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	 Abstract—Electricity consumption curves are 
highly non-linear as many external factors affect 
the electricity consumption. Artificial Neural  
Networks (ANNs) are popular in electricity load 
forecasting since its pattern recognizing and  
learning abilities of data. Training ANNs are  
important as it directly affects the forecasts.  
However, backpropagation training algorithm 
likely to stops at local minima. Therefore, this  
research uses Particle Swarm Optimization to train 
an ANN for forecasting short-term load demand 
in Thailand. One-year training data is used to 
forecast the days in 2013. Forecast are evaluated 
in terms of the Mean Absolute Percentage Error 
(MAPE). Monthly, yearly, weekdays’, Mondays’, 
weekends’, holidays’, and bridging holidays’  
average MAPEs from PSO are compared with 
MAPEs from backpropagation training algorithm. 
Average MSPEs show that PSO outperforms  
backpropagation for training ANNs in short-term 
load forecasting.

	 Index Terms—Short-Term Load Forecasting,  
Artificial Neural Networks, Backpropagation, 
Particle Swarm Optimization.

I. Introduction
	 Short-Term Load Forecasting (STLF) helps on 
making decisions related to the utility activities  
such as fuel purchasing, maintenance scheduling, and 
generator scheduling [1]. STLF is one of the three 
categories of electricity forecasting where it targets 
on forecasting one hour to one-day electricity  
consumption [2]. However, time series patterns  
appearing in each of these categories are different [3]. 
Forecasting techniques are divided into sub-groups 
considering the usage of data [4]. Time series  
forecasting techniques use only the historical data to 
forecast the future electricity consumption. External 
factors such as temperature variations can be included 
to forecast the future electricity consumption with 
causal forecasting techniques. Therefore, causal  
forecasting techniques are popular among the  
researchers due to their promising forecasting  

outcomes. Some of the well-known causal forecasting 
techniques are Multiple Regression models, Bayesian 
techniques, Artificial Neural Networks (ANNs), and 
Support Vector Machine.
	 ANNs are widely used in the forecasting field due 
to the easiness of understanding the concept. ANNs 
can recognize and learn the non-linear patterns in data 
series. Weights and bias of ANNs are adjusted based 
on the patterns in the training data sets before it works 
with the unseen data. The ANN architecture has been 
evolved over the years where the Feed forward  
neural network is the based and the most common 
ANN architecture to use with many applications [5]. 
Advantages and disadvantages of these ANN based 
techniques are discussed in [6].
	 One of the ways to show the forecasting performance 
of ANN is comparing the forecasting outcomes of 
ANN with other techniques. ANNs’ forecasts are 
compared with the forecasts from Support Vector 
Machine (SVM) in [3] to show that ANN performs 
better in their research. The same conclusion is made 
in [7] when ANN compared with the Box-Jenkins 
method. Considering the case of Ireland electricity 
demand forecasting, [2] identifies that ANN is better 
to forecast all three time horizons: Short-Term Load 
Forecasting (STLF), Medium-Term Load Forecasting 
(MTLF), and Long-Term Load Forecasting (MTLF).
	 Since, ANN requires a large number of data and 
time during the training phase, it is considered as  
a disadvantage. As forecasts depend on the ANN’s 
parameters and initial values of weights and bias, 
continuous monitoring is required to get accurate 
forecasting outcomes. Backpropagation is the most 
common training algorithm for adjusting the weights 
and bias of ANNs [8-11]. Since it is a gradient search 
algorithm, Backpropagation has its inherent training 
drawback that it can trap in local minima during the 
training process [8, 12,13].
	 Drawback of using Backpropagation to train ANNs 
for forecasting short-term load demand is addressed 
in this research by integrating ANN with Particle 
Swarm Optimization (PSO). Considering the ability 
of solving complex non-linear objective functions 
with PSO [14], several attempts, where it is used to 
train ANNs for STLF, can be found in [15-17]. The 
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concept of using PSO to train the ANN for SLTF is 
practically applied for the case of Thailand using  
the data from Electricity Generating Authority of 
Thailand (EGAT).
	 The rest of the paper is arranged as follows: in the 
next three sections, basics of ANN, Backpropagation, 
and PSO are explained, respectively. Design of  
experiment including data cleaning, data arrangement, 
ANN arrangement, and training ANN using  
Backpropagation and PSO is explained before discuss 
the results and make the conclusion.

II. Artificial Neural Networks
	 Basic components of ANNs are input and output 
nodes, hidden layers, hidden neurons, weights that 
connect each node of the adjust layers, and bias  
in hidden neurons and output nodes. All these  
components are illustrated in Fig. I.

Fig. I. Basic ANN structure

	 The given basic ANN structure has X1, X2, X3,….
Xn input nodes, Y1, Y2, Y3,….Ym output nodes,  
L hidden layers, and N1, N2, N3,….NL hidden  
neurons in each hidden layer, respectively. Weights 
that connect the Layer (L-1) and Layer (L) indicate 
as WL. As given in the fig. W 1, represents the weights 
that connect inputs and the hidden nodes in the  
1st hidden layer and W L+1 represents the weights  
that connect nodes in Layer (L) and output nodes. 
Therefore, W 11,1 is the weight that connects first input 
node and the first hidden neuron of Layer 1 and W 1n,N1 
is the weight that connects nth input nodes and the 
N1th hidden neuron of the Layer 1. All these weights 
are adjusted to get the minimum training error between 
the target outputs and the network’s output for the 
training inputs. There are different training algorithms 
to minimize the training error and they take each 
weight to an optimum value at end of the training 

iterations called epochs.

III. Backpropagation
	 Backpropagation is a supervise training algorithm 
where it uses a target series to adjust the weights and 
bias. It can be easily found in many ANN related 
research as it is easier to use than other training  
algorithms [8-11].
	 Training inputs move through the randomly initiated 
weights to get the ANN output. These outputs are 
compared with the target series to calculate the  
training error. Training error is propagated back to 
the input layer for adjusting the weights and complete 
the first training cycle. This process runs until the 
training error reaches to the predetermined minimum 
error or the number of training cycles.

IV. Particle Swarm Optimization
	 Each particle in PSO is a set of weights that gives 
different outputs for the training inputs. The fitness 
of each particle is the Mean Squared Error between 
the training output for that specific weights and the 
target series. Weights in each particle are updated to 
minimize the training error.
	 After evaluating the fitness of all the particle, PSO 
updates the personal best (pbest), where the best  
fitness of each individual particle that has obtained 
thus far and the global best (gbest), where the best 
fitness that obtained by any particle for the whole 
particle set.
	 Based on the pbest and gbest of the current  
population, the velocity and potion of each particle 
are updated for the next generation as given in  
Eq. (1) and (2), respectively.

� (1)

� (2)

	 V i(t) and X i(t) are the velocity and position of ith 
particle at generation t, respectively. p and g represent 
the position of the pbest and gbest, respectively. w is 
the inertia weight which defines the effect of current 
velocity for the next generation. rand1, rand2 are 
random values between 1 and 0 and c1, c2 are learning 
factors which have to be predetermined.

V. Design Of Enxperiment
A. Data Cleaning
	 The data population includes data from March 2009 
to December 2013. A sample data set is selected to 
forecast all the days in 2013 using one year training 
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data. Holidays, bridging holidays, and other outliers 
due to missing values or measurement errors change 
the regular patterns appearing in the historical data. 
Including the abnormal data in the training data set 
weakens the forecasting accuracy. Therefore, these 
abnormal data of the data gathered by Electricity 
Generating Authority of Thailand is removed.
	 Data cleaning process is started removing the  
calendar holidays within the sample data period. 
These holidays’ data are replaced with the weighted 
moving average as given in the following equation.

� (3)

	 Where Lt (d) and L′t (d) are actual and the estimated 
load data on day d at time period t. w1 and w2 are  
the weight parameters and set to be 0.7 and 0.3,  
respectively. Then the B’ holidays which is a day 
between two holidays or between a holiday and a 
weekend are estimated using the same equation that 
used to estimate the holidays demand.
	 With the purpose of recognizing other outliers  
easily and accurately, data are separated into different 
time-windows considering the similar consumption 
behavior of similar time periods on similar days. 
Since there are 7 days per week and 48 time periods 
for each day, data are divided into 7 48 time-windows 
as below.

� (4)

	 Where d ∈{d’,d’-7,…,d’-7m}, d’ is the last 7 days 
in the data set and m is the number of weeks for each 
day, d (m = 105 when d = Sunday, Monday, and  
Tuesday. m = 104 when d = Wednesday, Thursday, 
Friday, and Saturday). Then the standard deviation 
of each time-window, and the four-period moving 
average are used to create the time-window based 
filtering band, as given in Eq. (5).

� (5)

	 All the data lying outside the time-window based 
filtering band are identified as the outliers and  
replaced by the weighted mowing average as given 
in Eq. (3).

B. Data Arrangement
	 One year data is prepared to forecast all the days 
in 2013. Each time period t of each day d is forecasted 
separately using four inputs to the ANN: previous 
week’s, same time period’s load L′t (D - 7), previous 
day’s, same time period’s load L′t (D - 1), previous 
day’s, same time period’s temperature T ′t (d), and the 
same day’s, same time period’s temperature . Since, 

the target series consists with similar days, only 52 
training sets are used to forecast the time periods of 
Sundays and Mondays. Time periods of all the other 
days are forecasted using 51 training sets.

C. ANN arrangement
	 The ANN structure consists with four input nodes 
and one output node according to the data arrangement. 
One hidden layer with four hidden neurons is included 
in the ANN so the total number of weights and bias 
equal to 25: 16 weights to connect the inputs nodes 
and the hidden neurons, 4 bias in hidden neurons,  
4 weights to connect hidden neurons and the output 
node, and the bias of the output node. The suggested 
ANN structure according to the above parameters is 
illustrated in Fig. II.

Fig. II. The suggested ANN structure

D. Training ANN with Backpropagation
	 Once the data and the network are ready, weights 
and bias of the network can be adjusted by  
backpropagation training algorithm. The place, where 
the training algorithm should stop, has to be defined 
early. The minimum training error (Mean Squared 
Error between the network outputs and target series) 
and the maximum number of training cycles are  
considered as the stopping conditions. These values 
are set to 0 and 1000, respectively, expecting the 
maximum training performances.

E. Training ANN with Particle Swarm Optimization
1) Encoding
	 Weights and bias of the network should have  
specific places in each particle. The process of placing 
these weights and bias in particles are called encoding. 
Since the total number of weights and bias of the 
suggested ANN is 25, each particle should have the 
same number of elements in them. Each of these 
weights and bias are placed in particles as given in 
Table I.
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TABLE I
Encoding weights and bias into particle

Weights/Bias Elements

W 11,1

W 11,2

. 

.
W 11,4

b(1,1)

.

.
b(1,4)

W 21,1

.

.
W 24,1

b(4,1)

1
2
.
.

16
17
.
.

20
21
.
.

24
25

	 First 16 elements of each particle belong to the 
weights that connect the input nodes and hidden  
neurons. Four bias of hidden neurons are placed from 
17th element to 20th element. Weights that connect 
hidden neurons and the output node are placed from 
21st element to 24th element. Finally, the bias of the 
output node is placed at the end.

F. Fitness Values Calculation
	 During the fitness calculation, elements of each 
particle are placed in the network at their specific 
places to get the network output. This output is  
compared with the target data series and calculated 
the Mean Squared Error (MSE). Therefore, MSE is 
the fitness of each particle or the objective function 
for the PSO. Since the job of the PSO is to minimize 
the objective or the fitness value, weights are updated 
at each generation and reach to an optimum set.
1) Setting the Parameters
	 For updating the pbest and gbest, the fitness of each 
particle directly involves. However, parameter values 
have to be defined for updating the velocity and  
position of each particle. The inertia weight w and 
the learning factors c1 and c2 are set to 0.6, 2,  
and 0.5, respectively so that the current velocity and 
pbest give a higher impact on particles for the next 
generation. Two random values between 0 and 1 are 
assigned to rand1 and rand2 each time for updating 
the velocity and position. The PSO algorithm stops 
when it reaches to 200 generations, 0 fitness value, 
or 20 stall generations where there is no or very less 
improvements given by the fitness values between 
successive generations.

G. Evaluating the Accuracy
	 The error between the forecasts and the actual  
demand is interpreted with Mean Absolute Percentage 
Error (MAPE). Since the cleaned data is used to train 
and test the ANN, the error and the MAPE are  
calculated as given in the following equations.

� (6)

� (7)

	 The error e′t (d) of day d at time t is calculated  
using the cleaned load L′t (d) and the forecast F′t (d) 
of day d at time t. This error and the cleaned load are 
used to calculate the MAPE of day d.

VI. Results and discussion
	 Monthly and yearly average MAPE′ with  
backpropagation and PSO training algorithms are 
given in Table II.

TABLE II
Monthly and yearly average for 2013

Monthly Average MAPE′

Month BP-ANN PSO-ANN

January
February
March
April
May
June
July

August
September

October
November
December
Average

3.837
3.480
4.253
3.398
3.416
3.591
3.173
2.541
2.653
3.388
2.914
8.470
3.769

3.139
3.215
3.492
2.604
2.938
3.200
2.932
2.574
2.611
3.257
2.554
8.637
3.439

	 The yearly average MAPE′ with the PSO training 
algorithm (3.439) is less than the yearly average with 
backpropagation (3.869). August gives the minimum 
monthly average MAPE′ (2.541) for backpropagation 
while November gives it for PSO (2.554). The highest 
monthly average MAPE′ for both training algorithm 
belong to December and these values are equal to 
8.470 and 8.637, respectively. Regardless of the  
training algorithm, the average MAPE′ in August, 
September, and November are lesser than 3 while the 
average MAPE′ in January, February, March, June 
and October are higher than 4 with the special case 
of December.
	 The reason that December has the highest month-
ly average MAPE′ for both backpropagation and PSO 
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is, the electricity consumption in December is lower 
than the other months even though the holidays and 
B’ holidays are replaced with the estimated data. 
When the ANN is trained with the consumption values 
from other months, ANN assumes that December also 
has the same level of consumption values. Therefore, 
most of the time, forecasts from ANN for December 
are higher than the actual consumptions in December. 
This special case is best illustrated by Fig. 3 with its 
forecasted and the actual consumption curves for 23rd 
Monday of December, 2013.

Fig. III. Actual vs Forecasted load for 23rd Monday of 
December, 2013

	 Contrast to the above forecasts behavior, Fig. 4 
gives accurate forecasting outcomes with both training 
algorithms.

Fig. IV. Actual vs Forecasted load for 25th Wednesday of 
September, 2013

	 The day has been selected considering the lower 
MAPE′ in August, September, and December. The 
MAPE′ on 25th Wednesday of September, 2013 are 
lower with both training algorithm and it shows by 
the graph given in Fig. 4.
	 MAPE′ are divided into different categories based 
on the consumption patterns: weekdays, Mondays, 
weekends, holidays, and B’ holidays. Average MAPE′ 
of each category is summarized in Table III. The  
lowest average MAPE′ of each category belongs to 
PSO. From those categories, weekdays’ forecasting 
has lower average MAPE′ by each training algorithm 
while holidays’ forecasting has the highest average 
MAPE′.

TABLE III
Monthly and yearly average for 2013

Yearly average MAPE′

Category BP PSO

Weekdays
Mondays
Weekends
Holidays

B’ Holidays

3.317
3.666
4.047
5.262
4.795

3.145
3.322
3.491
4.554
4.407

VII. Conclusion
	 The objective of the research is to improve the 
STLF accuracy by reducing the training error of 
ANN. Backpropagation training algorithm is replaced 
by PSO algorithm to optimize the weights and bias 
of the ANN. The ability of optimizing weights and 
bias of ANN using PSO have been proved for the 
case of Thailand electricity consumption data for 
STLF and results are compared with the results from 
backpropagation training algorithm. Considering the 
yearly average MAPE′ for 2013, PSO outperforms 
the backpropagation training algorithm to train  
the ANN for STLF. Furthermore, PSO is better for 
training ANNs to forecast the different categories of 
days compared to the backpropagation. However, 
forecasting outcomes for days in December is poor 
due to its low electricity consumption.
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