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Abstract: - This article presents a comparative study of three short-term electricity demand forecasting 

approaches: the Monte Carlo statistical method, the autoregressive moving average (ARMA) model, and the 

long short-term memory (LSTM) neural network. Historical electricity demand data from the San Rafael 

substation in Cotopaxi, Ecuador, for the period 2020-2023 were used. The Monte Carlo method generated a 

synthetic series with an accuracy greater than 70% in terms of R2, but it exhibited deviations throughout the 

predictions. The ARMA model, while showing a prediction accuracy greater than 80% in terms of R2 During 

weekdays, deteriorated over longer prediction periods. The LSTM network demonstrated superior predictive 

capacity, reaching values below 10% for MAPE and NMSE, an RMSE below 100 kW, and a coefficient of 

determination. R2 above 90%, across all prediction horizons (24, 48, and 72 hours). Finally, the LSTM network 

offers better performance for the planning and energy management of electric power systems. 
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1 Introduction
Electricity is an essential element of our current 

society, fundamental to industrial development and 

technological progress. However, this situation has 

increased due to recent population expansion, as well 

as the socioeconomic, technological, and industrial 

progress of each country, [1]. This is reflected in the 

Electricity Master Plan 2023–2032, which was 

prepared by the Ministry of Energy and Mines of 

Ecuador, which estimates that the demand for 

electricity will have an average annual growth of 

4.4%, reaching 35.88 GWh in 2032, [2]. Therefore, 

proper management of electrical energy is essential 

for the independent and sustainable development of 

the country, [3]. 

Since electrical energy cannot be stored 

efficiently, it must be generated constantly to meet 

the demand required by end consumers, [4]. 

Therefore, it is necessary to adequately predict 

electricity demand, since it directly influences the 

planning processes of the national energy system, 

allowing for anticipating its future behavior and 

providing the required energy supply, [5]. Through 

efficient prediction, transmission system operation 

can be optimized, facilitating electricity market 

management, reducing energy waste, and 

maintaining the stability of the grid's energy 

management system, [6]. This allows the system to 

continuously adjust to variations in demand, thus 

ensuring an uninterrupted supply of electricity to 

different consumers, [7]. 

Demand forecasting can be classified into three-

time horizons based on its behavior: short, medium, 

and long term. Short-term forecasts range from a few 

hours to several days, medium-term forecasts extend 

to weeks or months, while long-term forecasts cover 

periods of several years, [8]. Time series data can be 
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defined as a chronological sequence of observations 

about a target variable, such as electricity demand. In 

this context, demand-related time series often exhibit 

complex behavior, as they tend to be time-varying 

and do not follow a defined linear pattern, [4], [9]. 

Electricity demand prediction can be classified 

into three main approaches: statistical analysis, 

machine learning, and deep learning. Statistical 

models, such as Markov chains (MC), exponential 

smoothing, Monte Carlo, and autoregressive moving 

average (ARMA) models, are suitable for linear data 

but have limitations when dealing with nonlinear 

time series. Machine learning models, including 

decision trees (DT), support vector machines (SVM), 

and artificial neural networks (ANN), improve 

prediction capabilities in nonlinear environments, 

although their performance declines over long-term 

horizons. Deep learning models, on the other hand, 

are designed to capture highly nonlinear relationships 

through multiple layers, offering better results in 

complex time series. Among them, recurrent neural 

networks (RNNs) stand out for their ability to 

process sequences and retain historical information, 

although they struggle to maintain long-term 

dependencies due to gradient vanishing or explosion. 

To overcome this limitation, long short-term memory 

(LSTM) networks were introduced, which 

incorporate a cellular memory capable of preserving 

relevant information, consolidating themselves as 

one of the most effective techniques for predicting 

time series, [4], [9], [10]. 

In this work, we propose to compare three models for 

predicting electricity demand: two statistical models 

and a deep learning model, such as the Monte Carlo 

method, the autoregressive moving average (ARMA) 

model, and finally a deep learning-based model, the 

LSTM network. The main objective of this research 

is to make predictions over three evaluation horizons, 

in order to evaluate and compare the performance of 

each model in these contexts. To this end, validation 

techniques such as the error metrics normalized 

mean squared error (NMSE), root mean squared 

error (RMSE), mean absolute percentage error 

(MAPE), and coefficient of determination (𝑅2) will 

be used, which will allow quantifying the accuracy 

of the predictions and determining the most 

appropriate model according to the time horizon 

analyzed. 

 

 

2 Theoretical Framework 
In this section, the operation and equations that 

characterize each of the three prediction models used 

in this study will be described. 

 

2.1 Monte Carlo Method 
This technique was initially developed by the Polish 

mathematician Stanislaw Ulam, who participated in 

the Manhattan Project. After the war, Ulam used to 

play numerous games of solitaire, interested in 

analyzing the distribution of an experiment, [11]. 

With the Monte Carlo Method, synthetic time 

series can be generated through random sampling. 

Although there are various ways to apply the Monte 

Carlo method, it generally follows this pattern: first, 

determine the statistical distributions for the values 

to be generated. Second, repeatedly draw random 

samples from the determined distributions to obtain 

the desired result, [12]. For this study, the normal 

probability distribution was used. This distribution is 

fully defined by only two parameters, mu (μ) and 

sigma (𝜎). The mean (μ) represents the expected 

value or central tendency of the distribution, 

indicating where the data clusters, the standard 

deviation (𝜎) measures the dispersion or spread of 

the data around the mean, [11], [13]. Mathematically, 

it is represented in equation (1), through which 

random numbers are generated from the mean and 

standard deviation. In addition, the Equations for 

determining its parameters are shown in Table 1. 

𝑓 (𝑋; 𝜇, 𝜎) =
1

√2𝜋𝜎
∙ 𝑒

− 
(x − 𝜇)2

2𝑠2  (1) 

 

Table 1. Equations for Determining the Parameters 

of the Normal Distribution 

Parameter Equation 

Mean 𝜇 =
∑ 𝑥𝑖

𝑁
𝑖=1

𝑁
 (2) 

 

Variance 𝑠2 =
∑ (𝑥𝑖 −𝑁

𝑖=1 𝑥̅)

𝑁 − 1
 (3) 

 

Standard Deviation 𝑠 = √
∑ (𝑥𝑖 −𝑁

𝑖=1 𝑥̅)

𝑁 − 1
 (4) 

 

Source: created by the authors. 

 

where: 

𝑥: is the value of the sample. 

𝜇, 𝑥̅: is the average. 

𝜎2: is the variance. 

𝜎: is the standard deviation. 
N: represents the number of measurements or data 

 

2.2 Autoregressive Moving Average Model. 
ARMA models are dynamic, discrete, linear models 

in time in which the output at each time point 

depends on past outputs (AR) and past inputs (MA), 

[14]. It consists of two parts: an autoregressive term 

of order p and a moving average term of order q, 

designated as ARMA (𝑝, 𝑞). This model combines 

both terms to forecast future values of univariate 
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time series, considering the linear dependence 

between past observations (AR) and historical 

residual errors (MA), [15], [16]. Mathematically, it is 

expressed in equation (5). 

𝐹𝑡 = 𝑐 + 𝜀𝑡 + ∑𝜙𝑖𝐹𝑡−𝑖 + ∑𝜃𝑗𝐹𝑡−𝑗

𝑞

𝑗=1

𝑝

𝑖=1

 (1) 

 

where: 

𝐹𝑡: Value of the time series at time t. 

𝑐: Constant (mean term), explains a base level 

around which the series fluctuates. 

𝜀𝑡: White noise term at time t, with zero mean and 

constant variance. 

𝜙𝑖: Autoregressive (AR) coefficients for lags.𝑖 =
1,… . , 𝑝 

𝜃𝑗: Moving average (MA) coefficients for 

lags.𝑗 = 1,… . , 𝑞 

𝑝: Moving average (MA) coefficients for lags. 

𝑞: Order of the moving average component. 

 

The autoregressive moving average (ARMA) 

model treats data formed over time as a random time 

series. The value at the time 𝑡 of the sequence is not 

only related to the value at time. (𝑡 − 𝑖), but also the 

amount of random interference at the time is related 
(𝑡 − 𝑗), thus establishing a model for predicting 

future values, [17]. 

The autoregressive component ∑ 𝜙𝑖𝐹𝑡−𝑖
𝑝
𝑖=1  

models the dependence of the current value on its p 

past values, while the moving average component 

∑ 𝜃𝑗𝐹𝑡−𝑗
𝑞
𝑗=1  captures the impact of the past errors. 

For the model to be valid, two conditions must be 

satisfied: Stationarity and invertibility. These 

conditions ensure that the process is stable and that 

the impact of past errors diminishes over time, [17]. 

 

2.3 Long Short-Term Memory Network 
The LSTM neural networks are an advanced variant 

of recurrent neural networks (RNNs), specifically 

designed to capture long-term temporal dependencies 

in data sequences. Unlike traditional RNNs, LSTMs 

incorporate a specialized internal structure that 

allows them to retain relevant information, [18]. This 

structure includes a memory cell and three types of 

gates: the input gate, the forget gate, and the output 

gate. These gates dynamically regulate the input, 

retention, and output of information, allowing the 

network to learn complex patterns in time series with 

greater accuracy and stability, [5], [19]. Its 

architecture is shown in Figure 1. 

 

 

 

 

 
Fig. 1: Long Short-Term Memory Neural Network 
Source: created by the authors 

 

where: 

𝑥𝑡: Input value  

ℎ𝑡−1 𝑎𝑛𝑑 ℎ𝑡: Output value at time t − 1 and t  
𝐶𝑡−1 𝑎𝑛𝑑 𝐶𝑡: Cell state at time t − 1 and t 

𝑏 = {𝑏𝑎, 𝑏𝑓 , 𝑏𝑐 ,  𝑏𝑜}:Biases for the input gate, 

forget gate, cell state, and output gate. 

𝑊1
⃗⃗ ⃗⃗  ⃗ = {𝑊𝑎 ,  𝑊𝑓 ,  𝑊𝑐 ,  𝑊𝑜}:Weight matrices for the 

input gate, forget gate, cell state, and output gate.  

𝑊2
⃗⃗ ⃗⃗  ⃗ = {𝑊ℎ𝑎,𝑊ℎ𝑓 ,  𝑊ℎ𝑐 ,  𝑊ℎ𝑜}:Recurrent weight 

matrices. 

𝑎 = {𝑖𝑡 ,  𝑓𝑡,  𝐶𝑡,  𝑂𝑡}:The output activations for the 

input gate, forget gate, candidate cell state, and 

output gate. 
 

The forgetting gate ft uses xt and ht-1 as input to 

calculate the information to be retained in Ct-1, using 

a sigmoid activation. While the input gate it uses xt 

and ht-1 to calculate Ct, using a sigmoid activation. 

Furthermore, the output gate Ot regulates the output 

of the LSTM cell by considering Ct, applying 

sigmoid and tanh layers. Mathematically, forward 

learning for an LSTM network is given by the 

equations (6)-(10). 

𝑖𝑡 = 𝜎(𝑊𝑎𝑥𝑡 + 𝑊ℎ𝑎ℎ𝑡−1 + 𝑏𝑎) (2) 

𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 + 𝑊ℎ𝑓ℎ𝑡−1 + 𝑏𝑓) (3) 

𝐶𝑡 = 𝑓𝑡 × 𝐶𝑡−1 + 𝑖𝑡 × 𝑡𝑎𝑛ℎ(𝑊𝑐𝑥𝑡

+ 𝑊ℎ𝑐(ℎ𝑡−1 + 𝑏𝑐)) 
(4) 

𝑂𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑊ℎ𝑜ℎ𝑡−1 + 𝑏𝑜) (5) 

ℎ𝑡 = 𝑂𝑡 × 𝑡𝑎𝑛ℎ(𝐶𝑡) (6) 

 

where 𝜎 and 𝑡𝑎𝑛ℎ are activation functions, and × 

represents vector multiplication. The sigmoid 

function generates values between 0 and 1, followed 

by process multiplication, which helps determine 

whether past information should be remembered or 
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forgotten, [19], [20]. This is represented by equation 

(11). 

𝜎(𝑥) =
1

1 + 𝑒−𝑥
 (7) 

 

On the other hand, the tanh function is used to 

regulate the magnitude and sign of the information 

entering or leaving the cell. Its range between -1 and 

1 allows for representing positive and negative 

contributions, preventing values from skyrocketing 

and keeping the information within controlled limits, 

[19]. This equation is defined in (12). 

𝑡𝑎𝑛ℎ(𝑥) =
𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
 (8) 

 

In general, the LSTM network learns by 

computing the output from equations (6) – (10). 

Subsequently, the error between the obtained values 

and the expected data is determined, and this error is 

back-propagated through the input gate, the memory 

cell, and the forget gate, [21].  

 

 

3 Methodology 
To identify the most optimal model for predicting 

electricity demand, the methodology shown in Figure 

2 was used. This consists of evaluating electricity 

demand data, developing each of the three proposed 

models, and validating their results to select the one 

that shows the best performance based on the lowest 

prediction error. The steps of the methodology are 

described below. 

 

 
Fig. 2: Proposed methodology for electricity demand 

forecasting 
Source: created by the authors 

 

3.1  Input Data Evaluation 
The electrical power data were obtained from the 

Cotopaxi Provincial Electric Company (ELEPCO) 

records from 2020 to 2023, belonging to the San 

Rafael substation in the Latacunga canton, Cotopaxi 

province. The information was released in hourly 

resolution, identifying daily and annual patterns in 

electrical demand, allowing its behavior to be 

characterized as a basis for use in the various 

prediction models. 

Figure 3 shows the evolution of average annual 

power, reflecting growth in the average demand for 

electrical power in the area registered by ELEPCO 

during the 2020–2023 period. This behavior may be 

related to the growth in energy consumption driven 

by population growth, industrial development, and 

the increased use of electronic devices in daily life. 

This is reflected in the average growth in electricity 

demand for each year, reaching 1,442 MW for 2020, 

1,542 MW for 2021, 1,651 MW for 2022, and 1.7 

MW for 2023, reflecting a progressive increase in 

demand over time. 

 

 
Fig. 3: Annual behavior of electricity demand for the 

period 2020-2023 
Source: created by the authors 

 

Additionally, it can be observed that 2020 shows 

greater variability, with higher dispersion and more 

pronounced drops in demand. On the other hand, 

2021 and 2022 exhibit more stable behavior and a 

slight upward trend. Finally, 2023 presents a less 

pronounced growth compared to the previous years. 

 

3.2  Model Development 
This section details the development and application 

of three different methodologies for electricity 

demand forecasting: the Monte Carlo method, the 

ARMA model, and the LSTM network. For each 

method, the flowchart is described, beginning with 

data preparation and analysis, followed by the 

specific configuration of each model, and ending 

with the forecast generation process and the 

assessment of their accuracy using defined error 

metrics. 

 

3.2.1  Monte Carlo Method 

Figure 4 represents the development of the Monte 

Carlo method, where, first, the electricity demand 

database was imported. Next, the mean and standard 

deviation were calculated for each of the 24 hours of 

the day. With these parameters, random numbers 

were generated for each hour from the normal 

probability distribution, representing possible 
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consumption scenarios for a full day. Finally, the 

Normalized Mean Squared Error (NMSE) of less 

than 30% was incorporated as a validation parameter, 

with the aim of comparing the synthetic series 

generated with the real data. This condition allows 

filtering and selecting those synthetic days that 

present a greater similarity in trend and magnitude 

with respect to the behavior of the electrical demand 

 

 
Fig. 4: Flowchart of the Monte Carlo method 
Source: created by the authors 

 

3.2.2  ARMA Model 

In Figure 5 the development of the ARMA model is 

shown, where it starts by importing historical data 

from the time series, these data were subjected to the 

Augmented Dickey-Fuller (ADF) test to check their 

seasonality, if the data are not stationary they must 

be subjected to differentiation or logarithmic 

transformation for the predictions to be stable and 

not depend on time, once the data are stationary they 

must be adjusted to an ARMA model using the 

Akaike Corrected Information Criterion (AIC), 

where the minimum value of the AIC is identified, 

which allows selecting the order of p and q 

associated with the best fitting model, [16].  

 

 
Fig. 5: Flowchart of the ARMA model 
Source: created by the authors 

 

The data were then subjected to a Ljung-Box test 

to verify whether the ARMA model residuals 

behaved like white noise; if so, the model was 

statistically adequate to represent the time series. 

Finally, a prediction is made based on the values of p 

and q and the performance of the model is evaluated 

by comparing the predicted values with the actual 

values of the electrical demand using the NMSE 

error metric, if the conditions based on the AIC 

criterion, the white noise test and the prediction error 
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less than 15% are met, the combination of 

parameters p and q is selected as optimal. It should 

be noted that several tests must be carried out, since 

there may be a variety of parameters of p and q that 

may meet the aforementioned conditions, however, 

the model that best captures the temporal trends in 

demand and has a lower NMSE error will be selected 

when comparing the predictions with the actual data. 

 

3.2.3  LSTM Network 

Figure 6 shows the development of the neural 

network, where, in the first step, the database is 

imported corresponding to the electricity demand. 

These data are normalized to ensure a common 

measurement scale that facilitates improved data 

quality and consistency, [22].  

 

 
Fig. 6: Flowchart of the LSTM model 
Source: created by the authors 

 

For this purpose, equation (13) was used. 

𝑑𝑎𝑡𝑎𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑑𝑎𝑡𝑎 − 𝜇

𝑠
 (13) 

 

Once the data is normalized, the data set is 

divided into 80% for training and 20% for validation. 

The data intended for training must be organized into 

cells so that the network can more effectively 

identify and learn temporal trends in electricity 

demand. Once the dataset is ready for training, the 

network architecture and its hyperparameters must be 

defined. These hyperparameters were determined 

through trial and error, as each dataset and prediction 

problem has unique characteristics. Therefore, there 

is no single combination of hyperparameters that 

guarantees the best performance in all cases. Values 

such as the optimizer, training epochs, learning time, 

and other parameters are defined depending on the 

model's performance. 

Finally, a short-term prediction is performed to 

evaluate the model's predictive capability. To do this, 

a comparison is made between the prediction and the 

actual data, using an NMSE error of less than 15% as 

a stopping criterion. Once the most suitable model 

has been identified, the initially applied 

normalization must be reversed to obtain the 

prediction values on their original scale. 

 

3.3  Validation of Prediction Models 
This section presents the main metrics used to 

evaluate the performance of predictive models 

applied to electricity demand. Relative and absolute 

error indicators are included. 

 

3.3.1  Normalized Mean Squared Error (NMSE) 

It is a dimensionless metric variant of the MSE, 

which is normalized by dividing it by the variance of 

the real values, giving a metric that expresses the 

error in relative terms, which facilitates the 

comparison between models and allows for the 

identification of those that have a more stable and 

consistent performance in different data sets, [23]. 

As shown in equation (14). 

𝑁𝑀𝑆𝐸 =
1

𝜎2𝑁
∑(𝑥𝑖 − 𝑦𝑖)

2

𝑁

𝑖=1

 (9) 

 

where 𝑥𝑖 and 𝑦𝑖 represent the actual values and 

predicted values of electrical demand, respectively. 

 

3.3.2  Root Mean Squared Error (RMSE) 

It is a common metric used to compare the predictive 

performance of various models, where a low RMSE 

value means better predictive ability in terms of its 

absolute deviation, [24]. This is expressed in the 

original units of the data, providing an intuitive 

measure of predictive accuracy. Defined in equation 

(15). 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑥𝑖 − 𝑦𝑖)

2

𝑁

𝑖=1

 (10) 

3.3.3  Mean Absolute Porcentaje Error (MAPE) 

It is a relative metric that quantifies the prediction 

error as an average percentage with respect to the 
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actual values, ideal for evaluating performance in 

contexts with variable magnitudes, [24]. Represented 

by equation (16). 

𝑀𝐴𝑃𝐸 =
1

𝑁
∑|

𝑥𝑖 − 𝑦𝑖

𝑥𝑖
| × 100

𝑁

𝑖=1

 (11) 

3.3.4  Coefficient of determination - 𝑹𝟐 

This metric is often used to estimate model 

performance. It represents the fraction of predicted 

values that are closest to the actual data line, [25]. 

Unlike the other metrics presented, whose ideal 

values tend toward zero, coefficient of determination 

values close to one (100%) indicate a higher level of 

efficiency in the model. This is represented in 

equation (17). 

 

 

4 Results and Discussion  
To verify the accuracy of each model, an individual 

prediction was made for each method, taking 

Tuesday, March 23, 2023, as a reference. Each 

model will be evaluated based on the validation 

parameters presented in Section III. In addition, a 

regression graph is presented that compares the 

actual values and the predicted values, allowing to 

visualize the degree of fit of each model and 

demonstrating its predictive capacity. Next, different 

evaluation horizons with the applied methodologies 

are presented.  

 

4.1  Monte Carlo Method 
The statistical parameters used as input for the Monte 

Carlo method were: mean=1.5837, variance=0.1164, 

standard deviation=0.3412, skewness=0.2804, 

kurtosis=2.4227, max value=2.6752, and min 

value=0.6988. The skewness and kurtosis values 

indicate that the data distribution approximates a 

normal probability distribution, making it suitable for 

generating synthetic series using the Monte Carlo 

method. 

 

4.2  ARMA Model 
The stationarity of the electrical demand series was 

evaluated using the ADF test, where the results (p=1, 

h=1, and t=-114664, which is more negative than the 

critical value of -10416) confirmed that the series is 

stationary and suitable for the ARMA model.  

The Akaike Information (AIC) was then used to 

determine the optimal parameters, selecting the 

model with p=48 and 1=9, which achieved the lowest 

AIC value (-5.5933), indicating the best fit. Finally, 

the Ljung-Box test was applied to verify the 

independence of the residuals, obtaining a p-value of 

0.3775 (>0.05), which confirms that the residuals 

behave as white noise and that the model adequately 

captures the temporal structure of the data without 

autocorrelation.  

 

4.3  LSTM Network 
The LSTM network was designed with three layers 

of 128 hidden units, using dropout rates of 0.4 and 

0.25 to prevent overfitting and trained with the Adam 

optimizer at a learning rate of 0.0009 for 200 epochs. 

Based on the computational complexity analysis 

O(nd^2) and memory complexity O(nd) [26], with an 

input sequence of 720 steps and 128 hidden units, the 

model requires approximately 1.18x10^7 operations 

per sequence and 9.22x10^4 memory units, 

indicating a high computational cost. 

 

4.4  Comparison of Prediction Methods 
To evaluate the models' predictive capability, a 

comparison was conducted between the three 

prediction methods, considering prediction horizons 

of 24, 48, and 72 hours.  Sunday, April 2, 2023, was 

selected as the starting point, given that it behaves 

differently from weekdays. The graphs are generally 

composed of a vertical line representing the start of 

the prediction (purple line), actual electricity demand 

(dashed black line), the synthetic series generated by 

the Monte Carlo method (yellow line), the ARMA 

model prediction (blue line), and the LSTM network 

prediction (orange line). 

Figure 7 presents the 24-hour Sunday forecast. It 

shows that the LSTM network's prediction is almost 

identical to actual demand, especially during the 

midday peak and afternoon decline, while the 

ARMA model and Monte Carlo method are 

noticeably more erratic. It is clearly observed how 

they deviate from the actual curve between 6:00 and 

18:00, forming peaks and valleys where none should 

exist, which visually confirms their difficulty in 

tracking actual demand on weekends.  
Figure 8 shows the 48-hour forecast covering 

Sunday and Monday. A change in the ARMA 

model's behavior can be seen on the second day, as 

its prediction is closer to the actual demand trend. 

The LSTM network, meanwhile, continues to adjust 

accurately over the two days, although slight 

differences can be seen in the morning peaks and the 

afternoon peaks, where the prediction is slightly 

different from actual demand.  

𝑅2 = 1 −
∑ (𝑥𝑖 − 𝑦𝑖)

2𝑁
𝑖=1

∑ (𝑥𝑖 − 𝑥̅)2𝑁
𝑖=1

 (12) 
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Fig. 7: 24-Hour Electric Load Demand Forecasting 

Using Monte Carlo, ARMA, and LSTM Methods vs. 

Real Data 
Source: created by the authors 

 

 
Fig. 8: 48-Hour Electric Load Demand Forecasting 

Using Monte Carlo, ARMA, and LSTM Methods vs. 

Real Data 
Source: created by the authors 

 

 
Fig. 9: 72-Hour Electric Load Demand Forecasting 

Using Monte Carlo, ARMA, and LSTM Methods vs. 

Actual Data 
Source: created by the authors 

 

Figure 9 shows the 72-hour forecast covering 

Sunday, Monday, and Tuesday. The main 

observation is the deterioration of the ARMA model 

on the third day, where it again shows pronounced 

deviations from the actual curve, while the Monte 

Carlo method remains variable across the actual 

electricity demand, as it does not deviate abruptly, 

but neither does it achieve accuracy. Likewise, the 

LSTM network demonstrates robustness in its 

prediction, since no matter how long the evaluation 

horizon is extended, the prediction gets closer to the 

actual data, with the only visible and consistent 

deviations occurring during the consumption peaks 

of each day. 

Finally, Table 2 shows the prediction 

performance results of the Monte Carlo Method, the 

ARMA Model, and the LSTM Network for the three 

evaluation horizons (24, 48, and 72 hours). 

Comparing the performance of the three models 

across different time periods, it is observed that the 

LSTM is clearly the most reliable. It shows lower 

errors, and the coefficient of determination (R²) 

value is above 93% in all cases. This means that it 

adapts very well to changes in electricity demand 

over any time horizon. Regarding the ARMA model, 

although it improves its prediction for 48 hours, with 

an NMSE that is reduced by 4.5%, this improvement 

is not sustainable over time, since for 72 hours its 

errors increase significantly, with an NMSE that 

reaches 26.02%, demonstrating that it has difficulty 

developing a long-term prediction. Finally, the 

Monte Carlo method shows an oscillatory evolution. 

Its NMSE and MAPE errors improve over time, but 

its RMSE error remains high, around 146 kW.  

 

Table 2. Electrical Load Demand Forecasting Results 

Time Model 
NMSE 

(%) 

RMSE 

(kW) 

MAPE 

(%) 

R2  

(%) 

24 

hours 

Monte 

Carlo 
29.81 162.91 10.24 68.89 

ARMA 17.92 126.31 8.78 81.29 

LSTM 2.71 49.18 2.96 97.16 

48 

hours 

Monte 

Carlo 
23.96 146.99 8.7 75.53 

ARMA 13.41 110.00 6.85 86.29 

LSTM 4.88 66.36 3.41 95.013 

72 

hours 

Monte 

Carlo 
19.98 145.12 7.91 79.73 

ARMA 26.01 165.60 7.90 73.61 

LSTM 6.17 80.68 3.81 93.73 

Source: created by the authors. 

 

 

5 Conclusion 
In this research, a comparative study was carried out 

between three electricity demand prediction models: 
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Monte Carlo Method, ARMA Model and LSTM 

Network, based on the hourly records of the San 

Rafael substation, in Cotopaxi, Ecuador, 

corresponding to the period 2020–2023. For this 

purpose, the error metrics NMSE, RMSE, MAPE 

and R² were used, with the purpose of evaluating the 

predictive capacity of the models in three evaluation 

horizons (24, 48 and 72 hours). In this way, it was 

possible to determine the performance of each 

model, in addition to its limitations and strengths 

depending on the time period analyzed, to establish 

which is most appropriate to optimize the planning 

and operation of the Ecuadorian electrical system. 

The results showed that the Monte Carlo method 

is capable of generating synthetic series with a trend, 

although it presents fluctuations in electricity 

demand during most of the prediction period, which 

limits its accuracy. However, as the prediction 

horizon increases, its performance remains stable, 

with an NMSE error close to 20%. The ARMA 

model showed acceptable performance in the 48-

hour prediction, with an NMSE value below 15%, 

but its predictive capacity deteriorated significantly 

as the prediction horizon increased due to the linear 

nature of the model, which limits its ability to 

capture non-linear patterns in the long term. In 

contrast, the LSTM network was consolidated as the 

most robust model, maintaining NMSE and MAPE 

values below 10%, along with a coefficient of 

determination greater than 93% in all case studies, 

confirming its ability to model complex patterns of 

long-term electricity demand. 

As future work, we propose incorporating 

exogenous variables such as temperature and 

seasonality into the LSTM network for analysis in 

electricity demand forecasting. We also propose 

analyzing socioeconomic factors to evaluate 

forecasting behavior in rural environments, and 

integrating advanced deep learning architectures 

such as Bi-LSTM, GRU, and hybrid models to 

compare different forecasting models. Finally, we 

encourage evaluating the entire national electricity 

demand and identifying its annual behavior to 

achieve a forecast that is more realistic and serves as 

a benchmark for the Ecuadorian Electricity 

Regulation and Control Agency (ARCONEL). 
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