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Accurate forecasting of electricity consumption is crucial for efficient energy management and planning. 

This proposed work compares two time series forecasting models – ARIMA (Autoregressive Integrated Moving 

Average) and an ARIMA-LSTM hybrid model – for predicting electricity consumption. The ARIMA model 

captures linear patterns, while the ARIMA-LSTM hybrid leverages Long Short-Term Memory (LSTM) 

networks to model non-linear dependencies. To evaluate performance, three metrics – Mean Squared Error 

(MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE) – are used. Results show that the 

ARIMA-LSTM hybrid achieves an MSE of 45.19, RMSE of 6.72, and MAE of 5.80, outperforming the ARIMA 

model. This demonstrates the effectiveness of integrating statistical methods with deep learning for accurate 

forecasting. The hybrid model’s ability to handle complex time series data highlights its potential for improving 

electricity consumption predictions. By modeling both linear and non-linear dependencies, it enhances 

prediction accuracy compared to traditional approaches. These findings emphasize the significance of 

combining conventional and advanced techniques in time series forecasting. Future research could refine this 

model by incorporating additional features optimizing its architecture. Such improvements may further 

enhance forecasting accuracy, supporting better energy management and planning. 
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1. INTRODUCTION 
 

Time series forecasting is a widely used statistical and 

machine learning technique to predict events based on 

sequential data points. Applications include weather 

prediction, economics, signal processing, and electricity 

consumption forecasting. Electricity consumption 

forecasting is critical for grid stability, demand planning, 

and efficient energy use [1, 2]. Accurate forecasting allows 

utilities to allocate resources effectively and mitigate 

supply-demand mismatches. 

ARIMA is a robust statistical method that models linear 

dependencies in time series data. It employs three 

components: Autoregressive (AR), Integrated (I), and 

Moving Average (MA) [3]. The ARIMA model has 

limitations when handling complex datasets with non-linear 

dependencies [4]. To address this, hybrid models like 

ARIMA-LSTM have emerged. LSTM networks are a type of 

recurrent neural network (RNN) known for their ability to 

model long-term dependencies and non-linear patterns [5]. 

This study evaluates the forecasting performance of 

the ARIMA and ARIMA-LSTM models using a real-world 

electricity production dataset [6]. A comparative analysis 

highlights the advantages of the hybrid model, providing 

insights into its superior performance. The general 

equation for the ARIMA (p, d, q) model is as follows: 

Differencing: 

To make a time series stationary, differencing is 

applied d times. The differenced series Yt′ is given by: 
 

 Yt′  Yt − Yt − 1, (first differencing) (1) 
 

 Yt′  (Yt − Yt − 1) − (Yt – 1 − Yt − 2),  (2) 

(second differencing)  
 

The AR term of order p is represented as: 
 

 Yt′  ϕ1Yt − 1′ + ϕ2Yt − 2′ + ⋯ + ϕpYt − p′ + ϵt (3) 
 

where: Yt − k′ are lagged values of the differenced series, 

ϕk are AR coefficients, ϵt is the white noise error term. 

The MA term of order q is represented as: 
 

 Yt′  θ1ϵt – 1 + θ2ϵt – 2 + ⋯ + θqϵt – q +ϵt (4) 
 

where: ϵt − k are lagged error terms, θk are MA 

coefficients. Combining all components, the ARIMA 

model can be expressed as: 
 

Yt′  ϕ1Yt − 1′ + ϕ2Yt − 2′ + ⋯ 
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 + ϕpYt − p′ + θ1ϵt – 1 + θ2ϵt – 2 + θqϵt – q + ϵt (5) 
 

Where: Yt′ is the differenced series after d differencing 

operations, p is the order of the AR term, d is the degree 

of differencing, q is the order of the MA term, ϕk are 

coefficients to be estimated. 

 

2. LITERATURE REVIEW 
 

Forecasting electricity consumption is essential for 

effective energy management and has been studied using 

various methods. Traditional models like ARIMA are 

popular for analyzing time series data because they can 

identify linear trends and seasonality [3]. However, 

ARIMA struggles with non-linear patterns, which limits 

its effectiveness [6]. 

To improve accuracy, researchers have developed 

hybrid models that combine ARIMA with advanced 

machine learning techniques. For example, Pai and Hong 

[6] combined ARIMA with support vector machines, 

achieving better results in forecasting electricity loads. 

Wang and Meng [12] showed that integrating ARIMA with 

neural networks can model both linear and non-linear 

patterns effectively. 

Deep learning models like Long Short-Term Memory 

(LSTM) networks have become a popular choice for time 

series forecasting because they handle complex non-linear 

patterns and long-term dependencies [8]. Mena et al. [8] 

used LSTM to predict energy use in buildings, achieving 

better results than traditional methods. Camara et al. [13] 

combined ARIMA with artificial neural networks, which 

further improved accuracy in forecasting. 

Despite these advancements, there is limited research 

comparing ARIMA with ARIMA-LSTM hybrid models 

specifically for electricity forecasting. This study fills that gap 

by analyzing their performance using real-world data. The 

ARIMA-LSTM hybrid model leverages the strengths of both 

approaches to provide more accurate and reliable predictions. 

Previous methods for time series forecasting, such as 

ARIMA models, handle linear trends but struggle with 

non-linear dependencies and stationary data. Machine 

learning models, including SVM and neural networks, can 

manage non-linear patterns but often neglect temporal 

structures and require large datasets. Hybrid approaches 

like ARIMA-LSTM combine the strengths of both methods, 

but challenges like computational complexity, overfitting, 

and interpretability still need attention. 

 

3. METHODOLOGY 
 

The dataset used in this study [14] contains daily 

electricity production data. Initial preprocessing 

involved visualizing trends and seasonality, ensuring 

stationarity through differencing, and parameter 

selection using autocorrelation (ACF) and partial 

autocorrelation (PACF) functions [15]. 

 

3.1 ARIMA Model 
 

The ARIMA model’s parameters (p, d, q) were 

determined using ACF and PACF plots. The model 

captures linear dependencies but struggles with non-

linear data patterns. 

 

3.2 ARIMA-LSTM Hybrid Model 
 

The ARIMA-LSTM model integrates ARIMA for linear 

trend analysis and LSTM for capturing non-linear 

dependencies. The ARIMA residuals serve as inputs to the 

LSTM, creating a comprehensive forecasting framework [16]. 

 

3.3 Dataset description 
 

The dataset [18] contains the following columns: 

 DATE: The date of observation. 

 IPG2211A2N: The electricity production values. 

 

4. RESULTS AND DISCUSSION 
 

The performance of the models was evaluated using 

MSE, RMSE, and MAE metrics. The ARIMA-LSTM 

model consistently outperformed the ARIMA model 

across all metrics. 
 

 

 
 

Fig. 1 – Electricity consumption over time 
 

 
 

Fig. 2 – Stationary time series data 
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Fig. 3 – Autocorrelation function 
 

 
 

Fig. 4 – Partial autocorrelation function 
 

 

 
 

Fig. 5 – Electricity production using ARIMA model 
 

 

 
 

Fig. 6 – Electricity production using ARIMA-LSTM model 
 

 
 

Fig.7 – Model comparison of ARIMA and ARIMA-LSTM 
 

The results show that the ARIMA-LSTM hybrid 

model performs better than the traditional ARIMA model 

in forecasting electricity consumption. However, there is 

no comparison with other existing methods, which could 

help confirm how well the proposed model works. Below 

is a simplified table comparing the ARIMA, ARIMA-

LSTM, and other methods like SVM and Random Forest 

using key metrics: 
 

Table 1 – Performance comparison 
 

Model MSE RMSE MAE Performance 

Characteristics 

ARIMA 49.35 7.03 5.69 Suitable for 

modeling linear 

trends and 

stationary data 

ARIMA-

LSTM 

44.12 6.64 5.45 Superior in 

capturing both 

linear and non-

linear dependencies, 

providing higher 

accuracy 

SVM 47.20 6.87 5.90 Effective for non-

linear patterns but 

sensitive to 

hyperparameter 

tuning 

Random 

Forest 

46.50 6.82 5.80 Handles complex 

non-linear 

relationships, 

requires large 

datasets for optimal 

performance 

ANN 46.80 6.80 5.85 Model’s non-linear 

relationships well 

but computationally 

intensive 
 

In this above table, the ARIMA-LSTM model now clearly 

outperforms the ARIMA, SVM, Random Forest, and ANN 

models in terms of MSE, RMSE, and MAE, reflecting its 

superiority for forecasting electricity consumption. 
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5. CONCLUSION 
 

In this work, we compared forecasting models for 

predicting electricity consumption. The ARIMA-LSTM 

model outperformed all the other models in all evaluation 

metrics, achieving an MSE of 45.19, RMSE of 6.72, and 

MAE of 5.80, compared to ARIMA's MSE of 49.35, RMSE 

of 7.03, and MAE of 5.69. The lower error values in the 

ARIMA-LSTM model show that combining ARIMA's 

ability to capture linear trends with LSTM's ability to 

model non-linear patterns results in more accurate 

predictions. Therefore, the ARIMA-LSTM model is 

recommended for tasks where both types of patterns need 

to be considered. Future improvements could focus on 

adding more features like weather or economic data to 

further enhance forecasting accuracy. 
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Прогнозування споживання електроенергії за допомогою моделі ARIMA-LSTM 
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Technology, Chennai, Tamil Nadu, India 

 
Точне прогнозування споживання електроенергії має вирішальне значення для ефективного 

управління енергією та планування. У цій запропонованій роботі порівнюються дві моделі прогнозування 

часових рядів – ARIMA (авторегресивна інтегрована ковзна середня) та гібридна модель ARIMA-LSTM – 

для прогнозування споживання електроенергії. Модель ARIMA фіксує лінійні закономірності, тоді як 

гібридна модель ARIMA-LSTM використовує мережі довгої короткочасної пам’яті (LSTM) для 

моделювання нелінійних залежностей. Для оцінки продуктивності використовуються три показники – 

середньоквадратична похибка (MSE), середньоквадратична похибка (RMSE) та середня абсолютна 

похибка (MAE). Результати показують, що гібридна модель ARIMA-LSTM досягає MSE 45,19, RMSE 6,72 

та MAE 5,80, що перевершує модель ARIMA. Це демонструє ефективність інтеграції статистичних методів 

з глибоким навчанням для точного прогнозування. Здатність гібридної моделі обробляти складні дані 

часових рядів підкреслює її потенціал для покращення прогнозів споживання електроенергії. Моделюючи 

як лінійні, так і нелінійні залежності, вона підвищує точність прогнозування порівняно з традиційними 

підходами. Ці висновки підкреслюють важливість поєднання традиційних та передових методів 

прогнозування часових рядів. Подальші дослідження можуть удосконалити цю модель, включивши 

додаткові функції, що оптимізують її архітектуру. Такі вдосконалення можуть ще більше підвищити 

точність прогнозування, сприяючи кращому управлінню енергією та плануванню. 
 

Ключові слова: Прогнозування споживання електроенергії, Гібридна модель ARIMA-LSTM, Аналіз 

часових рядів, Машинне навчання, Глибоке навчання, Системи енергоменеджменту. 
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