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Abstract: In current scenario of various electrical profiles like 

load profile, energy met profile, peak demand, etc. are very 

complex and therefore affected proper power system planning. 

Electrical forecasting is an important part in proper power system 

planning. Classical models, i.e., time series models and other 

conventional models are restricted for linear and stationary 

electrical profiles. Consequently, these models are not suitable for 

accurate electrical forecasting. In this paper, artificial neural 

network (ANN) based forecasting models are proposed to forecast 

hydro generation, energy met and peak demand. Auto-regressive 

(AR), moving average (MA), Auto-regressive Moving average 

(ARMA) and auto-regressive integrated moving average (ARIMA) 

are also developed to show the effectiveness of ANN based models 

over time series models. Additionally, best selection of hidden 

neurons in ANN is also shown here. 

 

Keywords: Artificial neural network, mean absolute percentage 

error, power system planning. 

I. INTRODUCTION 

Electricity does not only help in making human’s life 

luxuries, but it fulfills as a basic need of human’s life. Thus, 

it is backbone of a country in terms of economic and 

technological development. Furthermore, it can be 

considered as a boon as we cannot feel our existence 

without it. From technical side of view, its scarcity or 

abundance, both are non-economical for electricity 

industries [1]. Electrical engineers continuously attempt to 

maintain proper balance between demand and generation of 

the electricity. For the same they need to sketch a proper 

electrical operational planning. Electrical forecasting is an 

important tool in this task [2]. In recent decades, our 

dependency is heavily increased on electricity, resulting in 

a more complex load profile in comparison to the profiles a 

decade before. Therefore, it is the demand of time that more 

sophisticated and accurate forecasting models need to be 

developed to help the utility corporation in their operation 

and management of the quality and continuous supply to their 

customers despite recent complex and non-linear electricity 

profiles. A non-accurate forecasting may results in system 
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breakdown, malfunctioning, client discontentedness 

economic and reputation loss, etc. Time series models [3]  

has been very popular and being used at many places now a 

days as conventional forecasting models.   
 

Keyhani and El-Abiad were the foremost to develop 

short-term forecasting model by proposing Auto-Regressive 

Moving Average (ARMA) model in 1975 [4]. Regression 

method, statistical tools, time series were explored time to 

time to predict various electric profiles/ parameters [5].  

In recent years/ decades, Artificial Intelligence (AI) based 

models drew large attention of researchers over conventional 

time series models [6], providing promising results. Various 

hybrid approaches were proposed by various researchers as 

listed in Table-1 to develop forecasting models. 

TABLE-1: Various Hybrid Forecasting Approaches 
Forecasting model/ approach Year 

STLF using fuzzy and an evolutionary algorithm [7] 2010 

MTLF for weighted evolving fuzzy NN [8] 2011 

Price forecasting using hybrid model [9] 2012 

Predicting power production using Wavelet Transform and Fuzzy 

ARTMAP [10] 

2013 

A hybrid model used for day-ahead electricity [11] 2014 

To investigates the effectiveness of different machine learning 

algorithms[12] 

2015 

STLF using hybrid neural networks [13] 2016 

STLF using  NN model combined with ADF test [14] 2017 

STLF and MTLF using GA [15] 2018 

In this paper following electrical parameter profiles of India 

are used as historical data and concerned forecasting models 

are developed. 

(a) Daily hydro generation profile 

(b) Daily energy met 

(c) Daily peak demand 

Looking at several advantages of AI based forecasting 

techniques; this manuscript proposes ANN based forecasting 

models to predict above profiles. ANN has the capability of 

fault tolerance, adaptive, non-linear modeling, etc [16]. A 

popularly known and effective training algorithm, i.e., 

Levenberg-Marquardt is used to train the ANN. The 

forecasting results obtained from ANN based forecasting 

models are compared with classical AR, MA, ARMA and 

ARIMA, models, to show superiority of ANN over it. To 

measuring performance parameters of the model mean 

absolute percentage error (MAPE) is used [17]. There are 

different kinds of parameters influencing the prediction, i.e., 

environmental population, econometric information, power 

supply & cost, selling of electrical appliances and a few 

alternative random disturbances. 
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As years passed, load patterns become extremely 

mismatched due to increasing electricity demand, human 

dependency on electricity. [18]. 

In Section II, case under consideration is discussed. Section 

III provides brief description of ANN architecture and other 

details related to develop forecasting model. All the 

simulation information and forecasting results are discussed 

in Section IV. The results are then concluded and analyzed in 

Section V. 

II.  CASE UNDER CONSIDERATION 

Daily electricity data has been collected for India from 01 

April, 2012 to 31 July, 2018 of hydro generation (in million 

units) of a power plant, Energy Met (in million units) and 

peak demand (in mega watt) [19] to develop short-term 

forecasting model. In this manuscript, simulation results of 

conventional models, i.e., AR, MA, ARMA and ARIMA 

with artificial neural network model for the electric 

forecasting are compared. Additionally, the best selection of 

hidden layer neurons with minimum forecasting error is also 

discussed. The first 2297 days is employed for training and 

validation purpose; however, remaining fourteen days is 

saved for testing purpose. The variations of various data sets, 

i.e., daily hydro generation, daily energy met, and daily peak 

demand are depicted in Figs. 1-3.  

 

Fig. 1.  Actual hydro-generation data (MU)  of India 

 

Fig. 2.  Actual energy met data (MU) of India 

 

Fig. 3.  Actual peak demand curve (MW) of India 

It is obvious from the figures that the profiles are non-linear 

in nature and cannot be accurately forecasted using 

conventional forecasting models. 

The developed ANN based forecasting models are in detail 

discussed in subsequent section. 

III. FORECASTING MODELS 

There are various techniques used for prediction of future 

data. Few of them are discussed here and used to develop 

forecasting models. 

A. Conventional Models 

These models are popularly known and utilizing by many 

researchers for forecasting. These models used previous data 

for predicting future data.  

Auto-Regressive (AR) model 

Each time series has some kind of dependency on its past 

data. AR model is realized by identifying its order using 

partial auto correlation. It is denoted as (AR)p and it is 

defined by (1) [26]. 

1

p

t i t i t

i

Z c Z −

=

= + +                                                

(1) where, 1 ,…, p  are the parameters of the model, c is 

constant, and t  is white noise. 

Moving Average (MA) Model 

It provides the averages, laying within the specified 

moving window. This method is extremely helpful for 

prediction of short trends. [28] It is denoted as (MA)q and it 

is defined by (2) 

1

q

t t i t i

i

Z     −

=

= + +                                          (2) 

where, 1 ,…, 2 are the parameters of the model,   is the 

expectation of the Xt  and t  is white noise. 
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Auto Regressive Moving Average (ARMA) Model 

It is the combination of (AR)p and (MA)q models and it is 

defined by (3) [27] 

1 1

p q

t t i t i i t i

i i

Z c Z   − −

= =

= + + +                              (3) 

Auto-Regressive Integrated Moving Average (ARIMA) 

Model 

It is a generalize form of a time series model without 

seasonality. It is used for the time series that need to be 

made stationary by integrating [27]. 

 

t 1 t 1 p t p 1 t 1 q t q
       c                 Z Z Z     

− − − −
= + ++ − −−     (4) 

Where, c is constant, 
1
......

p
   is parameter of AR model,  

1
......

q
   are parameter of MA model,  is white noise. 

B. Brief Details of ANN 

ANN is first proposed in 1943. It consists of multiple nodes 

(i.e., neurons), reflecting biological neurons of a human 

brain. These nodes are massively interconnected by links 

having various weights. These nodes can receive input 

information and perform operations on it. The output of 

these operations is passed to successive neuron(s). The 

output of a neuron depends upon the activation function of 

the neuron [20]. ANNs has the capacity to learn that takes 

place by changing weights values of the interconnections. 

If the network creates a desired output there is no need to 

change the weights; in other words the network is treated as 

trained. On contrary, a network, creating undesired output 

needs weights updating or training using appropriate 

training method [21].  An ANN has the capability to 

modeling non-linear relationships. It doesn’t impose any 

restrictions on the input variables. ANN has good 

generalization ability. [22] 
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Fig. 4.  Basic architecture of FFNN 

Feed Forward Neural Network (FFNN) 

As the name reflects, the flow of information in this kind of 

network is in forward direction only. The basic architecture 

of FFNN is shown in Fig.1. While developing ANN 

forecasting model, six inputs, i.e., In1, In2, In3, In4, In5, In6, and 

one output are selected. Complying with this, 6-20-1 

structure of ANN is selected, implying 6 input neurons, 20 

hidden layer neurons, and one output neurons. The activation 

functions used for hidden neuron are sigmoid and for input & 

output layers are linear. W1 and W2
 are the weights of the 

hidden and output layers.  [23] 

Training Patterns for ANN 

The correct sequence is required for training data. To 

forecast the energy E(t) at time index t, Input vector I(t) 

consists of 6 inputs as [E(t-k), D(t)], where, 

k=[1,7,14,21,28] and D(t) denoted day type parametric 

value, i.e., value corresponding to Sunday, Monday, etc. at 

kth
 day. E(t) is received from the output. [24]. 

Mean Absolute Percentage Error (MAPE) 

MAPE is used for testing accuracy of forecasting. It can be 

calculated by [25] 

| |1
*100A F

A

E E
MAPE

N E

−
=                                           (5) 

In (5), N is forecasted energy to calculate error, EA is actual 

energy and EF forecasted energy corresponding to EA. 

IV. RESULTS AND DISCUSSION 

In this section, forecasting results of energy met (million 

units), hydro generation (million units) and peak demand 

(mega watt) using conventional models, i.e., AR, MA, 

ARMA & ARIMA and artificial intelligence, i.e., ANN are 

presented. Additionally, the best selection of hidden neurons 

is also mentioned in this section. It can be seen from the 

results that conventional models do not provides an accurate 

forecasting as comparison to ANN models. ANN models 

provide more accurate results. 

A. Conventional Model Results 

In this part, forecasting results of energy met, hydro 

generation and peak demand using conventional models, i.e., 

AR, MA, ARMA and ARIMA are presented. It can be seen 

from Figs. 5-8. The MAPE of various data profiles using 

conventional models is also presented in Table 2.  

 

(a) 
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(b) 

 

(c) 

Fig. 5.  Actual and forecasted (a) hydro generation (MU), (b) 

energy met (MU), and (c) peak demand (MW), all 

using AR models 

 

(a) 

 

 

(b) 

 

(c) 

Fig. 6.  Actual and forecasted (a) hydro generation (MU), (b) 

energy met (MU), and (c) peak demand (MW), all 

using MA models 

 

(a) 
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(b) 

 

(c) 

Fig. 7.  Actual and forecasted (a) hydro generation (MU), (b) 

energy met (MU), and (c) peak demand (MW), all 

using ARMA models 

 

 

(a) 

 

(b) 

 

(c) 

Fig. 8.  Actual and forecasted (a) hydro generation (MU), (b) 

energy met (MU), and (c) peak demand (MW), all 

using ARIMA models 

 

TABLE-2 MAPE Obtained From Conventional Models for Various Data 

 

S. No. 
Data 

Profile 

MAPE 

AR MA ARMA ARIMA 

1. EM 2.8365 14.6097 2.6034 2.60 

2. HG 3.7568 28.9340 3.9112 8.27 

3. PD 2.9504 12.4897 2.8524 3.42 

EM=Energy Met (MU); HG=Hydro-Generation (MU); PD=Peak Demand (MW) 

 

Fig. 5(a, b, c) – Fig.8(a, b, c)  shows actual and forecasted 

hydro generation, energy met and peak demand. It is shown 

in TABLE 2 that ARIMA is better than other time series 

models, i.e. AR, MA and ARMA because ARIMA MAPE is 

minimum in comparison to other time series models. 

B. ANN Model Results 

The proposed methodology, Feed Forward Neural Network 

is used to develop short-term forecasted models for Energy 

Met (MU), Hydro Generation (MU) and Peak Demand (MW) 

of India.  
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FFNN have 6 input neurons (Ni), 20 hidden neurons (Nh) and 

1 output neuron (No). The actual & forecasted, performance 

and regression results are shown in Figs. 9-11. The forecasted 

days for all profiles are 14 days. These forecasted models are 

applicable for both linear and non-linear load profiles. This 

method gives better results as comparison to conventional 

methods. Additionally, Table 3 has shown the best selection 

of hidden neurons for developed forecasting models which 

give minimum errors. 

 

Fig. 9.  Actual and forecasted hydro generation (MU) using 

ANN 

 

Fig. 10.  Actual and forecasted energy met (MU) using 

ANN 

 

Fig. 11.  Actual and forecasted peak demand (MW) using 

ANN  

TABLE-3 MAPE Obtained Using ANN Model At Different Hidden 
Neurons Of Various Data 

S. No. Nh MAPE 

EM HG PD 

1 15 4.3179 5.9292 3.0199 

2 16 3.0385 3.8391 3.6996 

3 17 3.0841 5.2905 3.0269 

4 18 2.7095 9.9737 3.1357 

5 19 3.4044 4.9159 3.0856 

6 20 2.4122 2.7667 2.7240 

7 21 2.6118 5.3102 3.0599 

8 22 2.7217 7.6998 3.7672 

9 23 2.9346 9.1982 4.7843 

10 24 3.0826 11.2528 6.7562 

11 25 3.9141 12.1485 4.7695 
HG=Hydro-Generation (MU); EM=Energy Met(MU)); PD=Peak Demand 

(MW) 

Fig. 9-11 shows actual and forecasted hydro generation, 

energy met and peak demand. It is found in TABLE 3 that 

ANN models with twenty hidden neurons are better than 

other number of hidden neurons because MAPE of twenty 

hidden neurons is minimum. 

V. CONCLUSION 

In this paper an accurate short-term electric forecasting 

models for hydro generation, energy met and peak demand of 

India are developed using conventional methods, i.e., AR, 

MA, ARMA & ARIMA, and artificial intelligence technique 

i.e. ANN. It is found that accuracy of developed forecasted 

models is improved by using ANN methodology in 

comparison to conventional models. Additionally, proper 

selection of hidden neurons is also shown here. Thus, it is 

found that 20 hidden neurons gives minimum error in 

comparison to other number of hidden neurons. 
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