformcd and transformed gas consumption. 

The input layer contains a single neuron corresponding to the time period and the output 

layer contains a single output neuron corresponding to the annual gas consumption figure. 

Again, ANN model with a single hidden layer consisting of two neurons in each layer has 

been found to best suit the untransformed electricity consumption, while, ANN model 

with a single hidden layer containing a single neuron has been selected as the best ANN 

model for log-transformed electricity consumption. 

v) Tests of encompassing-in-forecasts for untransformed gas consumption show that none 

of the three competing models encompasses any one of the other two. MGN- and WSR 

tests for pair wise equal accuracy comparison indicate that there is significant difference 

between forecast accuracy of ARIMA and ANN· models. On the other hand, no 

significant difference between the prediction accuracy of the growth and ANN models, 

and growth and ARIMA models are found by pa_irwise equal accuracy tests. Again, 

forecasting performance of ANN model supersedes other two models by maximum criteria 

of individual predictive performance comparison. So, ANN model is selected as the best 

predictive model for untransfonned gas consumption followed by quadratic model and 

ARIMA model. Interpretation of the results of pair wise forecasts accuracy tests and 

individual prediction performance tests for log-transformed gas consumption is the same 
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individual prediction performance tests for log-transformed gas consumption is the same 

as that of untransformed series. Thus, in this case too, ANN model is selected as the best 

predictive model for log-transformed gas consumption followed by quadratic model and 

ARIMA model. 

iii) For untransformed electricity consumption, tests of encompassing-in-forecasts show no 

significant difference between the predictive accuracy of competing three models. The sign 

test, WSR test and MGN test reveal that predictive performance of ANN model 

significantly differs from that of growth and ARIMA models. While no significant 

difference is found in predictive accuracy of growth and ARIMA models, neither of the 

growth and ARIMA models uniquely outperforms one another by individual predictive 

performance accuracy tests. However, the values of the most of the criteria are in favour 

of better performance of growth model. So growth model is considered as the best 

predictive model for untransformed electricity consumption. 

iv) It is found by the tests of encompassing-in-forecasts and pairwise accuracy comparison 

tests that there are no significant differences between predictive performances of the three 

types of selected models for log-transformed electricity consumption. Individual 

predictive performance accura~y also reveals that predictive accuracy of all the three 

models are almost the same. In this case too, predictive performance of growth model is 

slightly better so far as the values of the criteria are concerned. So, growth model is 

selected as the best predictive model for log-transformed electricity consumption followed 

by ANN and ARIMA models. 
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7.2. POLICY IMPLICATIONS AND SUGGESTIONS FOR FURTHER 

STUDY 

Forecasting and policy evaluation are very closely related in a feedback system. In general, 

the need for forecasts arises from the fact that the planners need to have a clear view 

about the future behavior of the factor(s) of interest. Knowledge about this behaviour 

pattern is essential for effective economic planning. Energy sector is perhaps the most 

significant one that needs a thorough management. Hence, modelling energy consumption 

(in Bangladesh) assumes an extremely important role towards reducing the energy 

wastage and thereby furthering economic progress. It is expected that the models selected 

in this study will be helpful for policy makers as well as the concerned authority in efficient 

energy management in Bangladesh. 

To our knowledge, no in-depth study towards modelling and forecasting energy 

consumption has so far been performed. Such investigation, particularly of growth of 

energy consumption, may be performed sector-wise using up-to-date data. A neural 

network technique may be applied to forecast the energy consumption with multiple input 

layers and hidden layers consisting of more neurons. 
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7.3. CONCLUDING REMARKS 

It is observed that the energy consumption m Bangladesh increased over the study 

periods. One of the factors could be the high growth rate of population. If the current 

increasing trend continues, the country will have to face some problems regarding supply 

of energy to fulfill its demand in near future. So, it is necessary to have some idea about 

the future demand of energy in the country for proper planning. With this picture in mind 

the study attempts to identify important factors which affect energy consumption in 

Bangladesh and at the same time, to forecast energy consumptions up to 2000-2001 by 

selecting the best predictive models. To identify the important factors influencing the 

energy consumption, the basic approach employed here is the multiple regression analysis. 

Selections of influencing factors is performed by two ways, viz., by stepwise regression 

· technique and by factor analysis. 

In order to find the best predictive model(s) to the untransformed and log-transformed . 

energy consumption, predictive performances of three types of models are compared using 

some criteria in two ways - pair wise models' prediction accuracy and individual model's 

prediction accuracy. The types of forecasting models considered in the study are growth 

type, ARIMA type and ANN type. Best model of each type is selected analytically. The 

models are fitted for the data of estimation period and the validity of the models is verified 

using data for validation period. It is found that ANN technique outperforms all types of 
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data series, followed by growth type and ARIMA type. 

The consumption figures up to the period 2000-2001 are obtained for all types of the 

selected models and reported in the study. 

7.4. LIMITATIONS OF THE STUDY 

Like all other empirical works, the study undertaken here also has certain limitations. The 

analysis is based on the published data collected from three sources viz., BOGMC, BPDB 

and Bangladesh Bureau of Statistics. It is difficult to ascertain the accuracy of these data. 

The gas consumption data used in the study covering the period 1970-71 to 1992-93 has 

some weaknesses. For example, it is clear from the series that uprising trends of 

consumption in the study period show a discontinuity of trend in the years 1972-73 and 

1975-76, signifying the presence of what are commonly known as outliers of the data. 

These outliers might have some effect on the results obtained in the study. There was no 

scope to remove this type of effect. 

Another important shortcoming of this study is that the study period contains only 23 

observations for gas consumption and 17 observations for electricity consumption, which 

are not enough for precise modelling and forecasting the series, specially by ARIMA 

methodology. Moreover, autocorrelation problem remains in case of regression modelling, 
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which also could not be removed. Single input is considered in case of growth and 

ARIMA modelling. So, in the study due to convenient of comparison with growth model 

and ARIMA model, the ANN technique with variant input layers and output layers could 

not be considered. 

7.5. EPILOGUE 

The motive of the present study is to reduce the gap between production and consumption 

of energy in Bangladesh, knowiryg the consumption level in advance. So, the main focus of 

the study is on efficient modeling, and thereby, forecasting the future energy consumptions 

using the best predictive models. Due to unavailability of up-to-date consumption figures, 

it was not possible to compare forecasted figures with real figures. Time will judge the 

accuracy offorecasts made in the study. 

It is well known that exact forecasting belongs to the clairvoyance rather than science. 

Science is a very human form of knowledge. One is always at the brink of the feeling what 

is happening in future. The reality is that every judgement in science stands on the edge of 

error. Under these rather general axioms on which any scientific investigation is based, 

what one can do is to attempt to predict results with least error. The body of the analyses 

presented in this thesis is just one such effort guided primarily by the concern to plan best 

the energy sector (and hence, also economy) in Bangladesh. 
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ENERGY CONSUMPTION BEHAVIOUR IN BANGLADESH - CHARACTE
RISTICS AND DETERMINANTS 
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ABSTRACT 

In this paper an attempt has been made to display some statistical charact\:rstks uf energy 
(such as gas, petroleum and electricity) consumption in Bangladesh and to identify the model (s) to the 
energy consumption data. A multivariate analysis has also hecn perfnnned in order to identify the 
determinants of energy consumption ·in Bangladesh. Por this purpose yearly data ( 1969-70 to 1992-93) 
regarding energy consumption along with per capita gross national produ~,ts have heen collected from 
different issues of Bangladesh Statistical Yearbook and reports of DOGMC. It has heen found that (i} 
cubic mode~· .. fi:t!(an types ener~w consumption data best and (ii) tntnl gas production and cledricity 
consUtnptll:u\.·lire .• s'lg'nificant factors for gus consumption in cmnrnerdal sector. This is nlsn true for 
residential Rector, whcrca~ tntal gus consumptlnn is only the significant ra~·tor for gas wnsumption in 
industrial sector. Pinully per capita gross nntinnnl prndlll'ts, tntal gas l'nnsumptinn and petroleum 
consumption are the significant fnctnrs. fur cl.cctricity cnnsumptinn in Danghllksh . 
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FORECASTIN{; NATURAL GAS CONSUMPTION OF BANGLADESH - AN 
APPLICATION OF ARIMA METHOD 
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Abstract 

An ANN Growth Model for Gas Cosumption 1 

Jiban Chandra Paul2 
, Satya Pada Pal 

Department of Mathematics 
North Bengal University 

· Darjeeling 734 430, WB, India 
and 

lndranil Mukherjee 
Department of Statistics 

Burdwan University 
Burdwan 713 104, WB, India. 

This paper considers the problem of forecasting the annual gas consumption in Bangladesh by 

fitting a growth model to historical data. The paper proposes a growth model based on a two 

layer feed forward Artificial Neural Network (ANN) for this purpose and compares its predictive 

performance with a classical growth model and an Auto-regressive-Integrated-Moving-Average 

(ARIMA) model on the basis of some conventional criteria. The paper concludes that an ANN 

model with a single hidden layer constituting of a single neuron performs best as a good 

predictor. 

1 Submitted for publication in The Journal of Quantative Economics', Delhi School of Economics, 
Delhi University, Delhi. 

2 On leave from: The Department of Statistics, Chittagong University, Chittagong 4331, 
· Bangladesh. · 



Modelling the Electricity Consumption in Bangladesh:~ 

Abstract 

Jiban Chandra Paul 'l-, Satya Pad a Pal 
Department of Mathematics 

North Bengal University 
Darjeeling 734 430, WB, India 

and 
lndranil Mukherjee 

Department of Statistics 
Burdwan University 

Burdwan 713 104, WB, India. 

Fitting performance of three types of basic models e.g. growth model, ARIMA model and ANN 

model to the two types of electricity consumption data in Bangladesh have been studied here. 

For this purpose at first, some plausible varied forms of each type of models are fitted to both 

types of data employing some latest tools. On the basis of some criteria, better performed 

model, one from each of three types, are selected for comparison. Then predictive performances 

of the selected three types of models are compared using i) pair wise equal performance tests 

and ii) a set of diagnostic criteria, like Adjusted coefficient of determination, AME, RMSE, MAPE, 

Theil's U, AICc. SIC and PC. It has been found that as far as the values of criteria considered in 

the study are concerned, the ANN model out-performs the other two types of models i,e, 

predictive performance of the ANN model is as far as the best. Hence ANN model is finally 

selected for efficient prediction of electricity consumption in Bangladesh. Finally, the predicted 

values of electricity consumption for three selected models for both types of data are reported. 

Submitted for publication in 'The Indian Economic Journal' , Journal of the Indian Economic 
Association, Bombay University, Bombay, India. 

2.- On leave from: The Department of Statistics, Chittagong University, Chittagong 4331, 
Bangladesh 



Abstract 

Modelling the Gas Consumption in Bangladesh1 

Jiban Chandra Paul'-, Satya Pada Pal 
Department of Mathematics 

North Bengal University 
Darjeeling 734 430, WB, India 

and 
lndranil Mukherjee 

Department of Statistics 
Burdwan University 

Burdwan 713 104, WB, India. 

This study analytically examines the fitting performances of classical growth model, ARIMA 

model and ANN model to the two types of gas consumption data in Bangladesh and proposes 

one of the models as the best predictive model for the same. For this purpose at first, some 

plausible varied forms of each type of models are fitted to both types of data employing some 

latest tools. On the.basis of some criteria, better performed model, one from each of three types, 

are selected for comparison. Then predictive performances of the selected three types of models 

are compared using i) pair wise equal performance tests and ii) a set of diagnostic criteria, like 

Adjusted co-efficient of determination, AME, RMSE, MAPE, Theil's U, AIC0 , SIC and PC. It has 

been found that as far as the values of selected criteria are concerned, the ANN model out

performs the other two types of models i,e, predictive performance of the ANN model is the best. 

So ANN model is finally proposed as the best predictive model for efficient prediction of gas 

consumption in Bangladesh. Finally, the predicted values of gas consumption for three selected 

models for both types of dafa are reported. 

t Submitted for publication in The Indian Journal of Economics', Department of Economics, 
University of Allahabad, Allahabad, India. 

2- On leave from: The Department of Statistics, Chittagong University, Chittagong 4331, 
Bangladesh. 


