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ABSTRACT

Energy management systems (EMS) have gained importance in reducing energy waste and 
overconsumption. One critical component of effective EMS is long-term electricity consump-
tion forecasting, which helps estimate energy demand and provides a general view of the fu-
ture for macro-level planning. To achieve this, accurate predictions are essential for develop-
ing efficient energy plans. Consequently, machine learning models have garnered significant 
attention in recent decades due to their ability to address these challenges. These models, arti-
ficial neural networks with deep structures, are particularly effective, as they can analyze large 
volumes of data and provide accurate forecasts, even when the data exhibits complex, non-lin-
ear patterns. In this study, long-term electrical energy consumption has been forecasted using 
MATLAB software according to the past trend of consumption with long short-term memory 
(LSTM) and nonlinear autoregressive (NAR) neural networks. Monthly energy consumption 
data between 1973-2022 in USA was used as the data set.
The assessment metrics used for both networks included Mean Absolute Percentage Error 
(MAPE), Symmetric Mean Absolute Percentage Error (SMAPE), Root Mean Square Error 
(RMSE), Mean Absolute Error (MAE), Mean Bias Error (MBE), and the Coefficient of De-
termination (R2). These metrics were calculated to evaluate the performance and accuracy 
of the networks. The fewer error values and the higher value of Coefficient of determination 
(R2 =0.9318) in LSTM show more accuracy in this network when it’s compared with NAR (R2 
=0.6387). The same situation with the Root Mean Square Error witch it shows that the LSTM 
gives better results (RMSE =8.8033) than the NAR (RMSE =20.1971). 
The results show LSTM network has better performance and can produce more accurate out-
put because of its structure which has short-term and long-term memories that make it able 
to remember information for long periods and has feedback connections. In fact, LSTM is a 
high-performance nonlinear predictor.
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LSTM and NAR. Sigma J Eng Nat Sci 2026;44(1):153−161.

Research Article

Electricity energy consumption forecasting using LSTM and NAR 

Parastou BEHGOUY1,*    , Abbas UĞURENVER1

1Institute of Graduate Studies, Department of Electrical and Electronic Engineering, Istanbul Aydın University, Istanbul, 
34295, Türkiye

ARTICLE INFO

Article history
Received: 21 July 2024 
Revised: 18 September 2024 
Accepted: 13 January 2025

Keywords:
Deep Neural Network; Energy 
Consumption; Forecasting; 
Energy Efficiency; Long Short-
term Memory; LSTM; NAR 
Neural Network; Nonlinear 
Autoregressive; Time Series 
Analysis

*Corresponding author.
*E-mail address: parastoubehgouy@stu.aydin.edu.tr
This paper was recommended for publication in revised form by 
Editor-in-Chief Ahmet Selim Dalkilic

Published by Yıldız Technical University Press, İstanbul, Turkey
© Author. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-nc/4.0/).

https://sigma.yildiz.edu.tr
https://orcid.org/0000-0001-9653-2850
https://orcid.org/0000-0003-0989-9131
http://creativecommons.org/licenses/by-nc/4.0/


Sigma J Eng Nat Sci, Vol. 44, No. 1, pp. 153−161, February, 2026154

INTRODUCTION 

Global electricity consumption has been raised rapidly 
because of population growth and technology development 
[1], the energy management system (EMS) has gained 
importance to reduce waste of energy and energy overcon-
sumption. Energy consumption forecasting has an import-
ant role in EMS [2,3] and accurate prediction is essential to 
achieve energy efficiency. 

So far different type of techniques have been proposed 
as predictive model to forecast the future behavior of the 
system, Statistical  approach such as SARIMA, ARMA, 
DLM, Holt–Winters, artificial neural networks including 
multilayer perceptron [4], physical models and also hybrid 
techniques. Machine learning (ML) as data-driven models 
has been realized the most accurate technique to obtain 
acceptable output in forecasting [5-7]. expresses artificial 
neural networks have perfect performance if there is suffi-
cient data to train the models.

Recently, researchers have been attracted to deep learn-
ing networks because of their ability to receive and ana-
lyze data when they follow complex non-linear patterns 
and have a large volume [8,9]. Deep learning has provided 
significant progress in energy forecasting. These networks 
have created more innovative research opportunities that 
increase prediction accuracy [10].

Convolutional neural network with deep structure is 
presented in [11], which has been able to improve the elec-
tricity consumption estimation compared to the seasonal 
ARIMAX method. The results show that the accuracy of the 
deep neural network is higher than the ARIMAX. Another 
study shows the Solar radiation forecasting by using deep 
neural networks (ARIMAX method) in Eskisehir, Türkiye 
[12]. A hybrid LSTM model integrated with a stationary 
wavelet transform (SWT) has demonstrated efficacy in rec-
tifying abnormalities in home energy use, hence enhanc-
ing forecast precision in both the short and long term [13]. 
Another study comparing LSTM, GRU, and Drop-GRU 
models revealed that LSTM excels above the other mod-
els in handling long-term dependencies and nonlinearities 
in energy data [14]. The integration of CNN with LSTM 
improves prediction by effectively capturing both geograph-
ical and temporal data, as evidenced in a study on multivar-
iate energy use [15]. The efficacy of LSTM in time series 
analysis was demonstrated in a study that investigated data 
quality and hyperparameter optimization, highlighting the 
significance of preprocessing for precision [16,17] Indicates 
comparison of LSTM neural network and ARIMA for 
energy consumption forecasting. The result expresses this 
network is more accurate than statistical estimation meth-
ods such as ARIMA. Also, LSTM neural networks are more 
accurate than non-deep artificial neural networks for pre-
diction. Overfitting may occur during the training process 
by adding layers in LSTM neural networks. This problem is 
a challenge in deep neural networks. In fact, if the number 
of layers increases regardless of the evaluation step error, 

the prediction error will increase. The over-fitting issue 
could be solved by increasing data diversity and volume 
[18]. In conclusion, LSTM and its derivatives exhibit signif-
icant adaptability to various prediction tasks, offering solid 
solutions for dynamic energy systems. The results illustrate 
the capability of sophisticated machine learning algorithms 
to tackle issues in energy consumption predictions with 
significant accuracy and generalizability.

In this research, long-term electrical energy consump-
tion is forecasted by LSTM and NAR neural networks 
using MATLAB software. Monthly energy consumption 
data from 1973-2022 in USA was used as the data set and 
the accuracy of the implemented networks was compared. 
There were different types of studies like the work of this 
paper. For example, in [19] the LSTM and NAR were used 
to forecast monthly smoothed sunspot number time series. 
In [20], The LSTM and NAR have been used to predict the 
wind turbine’s generated power. Also, in [21] the LSTM and 
NAR are designed and compared to find the most accurate 
solution to forecast daily water consumption.

This paper consists of the following sections:
The predictive models were presented in Section 2. 

In Section 3, the data set and experimental results were 
expressed, evaluation metrics are proposed and calculated 
in Section 4 and finally, there is the conclusion in Section 5.

PREDICTIVE MODELS 

In this paper, two neural networks with different struc-
tures (LSTM and NAR) were implemented as multi-step 
predictive models which are accurate models for analyzing 
time series data and forecasting future values.

LSTM Neural Network 
LSTM is a type of Recurrent Neural Network (RNN) 

which could solve RNN’s long-term memory problem. The 
gates of LSTM control the flow of information and data and 
indicate which data is unimportant and must be deleted 
and which ones should be kept, so this network allows to 
passe only the important data to achieve the accurate out-
put [22,23]. Figure 1 shows LSTM cell structure [24].

LSTM includes 3 gates, input, output and forget gates. 
Every cell has two inputs, xt and ht-1 also ht and ct as output. 
ct-1 is connected to ct directly which is possible to add or delete 
some data, in fact, unnecessary data is deleted by forget gate. c 
is the short form of cell state which is long-term memory. The 
data is always between -1 and 1 by using the tanh. The below 
equations make up LSTM network, where Wo, Wg, Wi and Wf 
are the weight matrices. bo, bg, bi and bf are bias vectors and σ 
indicates sigmoid activation functions. [24,25]

	 	 (1) 

	 	 (2)

	 	 (3)



Sigma J Eng Nat Sci, Vol. 44, No. 1, pp. 153−161, February, 2026 155

	 	 (4)

	 	 (5)

	 	 (6)

 The training process is maintained until the minimum 
error or maximum epoch is achieved. According to the 
obtained results, the LSTM neural network is a successful 
deep learning approach based on a sophisticated network 
structure. It uses memory units in the model to capture 
time-series correlations.

NAR (Nonlinear Auto-Regressive) Neural Network LSTM 
NAR neural network is an effective model to recog-

nize time series patterns and nonlinear trends. In fact, it’s 
a dynamic network where the future values are forecasted 
only from past values. This network can be implemented as 
a time series forecasting model [26,27]. Figure 2 shows the 
NAR neural network structure [28]. 

This network can be expressed by the below func-
tion [28] where y(t), f are forecasted value and nonlinear 
approximation function which is determined by NAR net-
work during training and є (t) is the error.

	 	 (7)

EXPERIMENTAL RESULTS

Monthly electricity consumption data from 1973-2022 
in USA was used as the data set and input of the models 
which is shown in Figure 3.

The data set is normalized by the following equation in 
order to achieve a similar scale by the min-max method, 
where X and Xn are actual and normalized values, XMIN and 
XMAX refer to minimum and maximum data’s values [29].

Figure 2. NAR Neural Network Structure [28].

Figure 1. LSTM structure.

Figure 3. Monthly electricity energy consumption.
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(8)

In LSTM, the time series data is divided into two parts 
for training (90%) and testing (10%) and in NAR into three 
parts, train (80%), Validation (10%) and test (10%). ANN 
parameters are usually set by previous experience in tri-
al-and-error procedure, and we found that the best value 
for the hidden units is 300 in both networks. We trained 
our model depending on the dataset number that we have. 
At the first we divide our training to three parts. In the 
first part we chose a small number of hidden units which 
is between 100-150 and we got underfitting in our model. 
And then we tried to increase our hidden units to 450 units 
and then we got overfitting situation. So, the best situation 
was to choose 300 hidden units. 

Figure 4 shows the proposed layers structure for mod-
els. Table 1 represents the training details for the LSTM net-
work, where the Gradient Decay Factor is equal to 0.9, as 
it is the optimum value between 0.9 and 0.99. The Initial 
Learning Rate falls within the range of 0.001 to 0.01, the 
Learning Rate Schedule specifies the temporal variations of 
the learning rate throughout the training process, and the 
Learning Rate Drop Factor is usually set to a value between 
0.1 and 0.5. The Learning Rate Drop Period specifies the 

frequency of learning rate updates, often adjusted by the 
drop factor. It indicates the number of epochs or training 
iterations after which the learning rate should decrease. 
The Max Epochs parameter is set to 250, considering the 
specific requirements of the LSTM modeling process. The 
Mini Batch Size, which denotes the amount of training data 
utilized in each gradient descent update, is set to 128 to 
provide more stable gradients and faster convergence. The 
Verbose Frequency is set to 50, meaning the training prog-
ress will be displayed after every 50 epochs. The Validation 
Frequency specifies how often the model’s performance is 
assessed on a validation dataset throughout the training 
process.

In Table 2, For NAR, 80 percent of the data used for 
training and 10 percent for testing and 10 percent for val-
idation. The epoch number is decided by using empirical 
testing and chosen to be 1000 epoch to capture the intricate 
patterns and dependencies in the data. As can be shown 
from the results in NAR the Gradient is too small and the 
model uncertainty (MU) is too big, and this indicates that 
the LSTM performance is better than NAR in this research. 

Table 2. NAR Training

Parameters Value
Training %80
Validation %10
Testing %10
Epoch 1000
Time 03:14
Performance 260.7
Gradient 1e-7
MU 1e+10
Validation Check 6

Table 1. LSTM Training

Parameters Value
Gradient Decay Factor 0.9000
Initial Learn Rate 0.0050
Learn Rate Schedule Piecewise
Learn Rate Drop Factor 0.2000
Learn Rate Drop Period 125
Gradient Threshold Method l2norm
Gradient Threshold 1
Max Epochs 250
Mini Batch Size 128
Verbose Frequency 50
Validation Frequency 50

Figure 4. Proposed layers structure for LSTM and NAR 
networks.
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Figure 5 shows how the RMSE changes across iterations 
during the training phase in LSTM. It starts high, and at the 
100th iteration, it stabilizes, indicating that the model has 
reached convergence. By the 250th iteration, it fits all the 
trained data. 

Figure 6 shows the performance of NAR in training. 
The Mu is almost stable at 0.05 throughout the training, 
indicating no adjustment was needed to facilitate learning 

stability. Also, the gradient is declining from 4.34×106 to 
2.59 which means that the NAR model is near to local or 
global minimum.

In the first experiment, energy forecasting was done with 
LSTM network. Figure 7 shows a comparison of actual data 
and forecast, also the error which is the difference between 
these two values. In figure 7, the blue line represents the real 
data, and the red line shows the estimated data. According 

Figure 5. LSTM Training Progress.

Figure 6. NAR training progress.
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to the result, MAPE is about 2.1748% which shows high 
accuracy of the model. The second graph shows the amount 
of errors in each test data point.

As the second method, NAR neural network was used, 
and the performance of the model and error graphs are 
shown in Figure 8, although the MAPE is low which is 
around 4.7544% and the deviations are minimal, still the 
LSTM method shows better results than NAR.

EVALUATION METRICS 

The assessment of the presented networks was done by 
calculating 6 errors: MAPE, SMAPE, RMSE, MAE, MBE 
and R2 which are expressed by the below formulas [30,31].

 	 	
(9)

	 	
(10)

	 	
(11)

 	 	

(12)

 	 	
(13)

  

	 	
(14)

	 	
(15)

Where Xi, Yi and m are the actual value, forecasted 
value and the number of test data respectively.The results 
are expressed in Table 3. The fewer errors and the higher 
value of R2 in LSTM show this model is more accurate.

In this study, the number of hidden units which were 
used in the networks for achieving optimal accuracy was 300. 
LSTM can produce more accurate output because of feedback 
connections and having short-term and long-term memories. 
The accuracy that we can see by using LSTM and NAR shows 
to us clearly that the proposed LSTM model achieves better 

Figure 8. Forecasting, error (NAR).

Figure 7. Forecasting, error (LSTM).

Table 3. Results

Neural Network MAPE SMAPE RMSE MAE MBE R2
LSTM NN 2.1748 2.1265 8.8033 7.0646 -2.3907 0.9318
NAR NN 4.7544 4.8278 20.1971 15.8327 -6.9090 0.6387
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performance in terms of estimating a long data when com-
pared with the non-linear auto regressive (NAR). The evalua-
tion was based on the coefficient of determination (R²) which 
is a number between 0 and 1 that measures how well a statisti-
cal model predicts an outcome and its shows that LSTM have 
a better performance (0.9318) than NAR (0.6387). Also, by 
looking at table 3 we can see that the MAPE, SMAPE, RMSE, 
MAE, MBE all these values indicate that LSTM is better than 
NAR. Figure 9 shows forecasting with LSTM till 2030 which 
can give a general view for planning.

For this study LSTM and NAR were tested also with dif-
ferent datasets and different periods. The data were taken 
from Danish energy agency For Use of Electrical Energy 
Consumption from 2000 to 2020 and the results indicate 
that LSTM have a better Coefficient of determination 
(R2) = 0.8591 and better Mean Absolute Percentage Error 
MAPE=14.9 than NAR which it has a Coefficient of deter-
mination (R2) = 0.7683 and MAPE=20.23 as we can see 
from figures 10 and 11.

CONCLUSION

In this research, long-term electricity energy consump-
tion was forecasted using MATLAB software with two pre-
dictive models, LSTM which is a kind of RNN and NAR 
(nonlinear autoregressive) neural network. The monthly 
energy consumption data from 1973-2022 in USA was 
used as a time series data set and input of the networks.The 
experimental results of both networks were compared and 
evaluation metrics in this study were different errors such 
as MAPE, SMAPE, RMSE, MAE, MBE and R2 for measur-
ing forecasting accuracy. The lower value of the errors and 
the higher value of R2 in LSTM (0.9318) shows this model 
is more accurate than NAR (0.6387). Also, if we compared 
the Symmetric Mean Absolute Percentage Error in LSTM 
(2.1265) which gives better performance than the NAR 
(4.8278) and here also the lower value means the better 
performance. These results indicate that LSTM method is 
more efficient than NAR because LSTM has short-term and 
long-term memories which can keep information for long 
periods and has feedback connections. In fact, this network 
has shown better performance. 

For the future work, we will use the same data with dif-
ferent NN estimation methods like, for example NARX. 
Also, this work can be used to estimate the stock market. 
Also, to increase the accuracy of the model optimization 
algorithms like particle swarm optimization algorithm 
hyperparameters of LSTM can be used.
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