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Abstract— This paper presents a method based on extreme learning machine (ELM) for electric load forecasting. Recently, 
extreme learning machine (ELM) has been widely used in machine learning applications due to its ability for extremely fast 
learning. The usage of big data sets in the training gives raise to computation problems. ELM overcomes the computation 
problems with its higher learning speed than classical artificial neural networks (ANN). In this paper, performances of ELM 
and regularized ELM (RELM) are investigated for electric load forecasting. The obtained results from RELM are compared 
with the classical ELM method and ANN. It has been shown that RELM has fast training advantage on ANN and higher 
output accuracy rate than ELM. 
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I. INTRODUCTION 
 
Electricity price forecast is a very important routine 
especially for electricity markets. This routine is very 
useful for their decisions, investments and risk 
analysis.Load forecasting is also necessary for 
suppliers and consumers. Nowadays, smart grid 
applications alsorequirenew price forecasting 
techniques for electricity market operations and 
analysis[1].Nowadays, scientists and engineers have 
been working on the new techniques to find an 
effective and correct load forecaster. 
For the load and price forecast purpose, many 
techniques have been employed including ANN, 
support vector machines and fuzzy logic[1–4]. 
Among these techniques ANN has an important place 
because of its popularity and good performance.A lot 
of types of ANN are used for different classification 
and regression applications and also for electric load 
forecasting[3].Although ANN based methods 
arewidely used they have some disadvantages such as 
generalization ability, having a lot of parameters 
required to adjust and especially low training 
speed[5].Recently, a novel learning algorithm 
including only one hidden layer in its architecture 
(SLFN)was proposed, called extreme learning 
machine (ELM) proposed by Huang[2, 4, 6, 7].This 
method can overcome the problems caused by 
gradient descent based approaches used in many 
ANN types for training. ELM randomly generates all 
the input weights and then analytically determines the 
optimum output weights[5].All the output weights 
areanalytically determined instead of being tuned 
iteratively.  
Though ELM has many advantages, Huangetal. [6] 
proposeda regularized ELM (RELM) on the basis of 
the original ELM by using a regularization term 
which plays an important role on the final 
performance of ELM. 
In this paper, we investigate the performance of 
RELM on electric load forecast. A comparison study 

is also performed by using both ANN and classical 
ELM 
The rest of this paper is organized as follows: in 
Section 2, the mathematical expressions of ELM and 
RELM are presented. In Section 3,it is mentioned 
about the dataset used in this study and the proposed 
forecasting model based on RELM and classical 
ELM is employed.Togive an idea a comparison study 
is performed by using standard multilayered feed-
forward neural network and the paper is concluded in 
Section 4 and 5 respectively.  

 
II. EXTREME LEARNING MACHINE 
 
2.1. Original ELM 
As a single hidden layer feed forward neural network 
(SLFN) Huang et al. proposed a novel method called 
extreme learning machine(ELM)[6]. The main nature 
of ELM is the random initialization of the input 
weights and biases, and then optimizing the weights 
between the hidden layer and output layer. By this 
way this new method can surpasses series of time-
consuming algorithms such as BP algorithms[5].  
Given a data set containing N training samples 
{(x , y )} , where input x ∈ ℝ and corresponding 
desired output y ∈ ℝ, ELMwith 퐿 hidden nodes and 
activation function g(x) canbe mathematically 
expressedas  

 
∑ 훽 푔 푤 .푥 + 푏 = 푦 ,								푗 = 1,2, . . . ,푁        (1) 
 
where 푤 = [푤 ,푤 , … ,푤 ] is the randomly 
chosen input weight vector connecting theith hidden 
neuron and the input neurons, 푏  is the randomly 
chosen bias of the ith hidden node, and 훽 is the 
weights between hidden layer and output layer.  
 
Eq.(1)canbe rewritten as 
퐻훽 = 푦               (2) 
where 
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훽 = [훽 ,훽 , … ,훽 ] and 푦 = [푦 ,푦 , … ,푦 ] . 
 
The purpose of ELM model is to find optimum 훽 
values[5]. However,in most cases, H is a non-
squarematrix. So, Eq.(2) may not solved by taking 
inverse of H.One solution of this equationisto find the 
optimalleastsquaressolution of 훽 by 
minimizingtheassociated loss 
function,i.e.,푚푖푛‖푦 −퐻훽‖ .  

 
훽 = 퐻 푦              (3) 
 
where퐻 is the Moore–Penrose generalized inverse of 
the hidden layer output matrix퐻. Since the number of 
training samples is usually greater than the number of 
hidden nodes i.e., 푁 > 퐿, Eq. (3) can berewrittenas 
 
훽 = (퐻 퐻) 퐻 푦             (4) 
 
2.2. Regularized ELM (RELM) 
In the training of ELM, the main goal is to decrease 
training error;however, this may give rise to 
overfitting whichwill cause the bad prediction 
accuracy[8]. The generalization ability of ELM can 
be increased by using regularizationconstant C [5]. 
This type of ELM is called regularized ELM due to 
the regularization term. The main differencebetween 
ELM and RELM is that the simultaneous 
minimization of the training error and the norm of the 
output weights with a regularization parameter[5]. 
minβ C‖e‖ + ‖β‖ subject to y− Hβ = e(5) 
and the corresponding Lagrangian is defined by 
 
L(β, e, λ) = C‖e‖ + ‖β‖ + λ (y−Hβ− e)(6) 
 
wheree = [e , e , … , e ] is the training errors andλ is 
vector of the Lagrangian multiplier. According 
toKarush–Kuhn–Tucker(KKT) theorem, the 
optimality conditions are given by 
 

⎩
⎪
⎨

⎪
⎧ β

= 0		 ⇉ 			2β− H λ = 0

= 0	 ⇉ 							2Ce− λ = 0

λ
= 0	 ⇉ y−Hβ− e = 0

            (7) 

The solution of β can be written as: 
β = (H H + ) H y             (8) 
 
III. SIMULATIONS 
 
3.1. Dataset 
The data used in this study were obtained from the 
New England Pool region[9]. This dataset includes 

historical hourly temperatures, system loads and day-
ahead electricity prices.The dataset used is for the 
years of 2004 to 2008. The weather information 
includes the dry bulb temperature and the dew point. 
The dataset also includes New England holidays 
weekend days. In the simulation studies the 
parameters listed below are used for estimating day 
ahead load forecast. 

 Dry bulb temperature 
 Dew point 
 Hour of day 
 Day of the week 
 A flag indicating if it is a holiday/weekend 
 Previous day's average load 
 Load from the same hour the previous day 
 Load from the same hour and same day from 

the previous week 
 

The training dataset includes information from 2004 
to 2007and test dataset includes the data of 2008. 
Thus, the sizes of input dataset used in the training 
and testing of ELM and ANN are35064x8 and 
17544x8 respectively. The test dataset is used only 
for forecasting. 
 
3.2. Forecast Model 
After the dataset is prepared both training and testing 
dataset are normalized between -1 and +1. To 
estimate the future load profile, firstly original ELM 
is employed. Because of the nature of ELM only the 
number of hidden layer neurons is selected. After a 
lot of trials the best results are obtained by using 400 
hidden neurons. It was shown that the usage of more 
neurons in hidden layer both decreased the model 
performance and increased simulation time.The 
hidden layer activation function is selected as 
“sigmoid” both for the ELM and RELM. The load 
prediction results of ELM are shown in Fig.1. 

 

 
Fig.1. Prediction results of ELM 

 
Secondly, RELM is employed for load forecasting by 
using same training and testing dataset. The hidden 
layer neuron numbers and activation function are not 
changed. As a difference, the regularization constant 
Cis included in RELM. After some trials the best 
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results are obtained when this constant selected as 
0.0001.The obtained results from the testing of 
RELM are shown in Fig.2.It has been shown that 
both ELM and RELM gives satisfactory results. To 
have an idea the linear regression test results are 
given in Fig.3. 

 

 
Fig.2. Prediction results of RELM 

 

 
Fig.3. (a & b) Performance of RELM and ELM 

 
According to Fig.3, the R value of RELM is 98.238 
and the R value of original ELM is 98.214. These 
results show the good performance and robustness of 
both methods. Finally, the root mean square errors 
(RMSE) of the methods and lasting time during the 
training period are shown in Table 1. 
Although the training accuracy of two methods is 
same, the testing results of RELM arebetter than 
ELM. When we compare the training times, 
surprisingly we show that the training time of RELM 
is shorter than ELM. 

 
Table 1: Comparison of ELM and RELM 

 
 
IV. COMPARISON STUDY 
 
In this section ANN is employed for estimating load 
to compare with the results of ELM and RELM. An 
ANN regression structure isbuilt for day-ahead load 
forecasting given the same training data used in 
ELM.  This model is then used on the test data to 
validate its accuracy.MatlabANN Toolbox is used for 

the simulations.The ANN model used in the studyhas 
two layers with 20 neurons. Mean square error 
function (MSE) is used for performance metric. 
Levenberg-Marquardt algorithm is selected as 
training algorithm.  The architecture of ANN used in 
the study is shown in Fig.4. As can be shown in 
Fig.4, tangent sigmoid activation function is used in 
the first layer and a linear activation function is used 
in the second layer. The other parameters such as 
maximum epoch number, performance limit, learning 
rate, simulation time are selected as default.The 
training performance of ANN model is shown in 
Fig.5. Once the model is built, load forecasting 
performedby using the test set. 
 

 
Fig.4. Simulated ANN architecture 

 

 
Fig.5. Training of ANN 

 
In Fig.6, the actual and predicted loads are plotted for 
comparison. In addition, a linear regression test is 
performed to show accuracy of the model in Fig.7.  
 

 
Fig.6. Prediction results of ANN 

 
As shown in the Fig.7, the R values of training, 
validation and test are the same (R=0.99). These 
results show us the performance of ANN is better 
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than ELM and RELM. However, the training time of 
ANN is 6.30 minute after 150epochs.In addition, if 
we increase the number of hidden neurons training 
time is also increase.  

 

 
Fig7. Linear regression results of ANN 

 
CONCLUSION 
 
In this paper, performances of ELM and RELM are 
investigated for electric load forecasting. Historical 
load, weather conditions and holidays included in the 
training dataset.Firstly original ELM is employed as 
the independent forecaster to estimate the future load 
profile. Then a regularized version of ELM is used 
for the same task. The obtained results show us the 
performance of both methods is satisfactory. The 
testing results of RELM are betterthan the original 
ELM with a small difference. In this study, future 
load demand is also estimated by using a feed 

forward, back propagation neural network.Compared 
to the popular ANN algorithm, ELM and RELM have 
some advantages such as lesser parameter to be 
adjusted and computational burden. The simulation 
results show that ELM and its regularized types can 
be strong candidates to popular ANNs. 
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