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ABSTRACT  

This study presents an alternative method to predict the electricity consumption (EC) in 

agriculture sector (AS) of India using Artificial Neural network (ANN) technique. The economic 

indicators or input variables are identified based on the correlation between the predicted output 

variable such as EC of AS and any one of the selected input variables. The prediction is based on 

the economic indicators such as population, per capita GDP and permanent crop land (% of land 

area).The ANN technique is broadly used for solving almost all kinds of engineering problems and 

it is proved that it can give better results. The ANN techniques often easy to generate the solution(s) 

based on the practice without using complicated mathematical equations. In this research work, 46 

years (from 1970 to 2015) historical data are considered. The results obtained are very closer to 

the original value as shown by the performance measures, namely Mean Absolute Percentage Error 

(MAPE). 

1. INTRODUCTION 

Worldwide the electricity demand is increasing drastically due to increasing the population, 

technology development, industrialization and almost all kinds of work have been done with the 

help of the electricity only such as washing, cooling, heating and cooking etc., Electric energy 

consumption is highly related to general population and economic growth. A significant effort has 

been made to extricate the relationship between electric energy consumption and the growth of 

economics and population. To support the increasing growth of GDP and meet the electric power 

demand continually in the future years, forecasting of electricity demand has become a very 

significant task for electric power utilities [1].  Because of this reason, a good prediction method 
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is indispensable for exact investment planning for generation of electricity, transmission and 

distribution of transmission lines and transformers.  

According to the energy statistics report 2017, prepared by central statistics  office, 

Ministry of statistics and programme implementation government of India, energy  being  a  

tactical  commodity  plays  a  vital parameter  in  economic  development  of  a  developing country 

like India. Indian Energy systems have grew over more than five decades along with economic 

development of the country, supporting the aspiration of 1.2 billion human population, within the 

structure of democratic policy, worldwide unified economy and environmentally sensitive 

organization. 

In India, the electricity production during the year 2006-07 was 670.654 TWh (Tera Watt 

hour), 2014-15 was 1116.85 TWh and in the year 2015-16 was 1167.284 TWh. The electricity 

power generation has increased approximately 57.45% (496.63 TWh) compared to the year 2006-

07. The total electricity generation during the year 2015-16 was 1335.956 TWh. From this, the 

power generated from coal based power plant was 943.013 TWh, hydro-power plant was 121.377 

TWh and nuclear power plant was 37.414 Twh. The available electricity for supply has grown 

from 639. 008 TWh in the year 2006-07 to 1104. 228 GWh in 2015-16, during this time interval 

the compound annual growth rate was 5.62%.  

Electricity forecasting has become one of the most important aspects of electricity utility 

planning. Moreover, an accurate forecasting is helpful in developing a power supply strategy, 

financing planning, marketing research and, of importance today, planning to use alternative 

energy or renewable energy of a country in the near future. The predicted consumption of 

electricity has increased from 455. 749 TWh during the year 2006-07, 948.52 TWh during 2014-

15 to 1001.191 TWh during the year 2015-16, compared to the year 2014-15 the consumption of 

electricity has increased was 5.55%. From the year 2015-16, the industrial sector accounted for the 

largest share of 42.30% followed by domestic sector 23.86%, agriculture sector 17.30% and 

commercial sector 8.59%.  

India is the sixth largest energy consumer in the world and accounting for 3.4 % of global 

energy consumption.  Due to India’s economic rise, the demand for energy has grown at an average 

of 3.6 % yearly over the past 30 years. Also, India is the sixth largest in terms of power generation. 
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About, 65 % electricity consumed is generated by thermal power plants, 22 % by hydroelectric 

power plants, and 3% by nuclear power plants and rest by 10 % from other alternate sources like 

solar, wind, biomass etc. The per capita power consumption in India is 733.54KWh/yr, which is 

very minimal as compared to global average of 2340KWh/yr.  

The sector wise electricity consumption as on March 31st 2017 is shown in figure 1. The 

total electricity consumption was accounted for 1066.268TWh, of the total EC, the 40.01% was 

consumed through industrial sector followed by domestic sector 24.32 % , agriculture sector 18.33, 

commercial 9.22 % traction 1.61 % and others 6.5% .  

 

 

Figure 1: Sector wise electricity consumption India as an 31 March 2017 

 

Agriculture plays an important role in economy of India. The Indian food industry is 

composed for enormous growth and food and grocery is the sixth largest market in the world, with 

retail contributing 70 percent of the sales. India is the second largest fruit producer in the World. 

For the last two decades, India was the largest producer of milk in the world and contributes 19 % 

of the total milk production in the world. As per Fourth Advance Estimates report released by 

Government of India, the production of food grains was reached 275.68 million tonnes in the 
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financial year 2016-17. Approximately 58 % of the rural households depend on agriculture as their 

principal means of livelihood.  So the prediction of agriculture sector (AS) EC is very important  

 

Theodoros Zachariadis and Nicoletta Pashourtidou [2] analyzed an energy consumption of 

residential and service sectors for Cyprus. Time series analysis method were applied for this study 

and used the data between the year 1960 and 2004. They performed the relationship between 

electricity use, income, prices and the weather.  Qingyou Yan et al [3] performed a prediction of 

long term load in Beijing. Data used in this study were 1973 to 2008. First examine the causality 

between economy and electric load, formed the equation using integration method and predicted 

the electric load in future time period. J.C. Palomares-Salas et al [4] used the ARIMA and Neural 

Networks for prediction of Wind Speed. They claimed that ARIMA model result is better than 

neural network technology   for short time-intervals to forecast. Imtiaz A K, et al [5] used Statistical 

Analysis for Evaluation and Forecasting of Long Term Electricity Consumption Demand, 

Malaysia. They reported that the model produces satisfactory results. Gholamreza Zahedi et al [6] 

have presented the application of adaptive neuro fuzzy network approach for electricity 

consumption estimation in Ontario province, Canada. Input data used in this model were 

employment, GDP, dwelling, population, hottest temperature and the coldest temperature of a day. 

They reported that the employment most affects the electricity demand. K. Panklib et al [1] 

predicted the electricity consumption in Thailand and  determined in their research study that the 

ANN technique were able to produce more precise prediction results than Multiple Linear 

Regression method because they do not have any equation form of this method, the learn the 

relationship between the input variables and predicted output variables. Kankal et al  [ 7 ] 

forecasted the energy consumption in Turkey using regression and ANN techniques. They 

concluded that compared to the regression analysis method ANN was better accuracy in terms of 

relative error and root mean square error. K. Panklib et al [8] proposed the ANN and Multiple 

Linear Regression method for Electricity Consumption Forecasting in Thailand. It was presented 

that the ANN approach was better for forecasting the electricity consumption.  

Artificial intelligence is widely used for nonlinear problems in many engineering such as 

computing, structure, medical electronics. Artificial intelligence often produces simple solution 

for complicated problems based on experience without using equations, formulas and derivatives. 
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The main objective of this existent research study is to present an alternative analysis of the 

predicting AS - EC of India based on economic indicators: population, per capita GDP and 

permanent crop land (% of land area), using an ANN. The structure of the research paper is as 

follows: section 2 presents the designates of ANN, section 3 examines the performance, section 4 

analyzes the result and discussion and section 6 presents the future prediction. Finally section 7 

concludes. 

2. ANN 

 ANN have been commonly applied in forecasting/prediction electricity/energy 

consumption problems such as in [1-3]. ANN is capable for framing the model to deal with the 

unknown relations between the input variables data set and output variable data set [12]. ANN, in 

which activations moved in a frontward path from the input layer to output layer through hidden 

layer, is called a multilayer feed forward network. Each data set has its own specific structure, and 

therefore decides the specific ANN structure. The number of neurons in the ANN involved in the 

input layer is equal to the input variables used in this research problem. The number of neurons in 

the ANN involved in the output layer is equal to the output/predicted variable used in this problem 

[13]. In this research work, three input variables are used, these are population, per capita GDP 

and permanent crop land (% of land area) and the predicted output variable is AS-EC. One of the 

most important parameters was the number of hidden neurons; it determines the efficiency of 

ANN. The number of hidden neurons in the layer depends on the specific problem and normally 

decide the ‘‘trial and error” [12]. The advantages of ANN are parallel processing, generalization 

and learning ability, help to solve complex problems exactly and flexibly. 

 

3. EXAMINING THE PERFORMANCE OF MODEL 

To analyze the performances of forecasting methods Mean absolute percentage error 

(MAPE) is used to analyze the predicted value results and actual values. MAPE index indicates an 

average of the absolute percentage errors; the lower the MAPE, the better the model. It is given by 

 

MAPE = (
1

𝑛
∑ |

(𝐴𝑖−𝑃𝑖)

𝐴𝑖
|𝑛

𝑖=1 )× 100  (1) 
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where Pi, Ai are the predicted and actual values, and ‘n’ denoted the total number of data in the 

testing set. 

MAPE measures the residual errors, which gives the variation among the forecasted and actual 

available output data variable. 

 

4.  RESULTS AND DISCUSSION  

The selection of the learning, training algorithm, activation function and number of neurons 

in the hidden layers decide the precision of an ANN technique. For finding the best result in term 

of minimum error between the forecasted predicted and actual output variable value, numerous 

tests were conducted. In this research work, three different learning algorithms are considered, 

these are Scaled conjugate gradient (‘trainscg’), Conjugate gradient back propagation with 

Fletcher-Reeves updates (‘traincgf’) and Levenberg-Marquardt back propagation (‘trainlm’) and 

the numbers of neurons in the hidden layer are varying their number from minimum two to ten 

with the step size of one. The hidden layers contains the neurons with activation function. 

Regarding the number of hidden neurons, since generalized rules has not been found [14]. So, 

determination the optimum number in the neurons in the hidden layer was calculated by using trial 

and error method. The forecasted AS-EC results in terms of MAPE are given in Table 1. 

Training algorithm 
2 3 4 5 6 7 8 9 10 

Hidden neurons 

Trainscg 4.861 2.715 1.485 2.260 2.132 2.546 2.127 2.609 2.373 

Traincgf 5.299 6.633 4.695 2.708 8.244 4.730 3.307 4.078 6.206 

Trainlm 4.377 2.593 2.059 3.046 2.205 2.444 2.118 2.078 2.532 

 

  Based on the obtained results given in Table 2, the architecture of ANN consist of, one 

input layer  with three neurons ( three input variables) , one hidden layer with four neurons having 

the  hyperbolic tangent sigmoid transfer function (‘tansig’); one output layer ( one output variable) 

with  gradient descent with momentum weight and bias learning algorithm (‘learngdm’) having 

one neuron. The training algorithm used in the present research study is Scaled conjugate gradient 
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(‘trainrp’) method.  The applications of ANN techniques results, MAPE and the differences among 

the available actual and predicted AS-EC (TWh) results are given in Table 2.  

 

 

 

 

Table 2: Actual and Predicted AS-EC 

Year  
Actual 

(Twh) 

Predicted  

(TWh) 
MAPE 

2006 99.023 96.777 2.269 

2007 104.182 105.771 1.525 

2008 109.61 109.665 0.05 

209 120.209 120.196 0.011 

2010 131.967 133.857 1.432 

1974 7.763 7.752 0.139 

1992 63.328 65.467 3.377 

2013 152.744 155.440 1.765 

2014 168.913 164.188 2.797 

Average MAPE 1.485 

 

5. Future prediction 

To predict the value of AS-EC, input variables used in the model such as  population, per 

capita GDP and permanent crop land (% of land area)  should be analyzed and the predict the 

future years between 2019 and 2030. The predicted values of selected input variables based on 

historical data are given in Table 3. Population is given in Million, per capita GDP in INR and 

permanent crop land in % of land area.  

Table 3   predicted values of input variables and output variable 

Year 
Population  

(Million) 

Per capita GDP  

 (INR) 

Permanent Crop 

land  

AS_EC   

(TWh) 

International Journal of Pure and Applied Mathematics Special Issue

267



` 

(% of land area) 

2019 1531.408 101708.257 4.695 203.382 

2020 1592.664 105776.587 4.775 211.721 

2021 1656.371 110007.650 4.856 220.402 

2022 1722.626 114407.956 4.939 229.438 

2023 1791.531 118984.275 5.023 238.845 

2024 1863.192 123743.646 5.108 248.638 

2025 1937.720 128693.391 5.195 258.832 

2026 2015.228 133841.127 5.283 269.444 

2027 2095.838 139194.772 5.373 280.491 

2028 2179.671 144762.563 5.464 291.991 

2029 2266.858 150553.066 5.557 303.963 

2030 2357.532 90418.270 4.464 316.425 

 

The future prediction of AS-EC for the years between from 2019 and 2025 using the 

applications of ANN model was considered. The forecasting has been made based on the predicted 

input variables (Table 3), the AS-EC was estimated for the time span between 2019 and 2030 using 

ANN is given also in Table 3. 

6. Conclusion  

Modeling and forecasting of AS-EC has a substantial importance in developing sustainable 

energy policies. In this research work, using the ANN  technique as modeling tool to map the three 

indicators as input variables such as  population, per capita GDP and permanent crop land (% of 

land area)) and AS-EC as the predicted output variable. The number of input variables was selected 

based on the correlation coefficient analysis. The input variables which have the highest impact 

on AS-EC normally considered. The results of the present study are helpful to give a new direction 

to the energy planning studies by policy designers, manufacturer of power system components and 

independent power producers among others. In 2030, the AS-EC of India may reach approximately 

316.425 TWh. In future, prediction of AC-EC can also be investigated with Extreme learning 

machine, support vector machine and reluctance vector machine and other hybrid techniques. 
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