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Abstract
Estimation of electric power load on electric power substation is an essential task for system operator in order to oper-
ate the system in a reliable and optimal manner. In this paper, machine learning with artificial neural network is used for 
forecasting the load at a particular hour of the day on an electric power substation. Historical load data at each hour of the 
day for the period from September-2018 to November-2018 is taken from 33/11 kV substation near Kakatiya University in 
Warangal. A new artificial neural network architecture is developed based on the approach used to forecast the load. The 
developed model is simulated in MATLAB with available historical data to forecast the load on 33/11 kV electric power 
substation. Based on the analysis it is observed that the proposed architecture forecasts the load with better accuracy.

Keywords Artificial neural networks · Electric power load forecasting · Machine learning · Mean square error · Mean 
absolute percentage error

List of symbols
L(D, t)  Load at Dth day and tth hour
L(D, t − 1)  Load at Dth day and (t − 1)th hour
L(D, t − 2)  Load at Dth day and (t − 2)th hour
L(D, t − 3)  Load at Dth day and (t − 3)th hour
L(t,D − 1)  Load at (D − 1)th day and tth hour
L(t,D − 2)  Load at (D − 2)th day and tth hour
L(t,D − 3)  Load at (D − 3)th day and tth hour
L(t,D − 4)  Load at (D − 4)th day and tth hour
MAPE  Mean absolute percentage error
MSE  Mean square error
y
Target

i
  Actual output

yPredicted
i

  Predicted output
m  Number of samples
R  Regression coefficient

1 Introduction

In order to maintain the balance between load demand 
and supply, electric power companies estimate the load. 
Electric power load forecasting becomes one of the core 
processes for planning periodical operations and expand-
ing facilities by power companies [1]. Active power load 
forecasting on a substation is classified into three catego-
ries based on time horizon like short term, medium term 
and long term load forecasting [2, 3]. Details of each type 
of load forecasting are presented in Table 1.

Short term electric power load forecasting is a very 
critical issue for proper operation and dispatch of power 
system in order to prevent frequent power failures. It is an 
important prerequisite for economic dispatch of genera-
tion units in power plants [4]. The short term active power 
load forecasting technique must be more accurate so that 
it helps users to select more optimal power consumption 
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scheme, to minimize production cost and to optimize 
resources of power system [5].

Artificial intelligence (AI) has become an integral part 
in many fields like waste generation [6, 7], automobiles, 
international business, educational institution [8], civil 
engineering applications [9, 10], medical [11], image pro-
cessing [12] and also, electrical power system applications 
[13]. AI analyze the system and make prediction based on 
previous available data.

AI techniques can be helpful to power system opera-
tor to trade electricity with maximum profit by predicting 
electric load and electricity price. AI techniques are also 
used to predict day-ahead electricity price. In [14], the 
authors predicted electricity price using various ANN mod-
els by considering input features like day type, hour indica-
tor, holiday indicator, electric load, renewable energy gen-
eration and natural gas price. Probabilistic methodology 
for predicting the hourly electric price is presented in [15]. 
In this the authors have used bootstrapping technique to 
implement uncertainty as this method takes very little 
computation time. A bi-level decision making framework 
is developed in [16] to estimate the electricity price so that 
power plant operator can trade electricity with maximum 
profit. A hybrid methodology by combining the wavelet 
transform, self-adapting PSO based kernel extreme learn-
ing machine (KELM) and auto regressive moving average 
(ARMA) is proposed in [17] to predict electricity price. A 
two stage programming is developed in [18] to address 
issues like distasteful congestion and locational marginal 
price. A game theoretical approach is developed in [19] to 
maintain the competition between micro-grid aggregators 
and distribution system operator such that profit among 
all players will be maximized. All these works provide good 
contribution towards trading in electricity market in the 
form of electricity price by various stakeholders of power 
sector like electric power distribution companies, large 
customers, generation companies and retailers. However, 
there is no contribution from these methods to predict the 
electric power load so that stakeholders will trade electric 
energy successfully in the energy market.

Many researchers have been working on active power 
load forecasting with different predictions methods 
and models. Prediction methods of load forecasting 
may be categorized into two categories as conventional 

prediction methods like regression analysis, time series 
methods and grey prediction methods, and novel arti-
ficial intelligence based prediction methods like artifi-
cial neural networks (ANN) and expert systems. In [20], 
authors have developed an ANN topology to estimate 
the electric load at a particular hour of the day using 
load data of last 4 h. A new ANN topology was devel-
oped in [21, 22] to predict the load at a particular hour 
of the day based on load data for last 4 h and load data 
at same hour for the last 2 days. A support vector regres-
sion model was developed in [23] to predict load; how-
ever, in this methodology, the authors did not consider 
the load on weekends.

In this paper ANN was used to forecast the load at a 
particular hour of the day, as ANN turned out to be the 
most accepted and essential model for clustering and 
forecasting in various applications. LevenbergMarquardt 
algorithm has been used to train the ANN. The proposed 
topology with learning algorithm is validated by com-
paring it with models developed in [20, 21].

The main objectives of this paper are as follows:

• Predict the load on a 33/11 kV substation with good 
accuracy

• Observe the uncertainty of the model in statistical 
framework

The main contributions in this work are as follows:

• New ANN topology is developed to predict the load 
with good accuracy comparing to existing models

• Real time load data is collected and processed such 
that no NaN values exist, making the data follow nor-
mal distribution.

• Performance of the model observed in stochastic 
framework is based on error uncertainty.

• Electric power load at particular time of the 
day L(D, t) has been forecast based on last 3  h 
l o a d  d a t a  (L(D, t − 1), L(D, t − 2), L(D, t − 3)) 
and load at same hour for the last 4  days 
(L(D − 1, t), L(D − 2, t), L(D − 3, t), L(D − 4, t))

• Optimal model that can be deployed is identified by 
tuning the number of hidden neurons in ANN model.

Table 1  Classification of load 
forecasting

Type of load forecasting Time horizon Purpose

Short term Few hours to days Schedule the electricity gen-
eration and transmission

Medium term Few weeks to months Schedule the purchase of fuels
Long term 1–10 years Develop the generation, 

transmission and distribu-
tion systems
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• The performance of model in terms of uncertainty in 
error and regression was observed and compared with 
a few existing models.

• The predicted load over 24 h time horizon with differ-
ent models including with the proposed is correlated 
with actual load in time horizon; the predicted load 
with the proposed model has more correlation coef-
ficient compared to predicted load with other models.

The remaining of the paper has been organized as follows. 
Section 2 deliberates on the ANN architecture design to 
forecast the load on substation. Section 3 presents result 
analysis using the proposed model and load data on 
33/11 kV substation in Warangal, and conclusions of this 
paper are described in Sect. 4.

2  Methodology

2.1  ANN architecture design

A new approach has been developed to forecast load at 
particular hour of the day. The approach is the load at par-
ticular hour of the day is estimated based on last 3 h load 
data and load data at the same hour for the last 4 days. 
Block diagram and ANN topology of the proposed model 
are presented in Figs. 1 and 2 respectively.

The proposed ANN model has a total of seven neurons 
in the input layer because load at a particular hour of the 
day is predicted based on seven features like load on last 
3 h and load on the same hour but for the last 4 days. The 
main goal is prediction of load at particular hour of the 
day and so the output layer consists of only one neuron. 
The number of neurons in the hidden layer is equal to 11 
which is randomly considered.

Performance of the neural network during training and 
testing is observed based on metric like mean square error 
(MSE) and mean absolute percentage error (MAPE) [24] 
as shown in Eqs. (1) and (2) respectively. Globally used 
statistical techniques were used for evaluating forecast/

prediction result such as mean square error (MSE) to meas-
ure the performance, final decision, and best model struc-
ture [7]. The non-linear activation used in each neuron in 
hidden and output layers is sigmoid activation [25].

In this model sigmoid activation function is used as there 
exist simple relationship between the value of the function 
and derivative value at any point. This reduces the compu-
tational complexity of the network [26]. The mathematical 
modeling of sigmoid activation is shown in Eq. (3).

Any machine learning model using ANN can be developed 
with a sequence of steps like data collection, data process-
ing, development of ANN architecture, training and testing 
the model to deploy it. Steps that are followed to develop 
optimal ANN model for this work are presented in Fig. 3.

3  Result analysis

Historical load data at each hour of the day for the period 
from September-2018 to November-2018 was taken from 
33/11 kV substation near Kakatiya University in Waran-
gal. This load data was used as a data-set to train and test 
the ANN. The time series data-set consists of a total 2184 

(1)MSE =
1

m

m
∑

i=1

(

y
Target

i
− yPredicted

i

)2

(2)MAPE =
1

m

m
∑

i=1

y
Target

i
− yPredicted

i

y
Target

i

× 100

(3)f (x) =
1

1 + e−x

Fig. 1  Block diagram for proposed approach

Fig. 2  ANN topology for the proposed approach
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samples which have been captured at sample rate of 1 h. 
Out of 2184 samples, 1444 samples were used for training, 
310 samples for validation and the remaining 310 samples 
for testing. LevenbergMarquardt based back propagation 
algorithm was used to train the proposed ANN model. The 
proposed ANN model has been implemented and tested 
in MATLAB [27] environment on i3 processor computing 
machine which has a processing speed of 3.65 GHz and 
RAM of 4 GB. It took less than one second to implement it.

3.1  Statistical information of load data

The time series load data of the period referred to the 
training and testing set is presented in Fig. 4. It has been 
observed that the load at each hour the day for given 
period is vary greatly. Statistical information of load data 
is presented in Table 2.

Figure 5 shows the distribution of load data in the speci-
fied time period from 01.09.2018 to 30.11.2018. It shows 
how many number of times a particular value of load is 
occurring over a specified period. Frequency refers to 
the number of instances the load value is appearing in 
the specified time period. It has been observed that load 
data distribution follows normal distribution with a mean 
value of 6028 kW and standard deviation of 1066 kW. Out 
of 2184 load samples in the specified time period, 95% of 
data points were falling between 5983 and 6072 kW.

Load data which was collected over a period from 
September-2018 to November-2018 was rearranged 

on a hourly basis. Statistical information of load at each 
hour of the day over the above mentioned time horizon 
is presented in Table 3.

Start

Prepare load dataset

Data processing

Develop ANN model based on approach

Model training

Model testing

Is testing
accuracy good?Improve Dataset Improve
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Deploy the model

Stop
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Fig. 3  Process to develop ANN model
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Fig. 4  Time series load data over 3  months from 01.09.2018 to 
30.11.2018 on 33/11 kV substation
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Fig. 5  Distribution of load over 3  months from 01.09.2018 to 
30.11.2018

Table 2  Statistical description 
of load data

Statistical information

Count 2184
Mean 6028.125
SD 1066.399
min 3377.92
25% 5258.768
50% 5935.91
75% 6738.692
max 8841.669
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3.2  Performance of the ANN model

ANN architecture was developed in MATLAB by consider-
ing different numbers of hidden neurons in the hidden 
layer. The performance of the network was observed 
at different hidden neurons in terms of MSE and R. The 
architecture which has better performance, i.e. one with 
low MSE and high R was considered to predict the load. 
The performance of the network at different number of 
hidden neurons is presented in Table 4. In this paper, an 

Table 3  Statistical information of load at each hour of the day

Time 0:00 1:00 2:00 3:00 4:00 5:00

Count 91 91 91 91 91 91
Mean 5810.451 5698.608 5738.325 5941.613 5907.223 5822.543
SD 651.1365 607.5749 639.101 1028.879 1048.045 863.3072
min 4315.538 3945.635 4451.933 3926.617 3788.508 4207.513
25% 5395.63 5309.663 5221.902 5199.377 5158.225 5075.063
50% 5673.408 5654.235 5744.178 5864.206 5709.884 5725.94
75% 6088.829 6059.289 6136.684 6675.093 6815.619 6544.154
max 7647.473 7115.922 7611.932 7769.059 8024.702 8053.696

Time 6:00 7:00 8:00 9:00 10:00 11:00

Count 91 91 91 91 91 91
Mean 5915.042 6225.603 6136.922 6171.44 6546.838 6369.245
SD 871.0938 993.53 929.3087 837.9327 882.4954 982.5019
min 4298.703 3839.948 4155.137 3907.912 3466.148 3613.922
25% 5147.158 5400.93 5306.935 5587.83 5991.092 5794.917
50% 5831.159 6471.202 6354.604 6252.659 6464.344 6389.833
75% 6657.167 6883.895 6761.919 6687.252 7245.536 6980.704
max 8087.678 8325.551 7993.838 8401.932 8487.666 8755.156

Time 12:00 13:00 14:00 15:00 16:00 17:00

Count 91 91 91 91 91 91
Mean 6244.033 6127.326 6326.9 6363.584 6253.365 6053.945
SD 991.6653 1093.987 1229.21 1573.495 1600.583 1541.331
min 4048.827 3581.655 3515.094 3377.92 3377.92 3446.507
25% 5614.486 5338.266 5471.692 5176.463 5046.303 4749.586
50% 6263.57 6258.582 6494.584 6075.579 5969.425 5586.739
75% 6824.193 6856.46 7252.473 7978.406 7981.68 7681.455
max 8504.813 8665.369 8841.669 8824.367 8754.377 8648.378

Time 18:00 19:00 20:00 21:00 22:00 23:00

Count 91 91 91 91 91 91
Mean 5963.614 5867.746 5877.603 5805.716 5671.137 5836.185
SD 1388.287 1199.225 1052.943 886.4026 503.9632 663.7953
min 3583.681 4051.321 3381.193 4269.553 4655.824 3910.406
25% 4875.147 4839.918 5074.985 5118.554 5294.62 5407.165
50% 5429.612 5604.198 5830.38 5692.582 5722.043 5744.49
75% 7373.124 6903.769 6669.638 6282.821 5994.132 6282.977
max 8710.574 8410.505 8045.746 8701.533 6746.331 7699.693

Table 4  Performance of the 
ANN

Hidden 
neurons

MSE R

9 0.24 0.87
10 0.26 0.87
11 0.2 0.89
12 0.24 0.87
13 0.23 0.88
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architecture with 11 hidden neurons, low MSE (0.2) and 
high R (0.89) is considered as optimal model.

The performance of the optimal model with 11 hid-
den neurons is observed based on MSE. Training MSE of 
the model is 0.2 and validation MSE is 0.26. The perfor-
mance plot of the model at each level (Training, Valida-
tion and Testing) is presented in Fig. 6. Regression plot 
with training, validation and testing data is presented in 
Fig. 7. The values of regression coefficients for training, 
validation and testing are 0.89,0.85 and 0.8 respectively 
and these are acceptable as these values are near to one. 
Error histogram plot with training, validation and testing 
data is presented in Fig. 8 and it is observed that all the 
errors show normal distribution.

After successfully training the network, deployable 
ANN model is generated with SIMULINK as shown in 
Fig. 5. Actually deployable model provides output in 
terms of normalized values. So actual predicted load was 
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observed after de-normalizing the output of ANN. This 
is incorporated as shown in Fig. 9.

3.3  Prediction of load using ANN model

24  h load on Kakatiya University in Warangal is pre-
dicted using trained ANN model. The comparison of 
both actual load and predicted load for the time hori-
zon 24 h is presented in Fig. 10. Based on the analysis 
it has been observed that predicted load was almost 
following the actual load. Based on the predicted val-
ues, testing performance of the model was measured in 
terms of mean absolute percentage error and its value 
was 9.21%.

3.4  Comparative analysis

In order to validate the proposed model with Levenberg-
Marquardt based back propagation algorithm, the pro-
posed model was compared with the approach proposed 
in [20] for load forecasting. Based on the analysis it was 
observed that the proposed method predicts the load 
which is more correlated to actual load when compared 
to the approach proposed in [20]. The correlation coeffi-
cient of predicted data with the proposed model is 0.6237, 
whereas correlation coefficient of predicted load data with 
the model proposed in [20] is 0.3852. The predicted load 
pattern for 24 h time horizon with the proposed method 
is compared with actual load, and the load predicted with 
the approach proposed in [20], and this comparison is pre-
sented in Fig. 11.

The developed optimal model is again compared with 
the model proposed in [21] where authors have estimated 
the load at particular hour of the day based on last 3 h load 
data and load data at same time but for the last 4 days. 
The predicted load pattern for 24 h time horizon with the 
proposed method is compared with actual load, and the 
load predicted with approach proposed in [21], and this 
comparison is presented in Fig. 12.

The proposed model is again compared with models 
developed in [20, 21] in terms of MSE and R (Regression 
Coefficient) as presented in Table 5. From Table 5, it has 
been observed that the proposed model is performing 
better than existing models [20, 21].

The performance of the proposed model is also 
observed in stochastic environment in terms of MSE and 
R. To achieve this, the proposed model and existing mod-
els were also trained and tested 8 times with the same 
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load data and uncertainty in MSE and R was observed. The 
model with weights at best MSE and R values was used for 
testing, and the best MSE and R values of each model are 
presented in Table 5.

Uncertainty in regression coefficient (R) over 8 execu-
tions is measured in terms of statistical parameters like 
mean and standard deviation, and is presented in Table 6. 
The proposed model has the best mean value in com-
parison with both models proposed in [20, 21]. However 

standard deviation of R values from its mean value is 
almost same in all the models.

Uncertainty in mean square error (MSE) over 8 execu-
tions is measured in terms of statistical parameters such as 
mean and standard deviation, and is presented in Table 7. 
The proposed model has best mean value i.e. 0.225 in 
comparison with both models proposed in [20, 21] which 
have 0.25 and 0.297, respectively. However standard devia-
tion of MSE values from the mean value for the proposed 

Fig. 10  Comparison of pre-
dicted load with actual load
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model is same when compared to [21], and lower in com-
parison with [20].

4  Conclusion

Short term load forecasting is one of the key issues in 
energy trading markets. Distribution companies and 
industries are able to predict and quote reasonable 

amount of power in energy exchange. The proposed 
model can be helpful to distribution companies and indus-
tries to predict actual load with reasonable accuracy. Real 
time load data was collected and processed such that no 
NaN values exist, making data follows normal distribution.

A new approach was developed to predict load based 
on last 3 h load data and load data at same hour for the 
last 4 days. Artificial neural network topology was devel-
oped to predict the load based on the proposed approach. 
LevenbergMarquardt based back propagation algorithm 
was used to train the proposed ANN model. The proposed 
ANN model has been implemented and tested in MATLAB 
environment.

The ANN model developed predicts the load with good 
accuracy. The proposed ANN model had training MSE 
of 0.2 and validation MSE of 0.26. Testing accuracy was 
measured in terms of MAPE which was equal to 9.21%. The 
developed model was compared with models available in 
literature in terms of regression coefficient. The proposed 

Fig. 12  Comparison of 
proposed model with model 
proposed in [21]
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Table 5  Comparison in terms of MSE and R

Model MSE R

Training Testing

Proposed model 0.2 0.32 0.89
[21] 0.23 0.44 0.87
[20] 0.29 1.59 0.84

Table 6  Statistical validation of proposed model in terms of regres-
sion coefficient (R)

Parameter Proposed [21] [20]

Count 8 8 8
Mean 0.87625 0.8675 0.83875
SD 0.01 0.01 0.011
min 0.86 0.86 0.82
25% 0.875 0.86 0.83
50% 0.88 0.87 0.84
75% 0.88 0.87 0.85
max 0.89 0.88 0.85

Table 7  Statistical validation of proposed model in terms of MSE

Parameter Proposed [21] [20]

Count 8 8 8
Mean 0.225 0.25 0.2975
SD 0.01 0.01 0.02
min 0.2 0.24 0.28
25% 0.2175 0.2475 0.28
50% 0.22 0.25 0.295
75% 0.235 0.2525 0.305
max 0.25 0.26 0.33
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model had regression coefficient of 0.6237 whereas the 
model proposed in the literature had regression coefficient 
0.3852. The performance of the model in terms of uncer-
tainty in error and regression was observed and compared 
with existing models.

The approach to predict the load using ANN model can 
be used in other research areas in power systems like LMP 
computation, effective trading in energy market, power 
system deregulation, etc. This work to predict load can be 
further extended by considering the sequential networks 
and by considering week days and weekends.
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