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Abstract. The problem of this research is Increasing electricity consumption in buildings has 

become a significant challenge in energy management and electricity load planning due to 

dynamic usage patterns influenced by operational schedules, environmental conditions, and 

temporal factors. The research gap identified is that machine learning techniques have been 

widely applied for electricity forecasting, but studies that integrate temporal, environmental, 

and historical consumption features within a unified prediction framework are still relatively 

limited. This study proposes an Artificial Intelligence-based building electricity consumption 

prediction framework using Light Gradient Boosting Machine (LightGBM) and time series 

regression techniques. The proposed approach integrates data preprocessing, feature 

engineering, environmental variables, temporal information, building identifiers, and historical 

electricity consumption records to improve forecasting accuracy. The dataset was processed 

chronologically and divided into training and validation sets without shuffling to preserve 

temporal dependencies. Model performance was evaluated using Root Mean Squared Error 

(RMSE). Experimental results demonstrate that the proposed model achieved an average 

RMSE of 143.36 and successfully captured the overall trend of electricity consumption across 

different buildings. The findings indicate that the integration of temporal, environmental, and 

historical consumption features contributes to effective forecasting performance and supports 

data-driven energy management applications. Future research may focus on incorporating 

occupancy information, real-time sensor measurements, and advanced deep learning 

approaches to further improve forecasting accuracy. 
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1. Introduction 

 

Electricity consumption in buildings has become one of the major concerns in modern energy 

management systems due to the continuous growth of commercial, educational, and industrial 

activities. Buildings contribute a substantial portion of overall electricity demand, making 

efficient energy utilization and load management increasingly important. The growing 

complexity of electricity usage patterns, influenced by operational schedules, occupancy levels, 

and environmental conditions, presents significant challenges for building managers and energy 

planners (Čegovnik et al., 2023; Gassar, 2024; Yazici et al., 2022). 

 

Accurate forecasting of electricity consumption plays an important role in supporting energy 

efficiency, reducing operational costs, and improving decision-making processes. Without 

reliable prediction systems, energy management often relies on manual estimation or historical 

averages that may not adequately reflect future demand conditions. Such limitations can result 

in inefficient resource allocation, increased operational expenses, and difficulties in maintaining 

optimal energy consumption levels (Cordeiro-Costas et al., 2023; Pallonetto et al., 2022). 
 

Recent advances in artificial intelligence and machine learning have provided new 

opportunities for improving electricity consumption forecasting. Various machine learning 

techniques have been successfully applied to identify complex relationships between historical 

consumption data and influencing factors, enabling more accurate forecasting compared with 

traditional statistical approaches (Adebayo Olusegun Aderibigbe et al., 2023; Akhtar et al., 

2023). Among these approaches, Light Gradient Boosting Machine (LightGBM) has attracted 

considerable attention due to its computational efficiency, scalability, and strong predictive 

performance in regression tasks involving large datasets and multiple input variables. 
. 
Although machine learning techniques have been widely applied to electricity load forecasting, 

further research is needed to evaluate the combined influence of temporal information, 

environmental variables, building characteristics, and historical consumption patterns within a 

unified framework. Therefore, this study proposes an AI-based building electricity consumption 

prediction system using LightGBM time series regression, integrating data preprocessing, 

feature engineering, model training, and performance evaluation using Root Mean Squared 

Error (RMSE) to develop and assess a predictive model that supports accurate electricity 

consumption forecasting and data-driven energy management decisions (Baul et al., 2024; 

Suhartomo et al., 2025; Tae et al., 2023). 

 

The remainder of this paper is organized as follows. Section 2 presents the literature review 

related to electricity consumption forecasting and machine learning approaches. Section 3 

describes the research methodology and model development process. Section 4 presents the 

experimental results, while Section 5 discusses the findings and limitations of the study. Finally, 

Section 6 concludes the paper and provides recommendations for future work. 

 

2. Literature Review  

2.1. Building Electricity Consumption Forecasting 

 

Electricity consumption forecasting has become an essential component of modern energy 

management systems. Accurate forecasting enables building operators to optimize energy 

https://kometspress.id/jicss


https://kometspress.id/jicss   

 

Ida Bagus Putu Arkananta, Fiqih Nuraffi Rachmansyah, Ghania Rabbanni Hidayat, Nabila 

Nur Halisa, and Gigih Angun Farmala 

Journal of IoT and Cybersecurity Systems, Vol.1, No1, 2026 

18 

utilization, reduce operational costs, improve load planning, and support sustainable energy 

management practices. Electricity demand in buildings is influenced by various factors, 

including occupancy levels, operational schedules, weather conditions, building characteristics, 

and seasonal variations. As a result, forecasting electricity consumption remains a challenging 

task due to the dynamic and nonlinear nature of energy usage patterns (Rodrigues et al., 2023; 

Silalahi et al., 2021; Simanjuntak, Heryanto, et al., 2024). 

 

Building electricity forecasting is generally categorized into short-term, medium-term, and 

long-term forecasting. Short-term forecasting focuses on predicting electricity demand over the 

next few hours or days and is widely used for operational planning and energy management. 

Medium-term and long-term forecasting are commonly applied to infrastructure planning, 

energy policy development, and investment analysis. Among these categories, short-term load 

forecasting has received considerable attention because of its direct impact on daily building 

operations and electricity cost optimization (Akhtar et al., 2023; Silalahi et al., 2024; 

Simanjuntak, Haidi, et al., 2024). 

 

Several studies have demonstrated that accurate forecasting models can significantly improve 

energy efficiency by enabling proactive decision-making and better resource allocation. 

Consequently, developing reliable electricity consumption forecasting systems remains an 

important research area within intelligent energy management and smart building applications 

(Pallonetto et al., 2022). 

 

2.2. Machine Learning-Based Load Forecasting 

 

Machine learning techniques have been widely adopted for electricity consumption forecasting 

because of their ability to learn complex relationships from historical data without requiring 

strict statistical assumptions. Unlike conventional forecasting approaches, machine learning 

algorithms can model nonlinear patterns and interactions among multiple influencing variables, 

resulting in improved forecasting performance in many practical applications (Adebayo 

Olusegun Aderibigbe et al., 2023; Zini & Carcasci, 2023). 

 

Various machine learning methods have been applied in load forecasting studies, including 

Artificial Neural Networks (ANN), Random Forest, Support Vector Regression (SVR), 

XGBoost, and Long Short-Term Memory (LSTM) networks. Deep learning approaches such as 

LSTM have shown strong performance in capturing temporal dependencies within electricity 

consumption data. However, these methods often require substantial computational resources 

and large training datasets, which may limit their practicality in certain applications (Al-Jamimi 

et al., 2023; Bashir et al., 2022; Ullah et al., 2024). 

 

Recent studies have also highlighted the effectiveness of ensemble learning methods for short-

term load forecasting. Ensemble algorithms combine multiple decision trees to improve 

prediction accuracy and reduce overfitting. As a result, machine learning has become one of the 

dominant approaches for building energy forecasting and intelligent energy management 

systems (Ibrahim et al., 2022). 

 
 

https://kometspress.id/jicss


https://kometspress.id/jicss  

Ida Bagus Putu Arkananta, Fiqih Nuraffi Rachmansyah, Ghania Rabbanni Hidayat, Nabila 

Nur Halisa, and Gigih Angun Farmala 

 Journal of IoT and Cybersecurity Systems, Vol. 1, No.1, 2026 

19 

2.3. LightGBM for Time Series Regression 

 

Light Gradient Boosting Machine (LightGBM) is an ensemble learning algorithm based on 

Gradient Boosting Decision Trees (GBDT) that is designed to achieve high predictive 

performance while maintaining computational efficiency. LightGBM employs histogram-based 

learning and leaf-wise tree growth strategies, allowing it to process large datasets efficiently 

and reduce training time compared with conventional boosting algorithms (Sitompul et al., 

2025; Yao et al., 2022). 

 

In electricity load forecasting applications, LightGBM has demonstrated promising results due 

to its capability to model nonlinear relationships among environmental, temporal, and historical 

consumption variables. The algorithm can effectively handle large feature spaces while 

maintaining strong generalization performance. Previous studies reported that LightGBM-

based forecasting models achieved competitive prediction accuracy compared with other 

machine learning and deep learning approaches for short-term load forecasting tasks (Dudek, 

2022; Koukaras et al., 2024).  
 

In addition to prediction accuracy, LightGBM offers advantages in interpretability and 

scalability, making it suitable for practical deployment in building energy management systems. 

These characteristics make LightGBM an attractive choice for developing intelligent electricity 

consumption prediction models. 
 

2.4. Research Gap and Proposed Study 

 

Previous studies have demonstrated the effectiveness of machine learning techniques for 

electricity load forecasting. However, many existing studies focus on specific forecasting 

methods or limited feature categories without comprehensively examining the combined effects 

of temporal information, environmental conditions, building characteristics, and historical 

consumption patterns within a unified framework. In addition, despite the increasing popularity 

of LightGBM in forecasting applications, studies investigating its use for building electricity 

consumption prediction with extensive feature engineering remain relatively limited (Hu et al., 

2022; Sitompul et al., 2026). 

  
Therefore, this study proposes a LightGBM-based time series regression framework for 

building electricity consumption prediction. The model integrates environmental variables, 

temporal features, building identifiers, and historical electricity consumption data to improve 

forecasting accuracy. Furthermore, the effects of lagged variables, rolling statistics, temporal 

attributes, and environmental factors are evaluated using Root Mean Squared Error (RMSE) to 

assess the effectiveness of the proposed approach for building energy management applications 

(Raviprabhakaran et al., 2024). 
 

3. Research Methods  

 

This study proposes a machine learning-based framework for predicting building electricity 

consumption using the Light Gradient Boosting Machine (LightGBM) algorithm. Figure 1 

illustrates the overall research workflow of the proposed system, including data collection, 
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preprocessing, feature engineering, model training, prediction, and performance evaluation 

stages. The implementation process of the proposed forecasting system is presented in Figure 

2. The flowchart describes the programming workflow, starting from dataset preprocessing, 

feature generation, model training, prediction generation, and model evaluation. 
 

 
 

Figure 1. Flowchart Work Process. 

 
 

Figure 2. Flowchart Programming 
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These workflow stages demonstrate how the proposed LightGBM-based forecasting framework 

processes historical electricity consumption data and generates prediction results for building 

energy management applications. 

 

3.1. Dataset Description 

 

The dataset used in this study consists of historical building electricity consumption records combined 

with environmental and temporal information. The target variable is electricity consumption, while the 

input variables include weather-related features, temporal attributes, building identifiers, and historical 

electricity usage values. These variables were selected because electricity consumption is influenced by 

both external environmental conditions and recurring temporal patterns (Zhang & Jánošík, 2024). 

  
To improve prediction performance, multiple categories of features are incorporated into the 

forecasting framework, including environmental features, temporal information, building-

specific characteristics, and historical electricity consumption records. The combination of 

these features enables the model to capture both short-term fluctuations and long-term 

consumption trends. 
 

3.2. Environmental Features 

 

Environmental conditions significantly influence electricity consumption patterns, particularly 

through their impact on heating, ventilation, and air conditioning (HVAC) systems. Therefore, 

several weather-related variables are incorporated into the forecasting model, including 

temperature (°C), precipitation (mm), wind speed (m/s), humidity (%), sunshine duration 

(hours), and solar radiation (MJ/m²). These features allow the model to identify relationships 

between environmental changes and electricity demand. 
  
Weather information is preprocessed by handling missing values, correcting inconsistent 

measurements, and aligning timestamps with electricity consumption records. This process 

ensures that environmental variables are synchronized with energy usage data and suitable for 

model training. The integration of environmental information enhances forecasting robustness, 

particularly during unusual weather conditions that may affect electricity demand. 
 

3.3. Temporal Features 

 

Electricity consumption exhibits recurring daily, weekly, and seasonal patterns. To capture these 

characteristics, temporal variables are extracted from timestamp information, including year, 

month, day, hour, day of week, day of year, and day type (weekday or weekend). These features 

provide contextual information that enables the model to distinguish between normal 

consumption cycles and irregular events. 
  
Temporal features are essential for identifying behavioral patterns associated with building 

operations. For example, electricity consumption is typically higher during working hours and 

lower during nighttime periods. By incorporating temporal information, the forecasting model 

can better recognize these recurring trends and improve prediction accuracy. 
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3.4. Historical Electricity Consumption Features 
 

Historical electricity consumption data serves as the primary source of predictive information. 

To capture temporal dependencies, lag-based features are generated from previous consumption 

records. These include lag-1 power, lag-24 power, and lag-168 power, representing 

consumption values from the previous hour, previous day, and previous week, respectively. 
  
In addition, rolling mean statistics are calculated to capture broader consumption trends and 

reduce the influence of short-term fluctuations. The combination of lagged observations and 

rolling statistics enables the model to learn both immediate consumption behavior and medium-

term usage patterns, thereby improving forecasting performance. 
 

3.5. Data Preprocessing and Feature Engineering 
 

Prior to model development, all input variables undergo preprocessing to improve data quality 

and consistency. Missing values are handled through imputation techniques, timestamps are 

converted into datetime format, and records are sorted chronologically to preserve the temporal 

structure of the dataset. 
  
Feature engineering is then performed to transform raw observations into informative 

predictors. Temporal variables, lag features, and rolling statistics are generated and combined 

with environmental attributes to create a comprehensive feature set. These engineered features 

enable the model to capture complex relationships among electricity consumption drivers and 

improve generalization performance. 

 

 
 

3.6. LightGBM Regression Model 
 

The forecasting model employed in this study is Light Gradient Boosting Machine 

(LightGBM), an ensemble learning algorithm based on Gradient Boosting Decision Trees 

(GBDT). LightGBM constructs multiple decision trees sequentially, where each subsequent 

tree attempts to minimize the prediction error produced by previous trees. To provide a clear 

representation of the proposed forecasting procedure, the overall prediction framework is 

summarized in Algorithm 1. 
 
Algorithm 1 Electricity Consumption Prediction using LightGBM 

1: Import historical electricity consumption dataset 

2: Preprocess data: 
3:  Handle missing values 
4:  Convert time to datetime format 
5:  Sort data chronologically 
6: Generate features: 
7:  Extract temporal features (hour, day, day of week) 
8:  Create lag features (lag-1, lag-24, lag-168) 
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9: Split dataset into training and validation sets (no shuffling) 
10: Train LightGBM regression model using training data 
11: Predict electricity consumption on validation data 
12: Evaluate model performance using RMSE 
13: Visualize actual vs predicted values 
14: return Predicted electricity consumption and RMSE 

 
The algorithm is selected because of its computational efficiency, scalability, and ability to 

model nonlinear relationships among input variables. By combining environmental 

information, temporal characteristics, building identifiers, and historical consumption features, 

the model learns complex consumption patterns and generates future electricity demand 

predictions. 
 

3.7. Model Training and Prediction 
 

The prepared dataset is divided into training and validation subsets without random shuffling 

in order to preserve chronological order. The training data are used to construct the LightGBM 

regression model, while the validation data are employed to evaluate forecasting performance. 
  
After training, the model performs prediction on unseen observations by utilizing the latest 

available features. The prediction output represents the estimated electricity consumption for a 

specific building and time period. 
 

3.8. Performance Evaluation 
Model performance is evaluated using Root Mean Squared Error (RMSE), which measures the 

average magnitude of prediction errors between actual and predicted electricity consumption 

values. Equation (1.1) describes the mathematical formulation of RMSE used in this study. 

 

𝑅𝑀𝑆𝐸  =  √
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)2
𝑛

𝑖=1

 (1) 

 

Where: 𝑛 r presents the total number of observations, 𝑦𝑖  denotes the actual electricity 

consumption value, and 𝑦𝑖̂   represents the predicted value. Lower RMSE values indicate better 

forecasting performance. In addition to numerical evaluation, prediction results are visualized 

through comparison plots between actual and predicted electricity consumption values to 

facilitate interpretation of model behavior. 
 

4. Results 

4.1. Model Performance Evaluation 
 

The performance of the proposed LightGBM model was evaluated using Root Mean Squared 

Error (RMSE) as the primary performance metric. RMSE was selected because it measures the 

average magnitude of prediction errors and provides a quantitative assessment of forecasting 

accuracy. Lower RMSE values indicate that the predicted electricity consumption values are 
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closer to the actual observations. Figure 3 presents the RMSE values obtained for each building 

included in the dataset. The results demonstrate that forecasting performance varies across 

buildings due to differences in electricity consumption characteristics and operational patterns. 

Some buildings achieved lower RMSE values, indicating higher prediction accuracy, while 

others exhibited relatively larger prediction errors. 

 

"The overall model performance is summarized in Figure 4, showing an average RMSE of 

143.36 across all evaluated buildings. This result indicates that the proposed LightGBM model 

is capable of generating reasonably accurate electricity consumption forecasts using historical 

consumption records, environmental variables, and temporal features. After training, the model 

predicts electricity consumption for unseen observations by utilizing the latest available 

features, producing estimated consumption values for specific buildings and time periods. 

 

 
 

Figure 3. RMSE Per Building 

 
 

Figure 4. Overall RMSE 

 

 
 

Figure 5. Actual vs Predicted Electricity Consumption 
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4.2. Prediction Results 
 

To further evaluate forecasting performance, a visual comparison between actual and predicted 

electricity consumption values was conducted. Figure 5 illustrates the relationship between 

actual observations and model predictions over the evaluation period. The prediction results 

show that the proposed model is capable of following the general trend of electricity 

consumption. Predicted values generally align with actual consumption patterns throughout the 

observation period. However, several deviations can be observed at specific time intervals 

where consumption changes rapidly. Despite these deviations, the forecasting model 

successfully captures the overall consumption dynamics and demonstrates consistent prediction 

behavior across different operating conditions. The results indicate that the generated feature 

set and LightGBM regression model effectively represent the underlying structure of electricity 

consumption data. 
 

4.3. Summary of Results 

 

The evaluation results indicate that the proposed forecasting framework successfully generated 

electricity consumption predictions using historical consumption data, environmental variables, 

and temporal information. The model achieved an average RMSE value of 143.36 and was able 

to reproduce the general consumption trend observed in the dataset. 

  
Furthermore, the visualization results demonstrate that the predicted values follow the actual 

electricity consumption pattern with acceptable accuracy. These findings suggest that the 

proposed LightGBM-based time series regression framework provides a practical approach for 

short-term building electricity consumption forecasting and establishes a foundation for further 

analysis presented in the next section. 

 

5. Discussion and Limitations 

 

The results demonstrate that the proposed LightGBM-based time series regression model is 

capable of predicting building electricity consumption with satisfactory accuracy. The obtained 

average RMSE value of 143.36 indicates that the model successfully captures the general 

consumption behavior observed within the dataset. The prediction plots further confirm that the 

generated forecasts follow the overall trend of actual electricity consumption, suggesting that 

the selected features provide meaningful information for the forecasting process. 

  
One important factor contributing to the model performance is the inclusion of temporal 

features. Variables such as hour, day of week, and historical consumption patterns allow the 

model to recognize recurring electricity usage behavior associated with building operations. 

Electricity demand typically follows predictable daily and weekly cycles, where consumption 

increases during active operational periods and decreases during off-peak hours. The 

incorporation of lag features and rolling statistics enables the model to capture these temporal 

dependencies effectively. 
  
Environmental variables also contribute to forecasting performance by providing contextual 

information regarding weather conditions that influence electricity demand. Features such as 
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temperature, humidity, solar radiation, precipitation, and wind speed help the model account 

for variations caused by heating, cooling, and other weather-dependent building operations. The 

integration of these variables improves the model’s ability to adapt to changing environmental 

conditions and enhances forecasting reliability. 
  
Although the proposed model demonstrates good predictive capability, several prediction errors 

remain visible in certain periods. These deviations are particularly noticeable during sudden 

increases or decreases in electricity consumption. Such fluctuations may be influenced by 

external factors that are not represented within the dataset, including unexpected occupancy 

changes, special operational events, equipment failures, or irregular building activities. As a 

result, the model may encounter difficulties when forecasting highly irregular consumption 

behavior. 
  
Table 1. Comparison of Previous Studies and Proposed Method 

Study Method Input Features Performance & Results 

Arkananta 

et al. 

(2026) 

LightGBM 

Time Series 

Regression 

Temporal, environmental, lag 

features, rolling statistics, 

building ID 

Average RMSE: 143.36 

(Koukaras 

et al., 

2024) 

LightGBM, 

XGBoost, RF, 

SVR 

Historical, temporal, building-

related features 

LightGBM achieved 

competitive forecasting 

accuracy 

(Yao et al., 

2022) 

Hybrid 

LightGBM-

XGBoost 

Temporal, weather, historical 

consumption 

Hybrid model 

outperformed individual 

models 

(Zhang & 

Jánošík, 

2024) 

CatBoost-

XGBoost 

Hybrid 

Historical, temporal, weather 

features 

Hybrid boosting 

improved prediction 

accuracy 

(Pallonetto 

et al., 

2022) 

RF, ANN, SVR 
Historical, calendar, weather, 

occupancy 

Forecasting accuracy 

varied across models 

(Dudek, 

2022) 
Random Forest 

Temporal, historical, weather 

features 

Competitive RMSE 

performance 

(Ullah et 

al., 2024) 

CNN-LSTM 

Hybrid 

Temporal and sequential 

historical features 

Improved sequential 

forecasting accuracy 

(Bashir et 

al., 2022) 

Prophet-LSTM 

Hybrid 

Temporal, historical, seasonal 

patterns 

Hybrid model 

outperformed standalone 

LSTM 

 

Table 1 presents a comparison between the proposed method and several previous studies 

related to electricity load forecasting using machine learning approaches. The comparison 

highlights differences in forecasting methods, input features, and performance outcomes 

reported in the literature. The findings of this study are consistent with previous research 

indicating that machine learning approaches can provide effective solutions for short-term load 

forecasting problems. Similar studies have reported that ensemble learning techniques, 

including LightGBM and related gradient boosting algorithms, achieve strong forecasting 

performance due to their ability to model nonlinear relationships and interactions among 
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multiple variables. The results obtained in this study further support the applicability of machine 

learning methods for intelligent energy management and electricity demand prediction. 
  
Several limitations should be acknowledged. First, the model relies primarily on historical 

consumption records, environmental variables, and temporal information, while other 

potentially relevant factors such as occupancy levels, equipment schedules, and building 

operational characteristics were not included. Second, the evaluation was conducted using a 

single dataset, which may limit the generalizability of the findings to different building types 

and geographic locations. Third, hyperparameter optimization was not extensively explored, 

and additional tuning strategies may further improve prediction accuracy. Future research may 

investigate the integration of additional features, advanced optimization techniques, and 

alternative forecasting models such as XGBoost, CatBoost, LSTM, or Transformer-based 

architectures to enhance forecasting performance and robustness. 
 

6. Conclusions and Future Directions 

 

This study proposed a building electricity consumption forecasting framework based on Light 

Gradient Boosting Machine (LightGBM) and time series regression techniques. The developed 

model integrates environmental variables, temporal information, building identifiers, and 

historical electricity consumption data to generate future electricity demand predictions. 

Through data preprocessing, feature engineering, model training, and evaluation processes, the 

proposed framework successfully produced electricity consumption forecasts with an average 

RMSE value of 143.36, demonstrating satisfactory predictive performance for building energy 

management applications. The results indicate that temporal features, environmental variables, 

and historical consumption patterns collectively contribute to forecasting accuracy. The model 

was able to capture the overall trend of electricity consumption and generate predictions that 

closely followed actual observations. These findings suggest that LightGBM is a suitable 

approach for short-term building electricity consumption forecasting and can support data-

driven decision-making for energy planning, load management, and energy efficiency 

improvement. 
  
Future research may focus on incorporating additional variables such as occupancy 

information, equipment operating schedules, and real-time sensor measurements to improve 

prediction accuracy. Further investigation may also compare the performance of LightGBM 

with other machine learning and deep learning approaches, including XGBoost, CatBoost, 

Long Short-Term Memory (LSTM), and Transformer-based forecasting models. In addition, 

advanced hyperparameter optimization techniques and evaluation on larger multi-building 

datasets may further enhance model robustness and generalizability for real-world deployment. 
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