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Short-Term Electricity Load Forecasting and Seasonality Analysis Using Temperature 

and Artificial Intelligence Methods in the Southeastern Anatolia Region 

 
A R T I C L E  I N F O  

 
A B S T R A C T  

 

The planning of electrical energy systems can be realized in a more efficient 

and sustainable way by forecasting energy demand accurately. In this context, 

short-term load forecasting plays a critical role in optimizing energy 

production and distribution processes. In this study, short-term load 

forecasting was conducted using hourly electricity consumption data from a 

facility located in the Southeastern Anatolia Region between 2019–2022. The 

data were integrated with meteorological parameters to evaluate the impact 

of temperature. The performance of Multiple Linear Regression (MLR), 

Artificial Neural Networks (ANN), and AutoRegressive Integrated Moving 

Average (ARIMA) methods were compared. According to the results, the 

ARIMA method was the most successful with an accuracy rate of 92%, 

followed by the ANN model with 90% accuracy. The MLR method 

demonstrated relatively lower performance, achieving an accuracy rate of 

89%. Moreover, ANN showed a strong capability to model complex 

relationships, while ARIMA excelled in datasets with seasonality. In 

conclusion, this study highlights the strengths and weaknesses of different 

methods, providing valuable contributions to energy planning and 

emphasizing the importance of analyses conducted using regional datasets.  
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1.  Introduction 

Energy is an indispensable element in all aspects of 

human life and serves as a cornerstone for economic 

and social development. The rapid technological 

advancements and urbanization following the 

Industrial Revolution have significantly increased the 

demand for energy [1]. The consumption of energy is 

primarily concentrated in three main sectors: 

industry, transportation, and buildings. A substantial 

portion of energy is consumed in the construction and 

use of buildings, making energy-saving potential in 

this sector globally significant. The energy needs of 

buildings are met through various methods, including 
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electricity, water, and natural gas, depending on their 

structural characteristics [2]. Electricity, as a form of 

energy transmitted from generation centers to end-

users through transmission and distribution lines, 

plays a critical role in meeting this demand as it 

cannot be stored. Therefore, planning electricity 

generation based on consumption demand is of great 

importance for energy security and economic 

efficiency [3]. Load forecasting serves as a 

fundamental tool in optimizing the production, 

transmission, and distribution processes of energy 

systems. Predicting electricity demand in advance 

facilitates uninterrupted and reliable service in energy 

production while aiming to reduce costs through 

efficient resource utilization [4]. Load forecasting can 

be categorized into three main groups: short-term, 

medium-term, and long-term forecasting. Short-term 

forecasting typically spans periods like a day or a 

week and provides solutions for hourly market needs. 

Medium-term forecasting includes monthly or annual 

planning, while long-term forecasting guides energy 

policymaking and infrastructure investments [5]. In 

this context, the use of artificial intelligence (AI) 

methods has significantly enhanced the accuracy of 

load forecasting and planning. Studies conducted 

after 2020 have made notable contributions to short-

term load forecasting and have revealed the strengths 

and weaknesses of various approaches. For example, 

Somuncu and Oral (2024) achieved high accuracy in 

solar energy forecasting by employing a Multilayer 

Artificial Neural Network (ML-ANN) and an 

Adaptive Neuro-Fuzzy Inference System (ANFIS) 

using meteorological data [6]. Similarly, Kaysal et al. 

(2022) examined machine learning methods for 

Turkey's short-term electricity demand forecasting 

and demonstrated that Artificial Neural Networks 

(ANNs) outperformed Ridge Regression, Lasso 

Regression, and Support Vector Regression in terms 

of accuracy [7]. In another study, Saçlı (2020) 

analyzed short-term electricity demand forecasting 

for the Marmara Region using ARIMA and Support 

Vector Machines (SVM), revealing that ARIMA 

achieved lower error rates in datasets with seasonality 

[8]. Akman et al. (2018) emphasized the high 

accuracy of hybrid systems for short-term electricity 

demand forecasting by integrating ANN and expert 

systems [9]. Additionally, Bulut and Başoğlu (2017) 

developed a hybrid forecasting system combining 

Artificial Neural Networks and expert systems for 

short-term electricity demand, achieving significant 

success in Turkey’s energy demand forecasting [10].  

These studies demonstrate the effectiveness of AI-

based methods and hybrid approaches in short-term 

electricity load forecasting. Particularly, methods 

such as Artificial Neural Networks (ANN), Support 

Vector Machines (SVM), ARIMA, and ANFIS have 

been noted for their ability to improve accuracy and 

contribute significantly to energy planning. Building 

on this background, the present study aims to enhance 

the accuracy of short-term load forecasting by 

integrating temperature data with hourly electricity 

consumption records from a facility in the 

Southeastern Anatolia Region, spanning the years 

2019–2022. Three different forecasting models 

Multiple Linear Regression (MLR), Artificial Neural 

Networks (ANN), and ARIMA were applied and 

compared using consistent datasets and evaluation 

metrics. Unlike many previous studies that focus on a 

single method or do not incorporate regional 

meteorological variables, this study provides a 

comparative analysis of three widely used models on 

the same real-world dataset enriched with 

temperature data. This makes the study a novel 

contribution to the literature, offering practical 

insights for regional energy forecasting under 

seasonal and environmental variability. By utilizing 

hourly electricity consumption data from a facility in 

the Southeastern Anatolia Region between 2019–

2022, various forecasting models were developed. 

Meteorological parameters were integrated into the 

dataset to assess the impact of temperature on 

consumption. The performance of Multiple Linear 

Regression (MLR), Artificial Neural Networks 

(ANN), and ARIMA methods were compared, and 

error analyses were conducted.  

The findings indicate that while ARIMA 

outperformed other methods by reducing fluctuations 

and providing more accurate forecasts, ANN excelled 

in processing speed and modeling complex structures. 

This study offers recommendations to improve the 

effectiveness of short-term load forecasting in the 

energy sector and highlights the growing importance 

of advanced technologies such as AI and machine 

learning in energy forecasting. 

In the literature, contemporary studies on short-term 

load forecasting frequently employ similar methods. 

The commonly used techniques and their 

performances are summarized in Table 1.  

The conducted study, when compared with previous 

research, demonstrates consistency in the 

methodology applied and the methods utilized. The 

success outcomes achieved in this study are 

corroborated by findings in the literature. 
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Table 1 : Literature studies 

Author(s) and 

Year 

Study Title Methods Findings 

Somuncu and 

Oral, 2024 

Solar Energy Forecasting Based on 

Meteorological Data Using Artificial 

Neural Networks and ANFIS 

Multilayer Artificial Neural 

Network (ML-ANN), Adaptive 

Neuro-Fuzzy Inference System 

(ANFIS) 

Both methods achieved high 

accuracy in forecasting solar 

energy production using 

meteorological data. 

Kaysal and ark., 

2022 

Comparison of Machine Learning 

Methods in Short-Term Electricity 

Load Demand Forecasting in Turkey 

Artificial Neural Networks 

(ANN), Ridge Regression, 

Lasso Regression, Support 

Vector Regression 

ANN provided higher accuracy 

compared to other methods for 

short-term load forecasting. 

Saçlı, M., 2020 Short-Term Electricity Load 

Forecasting for the Marmara Region 

with Seasonal Analysis 

ARIMA, Support Vector 

Machines (SVM) 

The ARIMA model 

demonstrated lower error rates in 

datasets with seasonality. 

Akman and ark., 

2018 

Analysis of Electricity Load 

Forecasting Methods 

ANN, Expert Systems Hybrid systems achieved high 

accuracy in short-term electricity 

demand forecasting. 

Bulut and 

Başoğlu, 2017 

Development of a Hybrid Forecasting 

System Based on Artificial Neural 

Networks and Expert Systems for 

Short-Term Electricity Demand 

Forecasting 

Artificial Neural Networks, 

Expert Systems 

The hybrid system achieved high 

accuracy in forecasting Turkey's 

electricity demand. 

Current Study Short-Term Electricity Load 

Forecasting and Seasonality Analysis 

in the Southeastern Anatolia Region 

Using Artificial Intelligence Methods 

Multiple Linear Regression 

(MLR), Artificial Neural 

Networks (ANN), ARIMA 

The ARIMA method was the 

most successful for datasets with 

seasonality, while ANN excelled 

in modeling complex patterns. 

 

2.  Methodology 

This study utilized hourly electricity consumption 

data recorded from a facility located in the 

Southeastern Anatolia Region between 2019 and 

2022. The institution that provided the data requested 

not to be named due to confidentiality policies. 

However, the data were shared with the researchers 

upon formal request and used strictly for academic 

purposes. Additionally, temperature data 

corresponding to the same time period were obtained 

from the Turkish State Meteorological Service in 

order to assess its impact on electricity consumption. 

The final dataset was created by combining historical 

consumption values with these meteorological 

parameters, where temperature variations were 

considered as a critical variable [21-22]. 

The dataset used for the load forecasting application 

includes hourly electricity consumption data from a 

public service facility (specifically, an airport) 

located in the Southeastern Anatolia Region for the 

years 2019, 2020, 2021, and 2022. Due to 

confidentiality agreements, the name of the facility is 

not disclosed. The data were provided to the 

researchers strictly for academic use [21-22].  

 

Figure  1 : Hourly load consumption data for 2019, 2020, 

2021, and 2022 (in MWh). 

This dataset comprises hourly load values recorded 

over a four-year period. Additionally, temperature 

data for the same years were obtained from the 

Turkish State Meteorological Service. In cases of 

missing or erroneous observations, the dataset 

underwent preprocessing to address these issues. 

During the data cleaning process, erroneous records 

were removed, and missing values were completed 

using interpolation methods. 

Three different methods were employed for short-

term load forecasting: Multiple Linear Regression 

(MLR), Artificial Neural Networks (ANN), and 

Autoregressive Integrated Moving Average 

(ARIMA). The selection of these methods was based 
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on their contributions to data characteristics and 

forecasting accuracy. 

2.1. Multiple Linear Regression (MLR): 

MLR was used to model the linear relationship 

between the dependent variable (load consumption) 

and multiple independent variables (e.g., temperature 

and time). The regression model aimed to optimize 

forecasted load values by minimizing error rates [11]. 

Mathematically, the MLR model can be represented 

as: 

        𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑛𝑥𝑛 + 𝜀   (1) 

where y denotes the dependent variable, xi represent 

the independent variables, βi are the regression 

coefficients estimated through the model, and ε is the 

random error term. The coefficients were determined 

by applying the Ordinary Least Squares (OLS) 

method, which minimizes the sum of the squared 

differences between the observed and predicted 

values. 

2.2. Artificial Neural Networks (ANN): 

ANN was preferred for learning complex 

relationships in energy consumption data and 

forecasting future consumption values. Variables 

such as temperature and prior load values were used 

as inputs in the input layer, processed through hidden 

layers, and forecasted values were obtained in the 

output layer. During the training process, the data 

were randomly divided into training and test sets [12]. 

The basic operation of a single artificial neuron can 

be mathematically formulated as: 

                      𝑦̂ = 𝑓(∑ 𝜔𝑖𝑥𝑖
𝑛
𝑖=1 + 𝑏)                   (2) 

Where xi are the input features, ωi are the 

corresponding weights, b is the bias term, and f is the 

activation function. 

The learning process involves adjusting the weights 

and biases through the backpropagation algorithm 

combined with gradient descent optimization, 

minimizing the error between the actual and predicted 

outputs over successive training iterations. 

2.3. ARIMA (Autoregressive Integrated Moving 

Average): 

ARIMA was employed to forecast load by 

considering the trend, seasonality, and random 

components in the time series data. The model's 

parameters (p, d, q) were determined using the 

Akaike Information Criterion (AIC) and Bayesian 

Information Criterion (BIC) [13]. Mathematically, 

the general ARIMA(p,d,q) model is expressed as: 

(1 −  𝜙₁𝐵 −  𝜙₂𝐵² − ⋯ −  𝜙ₚ𝐵ᵖ)(1 −  𝐵)ᵈ𝑦ₜ =
 (1 +  𝜃₁𝐵 +  𝜃₂𝐵² +  ⋯ +  𝜃𝑞𝐵ᵖ)𝜀ₜ                      (3) 

Where B denotes the backward shift operatör  

(𝐵𝑦ₜ = 𝑦𝑡−1), 𝜙
𝑖
 are the autoregressive (AR) 

coefficients, 𝜃𝑖 are the moving average (MA) 

coefficients and 𝜀ₜ represents the white noise error 

term. In this structure, differencing is applied d times 

to make the series stationary, while the AR and MA 

components respectively capture the dependencies 

between lagged observations and past forecast errors. 

The success of the forecasting models was evaluated 

using the following error metrics: 

1. Mean Absolute Error (MAE): The average of the 

absolute differences between predicted and actual 

values. It is mathematically defined as: 

            𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑖

𝑛
𝑖=1 − 𝑦̂𝑖|     (4) 

2. Mean Squared Error (MSE): The mean of the 

squared differences between predicted and actual 

values, formulated as: 

      𝑀𝑆𝐸 =  
1

𝑛
∑  (𝑦𝑖

𝑛

𝑖=1
− 𝑦̂𝑖)2     (5) 

3. Root Mean Squared Error (RMSE): The square 

root of the mean of the squared differences, calculated 

as: 

       𝑅𝑀𝑆𝐸 = √ 
1

𝑛
∑  (𝑦𝑖

𝑛

𝑖=1
− 𝑦̂𝑖)2    (6) 

4. Mean Absolute Percentage Error (MAPE): The 

mean of the absolute percentage differences between 

predicted and actual values, expressed as: 

       𝑀𝐴𝑃𝐸 =  
100

𝑛
∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|

𝑛

𝑖=1
          (7) 

In the above equations: 

 𝑦
𝑖
 denotes the actual observed value at time 

step 𝑖, 

 𝑦̂
𝑖
 denotes the predicted value at time step 𝑖, 

 𝑛 represents the total number of observations. 

The forecasting performance of each model was 

compared and analyzed using these metrics [14]. 
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3.  Results and Discussion 

This study utilized hourly electricity consumption 

data from a facility in the Southeastern Anatolia 

Region for the years 2019–2022, along with 

temperature variables, to perform short-term load 

forecasting. The performance of the forecasting 

models was compared based on error rates and data 

processing times. The findings revealed the unique 

strengths and weaknesses of each method. The MLR 

model used energy load consumption as the 

dependent variable and temperature and time as 

independent variables. Figure 2 shows the graphical 

comparison between actual load values and predicted 

load values using the MLR method.   

The model successfully captured general trends in 

energy consumption but demonstrated sensitivity to 

sudden changes. The Mean Absolute Error (MAE) 

value was higher compared to other methods. This is 

primarily attributed to the model’s reliance on a linear 

structure, which fails to adequately model complex 

relationships in energy consumption [15]. As 

illustrated in the zoomed-in view in Figure 2 (right), 

the MLR model shows visible lag in tracking rapid 

fluctuations, particularly during peak consumption 

intervals. This supports the conclusion that linear 

regression, while effective for capturing overall 

trends, is limited in its ability to handle nonlinear and 

abrupt variations in load behavior. 

The ANN model utilized temperature and historical 

consumption data to model complex, non-linear 

relationships in energy consumption. Figure 3 shows 

the graphical comparison between actual load values 

and predicted load values using Long Short-Term 

Memory (LSTM), which is a subclass of ANN.

 
Figure  2 : Comparison of actual and predicted electricity load values using the ARIMA method. The left shows annual 

trends, and the right displays a zoomed-in view of short-term fluctuations. 

ANN demonstrated effective performance in learning 

and forecasting sudden changes in load data. During 

the data processing phase, meaningful relationships 

were derived from historical data using hidden layers, 

resulting in improved forecasting accuracy. MAPE 

and RMSE values were lower compared to other 

methods. However, the processing times for ANN 

were longer than those of MLR due to the size of the 

dataset used during the training phase [16]. As shown 

in the zoomed-in view in Figure 3 (right), the model 

was able to follow sharp load fluctuations with high 

precision, confirming its strength in capturing 

nonlinear consumption dynamics that linear models 

often miss.  

The ARIMA model accounted for seasonality and 

trends in the time series data to perform load 

forecasting. Figure 4 shows the graphical comparison 

between actual load values and predicted load values 

using the ARIMA method. 

The ARIMA model delivered stable and accurate 

results by minimizing fluctuations in the data. Its 

capability to model seasonality and trends resulted in 

the lowest error rates among the evaluated methods. 

However, determining and calibrating the model’s 

parameters was time-consuming [17]. As illustrated 

in the zoomed-in view in Figure 4 (right), the ARIMA 

model effectively captured short-term load variations 

with minimal lag, particularly during rapid 

consumption changes. This further demonstrates the 

model’s robustness in handling both seasonal trends 

and high-frequency fluctuations in electricity load 

behavior. 
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Figure  3 : Comparison of actual and predicted electricity load values using the ANN method (LSTM). The zoomed-in view 

on the right highlights short-term variations. 

 

Figure  4 : Comparison of actual and predicted electricity load values using the ARIMA method. The left shows annual 

trends, and the right displays a zoomed-in view of short-term fluctuations

3.1. Seasonality Analysis 

The seasonal analysis outputs using the regression 

method are presented in Figure 5. The months of 

June, July, and August represent the summer season; 

March, April, and May represent the spring season; 

September, October, and November represent the 

autumn season; and December, January, and 

February represent the winter season.  

Table 2 : Seasonal analysis using the MLR method.  

Multiple Linear Regression (MLR) 

Model MSE R2 MAE RMSE 

Spring 0.0025 0.8900 0.0030 0.0500 

Summer 0.0100 0.7402 0.0800 0.1000 

Autumn 0.0036 0.8400 0.0441 0.0600 

Winter 0.0016 0.8412 0.0300 0.0400 

When performance evaluation criteria were examined 

across seasons, the season with the most successful 

forecasts was identified. 

 

Table 3 : Seasonal analysis using the ANN method 

(LSTM). 

Artificial Neural Networks (ANN) 

Model MSE R2 MAE RMSE 

Spring 0.0021 0.9214 0.0349 0.0458 

Summer 0.0065 0.8302 0.0581 0.0807 

Autumn 0.0060 0.8216 0.0490 0.0775 

Winter 0.0011 0.8846 0.0251 0.0338 

Upon examining Figures 5 and Table 2, a seasonal 

analysis of the load curves was conducted. Factors 

such as time of day and temperature variations were 

found to cause season-specific changes in the load 

profile. Each season demonstrated superiority in 

different metrics. However, given the importance of 

metrics like the R² value and the magnitude of errors 

such as MAE, the spring season generally performed 

better overall. During the spring season, the R² value 

was higher, indicating that the model explained a 

significant portion of the variability in the dataset. 

Additionally, the MAE value was notably low, 

showing that the model provided more accurate 

forecasts during this period and better captured the 

electricity consumption patterns [18]. 
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In Figure 6 and Table 3, comparisons between 

observed actual electricity consumption data (in 

MWh) and values predicted by the Long Short-Term 

Memory (LSTM) forecasting models are presented 

for four seasons. The graphs are organized separately 

for summer, spring, winter, and autumn. 

 

Figure  5 : Seasonal analysis outputs using the MLR method. 

 

Figure  6 : Seasonal analysis outputs using the ANN method (LSTM).

The LSTM model demonstrated overall success in 

forecasting electricity consumption. However, 

deviations in accuracy were observed, particularly 

during periods of sudden changes or extreme values. 
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These results indicate that the ANN model 

successfully predicted changes in electricity 

consumption during the spring season.  

While the model exhibited greater errors during the 

summer and autumn seasons, its overall performance 

remained acceptable. The high R² value (0.8846) 

demonstrates strong forecasting accuracy for the 

winter season, indicating that the model effectively 

captured changes in electricity consumption during 

the winter months [19].  

The comparison of electricity consumption forecasts 

and actual values across four seasons using the 

ARIMA (Autoregressive Integrated Moving 

Average) model is given in Figure 7 and Table 4. The 

graphs are separately organized for summer, spring, 

winter, and autumn. Each subgraph shows the 

timeline on the horizontal axis and electricity 

consumption values on the vertical axis. Blue lines 

represent actual consumption values, while red lines 

represent predictions made by the ARIMA model. 

Table 4 : Seasonal analysis using the ARIMA method. 

ARIMA 

Model MSE R2 MAE RMSE 

Spring 0.0020 0.9112 0.0275 0.0448 

Summer 0.0033 0.8384 0.0389 0.0553 

Autumn 0.0039 0.8482 0.0400 0.0624 

Winter 0.0015 0.8503 0.0277 0.0387 

The Autoregressive Integrated Moving Average 

(ARIMA) model demonstrated high performance in 

electricity consumption forecasting despite seasonal 

variations. The model showed particularly strong 

forecasting accuracy and explanatory power during 

the spring and winter seasons. Although it also 

performed well during the summer and autumn 

seasons, deviations were observed during periods of 

sudden changes and fluctuations. Overall, the 

ARIMA model can be considered as a reliable tool for 

electricity consumption forecasting. Future studies 

could focus on improving the model's performance 

during periods of abrupt changes [20]. 

 

Figure  7 : Seasonal analysis outputs using the ARIMA method.

3.2. Comparison of Methods 

The methods used in this study were compared based 

on performance evaluation metrics. Table 5 

summarizes the error values and other performance 

criteria: 

 

Table 5 : Comparison of performance evaluation metrics 

for the methods used. 

Model MSE R2 MAE RMSE 

MLR 0.0100 0.8912 0.0500 0.0802 

ANN 0.0039 0.9033 0.0417 0.0624 

ARIMA 0.0052 0.9162 0.0441 0.0721 
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The ARIMA method stands out for minimizing error 

rates and reducing fluctuations, while the ANN 

method is notable for its faster processing capability. 

On the other hand, the MLR method offered a simpler 

approach but demonstrated limited accuracy when 

applied to complex datasets. 

3.3. Model Performance During Extreme 

Conditions 

In addition to seasonal performance evaluations, 

model performances were assessed during extreme 

weather conditions, specifically on days when the 

maximum temperature exceeded 35°C or dropped 

below 5°C. Table 6 summarizes the results. It was 

observed that the ARIMA model maintained stable 

forecasting performance under these conditions, 

demonstrating resilience to temperature-driven 

fluctuations. The ANN model exhibited slightly 

decreased accuracy during these periods, likely due to 

its sensitivity to sudden and nonlinear consumption 

changes, whereas the MLR model showed the highest 

deterioration in performance due to its linear 

structure. 

Table 6 : Comparison of model performance on normal 

and extreme weather days based on MAE values. 

Model 
MAE 

(Normal Days) 

MAE 

(Extreme Days) 

MLR 0.050 0.080 

ANN 0.041 0.065 

ARIMA 0.044 0.050 

These results underline the importance of selecting 

robust forecasting models for abnormal operating 

conditions such as extreme temperatures. 

4.  Conclusion 

This study compared the performance of 

Autoregressive İntegrated Moving Average 

(ARIMA), Artificial Neural Networks (ANN), and 

Multiple Linear Regression (MLR) methods for 

short-term electricity load forecasting using 

consumption data from the Southeastern Anatolia 

Region. The key findings and their underlying 

reasons are summarized below: 

ARIMA achieved the highest accuracy (92%) by 

effectively capturing seasonal patterns and trends in 

the time-series data. This success is attributed to the 

model’s inherent structure, which allows it to handle 

seasonality and smooth out fluctuations, making it 

particularly suitable for time-dependent data with 

repeating patterns. 

ANN, with an accuracy of 90%, demonstrated 

superior performance in modeling complex and 

nonlinear relationships, especially during periods of 

sudden consumption changes. Its ability to learn from 

historical data and adapt to hidden patterns through 

multiple layers of abstraction made it effective, 

particularly in datasets with irregular variations. 

MLR, while simpler and faster, achieved a lower 

accuracy (89%) due to its linear structure, which 

limited its ability to represent nonlinear and complex 

interactions in the data. Nevertheless, it was still 

useful for providing quick baseline forecasts and was 

more interpretable. 

The results also highlighted that meteorological 

variables, especially temperature, significantly 

improved forecasting accuracy during the spring and 

winter seasons. In contrast, sharp consumption spikes 

in summer reduced the accuracy of all methods, 

especially those with less flexibility in modeling rapid 

changes. By analyzing the strengths and weaknesses 

of these models under seasonal conditions, this study 

provides insights for selecting suitable forecasting 

techniques in practical applications. Unlike prior 

studies that focus on a single method, this research 

offers a comparative perspective, serving as a guide 

for energy planners seeking both accuracy and 

interpretability in regional energy forecasting. In 

future studies, the integration of additional 

meteorological variables such as humidity, wind 

speed, and solar radiation could be explored to 

improve forecasting accuracy. Moreover, 

incorporating operational factors like special events, 

holidays, and facility-specific schedules may enhance 

model robustness. Additionally, the development of 

hybrid models combining statistical and machine 

learning approaches could further optimize prediction 

performance under varying conditions. 
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