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 The advancement of smart building technologies requires energy 

management systems that are both efficient and capable of adapting to 

dynamic operational conditions. A key component of such systems is 

reliable electrical load forecasting, as building energy demand is affected 

by environmental conditions, occupancy behavior, and operational 

activities that exhibit nonlinear and time-dependent characteristics. This 

study explores the use of the Long Short-Term Memory (LSTM) approach 

for forecasting smart building electricity consumption based on 

multivariate time-series data. The input dataset incorporates temporal 

features, ambient temperature, humidity levels, occupancy-related patterns, 

and major electrical load components within the building. The research 

workflow consists of data preprocessing, normalization, time-series 

construction using a sliding window strategy, LSTM model training, and 

evaluation of forecasting performance. The findings indicate that the 

building’s electricity demand varies approximately between 6 kW and 17 

kW, with an average load ranging from 11 to 12 kW. Performance 

assessment yields an RMSE of about 3 kW and a MAPE of roughly 25%. 

The largely symmetric error distribution around zero suggests minimal 

systematic bias in the predictions, although the model’s accuracy during 

peak demand periods remains limited. 
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1. INTRODUCTION  

The rapid adoption of smart building technologies has significantly transformed the way electrical 

energy is monitored, managed, and optimized in modern infrastructures. Smart buildings integrate 

advanced sensing, communication, and automation systems to improve energy efficiency, operational 

reliability, and sustainability. However, the increasing penetration of intelligent devices and dynamic 

user behavior has resulted in highly volatile and non-linear electrical load patterns. These characteristics 

make accurate electrical load prediction a critical yet challenging task, as reliable forecasts are essential 

for effective energy management[1], [2], demand response strategies, and optimal operation of smart 

building energy systems. 

Traditional electrical load forecasting approaches, including statistical and regression-based 

models, have been widely applied in building energy prediction[3], [4], [5], [6]. Although these 

approaches are relatively simple and easy to interpret, they often lack the capacity to model the complex 
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temporal dynamics and nonlinear interactions present in electricity load time-series data. In smart 

building contexts, power consumption is shaped by numerous time-dependent factors, including 

occupancy dynamics, environmental variations, and operational scheduling, which give rise to both 

short-term fluctuations and long-term dependencies. Traditional prediction models typically struggle to 

capture these patterns effectively, resulting in reduced forecasting accuracy, especially during peak 

demand periods or sudden shifts in consumption behavior. 

Recent advances in artificial intelligence, particularly deep learning techniques, have provided 

promising alternatives for modeling complex time-series data. The LSTM [6], [7], [8], [9], [10], a 

specialized form of RNN, has demonstrated superior capability in learning long-term temporal 

dependencies through its gated memory structure. This architecture effectively addresses the vanishing 

gradient problem commonly encountered in standard RNNs, enabling more stable and accurate learning 

processes. Consequently, LSTM has been increasingly adopted for electrical load forecasting 

applications[11], [12], including those in smart grids and building energy systems. 

Although LSTM models offer strong capabilities for time-series forecasting, their prediction 

accuracy is highly sensitive to proper model design, including network structure, hyperparameter tuning, 

and the selection of input features. Inadequate parameter configurations can result in overfitting, 

inefficient training convergence, or limited generalization to unseen data. In addition, the lack of a 

structured optimization framework may restrict the model’s effectiveness in capturing the temporal 

dynamics inherent in smart building electricity demand. Consequently, enhancing and optimizing 

LSTM-based load forecasting models remains an important research problem for achieving reliable and 

robust predictive performance. 

Within this framework, the present study introduces an optimized LSTM-based methodology for 

electricity load forecasting in smart building systems. The proposed approach emphasizes systematic 

optimization procedures and thorough performance evaluation using established quantitative error 

indicators. The anticipated contributions include improved forecasting precision and greater adaptability 

to fluctuating load patterns, thereby supporting intelligent energy management strategies and advancing 

data-driven solutions for smart building applications. 

 

2. RESEARCH METHOD 

Electrical load prediction in smart buildings is a complex time series forecasting problem due to its 

nonlinear behavior, temporal dependencies, and sensitivity to various external factors such as occupant 

activity, environmental conditions, and operational schedules. Conventional statistical methods, 

including linear regression and autoregressive models, generally rely on linearity and stationarity 

assumptions, thus limiting their application in the dynamic environment of smart buildings. As data on 

building energy systems becomes increasingly abundant, data-driven approaches are increasingly being 

used due to their ability to learn complex patterns directly from historical consumption data. However, 

CNN [13], [14], [15], [16], [17] lacking temporal memory, are unable to optimally capture long-term 

dependencies in sequential electrical load data, resulting in inadequate prediction performance. To 

clarify the research context and characteristics of the data used in developing the prediction model, a 

summary of the dataset specifications is presented in Table 1.  

To overcome these limitations, this study adopted a Long Short-Term Memory (LSTM) neural 

network as the primary prediction model [6], [7], [8], [18]. Long Short-Term Memory (LSTM) 

represents an advanced form of Recurrent Neural Networks that addresses the vanishing gradient 

limitation by employing internal memory units regulated by gating components, specifically the input, 

forget, and output gates. These mechanisms govern the information flow within the network, allowing 

relevant historical features to be retained while insignificant data are selectively discarded. 

Consequently, LSTM is well suited for modeling electrical load time-series data, as it can effectively 

learn both short-term fluctuations and long-range temporal dependencies. This characteristic makes 

LSTM particularly well suited for smart building applications, where electricity consumption follows 

complex daily, weekly, and seasonal behavior that needs to be learned concurrently. 
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Table 1. Characteristics of research data 

No Data Parameters Description 

1 Research object 

The smart building is a multi-storey academic building consisting of 

teacher rooms, administration rooms and public areas, with an 

approximate floor area of ± 2,500–3,000 m² 

2 Data source Smart building energy monitoring system 

3 Data types Multivariate time series data 

4 Target variable Total building electrical load (kW) 

5 Input variables 
Ambient temperature (°C), humidity (%), number of occupants 

(occupancy), time indicator (hours), type of day (weekday/weekend) 

6 Sampling interval 15 minutes 

7 Observation period 3 months 

8 Number of data samples ± 8.640 data 

9 Electrical load range 6 kW – 17 kW 

10 Average electrical load 11 – 12 kW 

11 Dominant load system HVAC, lighting, and office equipment 

12 Load characteristics 
Nonlinear, fluctuating, influenced by occupancy and environmental 

conditions 

The research methodology used in this study follows a quantitative and data-driven framework 

aimed at optimizing the performance of LSTM models in electrical load prediction[2], [4], [19], [20]. 

Historical electrical load data is obtained from a smart building energy monitoring system and recorded 

at uniform time intervals. In addition to load data, additional variables such as ambient temperature, 

time of day indicators, and weekday and holiday classifications are included as input features to enrich 

the information and improve prediction accuracy. These variables represent operational and 

environmental characteristics that influence energy consumption behavior in smart buildings. Prior to 

model development, the dataset underwent a comprehensive preprocessing stage. Missing values caused 

by temporary sensor communication failures were handled using linear interpolation, while abnormal 

readings resulting from sensor noise or unexpected operating conditions were identified using statistical 

thresholding and subsequently smoothed. All numerical variables were normalized using min–max 

scaling to transform data into a comparable range, thereby improving numerical stability and 

accelerating convergence during LSTM training[21], [22]. A sliding window technique was employed 

to convert the time-series data into supervised learning sequences, enabling the model to learn temporal 

dependencies across consecutive observations. To ensure reproducibility and systematic model 

optimization, this study adopted a grid search-based hyperparameter tuning strategy. Several critical 

hyperparameters were evaluated, including the number of LSTM units, learning rate, batch size, input 

window length, and dropout rate. Each configuration was trained and validated using the same data 

partitioning scheme, and model performance was compared based on validation RMSE. The optimal 

configuration was selected by balancing prediction accuracy and training stability, ensuring that the final 

model does not suffer from overfitting or underfitting. The configuration of the optimized LSTM 

hyperparameters is summarized in Table 2. 

Considering that prediction accuracy typically degrades during peak demand periods, specific 

strategies were incorporated at the methodological level. Peak load instances were explicitly included 

in the training dataset to prevent data imbalance. The multivariate input design allows the model to 

associate sudden load increases with changes in occupancy and environmental conditions. In addition, 

an early stopping mechanism based on validation loss was implemented to prevent excessive model 

fitting to extreme values. 
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Table 2. LSTM hyperparameter configuration 

No Hyperparameter Tested Values / Range Selected Value 

1 Model Architecture Multivariate LSTM Multivariate LSTM 

2 Number of LSTM Layers 1 – 3 layers 2 layers 

3 Number of LSTM Units 32, 64, 128 64 units 

4 Time Window Length (Window Size) 12, 24, 48 24-time steps 

5 Activation Function Tanh Tanh 

6 Dropout Rate 0.1 – 0.5 0.2 

7 Optimizer Adam Adam 

8 Learning Rate 0.001, 0.0005, 0.0001 0.001 

9 Mini-Batch Size 16, 32, 64 32 

10 Maximum Number of Epochs 50 – 200 100 

11 Early Stopping Enabled / Disabled Enabled 

12 Optimization Method Grid Search Grid Search 

13 Loss Function Mean Squared Error (MSE) MSE 

An electricity load forecasting model based on Long Short-Term Memory (LSTM) is developed by 

employing a multivariate framework combined with a sliding window technique to effectively learn 

temporal relationships within the input data. Time-ordered data sequences are provided to one or 

multiple stacked LSTM layers, allowing internal memory cells to capture and learn long-term patterns 

from historical electricity consumption. The feature representations generated by the LSTM layers are 

subsequently forwarded to a dense output layer to produce the predicted load values. To enhance the 

model’s generalization capability and mitigate overfitting, dropout regularization is incorporated during 

training. Critical architectural settings, including the depth of the LSTM network, the number of hidden 

units, and the size of the input time window, are selected through empirical performance analysis. Model 

optimization is conducted by systematically tuning hyperparameters such as learning rate, mini-batch 

size, training iterations, and the choice of optimization strategy. An adaptive optimizer is utilized to 

update network parameters efficiently while maintaining training stability. In addition, an early stopping 

strategy based on validation loss is implemented to prevent excessive training and ensure optimal 

predictive performance. Multiple experimental configurations are evaluated to determine the most 

suitable model structure for smart building electricity load forecasting. 

The training process involves iterative weight updates using backpropagation through time, with 

the objective of minimizing the mean squared error between predicted and actual load values. Model 

performance is continuously monitored using validation data to guide optimization decisions. After 

training is complete, the optimized LSTM model is evaluated on the testing dataset using standard 

performance metrics, including RMSE [11], [13], [23], [24], [25], and MAPE. These evaluation metrics 

offer a thorough measure of forecasting precision and model robustness. The findings confirm the 

capability of the optimized LSTM framework to effectively learn complex temporal dependencies and 

to enhance the accuracy of electrical load predictions in smart building contexts. Model accuracy is 

evaluated using RMSE [23], [26] and MAPE [27], [28], [29], with RMSE measuring the average 

magnitude of prediction errors in the original data units as follow: 

RMSE = √
1

𝑛
∑ (𝑦𝑖 −  ŷ𝑖)2𝑛

𝑖=1             (1) 

Meanwhile, MAPE is used to express the level of prediction error in percentage form and is 

formulated as: 

MAPE = 
100

𝑛
 ∑ |

𝑦𝑖− ŷ𝑖

𝑦𝑖
𝑛
𝑖=1 |            (2) 

Beyond numerical performance metrics, the model outcomes are also examined through visual 

analysis, including comparisons between observed and predicted electricity load profiles, error 

distribution plots, and cumulative error trends over time. These visual evaluations are intended to offer 

deeper insight into the model’s capability to accurately track smart building load behavior, particularly 

during peak demand intervals and variations caused by changes in occupancy patterns. By adopting this 

http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&


 

  

Volume 13, Issue 1, April 2026, pp. 69-81 

ISSN 2355-5068 ; e-ISSN 2622-4852 

DOI: 10.33019/jurnalecotipe.v13i1.4589 

73 

 

 

 

Optimization of Smart Building Electrical … (Ali Aqil, et al) 

  

comprehensive evaluation framework, the proposed LSTM model is expected to deliver highly accurate 

and consistent electricity load forecasts for smart building applications. Such predictions can serve as a 

reliable foundation for energy management decision-making, including HVAC control optimization, 

demand response strategies, and overall improvements in energy efficiency. The overall research 

workflow follows a sequential process consisting of data acquisition, preprocessing, feature 

normalization, time-series segmentation, LSTM model construction, hyperparameter optimization, 

model training, and performance evaluation[30], [31]. This structured flow ensures that each stage builds 

upon the previous one in a systematic manner, allowing the forecasting framework to be clearly 

understood even without direct reference to the flowchart illustration shown in Figure 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1. Research flowchart 

 

3. RESULTS AND DISCUSSION  

Experimental results of smart building electrical load prediction using the Long Short-Term 

Memory (LSTM) method based on multivariate time series data. The results are visualized in several 

graphs representing the characteristics of the initial data, the normalization process, the model's 

prediction performance, and the prediction error analysis. These graphs aim to provide a comprehensive 

overview of building energy consumption patterns, the relationship between environmental variables 

and occupancy, and the LSTM model's ability to learn the temporal dynamics of electrical load. The 

total electrical load profile of the smart building during the observation period, which shows significant 

fluctuations due to occupant activity and building operational conditions, is shown in Figure 2. Next, 

graphs of the normalized environmental and occupancy data are displayed to demonstrate the relative 

variation between the input variables used in model training. Normalization ensures all variables are on 

a comparable scale, allowing the neural network to learn stably and efficiently, as shown in Figure 3. 

The main results of the study are demonstrated through a comparison graph between the actual 

electrical load and the LSTM prediction results. This graph provides an initial indication of the model's 

accuracy in following the actual electrical load pattern shown in Figure 4. In addition, a scatterplot 

between the actual and predicted values is presented, which is used to evaluate the closeness of the 

predicted results to the ideal values shown in Figure 5. To complete the analysis, a graph of the 

prediction error and error distribution is presented to assess the stability of the model and detect any bias 

or systematic deviations shown in Figure 6. By presenting this series of graphs, this section provides a 
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visual basis for further discussion of the performance of the LSTM model, the advantages achieved, and 

the limitations that still exist in the context of smart building electrical load prediction.  

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 2. Total electrical load of smart building 

 
 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 3. Normalized environmental and occupancy data 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4. LSTM load forecasting result 
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Figure 5. Prediction accuracy scatter plot 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 6. Prediction error 

Based on Figure 2 above, energy consumption exhibits a fairly complex fluctuation pattern with 

significant daily variations. The electrical load ranges from approximately 6 kW to 17 kW, with an 

average value of 11–12 kW. This fluctuation pattern reflects the typical characteristics of smart 

buildings, where the electrical load is strongly influenced by occupancy levels, HVAC system usage, 

and other operational activities. The wide variation in load between the minimum and maximum values 

indicates high energy consumption dynamics over time. This situation emphasizes that a simple linear 

model-based prediction approach will struggle to accurately capture load dynamics, thus utilizing a Long 

Short-Term Memory (LSTM) model becomes relevant for modeling nonlinear relationships and long-

term temporal dependencies. 

Figure 3 shows that each input variable varies over time, with a normalized value ranging from –1 

to 1. The occupancy variable exhibits the largest fluctuation compared to temperature and humidity, 

indicating that human activity plays a dominant role in changes in the building's electrical load. This 

variation provides a crucial source of information for the LSTM model to study the nonlinear 

relationship between environmental conditions and energy consumption. The LSTM prediction results 

shown in Figure 4 demonstrate that the model is able to follow the general trend of the actual electricity 

load quite well, with the average predicted value being around 11.7–11.9 kW. However, there are still 

quite clear differences at peak load points, especially when the actual load increases above 15 kW. This 

indicates that extreme load spikes due to sudden changes in occupancy or certain intensive activities 

still pose a challenge for the model. Figure 5 shows a distribution of points that is relatively close to the 

diagonal line, indicating a positive correlation between the predicted results and the actual values. Most 

points are concentrated in the load range of 8–14 kW, although there are some deviations at high loads. 

The still quite wide distribution of points indicates that the prediction accuracy is not yet fully optimal. 
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This is reinforced by Figure 6, which shows alternating positive and negative errors with error values 

ranging from around –5 kW to +5 kW. 

To provide a more thorough assessment of the Long Short-Term Memory (LSTM) model’s 

performance, the forecasting outcomes are examined through several visualization-based analyses, 

including the error distribution illustrated in Figure 7, the cumulative absolute error presented in Figure 

8, the comparison between measured and predicted load profiles over a selected time interval shown in 

Figure 9, and the quantitative evaluation metrics summarized in Figure 10. These visual representations 

are employed to evaluate model stability, analyze the nature of prediction errors, and examine the 

capability of the LSTM model to accurately track the dynamic behavior of smart building electricity 

demand. This evaluation approach extends beyond average accuracy metrics by also investigating how 

prediction errors evolve over time and across different load operating conditions. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 7. Error distribution 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 8. Cumulative absolute error 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 9. Zoomed load comparison 
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Figure 10. LSTM performance metrics 

As shown in Figure 7, the forecasting errors are centered near zero and fall within an approximate 

interval of −6 kW to +6 kW, suggesting that the model does not exhibit a pronounced systematic bias. 

This relatively symmetric error pattern indicates that the LSTM-based predictor neither consistently 

overpredicts nor underpredicts the building’s electricity demand. In addition, the cumulative absolute 

error illustrated in Figure 8 increases in a nearly linear manner, indicating that prediction inaccuracies 

are distributed uniformly throughout the testing horizon rather than being concentrated in particular time 

segments. The comparative results presented in Figure 9 further reveal that the LSTM model is able to 

follow the general trend of the measured electrical load with reasonable accuracy. However, reduced 

sensitivity is observed during peak demand periods, where rapid and sharp increases in load occur. This 

limitation reflects the challenge of modeling abrupt load variations caused by sudden changes in 

occupancy levels and building operational activities. The quantitative assessment shown in Figure 10 

reports a RMSE of approximately 3 kW and a MAPE of around 25%. These metrics demonstrate that 

the proposed approach achieves a satisfactory level of accuracy for short-term load forecasting, while 

also indicating opportunities for further refinement to improve performance under extreme operating 

conditions. 

To strengthen the analysis, supplementary visualizations are provided to describe the behavior of 

the main input variables used in the smart building load prediction framework. These include occupancy 

dynamics presented in Figure 11, the HVAC power consumption profile shown in Figure 12, and 

ambient temperature variations during the monitoring period illustrated in Figure 13. Examining these 

variables offers valuable insight into their temporal characteristics and their influence on the overall 

electricity demand of the building. A clear understanding of the patterns and interactions among these 

inputs is critical, as the quality, variability, and representativeness of the input data strongly determine 

the capability of the Long Short-Term Memory (LSTM) model to capture complex temporal 

dependencies and nonlinear relationships between environmental factors, human behavior, and 

electrical load demand. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 11. Occupancy pattern 
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Figure 12. HVAC load profile 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 13. Ambient temperature profile 

Based on the occupancy pattern graph, a fairly high fluctuation in the number of occupants is seen 

with a range of around 5 to 120 people, reflecting variations in human activity over time. The HVAC 

load profile shows a more stable change but still fluctuates in the range of 4.8 to 6.3 kW, which is 

influenced by temperature conditions and occupancy levels. Meanwhile, the ambient temperature graph 

shows a temperature variation between 24 °C and 30 °C with a relatively consistent daily pattern. The 

combination of these three variables explains the main source of variation in the building's electrical 

load and emphasizes the importance of a multivariate approach based on LSTM to capture the 

simultaneous influence of environmental factors and occupant behavior on energy consumption. 

 

4. CONCLUSION  

This study demonstrates that electricity load forecasting in smart building environments is 

inherently complex due to the combined influence of environmental conditions, occupancy behavior, 

and operational dynamics. The observed load profile exhibits significant variability, with demand 

ranging from approximately 6 kW to 17 kW and an average consumption of 11–12 kW, confirming the 

nonlinear and time-dependent nature of smart building energy usage. By applying a multivariate Long 

Short-Term Memory (LSTM) framework with systematic hyperparameter optimization, this research 

contributes a data-driven forecasting approach capable of learning both short-term fluctuations and long-

term temporal dependencies. The experimental results indicate that the optimized model achieves a 

RMSE of approximately 3 kW and a MAPE of around 25%, reflecting a satisfactory level of prediction 

accuracy for short-term building-level load forecasting. From a practical perspective, the forecasting 

results can support intelligent energy management applications, such as predictive HVAC control, load 

scheduling, and demand response planning. Accurate short-term load predictions enable building 

operators to anticipate peak demand periods and implement proactive control strategies to improve 

energy efficiency and operational reliability. Despite these strengths, the model shows reduced accuracy 

during peak load conditions caused by abrupt occupancy changes and intensive operational activities. 

This limitation highlights opportunities for future research, including the integration of hybrid deep 
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learning architectures, attention mechanisms, or real-time occupancy sensing to enhance peak load 

responsiveness. Overall, the proposed approach provides a robust foundation for smart building energy 

forecasting and opens avenues for further development toward adaptive and resilient energy 

management systems. 

 

Acknowledgments  

The author sincerely acknowledges all individuals and institutions whose support and contributions 

were invaluable to the completion of this study. Particular appreciation is conveyed to the research 

supervisor for the insightful direction, constructive feedback, and continuous mentorship provided 

throughout the research process. 

 

REFERENCES   

[1] K. Fettah, T. Guia, A. Salhi, S. Mouassa, A. Bosisio, and R. Shirvani, “Optimal Allocation of 

Capacitor Banks and Distributed Generation: A Comparison of Recently Developed 

Metaheuristic Optimization Techniques on the Real Distribution Networks of ALG-AB-Hassi 

Sida, Algeria,” Sustain. , vol. 16, no. 11, 2024, doi: https://doi.org/10.3390/su16114419. 

[2] C. Ghenai, O. A. A. Al-Mufti, O. A. M. Al-Isawi, L. H. L. Amirah, and A. Merabet, “Short-term 

building electrical load forecasting using adaptive neuro-fuzzy inference system (ANFIS),” J. 

Build. Eng., vol. 52, p. 104323, 2022, doi: https://doi.org/10.1016/j.jobe.2022.104323. 

[3] F. M. Al Hadi, H. H. Aly, and T. Little, “Harmonics Forecasting of Wind and Solar Hybrid Model 

Driven by DFIG and PMSG Using ANN and ANFIS,” IEEE Access, vol. 11, pp. 55413–55424, 

2023, doi: https://doi.org/10.1109/ACCESS.2023.3253047. 

[4] A. Azeem, I. Ismail, S. M. Jameel, and V. R. Harindran, “Electrical Load Forecasting Models for 

Different Generation Modalities: A Review,” IEEE Access, vol. 9, pp. 142239–142263, 2021, 

doi: https://doi.org/10.1109/ACCESS.2021.3120731. 

[5] T. Meridji, G. Joós, and J. Restrepo, “A power system stability assessment framework using 

machine-learning,” Electr. Power Syst. Res., vol. 216, p. 108981, 2023, doi: 

https://doi.org/10.1016/j.epsr.2022.108981. 

[6] D.-J. Bae, B.-S. Kwon, and K.-B. Song, “XGBoost-Based Day-Ahead Load Forecasting 

Algorithm Considering Behind-the-Meter Solar PV Generation,” Energies, vol. 15, no. 1, p. 128, 

Dec. 2021, doi: https://doi.org/10.3390/en15010128. 

[7] M. S. Uddin et al., “On the protection of power system: Transmission line fault analysis based on 

an optimal machine learning approach,” Energy Reports, vol. 8, pp. 10168–10182, 2022, doi: 

https://doi.org/10.1016/j.egyr.2022.07.163. 

[8] F. Kahwash, B. Barakat, and A. Maheri, “Coupled thermo-electrical dispatch strategy with AI 

forecasting for optimal sizing of grid-connected hybrid renewable energy systems,” Energy 

Convers. Manag., vol. 293, p. 117460, 2023, doi: 

https://doi.org/10.1016/j.enconman.2023.117460. 

[9] R. Rahimi, P. Ravirathinam, A. Ebtehaj, A. Behrangi, J. Tan, and V. Kumar, “Global Precipitation 

Nowcasting of Integrated Multi-satellitE Retrievals for GPM: A U-Net Convolutional LSTM 

Architecture,” J. Hydrometeorol., vol. 25, no. 6, pp. 947–963, 2024, doi: 

https://doi.org/10.1175/JHM-D-23-0119.1. 

[10] Y. Xu, X. Ji, and Z. Zhu, “A photovoltaic power forecasting method based on the LSTM-

XGBoost-EEDA-SO model,” Sci. Rep., vol. 15, no. 1, p. 30177, Aug. 2025, doi: 

https://doi.org/10.1038/s41598-025-16368-9. 

[11] Y. T. Nugraha, C. I. Cahyadi, R. Rida, M. S. Ningsih, D. Sholeha, and I. Roza, “Application of 

http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&


 

  

Volume 13, Issue 1, April 2026, pp. 69-81 

ISSN 2355-5068 ; e-ISSN 2622-4852 

DOI: 10.33019/jurnalecotipe.v13i1.4589 

80 

   

    

Optimization of Smart Building Electrical … (Ali Aqil, et al) 

the adaptive neuro-fuzzy inference system for prediction of the electrical energy production in 

Jakarta,” IAES Int. J. Artif. Intell., vol. 14, no. 3, p. 1790, Jun. 2025, doi: 

https://doi.org/10.11591/ijai.v14.i3.pp1790-1798. 

[12] H. Tindra, I. D. Sara, and R. Adriman, “Daily Peak Load Forecast of Banda Aceh City Using 

Adaptive Neuro Fuzzy Inference System (ANFIS) Method,” in 2023 2nd International 

Conference on Computer System, Information Technology, and Electrical Engineering 

(COSITE), 2023, pp. 238–243. doi: https://doi.org/10.1109/COSITE60233.2023.10249581. 

[13] A. B. Upadhyay, S. R. Shah, and R. A. Thakker, “Advanced rainfall nowcasting using 3D 

convolutional LSTM networks on satellite data,” J. Comput. Math. Data Sci., vol. 16, p. 100125, 

2025, doi: https://doi.org/10.1016/j.jcmds.2025.100125. 

[14] E. V. Vijay and K. Aparna, “Deep Learning-CT based spectrum sensing for cognitive radio for 

proficient data transmission in Wireless Sensor Networks,” e-Prime - Adv. Electr. Eng. Electron. 

Energy, vol. 9, p. 100659, 2024, doi: https://doi.org/10.1016/j.prime.2024.100659. 

[15] J. A. Weyn, D. R. Durran, R. Caruana, and N. Cresswell‐Clay, “Sub‐Seasonal Forecasting With 

a Large Ensemble of Deep‐Learning Weather Prediction Models,” J. Adv. Model. Earth Syst., vol. 

13, no. 7, Jul. 2021, doi: https://doi.org/10.1029/2021MS002502. 

[16] J. A. Weyn, D. R. Durran, and R. Caruana, “Improving Data‐Driven Global Weather Prediction 

Using Deep Convolutional Neural Networks on a Cubed Sphere,” J. Adv. Model. Earth Syst., vol. 

12, no. 9, Sep. 2020, doi: https://doi.org/10.1029/2020MS002109. 

[17] K. Ullah et al., “Short-Term Load Forecasting: A Comprehensive Review and Simulation Study 

With CNN-LSTM Hybrids Approach,” IEEE Access, vol. 12, pp. 111858–111881, 2024, doi: 

https://doi.org/10.1109/ACCESS.2024.3440631. 

[18] Z. Zhenglei, C. Jun, Y. Zhou, W. Wenguang, and D. Hong, “Research on urban power load 

forecasting based on improved LSTM,” Front. Energy Res., vol. 12, Oct. 2024, doi: 

https://doi.org/10.3389/fenrg.2024.1443814. 

[19] K. Misiurek, T. Olkuski, and J. Zyśk, “Review of Methods and Models for Forecasting Electricity 

Consumption,” Energies, vol. 18, no. 15, p. 4032, Jul. 2025, doi: 

https://doi.org/10.3390/en18154032. 

[20] X. Dong et al., “Building electricity load forecasting based on spatiotemporal correlation and 

electricity consumption behavior information,” Appl. Energy, vol. 377, p. 124580, Jan. 2025, doi: 

https://doi.org/10.1016/j.apenergy.2024.124580. 

[21] M. J. Abbass, R. Lis, and W. Rebizant, “A Predictive Model Using Long Short-Time Memory 

(LSTM) Technique for Power System Voltage Stability,” Appl. Sci., vol. 14, no. 16, p. 7279, Aug. 

2024, doi: https://doi.org/10.3390/app14167279. 

[22] I. Malashin, V. Tynchenko, A. Gantimurov, V. Nelyub, and A. Borodulin, “Applications of Long 

Short-Term Memory (LSTM) Networks in Polymeric Sciences: A Review,” Polymers (Basel)., 

vol. 16, no. 18, p. 2607, Sep. 2024, doi: https://doi.org/10.3390/polym16182607. 

[23] H. Suyono, D. O. Prabawanti, M. Shidiq, R. N. Hasanah, U. Wibawa, and A. Hasibuan, 

“Forecasting of Wind Speed in Malang City of Indonesia using Adaptive Neuro-Fuzzy Inference 

System and Autoregressive Integrated Moving Average Methods,” in 2020 International 

Conference on Technology and Policy in Energy and Electric Power (ICT-PEP), 2020, pp. 131–

136. doi: https://doi.org/10.1109/ICT-PEP50916.2020.9249867. 

[24] S. Anapyanova et al., “Assessment of Small-Settlement Wastewater Discharges on the Irtysh 

River Using Tracer-Based Mixing Diagnostics and Regularized Predictive Models,” 2026. doi: 

https://doi.org/10.3390/w18020232. 

[25] B. S. Pattnaik, A. S. Pattanayak, S. K. Udgata, and A. K. Panda, “Machine learning based soft 

sensor model for BOD estimation using intelligence at edge,” Complex Intell. Syst., vol. 7, no. 2, 

http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&


 

  

Volume 13, Issue 1, April 2026, pp. 69-81 

ISSN 2355-5068 ; e-ISSN 2622-4852 

DOI: 10.33019/jurnalecotipe.v13i1.4589 

81 

 

 

 

Optimization of Smart Building Electrical … (Ali Aqil, et al) 

  

pp. 961–976, Apr. 2021, doi: https://doi.org/10.1007/s40747-020-00259-9. 

[26] J. Cukjati, D. Mongus, K. R. Žalik, and B. Žalik, “IoT and Satellite Sensor Data Integration for 

Assessment of Environmental Variables: A Case Study on NO2,” Sensors, vol. 22, no. 15, p. 

5660, Jul. 2022, doi: https://doi.org/10.3390/s22155660. 

[27] Y. H. Abdulameer, “Forecasting of Electrical Energy Consumption Using Hybrid Models of 

GRU, CNN, LSTM, And ML Regressors,” J. Wirel. Mob. Networks, Ubiquitous Comput. 

Dependable Appl., vol. 16, no. 1, pp. 560–575, Mar. 2025, doi: 

https://doi.org/10.58346/JOWUA.2025.I1.033. 

[28] Al-Khowarizmi, S. Efendi, M. K. M. Nasution, and M. Herman, “The Role of Detection Rate in 

MAPE to Improve Measurement Accuracy for Predicting FinTech Data in Various Regressions,” 

in 2023 International Conference on Computer Science, Information Technology and 

Engineering (ICCoSITE), 2023, pp. 874–879. doi: 

https://doi.org/10.1109/ICCoSITE57641.2023.10127820. 

[29] A. R. Lubis, S. Prayudani, Y. Fatmi, M. Lubis, and Al-Khowarizmi, “MAPE accuracy of CPO 

Forecasting by Applying Fuzzy Time Series,” in 2021 8th International Conference on Electrical 

Engineering, Computer Science and Informatics (EECSI), 2021, pp. 370–373. doi: 

https://doi.org/10.23919/EECSI53397.2021.9624303. 

[30] P. K. Sahu and R. N. Rai, “LSTM-based deep learning approach for remaining useful life 

prediction of rolling bearing using proposed C-MMPE feature,” J. Mech. Sci. Technol., vol. 38, 

no. 5, pp. 2197–2209, May 2024, doi: https://doi.org/10.1007/s12206-024-0402-8. 

[31] M. Krichen and A. Mihoub, “Long Short-Term Memory Networks: A Comprehensive Survey,” 

AI, vol. 6, no. 9, p. 215, Sep. 2025, doi: https://doi.org/10.3390/ai6090215. 

 

http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&

