
JURNAL INOVTEK POLBENG - SERI INFORMATIKA, VOL. 10, NO. 3, NOVEMBER  2025   ISSN : 2527-9866 

 

1949 

 

 

OPTIMIZATION OF HOUSEHOLD ENERGY USE PREDICTION 

USING RANDOM FOREST WITH GENETIC ALGORITHM 

FEATURE SELECTION 

   
Nyimas Nisrinaa Kamilah 1, Abdul Rahman2 

1Informatics, Faculty of Computer Science and Engineering, Universitas Multi Data Palembang 
2Electrical Engineering, Faculty of Computer Science and Engineering, Universitas Multi Data Palembang 

Road. Rajawali No.14, 9 Ilir, Kec. Ilir Tim. II, Palembang City, South Sumatra 30113 

Email: nyimasnisrinaakamilah_2226250064@mhs.mdp.ac.id1, arahman@mdp.ac.id2 

 

Abstract - Electrical energy consumption continues to increase every year, so accurate prediction 

models are needed to support household electrical energy efficiency. This study analyzed high-

resolution household electricity consumption data using the Random Forest (RF) algorithm and 

evaluated the influence of feature selection based on Genetic Algorithms (GA) in improving the 

performance of RF predictions. The base RF model achieves an RMSE of 0.6148, a MAE of 0.3478, 

and an R² of 0.5047. After implementing GA-based feature selection, the RF model with GA yields 

an RMSE of 0.6125 and an R² of 0.5084, indicating a marginal performance improvement. However, 

the MAE value increased slightly to 0.3503, which suggests that the increase was not uniform across 

the evaluation metrics. Overall, the RF approach with GA offers a modest improvement in prediction 

stability but with very limited accuracy gains, which highlights its potential and limitations in 

optimizing household energy consumption prediction. 

 Keywords - Feature Selection, Genetic Algorithm, Optimization, Prediction, Random Forest 

 

I.  INTRODUCTION 

Electricity consumption continues to increase almost every year, although it had declined during the 

COVID-19 pandemic [1]. In Indonesia, the growth of electricity consumption is influenced by 

economic developments, an increase in the population, as well as an increase in the use of electronic 

devices in the household and industrial sectors [2], [3]. This condition not only adds to the burden on 

the energy supply system, but also has an impact on the availability of electricity and increases carbon 

[4], [5]. Badan Pusat Statistika (BPS) it also shows that the number and use of electronic devices 

continue to increase, and, without proper management, can lead to energy waste [6], [7]. Therefore, 

the community needs knowledge and tools to monitor and control energy use to support efficiency 

[8], [9] 

The Machine Learning (ML) method is widely used in energy consumption prediction, one of which 
is Random Forest (RF), which is known to be stable and accurate compared to conventional 

approaches [10]–[12]. But, RF performance may decrease if there are irrelevant features in the data. 

To overcome this, RF is often combined with Genetic Algorithm (GA) as a feature selection method, 

where GA has been shown to improve model performance in a number of energy prediction studies 

[13]–[15]. Although the combination of RF and GA is not new, its application specifically to 

household energy consumption prediction is still limited, even though consumption patterns in this 

sector are very dynamic and are influenced by user behavior [16], [17]. Thus, the novelty of this 

research does not lie in the combination of algorithms, but in the context of its application, namely 

the application of RF with GA for high-resolution household consumption data and the analysis of 

the contribution of household appliance features. To identify research positions in the existing 
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literature landscape, Bibliometric mapping was carried out based on keywords that often appear in 

publications related to energy consumption prediction. The results of the mapping are presented in 

Figure 1 as a Bibliometric Network. 

 

Figure 1. Bibliometric Network 

Figure 1 shows a visualization of the co-occurrence of keywords that describes the structure of the 

research theme in the field of energy consumption prediction. Red clusters focus on neural network-

based methods such as ANN, LSTM, and SVM, Blue clusters include machine learning, deep 

learning, and evolutionary algorithms, green clusters are related to energy domains such as household 

electricity consumption, smart grids, and RF algorithms, while the yellow cluster represents decision 

tree-based approaches such as Decision Tree and XGBoost. Connections between points indicate 

thematic relationships and the frequency of co-occurrence between keywords. But, the mapping also 

shows that although RF (in the green cluster) and GA (in the blue cluster) are both widely discussed, 

the combination of the two in the context of household energy prediction, especially with the features 

of home appliances and high data resolution, does not appear to be the dominant topic. This shows 
that there are research gaps that have not been explored much, i.e., the application of the RF hybrid 

method with GA, which is specifically aimed at understanding the contribution of equipment features 

in household energy consumption. 

The bibliometric findings became the basis for the selection of methodology in this study. RF is used 

as the primary model due to its ability to handle non-linear energy consumption patterns, while GA 

is used to address RF weaknesses in the face of irrelevant features. The research focus on high-

resolution household data was chosen to fill the research gaps that have been identified from 

bibliometric analysis. Thus, this study aims to analyze household electrical energy consumption 

using RF, evaluate the effectiveness of GA-based feature selection in improving model performance, 

and understand the features of household appliances that contribute the most to variations in energy 

consumption. 

 

II.     STUDY SIGNIFICANCE 

A.  Research Framework 

This study is designed to develop a model for predicting household electrical energy consumption. 

This research requires a research flow and several stages. The method used to develop a prediction 

model for household electrical energy consumption is a hybrid approach of Random Forest with 

Genetic Algorithm. This hybrid approach was chosen because household electrical energy data is 

generally non-linear and complex, so it requires an algorithm that is able to handle many variables 

and feature interactions. The flow of this research has several stages, namely Data Collection, Data 
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Pre-Processing, Baseline Model, Feature Selection, Model Optimization, Model Evaluation, 

Analysis, and Conclusion. The research flow in this study can be seen in Figure 2. 

 
Figure 2. Research Framework 

B. Data Collection 

At this stage, the process of collecting high-resolution household electrical energy consumption 

datasets is carried out. The dataset is obtained in the form of multiple Excel sheets (.xlsx), where 

each sheet represents one house with a total of 35.137 rows and 13 columns. The number of rows 

shows that the data was collected in 15minute intervals over the course of an entire year, not one day, 

because 96 intervals per day × 365 days = 35.000 rows per home. Each sheet has the same feature 

format, namely: Unnamed:0, Periods, Total Consumption, AC, Dishwasher, Washing Machine, 

Dryer, Water Heater, TV, Microwave, Kettle, Lighting, and Refrigerator obtained from Zenodo [18]. 

To combine all sheets into one dataset, a vertical concatenation process is performed after adding 

House_ID columns as a marker of home identity. This process produces a total of 1.756.800 lines of 

data, which is 35.136 lines × 50 houses. All data is then used in the next pre-processing and modeling 
stage. An example of a dataset before being combined through the vertical concatenation process 

can be seen in Table 1. 
Table 1. Data Collection 
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C.  Data Preprocessing 

The pre-processing stage of the data is carried out to ensure that the dataset is in a clean, consistent 

condition and ready to be used in the modeling process. Initial checks are performed to detect 

duplication, data type inconsistencies, and illogical consumption values. The results of the 

examination showed that there were missing values with a very small proportion, that is, less than 

0.5% in some numeric columns. All missing values are then visualized using a missing values map 

to verify their distribution. Given the low proportions and distribution of features that do not show 

extreme skewness, imputation is carried out using the mean value. The choice of the mean method 

was considered based on three reasons: 

1. The proportion of missing values is very small so the risk of bias is minimal. 

2. The mean maintains consistency of the energy data scale between equipment. 

3. mean is appropriate for relatively stable distributed features on short-interval energy 

datasets.  
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Furthermore, feature transformations are carried out, including the creation of time-based features 

such as Periods to capture daily consumption patterns. The features of household appliances such as 

air conditioners, water heaters, lighting, and refrigerators are then normalized using Min–Max 

Scaling to standardize the range of values between features that have different scales. After this 

process, all the data is in a consistent numerical format and free of missing values. The dataset is then 

divided into 80% training data and 20% test data, by ensuring that the distribution of each feature 

remains stable across both subsets of data. The complete pre-processing stage can be seen in Figure 

3. 

 
Figure 3. Preprocessing Stages 

D. Baseline Model 

This stage is the process of building a baseline model using the Random Forest algorithm as a 

performance reference before optimizing using the Genetic Algorithm. This basic model is trained 

using all features of pre-processing results without feature selection, thus providing an overview of 

the model's initial ability to predict household energy consumption. The selection of Random Forest 

was based on its stability in handling high-dimensional data as well as its ability to model non-linear 

relationships, so it is widely recommended in machine learning-based energy prediction studies. At 

this stage, the dataset is divided into 80% training data and 20% test data, with random partitions 

replicated using fixed random_state. 

The Random Forest model was built using a consistent configuration throughout the experiment, 

namely with a number of trees (n_estimators) as many as 200, a random_state value of 42, a loss 

function in the form of squared_error, and a bootstrap setting that remains activated with the selection 

of maximum features following the auto value. All normalized numerical features are used as model 

inputs. The results of this model baseline training are then used as a benchmark to evaluate 

performance improvement after the application of the Genetic Algorithm-based feature selection 

method. The stages of development of the Baseline Model are shown in Figure 4. 

 
Figure 4. Baseline Model Stage 

E. Feature Selection 

The feature selection stage using Genetic Algorithm (GA) is carried out to obtain a combination of 

features that provides the best prediction performance. At this stage, each chromosome is represented 

as a binary vector indicating whether a feature is selected (1) or not selected (0). The process of 

population initialization is carried out by generating a random number of chromosomes, then each 

chromosome is evaluated through a fitness value calculated based on the performance of the Random 

Forest model trained using a subset of the features in question. This approach is in line with common 

practice in predictive model optimization research based on evolutionary algorithms, which utilize 

the ensemble model as a fitness evaluator. 

In each generation, GA runs a selection stage to select the best chromosome, followed by a crossover 

process to produce a combination of new features, as well as mutations to maintain the diversity of 

solutions. This iterative process is carried out over a number of generations so that features that have 

a large contribution to the model's accuracy have a greater chance of being retained and combined in 

subsequent populations. The final result of this stage is a subset of optimal features that are used as 

input for the Random Forest model at the stage of building the Random Forest model with Genetic 

Algorithms. The flow of the Feature Selection stages can be seen in Figure 5, and the dataset after 

feature selection can be seen in Table 2. 
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Figure 5. Feature Selection 

 

Table 2. Dataset After Feature Selection 
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F.  Model Optimization 

The model optimization stage is carried out by running the Genetic Algorithm iteratively to obtain a 

subset of the best features used in the construction of the final Random Forest model. The 

optimization process lasts for generations, where in each generation an evaluation of all 

chromosomes is carried out based on fitness values calculated through the performance of the 

Random Forest model on a subset of features represented by the chromosomes. 

During the evolutionary process, the best-performing chromosomes are preserved through the 

mechanism of selection, while new chromosomes are generated through crossover and mutation 

operations to explore possible combinations of more optimal features. When fitness values do not 

show significant improvement or when the maximum number of generations is reached, GA 

generates a subset of optimal features that are then used to build optimized Random Forest models 

(RF with GA). This RF with GA model utilizes only the most relevant features so that it is more 

computationally efficient and focuses on the variables that contribute the most to predictive 

performance. 

G. Model Evaluation 

This stage is an evaluation process to compare the performance of the baseline model and the RF 

optimization result model with GA. The evaluation was carried out using three main metrics, namely 

Root Mean Square Error (RMSE) in equation (1), Mean Absolute Error (MAE) in equation (2), and 

determination coefficient R² in equation (3). These three metrics are widely used in household energy 

consumption prediction research, especially in studies that apply ensemble and hybrid methods [19], 

so it is relevant to measure the accuracy and stability of the model. 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖 = 1  (1) 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|𝑛

𝑖 = 1   (2) 

𝑅2 =  1 −  
∑ (𝑦𝑖−𝑦̂𝑖)2𝑛

𝑖 = 1

∑ (𝑦𝑖−𝑦̅)2𝑛
𝑖 = 1

  (3) 
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Where yi is the actual value, ŷi is the model's predictive value, n is the sum of data, and ȳ is the 

average of the actual value. In this study, the evaluation was carried out using 20% of the test data 

that had been separated at the pre-processing stage. The validation strategy using a one-time 80% 

training data and 20% test data was chosen due to the very large size of the dataset (1.7 million lines). 

The use of other validation methods, such as k-fold cross-validation, has the potential to incur a much 

higher and inefficient computational load for this dataset size. In addition, data sharing is carried out 

randomly with the determination of random_state to maintain the reproducibility of the results. 

RMSE and MAE values were used to measure the magnitude of the average model prediction error, 

while R² values were used to measure the model's ability to explain the variability of energy 

consumption in the dataset. By comparing the three metrics directly between the baseline model and 

the RF–GA model, the extent to which the GA-based feature selection process contributes to 

improving the accuracy, efficiency, and stability of the prediction model can be assessed. 

H. Analysis and Conclusion 

The analysis stage in this study was carried out by comparing two modeling approaches, namely the 

Random Forest baseline model, which is built using all features, and the Random Forest model, which 

has gone through a feature selection process using Genetic Algorithm (GA). Analysis was carried 

out on the value of evaluation metrics such as RMSE, MAE, and R² to assess the influence of feature 

selection on model performance. This process allows the identification of differences in model 

characteristics before and after feature optimization, thus providing an overview of the contribution 

of each feature and the effectiveness of the GA approach in the modeling process. 

Moreover, the analysis also includes observations of the features selected by the GA to understand 

which variables are considered most relevant in influencing energy consumption. This stage is 

structured to provide a solid basis for the interpretation of the optimization process and ensure that 

the modeling steps used are aligned with the principles of data analysis and machine learning. The 

conclusions at this stage do not refer to the final results of the study, but describe how the analysis 

process is carried out in the research to evaluate the model methodologically. 

 

III.                  RESULTS AND DISCUSSION 

In this study, a number of experimental stages were carried out to obtain predicted results of 

household electrical energy consumption using the Random Forest model and the Random Forest 

model optimized with Genetic Algorithm (GA). The results presented in this section are in the form 

of model evaluation values, features selected by GA, and performance comparison between the 

baseline model and the optimization result model. The presentation of the results is carried out 

without further interpretation. 

A. Preprocessing Results 

In the preprocessing stage, data quality checks are carried out by visualizing the presence of missing 

values, as shown in Figure 6, which ensures that all features have no lost values so that the dataset 

can be used directly in the modeling process. Next, the distribution of data before and after 

normalization is shown in Figure 7, where normalization using MinMaxScaler makes the values on 

each feature more uniform, thereby increasing stability at the model training stage. Moreover, Figure 

8 shows a numerical feature correlation heatmap used to observe the relationships between variables 

and identify initial correlation patterns before further feature selection and modeling processes. 
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Figure 6. Visualization of Missing Value 

 

 
Figure 7. Data Distribution Before and After Normalization 

 

 
Figure 8. Numeric Feature Correlation Heatmap 

B. Random Forest Baseline Model Results 

The baseline model uses the Random Forest Regressor algorithm with 200 trees without feature 

optimization, as seen in Figure 9. Based on the predictions in the test data, the evaluation value can 

be seen in Table 3. 

 
Figure 9. Tree Yield from Random Forest 

 

Table 3.  Random Forest Results 

Metric Value 

RMSE 0.6148 

MAE 0.3478 

R2 0.5047 
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An R² value of 0.5047 indicates that the model is only able to explain about 50% of household energy 

consumption variance, So that half of the pattern of consumption variation was not successfully 

predicted by the model. This condition indicates that the variables used in the model that only include 

the features of household appliances are not yet fully able to capture the complexity of energy 

consumption at 15-minute intervals. The high volatility of household energy consumption, which is 

influenced by user behavior, weather conditions, number of residents, and daily activity patterns, has 

the potential to be a factor that is not captured by the model. In addition, RF, as a tree-based model, 

has limitations in modeling temporal dynamics without richer time features. Thus, the baseline results 

of this model give an idea that although the Random Forest is quite stable, the model still has 

limitations in explaining energy consumption patterns as a whole, so that a feature optimization 

process or the addition of supporting variables is needed to improve its performance. 

C. Genetic Algorithm Feature Selection Results 

The optimization process was carried out using GA with an initial configuration in the form of a 
population of 51 individuals that was evolved over 10 generations. Individual selection was carried 

out using the tournament selection method, while the reproduction process used two-point crossover. 

The mutation operator used is flip-bit with a mutation probability of 0.1. GA runs for 10 generations 

and shows a gradual increase in R² value from 0.4133 to 0.4327 in the 10th generation. GA then 

generates a subset of 10 optimal features, namely, Unnamed: 0, Periods, Dishwasher, Washing 

Machine, Dryer, Water heater, TV, Microwave, Kettle, Lighting. 

These features were chosen as the most relevant variables in explaining household energy 

consumption based on the fitness function R².  

D. Random Forest Results After Genetic Algorithm Optimization 

The Random Forest model was then retrained using 10 selected features through a feature selection 

process based on GA. The results of the model evaluation after optimization are shown in Table 4. 

Table 4. Random Forest Results After GA Optimization 

Metric Value 

RMSE 0.6125 

MAE 0.3503 

R2 0.5084 

Compared to the baseline model, it can be seen that the performance improvement obtained is 

relatively small. The R² value only increased from 0.5047 to 0.5084, indicating that GA's contribution 

to the explanation of energy consumption variance only increased by about 0.37%, which is 

practically insignificant. The RMSE decrease is also only 0.0023, so it does not reflect a significant 

increase in accuracy. In fact, the MAE value has increased slightly from 0.3478 to 0.3503, which 

indicates that the absolute error average is actually increasing. These results show that even though 

GA is able to select a more compact subset of features, the GA configuration with 10 generations 

and a population of 51 is still too limited to optimally explore the solution space. As a result, the 

improvements achieved are more cosmetic than substantial performance improvements. This is 

consistent with the characteristics of fluctuating household energy consumption data and is strongly 

influenced by external factors not available in the dataset. 

E. Model Comparison 

A comparison of the baseline model and the model after GA optimization can be seen in Table 5. 
Table 5. Model Comparison 

Metric RF RF + GA Change 

RMSE 0.6148 0.6125 Better 

MAE 0.3478 0.3503 Slightly up 

R2 0.5047 0.5084 Increase 
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Based on the table, it can be seen that the performance improvement after GA implementation is very 

minimal. The RMSE decrease was only 0.0023, while the R² increase was only about 0.37%, which 

does not show a significant improvement in the model's ability to explain the data variance. The 

increase in MAE shows that for some data points, the prediction has become less accurate. These 

findings indicate that the feature selection process by GA in the configured used has not been able to 

provide a significant increase in accuracy. The limitation of the number of generations and the size 

of the population causes the space to search for solutions not to be explored optimally. In addition, 

the highly volatile nature of household energy consumption data causes feature optimization to have 

a significant impact on model performance. 

This section discusses the main findings of the study based on the performance of the baseline 

Random Forest model and the Random Forest model optimized with Genetic Algorithm (RF–GA). 

Evaluations were carried out using RMSE, MAE, and R². The baseline results showed that Random 

Forest produced an RMSE of 0.6148, MAE of 0.3478, and R² of 0.5047. The baseline results showed 

that Random Forest produced an RMSE of 0.6148, MAE of 0.3478, and R² of 0.5047. The R² value, 

which is only able to explain about 50% of the variability in energy consumption, indicates that many 

external factors, such as the number of inhabitants, weather, activity patterns, and user behavior, are 

not covered by the features of household appliances. This is in accordance with the characteristics of 

short-interval household energy consumption, which is highly volatile and difficult to accurately 

predict using tree-based models[20]. 

After the feature selection using GA, there was a very small change in performance; the RMSE 

decreased slightly to 0.6125, and the R² increased to 0.5084, but the MAE increased to 0.3503. These 

improvements are minimal and not practically significant, so GA's contribution in the configuration 

of this study is more about minor stability, not increased accuracy. Selected features such as 

Dishwasher, Washing Machine, Dryer, Water Heater, Lighting, and Refrigerator show that 

appliances with large power consumption play an important role in short-term energy consumption 

patterns. However, the effectiveness of GA is limited due to the low evolutionary parameters of only 

10 generations with a population of 51, so the space for exploration of solutions is not optimal. The 

literature also shows that GA with minimal generation tends to stop at sub-optimal solutions [21]. 

Although the improvement is small, the feature selection process through GA is still beneficial in 

terms of computational efficiency and interpretability. The reduction in the number of features makes 

the model lighter to process on large datasets (~1.7 million rows) without drastically degrading 

performance. In addition, the selected features provide an overview of which devices have the most 

effect on short-interval energy consumption. Overall, this study shows that the Random Forest is a 

stable model but has limitations in capturing highly dynamic energy consumption variability. GA 

makes a positive but limited contribution, mainly due to the minimal evolutionary configuration and 

absence of external features. GA makes a positive but limited contribution, mainly due to the minimal 

evolutionary configuration and absence of external features. 
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IV. CONCLUSION 

This study evaluates the ability of RF and feature selection optimization using GA in predicting 

household energy consumption. The results showed that the baseline RF model was only able to 

explain about 50% of the data variance (R² = 0.5047), so the performance is still limited to high-

resolution energy data. The implementation of GA results in a very small increase (R² = 0.5083), so 

its contribution to model accuracy can be said to be minimal and has not shown significant 

optimization. The main conclusion of this study is that the RF–GA combination can reduce the 

number of features and provide a slight improvement in model stability. However, it is not enough 

to produce a significant increase in accuracy on this dataset. These results also indicate that the highly 

volatile character of the 15-minute interval energy consumption, as well as the GA configuration 

with a limited number of generations, are factors limiting the performance of the model. 

This research has several limitations, namely the use of one dataset, one main algorithm, and the 

absence of cross-validation, and does not include external variables such as weather or the number 

of inhabitants. For further research, it is recommended the use a larger number of GA generations, 

exploration of other optimization algorithms (e.g., PSO, Jaya, or ALO), as well as the addition of 

contextual features to improve the generalization capabilities of the model. 
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