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Abstract:  

Time series analysis in electricity load projection is a key part of the energy 

sector because it makes it possible to control and distribute energy more 

efficiently. It is important to have accurate load forecasts in order to balance 

supply and demand, make power systems run more efficiently, and lower 

operating costs. This essay covers a wide range of ways that time series analysis 

can be used to guess how much electricity will be used. The study looks at a 

number of different models, such as the autoregressive integrated moving 

average (ARIMA), exponential smoothing, and machine learning methods like 

Long Short-Term Memory (LSTM) networks. These models are judged by how 

well they can show the patterns and time relationships that are common in 

electricity load data. A lot of attention is paid to the problems that come up 

because of non-stationarity, timing, and outside factors like weather that cause 

load changes. The study talks about how feature selection, data pre-processing, 

and model evaluation can help make forecasts more accurate. The study shows 

the trade-offs between model interpretability and forecasting power by 

comparing how well standard statistical methods and new machine learning 

techniques work. The study also talks about how mixed models, which take the 

best parts of more than one method and combine them, might help make 

forecasts more accurate. The results make it clear how important time series 

analysis is for building accurate load predicting models, which are needed to 

keep modern power systems reliable and efficient. 

Keywords: Electrical Load Forecasting, Time Series Analysis, ARIMA, 

SARIMA, LSTM Networks, Hybrid Models, Energy Management, Machine 

Learning, Predictive Modeling, Power Systems 

 

 

1. INTRODUCTION 

Electrical load forecasting is an important part of planning and running power systems because it 

keeps the supply and demand of energy in balance. Utility companies, grid managers, and energy 
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planners need accurate forecasts because it helps them schedule production resources more 

efficiently, lowers running costs, and makes the power grid more reliable. It is very hard to make 

accurate predicting models because electricity load changes all the time and is affected by things like 

weather, economic activity, and social behavior. This is why time series analysis has become such a 

useful method for modeling and predicting changes in electricity load trends over short (minutes to 

hours) and long (days to years) periods of time. Time series analysis looks at data points that were 

collected or recorded at different times in order to find patterns, trends, and seasonalities that can be 

used to guess what the values will be in the future. When it comes to predicting electricity load, time 

series models use past load data to guess what the future load demand will be, while taking into 

account how loads change over time and outside factors that can affect them. Because they are easy 

to understand and use, traditional statistical models like autoregressive integrated moving average 

(ARIMA) and exponential smoothing methods have been used a lot for this. But new machine 

learning methods, like artificial neural networks (ANNs) and Long Short-Term Memory (LSTM) 

networks, have made it easier to predict load. These networks can pick up on complex, non-linear 

relationships in the data, which could lead to better accuracy. Even though modeling methods have 

improved, predicting electrical load is still hard because energy use is unpredictable and there are 

many things that can change it. Because of this, people are looking into mixed models that use the 

best parts of both statistical and machine learning methods to try to make predictions more accurate 

and reliable. This introduction sets the stage for a more in-depth look at the methods, problems, and 

new trends in using time series analysis to predict electrical load. The main focus will be on how 

well different modeling approaches work and how they can be used in the energy sector. 

2. RELATED WORK 

Over the past few years, there have been big steps forward in the area of electrical load forecasts. 

This is because accurate predictions are needed for better energy management and grid stability. 

Researchers have looked into a number of different approaches, each with its own goals, methods, 

main results, uses, pros and cons. A big topic of study has been short-term load predictions, with a 

lot of work done on models like ARIMA, SARIMA, and Long Short-Term Memory (LSTM) 

networks [1]. It has been shown that LSTM networks are better at detecting non-linear trends in load 

data. This makes them especially useful for managing the power grid in cities. The best thing about 

LSTM models is that they can handle data with a lot of variation better than older statistical methods 

like ARIMA. One big problem with LSTM models, though, is that they are hard to understand and 

need a lot of computing power, which can be a problem in places where resources are limited. A lot 

of people are also interested in hybrid models that use the best parts of both statistics and machine 

learning methods [2]. For example, mixing ARIMA with Artificial Neural Networks (ANN) or 

Support Vector Regression (SVR) has shown to be more accurate at predicting household load than 

using just one model. The benefit of these mixed methods is that they can use both the readability of 

statistical models and the accuracy of machine learning models to make predictions [3]. The biggest 

problem, though, is that it makes model creation more difficult and can lead to overfitting if it isn't 

checked correctly. Extreme weather and how it affects load predictions is another important area of 

study. XGBoost and Convolutional Neural Networks (CNN) mixed with LSTM are two methods that 

have been used to handle spatial-temporal data well and improve the accuracy of weather predictions 

[4]. These ways have been especially helpful in making energy systems that can handle changes in 

temperature. One big benefit of CNN-LSTM models is that they don't change much when the 

weather does [5]. This makes them good for places where extreme weather happens often. The bad 

thing about these models is that they need a lot of training data and are very hard to compute, which 

can make them hard to use in real-time systems. 
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Long-term load projection has also been looked into using Prophet and Exponential Smoothing, 

which let you describe trends and patterns in a variety of ways [6]. Utility-scale energy planning has 

used these models, which are useful because they are easy to use and can handle different yearly 

trends. But their main flaw is that they assume the data will stay the same over time, which might not 

be true in energy markets that change quickly [7], [8]. This could make long-term predictions that 

aren't accurate. Load projection was hard during the COVID-19 outbreak because lockdowns and 

other steps caused quick changes in load trends. LSTM models responded well to these sudden 

changes, showing that they are very flexible in managing grids during pandemics [9]. LSTM is 

useful in this situation because it can quickly adapt to new trends in the data. On the other hand, 

these models need to be constantly retrained with new data to stay accurate, which can use a lot of 

resources. The use of Recurrent Neural Networks (RNN), LSTM, and Gated Recurrent Units (GRU) 

has helped with real-time load forecasts [10]. GRU models are known for being able to balance 

accuracy and processing speed, which makes them good for use in smart grid operations. The benefit 

of GRU is that it requires less computing power than LSTM, which makes it easier to use in real time 

[12]. The downside is that GRU models might not be able to pick up as many complex patterns as 

LSTM models, which could affect their accuracy in places with a lot of change. As more green 

energy sources are used, load planning methods have had to change to account for the fact that these 

sources don't always work.  

LSTM and mixed models have done great work in this area, cutting down on wrong predictions and 

making it easier to handle green energy. What's great about these methods is that they can deal with 

the unpredictable nature of green sources. The problem is that it's hard to correctly model how 

different energy sources interact with each other, which can cause mistakes in predictions. Cross-

domain transfer learning is a new and hopeful method that lets models be learned in one area and 

then used in another with little to no retraining. This method has been shown to be effective at 

predicting regional load, cutting down on training time while keeping accuracy high. Transfer 

learning is helpful because it quickly adapts models to new places or situations. The risk is that 

precision could be lower if the source and target sites are too different. Deep learning (DL) models 

and ensemble methods were created because of the use of smart meter data for load forecasts [13]. 

These methods have worked well for managing energy in smart cities because they combine multiple 

models to give high accuracy and reliability. One benefit of ensemble methods is that they can 

effectively handle big amounts of data. But they have the drawback of making computations more 

difficult and possibly overfitting if they are not handled carefully. Lastly, new study has looked into 

statistical load predictions using Bayesian Networks and Gaussian Processes, which gives estimates 

of error along with forecasts. This method is good for risk-aware grid management because it helps 

people make better choices when they don't know what will happen. These ways are, however, very 

hard to use in real-time systems because they require a lot of computing power. There have been big 

steps forward in using time series analysis to predict electrical load, but each method has its own 

pros and cons that come from balancing accuracy, complexity, the amount of computing power 

needed, and the ability to adapt to different situations and data. 

Table 1: Related Work 

Scope Methods Key Findings Application Advantages 

Short-term 

load 

forecasting 

ARIMA, 

SARIMA, LSTM 

LSTM outperforms 

ARIMA in capturing 

non-linear patterns 

Urban grid 

management 

Improved 

accuracy in high-

variance data 

Hybrid 

models for 

load 

prediction 

ARIMA + ANN, 

LSTM + SVR 

Hybrid models show 

enhanced accuracy 

compared to single 

models 

Residential load 

forecasting 

Combines 

strengths of 

statistical and ML 

methods 
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Demand 

forecasting 

under extreme 

weather 

conditions 

CNN-LSTM, 

XGBoost 

CNN-LSTM handles 

spatial-temporal data 

effectively; XGBoost 

enhances prediction 

under volatile 

conditions 

Climate-

resilient energy 

systems 

Robust against 

weather-induced 

variability 

Long-term 

load 

forecasting 

Prophet, 

Exponential 

Smoothing 

Prophet offers 

flexibility in modeling 

seasonality and trends 

Utility-scale 

energy planning 

Ease of use, 

handles multiple 

seasonalities 

Impact of 

COVID-19 on 

load patterns 

Time Series 

Decomposition, 

LSTM 

LSTM adapts well to 

sudden shifts in load 

due to lockdowns 

Pandemic-

responsive grid 

management 

High adaptability 

to abrupt changes 

in demand 

Real-time 

load 

forecasting 

RNN, LSTM, 

GRU 

GRU balances 

accuracy and 

computational 

efficiency 

Smart grid 

operations 

Low 

computational 

cost, real-time 

application 

Renewable 

energy 

integration 

ARIMA, LSTM, 

Hybrid models 

LSTM excels in 

forecasting with 

renewable integration; 

Hybrid models reduce 

prediction errors 

Renewable 

energy 

management 

Better handling of 

intermittent 

energy sources 

Cross-domain 

transfer 

learning for 

load 

forecasting 

Transfer Learning 

with LSTM 

Transfer learning 

reduces training time 

while maintaining 

accuracy 

Regional load 

forecasting 

Efficient model 

adaptation to new 

regions 

Load 

forecasting 

with smart 

meter data 

Deep Learning 

(DL) models, 

Ensemble 

methods 

Ensemble methods 

improve robustness by 

combining multiple 

DL models 

Smart city 

energy 

management 

High accuracy, 

handles large-

scale data 

effectively 

Probabilistic 

load 

forecasting 

Bayesian 

Networks, 

Gaussian 

Processes 

Bayesian methods 

provide uncertainty 

quantification along 

with forecasts 

Risk-aware grid 

management 

Quantifies 

uncertainty, aiding 

in risk 

management 

Edge 

computing in 

load 

forecasting 

Edge AI, LSTM Edge AI reduces 

latency in real-time 

forecasting 

Decentralized 

energy systems 

Lower latency, 

real-time 

processing at the 

edge 

Explainable 

AI in load 

forecasting 

XAI with LSTM, 

SHAP 

XAI techniques 

improve transparency 

of complex models 

Regulatory 

compliance, 

user trust 

Enhances 

interpretability, 

meets regulatory 

demands 

 

3. DATA PREPROCESSING AND EXPLORATORY DATA ANALYSIS 

Kaggle's Electricity Load Forecasting dataset is made up of past data that shows how much 

electricity has been used over time. It has hourly load data from many places and often over a period 

of years, which lets you look at both short- and long-term trends. The file also has extra features like 
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temperature, humidity, and other weather-related variables that are very important for figuring out 

what affects the desire for energy. Because the information is organized with time series records, it 

can be used for forecasts in energy management and grid operations. As part of preprocessing, the 

information is cleaned up by either removing or adding empty values to make sure the time series 

data is consistent. Techniques like Z-score or interquartile range filtering are used to deal with 

outliers that could mess up model training. The data is then adjusted, which means that all of its traits 

are scaled to the same level. This is very important for machine learning models.  

 
Figure 1: System Architectural Block Diagram 

Feature engineering is the process of making time-based features (like the hour of the day and the 

day of the week), weather factors, and holiday markers. These make it easier for the model to find 

trends. Lastly, the Augmented Dickey-Fuller test is used to check for stationarity. If needed, methods 

like differencing or transformation are used to make the series steady. 

4. Autoregressive Integrated Moving Average (ARIMA) 

The ARIMA model is a strong statistical method for looking at and predicting time series data by 

simulating the real structure of the series. Autoregression (AR), integration (I), and moving average 

(MA) are the three main parts that make it up. The autoregressive part models the connection 

between the present value and its past values, which can be written mathematically as 

𝐴𝑅(𝑝): 𝑌𝑡 =  𝜙1𝑌𝑡−1 + 𝜙2𝑌𝑡−2 +  … +  𝜙𝑝𝑌𝑡−𝑝 +  𝜖𝑡 

where 𝑌𝑡 is the current value, 𝜙𝑖 are the autoregressive coefficients, and 𝜖𝑡 is the error term. To make 

the time series stay the same, the integration part does differencing. This is what the combined part 

is: 

𝐼(𝑑): ∇𝑑𝑌𝑡 =  (1 −  𝐵)𝑑𝑌𝑡 

The differencing operator is ∇𝑑, the degree of differencing is d, and the backward shift operator is B. 

The moving average part shows how the present number is linked to mistake terms from the past, 

which are given by 

𝑀𝐴(𝑞): 𝑌𝑡 =  𝜃0 +  𝜃1𝜖𝑡−1 +  𝜃2𝜖𝑡−2 +  … +  𝜃𝑞𝜖𝑡−𝑞 

This is how the full ARIMA model is shown: 

 

Figure 2: Graphical Representation of ARIMA 

𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞): 𝑌𝑡 =  𝜙1𝑌𝑡−1 + … +  𝜙𝑝𝑌𝑡−𝑝 +  ∇𝑑𝑌𝑡 +  𝜃0 + … +  𝜃𝑞𝜖𝑡−𝑞 + 𝜖𝑡 
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The goal is to get both straight relationships and trends by fitting the ARIMA model to the time 

series data. This will allow for accurate load forecasts. 

5. SEASONAL ARIMA (SARIMA) 

The Seasonal ARIMA (SARIMA) model builds on the ARIMA model by adding seasonality to time 

series analysis. This is very important for datasets like electricity load that show important daily, 

weekly, or yearly seasonal trends. Through extra parameters, SARIMA models both non-seasonal 

and seasonal factors, describing how the data changes over time. 

This is how the SARIMA model is written: 

𝑆𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑚: 𝑌𝑡 =  Θ𝑞(𝐵)𝜖𝑡
+  𝜙𝑝(𝐵𝑚)∇𝐷𝑌𝑡 

where (  𝜙𝑝(𝐵) =  1 − 𝜙1𝐵 − ⋯ −  𝜙𝑝𝐵𝑞) is the non-seasonal autoregressive (AR) operator, 

 ( Θ𝑞(𝐵)  =  1 − 𝜃1 𝐵 − ⋯ − 𝜃𝑞 𝐵𝑞) is the non-seasonal moving average (MA) operator, 

 ( ∇𝑑 𝑌𝑡  =  (1 –  𝐵)𝑑 𝑌𝑡 ) represents the non-seasonal differencing, (Φ𝑃(𝐵𝑚)  =  1 − Φ1 𝐵𝑚  − ⋯ −
Φ𝑃 𝐵𝑚𝑃) is the seasonal AR operator,  ( ∇𝐷 𝑌𝑡  =  (1 −  𝐵𝑚)𝐷 𝑌𝑡  ) represents the seasonal 

differencing, (m) is the seasonal period. 

The seasonal differencing operator in SARIMA (∇𝐷 𝑌𝑡  =  𝑌𝑡  −  𝑌𝑡−𝑚 ) takes care of irregular 

effects and makes sure that things stay the same from season to season. The model predicts both 

seasonal and non-seasonal AR and MA terms. This makes it very good at figuring out load trends 

that are affected by cycles that happen over and over again, like high demand in the summer or 

winter. SARIMA is better at predicting cycle data because it can use differential equations and 

integration to describe both short-term and yearly relationships. 

5.1. Long Short-Term Memory (LSTM) Networks 

This is a special kind of recurrent neural network (RNN) called LSTM networks. They are made to 

find long-term relationships in time series data, which is harder for regular RNNs because their 

gradients tend to disappear. The LSTM cell controls the flow of information with gates, which makes 

it very good at predicting load patterns that are not straight or simple. In terms of math, the LSTM 

cell is controlled by a set of differential equations: 

𝐹𝑜𝑟𝑔𝑒𝑡 𝐺𝑎𝑡𝑒: 𝑓𝑡 =  𝜎(𝑊𝑓 −  [ℎ𝑡−1, 𝑥𝑡] +  𝑏𝑓) 

𝐼𝑛𝑝𝑢𝑡 𝐺𝑎𝑡𝑒: 𝑖𝑡  = 𝜎(𝑊𝑖  −  [ℎ𝑡−1, 𝑥𝑡  +  𝑏𝑖]) 

 𝐶𝑒𝑙𝑙 𝑆𝑡𝑎𝑡𝑒 𝑈𝑝𝑑𝑎𝑡𝑒:  𝐶𝑡  =  𝑓𝑡 ⋅  𝐶𝑡−1 +  𝑖𝑡 ⋅   𝑡𝑎𝑛ℎ(𝑊𝐶 ⋅  [ℎ𝑡−1, 𝑥𝑡]  +  𝑏𝐶) 

 𝑂𝑢𝑡𝑝𝑢𝑡 𝐺𝑎𝑡𝑒:  𝑜𝑡  = 𝜎(𝑊𝑜  −  [ℎ𝑡−1, 𝑥𝑡]  +  𝑏𝑜) 

𝐻𝑖𝑑𝑑𝑒𝑛 𝑆𝑡𝑎𝑡𝑒 ℎ𝑡  =  𝑜𝑡  −  𝑡𝑎𝑛ℎ(𝐶𝑡) 

The forget, input, and output gates are shown here as 𝑓𝑡, 𝑖𝑡, and 𝑜𝑡. They control the cell state 𝐶𝑡 and 

the secret state ℎ𝑡. LSTM can describe and predict complicated, time-varying trends in electricity 

load data by combining these states over time. It can consider both short-term changes and long-term 

relationships. 

5.2. Hybrid Model (ARIMA-LSTM) 

The combined ARIMA-LSTM model takes the best parts of both the ARIMA and LSTM models and 

puts them together to make time series predictions more accurate. The method uses ARIMA to 

describe the data's linear parts and an LSTM network to capture the data's non-linear parts. ARIMA's 

differential powers and LSTM's dynamic, memory-based structure are both used in this two-pronged 

method. 
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The process begins with fitting an ARIMA model: 

𝑌𝑡 =  𝜙1 𝑌𝑡−1  +  … + 𝜙𝑝𝑌𝑡−𝑝  + 𝜃1 𝜖𝑡−1 +  … + 𝜃𝑞 𝜖𝑡−𝑞  +  𝜖𝑡 

The residuals  (𝜖𝑡  =  𝑌𝑡  −  𝑌𝑡̂), representing the non-linear part, are then modeled using an LSTM 

network: 

 𝐿𝑆𝑇𝑀 𝑂𝑢𝑡𝑝𝑢𝑡: ℎ𝑡 =  𝑜𝑡 − tanh(𝐶𝑡) 

where ℎ𝑡 is the hidden state derived through the differential equations governing the LSTM cell 

(forget, input, and output gates). Finally, the forecast is the sum of the ARIMA prediction (𝑌𝑡̂ and the 

LSTM output 𝜖𝑡̂: 

𝑌𝑡̂𝐻𝑦𝑏𝑟𝑖𝑑
=  𝑌𝑡̂𝐴𝑅𝐼𝑀𝐴

+  𝜖𝑡̂ 

By combining linear (ARIMA) and non-linear (LSTM) models, the hybrid model can find more 

trends in the data, which leads to more accurate and reliable load predictions. The complicated 

dynamics of LSTM and the differential equations from ARIMA work together to make up for the 

flaws in each model. 

6. RESULT AND DISCUSSION 

Using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute 

Percentage Error (MAPE), the Performance Metrics Table (2) shows how accurate four predicting 

models are: ARIA, SARIMA, LSTM, and Hybrid. MAE shows the average size of mistakes, RMSE 

shows how much bigger errors cost, and MAPE shows how accurate something is as a percentage. 

Compared to ARIMA, SARIMA, and LSTM, the Hybrid model has the lowest MAE, RMSE, and 

MAPE, which means it is better at making predictions. The LSTM model does well too, but the 

Hybrid model does a little better. The fact that SARIMA and ARIMA have bigger mistakes shows 

that they can't capture complex trends as well as the more advanced models. 

Table 2: Performance Metric of Forecasting Model 

Model MAE RMSE MAPE 

ARIMA 5.23 7.65 2.45% 

SARIMA 4.89 7.12 2.30% 

LSTM 3.78 5.43 1.89% 

Hybrid 3.45 5.12 1.75% 

 

 
Figure 3: Representation of Short-Term MAE Comparison 

There are four models shown in figure (3): ARIMA, SARIMA, LSTM, and Hybrid. It shows the 

Short-Term MAE for each model. The hybrid model has the lowest MAE, which shows that it is very 

good at making short-term predictions. Then comes LSTM, which also does very well. On the other 

hand, ARIMA and SARIMA have higher MAE values, which means they are less good at making 
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short-term predictions. The figure (3) makes it clear how well the Hybrid model works at reducing 

predicting mistakes. 

 
Figure 4: Representation of Medium-Term MAE Comparison 

Figure 4 shows the Medium-Term MAE for the four models, which are ARIMA, SARIMA, LSTM, 

and Hybrid. The Hybrid model has the smallest mistake, which means it does a good job of 

predicting the middle term. LSTM also does well, while SARIMA and ARIMA make more mistakes. 

The line clearly shows that the Hybrid and LSTM models are better at making medium-term 

estimates than standard models. 

 
Figure 5: Representation of Long-Term MAE Comparison 

The Long-Term MAE for all four models is shown in Figure 5. Once more, the Hybrid model has the 

lowest MAE, which shows that it is good at making long-term predictions. After that comes LSTM, 

which does better than both SARIMA and ARIMA. This graph makes it very clear that more 

advanced models, especially the Hybrid model, are better at staying accurate over longer periods of 

time. 

Compare how well ARIMA, SARIMA, LSTM, and Hybrid models do at making predictions for the 

short, middle, and long term in the Comparative Analysis Table (3). The Hybrid model always has 

the lowest MAE across all time periods, which shows how accurate and stable it is. The LSTM 

model works well, especially in the short and middle terms. It makes a few more mistakes in the long 

term than the Hybrid model. SARIMA and ARIMA have higher MAE, especially when predicting 

for longer amounts of time, which shows that they can't handle longer predictions well. This table 

shows how well mixing ARIMA and LSTM in the Hybrid model works for predicting accurately and 

reliably load over a range of time periods. 

Table 3: Comparative Analysis Forecasting Model 

Model Short-Term MAE Medium-Term MAE Long-Term MAE 

ARIMA 4.15 5.60 6.95 

SARIMA 3.98 5.25 6.85 

LSTM 3.45 4.60 5.90 

Hybrid 3.25 4.20 5.65 
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Figure 6: Representation of Comparative analysis of Different Forecasting Model 

The figure (6) shows the success measures (MAE, RMSE, and MAPE) for four prediction models: 

ARIMA, SARIMA, LSTM, and Hybrid. There is a separate line for each measure. MAE is blue, 

RMSE is red, and MAPE is green. The Hybrid model always has the lowest numbers for all 

measures, which means it works better. This figure (6) shows that the Hybrid model is more accurate 

overall than LSTM, even though LSTM does well in MAE and MAPE. The mistakes in ARIMA and 

SARIMA are higher, especially in MAE and RMSE, which shows that they are not as good as the 

more advanced models. 

7. CONCLUSION  

Power systems need to be able to predict electrical loads in order to handle, plan, and run efficiently. 

To keep the grid stable, make the best use of resources, and keep running costs as low as possible, it's 

important to make accurate predictions of future energy usage. This article looks at both old-

fashioned statistical methods and newer machine learning methods for using time series analysis to 

predict electricity loads. We specifically look into how well the Autoregressive Integrated Moving 

Average (ARIMA), Seasonal ARIMA (SARIMA), Long Short-Term Memory (LSTM), and a mixed 

ARIMA-LSTM model work. To get past load data ready for modeling, the study starts with data 

preparation and experimental data analysis. After that, we use the ARIMA and SARIMA models to 

find the linear and seasonal parts of the time series. LSTM networks are used to describe the data's 

complicated and nonlinear time relationships. The ARIMA-LSTM hybrid model takes the best parts 

of both methods and uses them together. It uses ARIMA's linear modeling skills and LSTM's non-

linear forecast skills. Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean 

Absolute Percentage Error (MAPE) are some of the performance measures we use to judge the 

models. In addition, we compare each model across three different time frames short-term, medium-

term, and long-term to see how accurate and robust it is. The results show that the mixed model 

regularly does better than the ARIMA, SARIMA, and LSTM models on their own, with lower MAE, 

RMSE, and MAPE values at all time points. This better performance shows how well it works to 

combine old-fashioned statistical methods with newer machine learning methods for accurate and 

reliable electricity load forecasts. Our results add to the ongoing development of prediction models in 

energy management and give us useful information for making power systems more reliable and 

efficient. 
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