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Abstract 
Electricity is a critical resource that supports various sectors in Indonesia, especially during 
extreme weather. Outages have become serious for operational risks during extreme 
weather. This study proposes a machine learning-based early warning system to predict 
electricity outages caused by extreme weather. Historical weather and outage data were 
combined using spatial alignment. Key innovation of this study involved geospatial feature 
enrichment via HDBSCAN, Yeo-Johnson transformation, robust scaling, and class 
resampling using SMOTE, ADASYN, and SMOTE-ENN. Four ensemble classification 
models (Random Forest, XGBoost, AdaBoost, and LightGBM) were evaluated. LightGBM 
with SMOTE yielded the highest recall (0.99) and the fewest false negatives. These findings 
suggest a solution for a proactive early warning system risk mitigation in electricity under 
extreme weather conditions. 
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Abstrak 

 Listrik merupakan sumber daya krusial yang menunjang berbagai sektor di Indonesia, terutama saat 
menghadapi cuaca ekstrem. Gangguan listrik telah menjadi risiko operasional serius selama periode 
cuaca ekstrem. Penelitian ini mengusulkan sistem peringatan dini berbasis machine learning untuk 
memprediksi gangguan listrik akibat cuaca ekstrem. Inovasi utama dalam studi ini terletak pada 
pengayaan fitur geospasial menggunakan HDBSCAN, transformasi Yeo-Johnson, penskalaan 
robust, serta penyeimbangan kelas menggunakan SMOTE, ADASYN, dan SMOTE-ENN. Empat 
model klasifikasi ensemble dievaluasi. Model LightGBM dengan metode SMOTE menghasilkan nilai 
recall tertinggi (0,99) dan jumlah false negatif paling sedikit. Temuan ini menawarkan solusi sistem 
peringatan dini yang proaktif untuk mitigasi risiko gangguan listrik akibat kondisi cuaca ekstrem. 
 
Kata-kata kunci: Cuaca Ekstrem, Gangguan Kelistrikan, Klasifikasi, Sistem Peringatan Dini 
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1. Introduction 

The demand for electricity due to economic development is increasing. As the foundation 

of energy for society, the electric power system is an important need [1]. The lives of the 

population, the majority of Indonesians use electricity to support their daily lives. The electricity 

supply must be maintained and safe. There are two factors that cause power outages. These 

include internal factors such as operational errors and external factors such as extreme weather 

[2]. 

Power outages due to extreme weather conditions are external factors that are becoming 

very problematic. Electrical equipment exposed to prolonged extreme weather may deteriorate 

in condition, potentially leading to distribution outages. Therefore, early monitoring of 

meteorological-related disturbances is essential to enhance prevention and mitigation efforts, 

ensuring the stability of the power grid. Sudden occurrences triggered by extreme weather 

events and their widespread impacts pose a serious threat to the operational stability of the 

electricity network [3].  

The challenge faced by electric utilities is the absence of a system that allows teams to 

proactively detect disturbances by utilizing predictions of network disturbances due to extreme 

weather conditions [4]. Most existing systems remain reactive in nature, lacking integration 

between weather data and power grid data. Currently, power grid condition monitoring is 

conducted reactively, only after disturbances have occurred. Therefore, a data-driven early 

warning approach is required to integrate meteorological variables with historical grid data, 

enabling more accurate disturbance predictions. To address these challenges, machine learning 

can be applied to improve the ability to predict and warn of network disruptions by analyzing 

and exploring the intrinsic correlation between extreme weather and network equipment 

operations [5].  

Machine learning can be used to accurately map extreme weather outage predictions [6]. 

The mapping algorithm employed is the hierarchical density-based spatial clustering algorithm, 

HDBSCAN. HDBSCAN outperforms standard clustering methods such as K-Means [7]. 

HDBSCAN has also been applied in previous studies and utilizes the Haversine formula to 

measure geographical distances. Therefore, HDBSCAN and Haversine can be used as a 

geographical approach. 
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Machine learning algorithms can also be utilized in addressing complications of several 

problems, including those in the electricity grid, such as forecasting and risk analysis [8]. In the 

current era of machine learning, the electric utility sector is at the forefront of a transformative 

evolution in outage management. Machine learning models can accurately predict power grid 

disruptions through a variety of modeling approaches. Based on research, common modeling 

challenges include tabular data, large-scale datasets, and missing values. These models are also 

known to provide high accuracy. Among them are Random Forest, Extreme Gradient Boosting 

(XGBoost), AdaBoost, and LightGBM. These models are also known to provide  high accuracy, 

several models are Random Forest, Extreme Gradient Boosting (XGBoost), AdaBoost, and 

LightGBM [9].  

One study focused on predicting power grid disruptions in the electric utilities case study. 

The prediction results from the study showed that XGBoost with MRMR and Random Forest 

with MRMR were the models with the best performance. XGBoost outperformed Random Forest 

and other models in the study [10]. Both models are considered suitable ensemble learning 

models for this case study and are effective [11].  

One of the challenges in power outage data is the presence of numerical features that are 

non-Gaussian and skewed. This condition can hinder the performance of machine learning 

models. This makes the results not good. Therefore it is necessary to first change the features to 

be more normal [12]. One widely used transformation is the Yeo-Johnson transformation. Yeo-

Johnson can be used for both positive and negative data, unlike Box-Cox, which is only for 

positive values [13],[14]. Previous research has also examined practical methods of strong 

transformation of outliers. The method that is considered strong is Yeo-Johnson, considering 

positive and negative values [15].  

The transformed dataset will be scaled using Robust Scaling to detect outliers. The outlier 

algorithm is sometimes difficult to interpret because it assigns an outlier score to each 

observation in the data, to determine where the level of observation is an outlier, so that outlier 

probability needs to be done [16]. This is addressed by proposing a scaling method to calculate 

outlier probability. The outlier handling method used is robust scaler because it is strong against 

outliers.  

The issue of imbalanced data is also one of the challenges in handling power outage data. 

Imbalanced data cannot be properly addressed, which leads to biased predictions and reduced 
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model effectiveness [17]. In the classification case study, there are several unbalanced data sets, 

this is a very complicated matter [18]. As data grows larger, class imbalance is often found, where 

one class dominates another class [19]. The class that dominates another class can usually affect 

the classification [20]. In classes that have small data, they are called minor classes, and vice versa, 

they are called major classes [21].  

Imbalanced data handling used includes: SMOTE (Synthetic Minority Oversampling 

Technique). This technique uses the minority class as a point, then identifies and creates a K-

nearest neighbour line. The points between these lines are called synthetic observations. The 

default value of k is 5, but it can be adjusted. This affects the original class distribution of the 

minority class.  ADASYN (Adaptive Synthetic Sampling Approach) produces synthetic 

observations based on weighting [22]. SMOTE ENN is a combination of SMOTE with Edited 

Nearest Neighbors (ENN). ENN in SMOTE is used to refine the data set by removing ambiguous 

data from the majority and minority classes. Especially data that is misclassified by the nearest 

neighbors [23]. This study uses data imbalance handling techniques with the SMOTE, ADASYN, 

and SMOTE ENN techniques. When compared between SMOTE and ADASYN, the more 

accurate result is ADASYN [22], while SMOTE with SMOTEENN the more accurate result is 

SMOTEENN [24]. Furthermore, before evaluating the model for predicting power grid 

disruptions, first using 5-fold cross-validation and GridserachCV [25].  

The classification model built is more accurate, because it utilizes several methods, geographic 

location, and weather or meteorological conditions to improve accuracy. This model was 

developed using a case study that utilizes historical data of power outages at an Indonesian 

electricity company. Before discussing the technical aspects of this study, it is important to 

highlight the contributions, objectives and novelties in the study:  

1. The machine learning algorithm model for predicting power outages produces an 

accuracy percentage of 94% using historical real data of an Indonesian electricity 

company, outperforming the previous method with an accuracy of 85.67% on a different 

data set, offering an improvement of around 8.33%.  

2. This study uses one of the best algorithms, namely the HDBSCAN, Random Forest and 

SMOTE algorithms simultaneously to build a model that can predict power outages. 

Configure the Random Forest hyperparameters by determining the max depth and 

n_estimator.  
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3. Introduce the Yeo-Johnson transformation approach to overcome the problem of class 

imbalance in historical power outage data, which was not done in previous studies. The 

Yeo-Johnson transformation approach contributes significantly to predictive accuracy.  

4. Investigation of several learning algorithms such as Random Forest, XGBoost, AdaBoost, 

LGBM and data resampling techniques such as SMOTE, ADASYN, and ENN-SMOTE to 

select the best model based on the evaluation results.  

5. The research aims to be utilized by electricity companies in Indonesia in taking proactive 

actions in anticipating power outages due to extreme weather.  

The research conducted explores several forms of machine learning models from literacy 

exploration and direct testing, explains the methodology in the research, and the results of the 

analysis. Discussion of research developments for future research that utilizes power outages 

due to extreme weather.   

2. Method 

This research implemented a machine learning workflow consisting of data collection, data 

understanding, data preprocessing, modeling and evaluation [10] which shown in Figure 1. The 

main objective is to classify whether electrical outage will be occur based on weather conditions 

using ensemble learning models. 

 

  
Figure 1. Electricity Weather Prediction Workflow 

 
2.1. Data 

This study begins with the data collection phase, which gathers two primary datasets. The 

first is weather data collected from openmeteo API which includes some meteorological features 

such as weather_code, temperature_2m_max, temperature_2m_min, 

apparent_temperature_max, apparent_temperature_min, precipitation_sum, rain_sum, 

snowfall_sum, precipitation_hours, sunrise, sunset, sunshine_duration, daylight_duration, 

wind_speed_10m_max, wind_gusts_10m_max, wind_direction_10m_dominant, 

et0_fao_evapotranspiration, shortwave_radiation_sum and the second one contained electrical 

outage data sourced from company data which indicates whether the outage occurred(1) or 

not(0). The variable was chosen because of it represented external factor of natural disaster. These 
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datasets were joined using latitude, longitude and date. The dataset contains 515842 rows and 

was split into training and testing sets using stratified sampling with 30% allocated to testing 

[10]. Descriptions of the weather variables, as presented in Table 1, were referenced from the 

official Open-Meteo API documentation [26]. 

Table 1. List of weather variables from OpenMeteo API 

Variable  Unit Description  
weather_code WMO 

code 
The most severe weather 
condition on a given day 

temperature_2m_max °C (°F) Maximum and minimum daily 
air temperature at 2 meters 
above ground 

temperature_2m_min °C (°F) Maximum and minimum daily 
air temperature at 2 meters 
above ground 

apparent_temperature_max °C (°F) Maximum and minimum daily 
apparent temperature 

apparent_temperature_min °C (°F) Maximum and minimum daily 
apparent temperature 

precipitation_sum mm Sum of daily precipitation 
(including rain, showers and 
snowfall) 

rain_sum mm Sum of daily rain 
snowfall_sum cm Sum of daily snowfall 
precipitation_hours hours The number of hours with rain 
sunrise iso8601 Sun rise and set times 
sunset iso8601 Sun rise and set times 
sunshine_duration seconds The number of seconds of 

sunshine per day (WMO: 
irradiance >120 W/m²) 

daylight_duration seconds Number of seconds of daylight 
per day 

wind_speed_10m_max km/h 
(mph, m/s, 
knots) 

Maximum wind speed and 
gusts on a day 

wind_gusts_10m_max km/h 
(mph, m/s, 
knots) 

Maximum wind speed and 
gusts on a day 

wind_direction_10m_dominant ° Dominant wind direction 
shortwave_radiation_sum MJ/m² The sum of solar radiation on a 

given day in Megajoules 
et0_fao_evapotranspiration mm Daily sum of ETo Reference 

Evapotranspiration of a well-
watered grass field  
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2.2. Data Understanding 

After data collection phase, the next step was data understanding which aimed to explore 

about structure, distribution and quality of the dataset. The dataset consisted of numerical data 

while the target is categorical. In this phase, there were some findings about the distribution of 

data which can decide what transformation we should use. Additionally, this phase checked 

outlier of the dataset using statistical outlier and domain outlier. After that, domain validation 

was performed on the features. Finally, correlations among features were examined. Insight from 

this step informed data preparation strategies including transformation, scaling and feature 

selection. 

2.3. Data Preprocessing 

Based on the data understanding step, several preprocessing steps were applied to ensure 

the dataset is ready for modeling phase. For decreasing the bias of geographical, two features 

were measured to enrich the features. Distance to the load center and clustering was applied to 

enrich the features. Distance to load center calculated using Haversine which is calculated from 

the outage location to substation. Besides that, clustering algorithm was applied using 

HDBSCAN to catch the spatial location-based information [7].   

Not all features were used in model training. A filter-based feature selection technique was 

applied based on the correlation value to the target. Features with high correlation were retained 

for modeling step. Features were shown highly correlated with another feature not used in the 

model because of multicollinearity.  

Furthermore, Yeo-Johnshon transformation was applied to normalize skewness in 

numerical feature distribution. Yeo-Johnson was chosen because This transformation was chosen 

because it is suitable for data that includes both positive and negative values [13]. Robust scaling 

was applied to mitigate outlier impact and ensure each feature values have same scale for the 

next analysis [16]. This scaling method uses the interquartile range (IQR) rather than the mean 

and standard deviation. 

Due to the high degree of imbalance in target variable, several resampling techniques were 

applied, including SMOTE, SMOTE-ENN, and ADASYN [22], [23]. SMOTE (Synthetic Minority 

Oversampling Technique) generated synthetic value for minority class by interpolating existing 

instance to the nearest neighbour, it will reduce overfitting. ADASYN (Adaptive Synthetic 

Sampling) built sampling from SMOTE which generated more synthetic data in regions when 
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minority class is sparsely represented or harder to learn. So, the classifier could learn about 

complex pattern. SMOTE ENN combines SMOTE and Edited Nearest Neighbour (ENN). This 

resamples technique will remove noisy samples after oversampling. It aimed to balance and 

clean the dataset. Each technique was evaluated individually and assessed its impact on model 

performance. 

2.4. Modeling 

In this study, four ensemble learning algorithms were proposed to classify electricity 

outages based on meteorological variable. The model included Random Forest, XGBoost, 

AdaBoost, and LightGBM. Random Forest is a classifier model that distinguishes itself by 

employing multiple decision trees instead of a single one . XGBoost employs a gradient boosting 

procedure, building trees sequentially to correct errors and optimize predictive accuracy . 

Random Forest and XGBoost were selected due to their well-established performance in 

imbalanced classification tasks. These models provide computationally efficient and practical 

alternatives to deep learning for small, structured datasets [27]. The AdaBoost is an algorithm 

which adaptively obtains the optimal weight of each weak classifier, fuses this weight into the 

probability of each class in each weak classifier, and then fuses it with the probability of each 

class in the original weak classifier [28]. Adaboost was chosen due to their proven efficacy in 

various classification tasks and their robustness against overfitting and class imbalance when 

combined with appropriate sampling techniques [29]. LightGBM is a model that constructs a 

robust predictive model by combining multiple weak learners, such as weak classifiers or 

regressors. LightGBM was selected due to its fast-training speed, low memory usage, and high 

classification accuracy, especially on structured datasets. Moreover, it provides native support 

for handling imbalanced data through class weighting and customized loss functions [30]. Each 

model was examined using the pre-processed and balanced dataset produced by various 

resampling techniques, including SMOTE, ADASYN, and SMOTE-ENN. 

To ensure robust evaluation, the training process utilized stratified 5-fold cross-validation, 

preserving the proportion of the target classes in each fold. Some parameters were applied to 

model to check the performance in every fold. And the best parameter was applied to training 

phase with all training dataset. The method used was GridSearchCV. List of parameters used for 

GridSearchCV [10], [31] mentioned in Table 2. 
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Table 2. List of parameters 

Model Hyperparameter Value Range  
Random Forest n_estimators [100, 200, 300] 

max_depth [None, 10, 20, 30] 
min_samples_split [2, 5, 10] 
min_samples_leaf [1, 2, 4] 

XGBoost n_estimators [100, 200, 300] 
max_depth [3, 5, 7] 

learning_rate [0.01, 0.1, 0.2] 
subsample [0.6, 0.8, 1.0] 

colsample_bytree [0.6, 0.8, 1.0] 
gamma [0, 0.1, 0.2] 

AdaBoost n_estimators [50, 100, 150, 200] 
learning_rate [0.01, 0.1, 0.2, 1.0]  

LightGBM n_estimators [100, 200, 300] 
max_depth [-1, 10, 20] 

learning_rate [0.01, 0.1, 0.2] 
num_leaves [31, 50, 100] 

min_child_samples [10, 20, 30]  
 

2.5. Evaluation 

During the training phase, the dataset was split into training and testing subsets. The 

models were trained on the training set, and their performance evaluated on the test set with 

some classification metrics, including precision, recall, F1-score, and the confusion matrix [10]. 

All of the metrics above were used because the distribution of the target is imbalanced. 

2.6. Deployment 

The last step, the trained model was deployed in website application. The application 

contained interactive maps which display the warning indicator when the potential outage was 

predicted to occur. The input of this application was weather forecast which contains 

meteorological data from Openmeteo API. 

3. Results and Discussion 

3.1. Research Findings 

This study evaluates the effectiveness of four supervised ensemble learning models, 

namely Random Forest, XGBoost, AdaBoost, and LightGBM (LGBM) in predicting electricity 

grid outages due to extreme weather in West Java. Each model was trained and tested on real 

operational data, using three different resampling methods (SMOTE, ADASYN, and ENN-



© Helmy Satria Martha Putra1,2, Alit Kesatria Mendala1,2, Intan Jelita Saragih1,2,  
Neng Ayu Herawati1,3, Ayu Purwarianti1,3, Nugraha Priya Utama1,3 

 

 
 

369 

SMOTE) to address class imbalance. Then a performance analysis was carried out using several 

evaluation methods, Accuracy, Precision, Recall, Confusion Matrix, F1-Score, F1/2-Score, and F2 

Score. 

As part of the identification of extreme weather factors that can affect the occurrence of 

power grid outages, this study has conducted a correlation analysis between weather features 

from historical weather data obtained from OpenMeteo with historical data on power grid 

outages obtained from internal company records (which is used as a label). The study uses a 

heatmap according to Figure 2, and several weather features are selected that have a high value 

of correlation with a threshold of 0.05. These features are wind_direction_10m_dominant, 

shortwave_radiation_sum, et0_fao_evapotranspiration, daylight_duration, sunshine_duration, 

precipitation_sum, rain_sum, precipitation_hours. 

 

Figure 2. Correlation between weather factors and electrical outage labels 

Table 3 shows that the Precision, Recall, and F1-Score values for normal conditions or no 

outages (Class 0) are consistently high, only the AdaBoost model provides a value of around 0.80 

for recall and 0.90 for F1-Score. This indicates that the evaluated models are highly effective at 
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recognizing normal conditions or no outages (Class 0), almost never misclassifying normal data 

as outages, with precision, recall, and F1-Score values approaching 1 (100%), except for the 

AdaBoost model which produces more false positives than other models. 

Table 3. Comparison of Precision, Recall, and F1-Score for Each Class, for All Model and 

Resampling Method Combinations 

Model Resampling 
Precision 
(Class 0) 

Recall 
(Class 0) 

F1-Score 
(Class 0) 

Precision 
(Class 1) 

Recall 
(Class 

1) 

F1-Score 
(Class 1) 

Random 
Forest 

SMOTE 1.00 1.00 1.00 0.91 0.97 0.94 
ADASYN 1.00 1.00 1.00 0.91 0.96 0.94 

ENN-SMOTE 1.00 1.00 1.00 0.85 0.98 0.91 

XGBoost 
SMOTE 1.00 1.00 1.00 0.60 0.99 0.74 

ADASYN 1.00 1.00 1.00 0.49 0.98 0.65 
ENN-SMOTE 1.00 1.00 1.00 0.57 0.99 0.72 

AdaBoost 
SMOTE 1.00 0.88 0.93 0.03 0.86 0.05 

ADASYN 1.00 0.87 0.93 0.02 0.71 0.04 
ENN-SMOTE 1.00 0.89 0.94 0.03 0.88 0.06 

LGBM 
SMOTE 1.00 1.00 1.00 0.70 0.99 0.82 

ADASYN 1.00 1.00 1.00 0.66 0.99 0.79 
ENN-SMOTE 1.00 1.00 1.00 0.70 0.99 0.82 

 

Table 4. Comparison of Macro-Averaged Metrics, for All Model and Resampling Method  
Combinations 

Model Resampling 
Macro Avg 
Precision 

Macro 
Avg 

Recall 

Macro Avg 
F1-Score 

Random 
Forest 

SMOTE 0.95 0.99 0.97 
ADASYN 0.96 0.98 0.97 

ENN-SMOTE 0.93 0.99 0.96 

XGBoost 
SMOTE 0.80 0.99 0.87 

ADASYN 0.74 0.99 0.82 
ENN-SMOTE 0.78 0.99 0.86 

AdaBoost 
SMOTE 0.51 0.87 0.49 

ADASYN 0.51 0.79 0.49 
ENN-SMOTE 0.51 0.88 0.50 

LGBM 
SMOTE 0.85 0.99 0.91 

ADASYN 0.83 0.99 0.90 
ENN-SMOTE 0.85 0.99 0.91 
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For outage conditions (Class 1), not all models show high performance score (above 0.90). 

When viewed from the F1-Score (Class 1), only the Random Forest model (with any resampling 

method) has a value above 0.90, showing its strong capability to detect real outage events. When 

averaged across both classes (macro average) in Table 4, Random Forest and LGBM consistently 

achieve macro F1-scores above 0.90, indicating balanced performance. 

In addition to F1-Score, this study also measured the performance of F1/2 which 

emphasizes more on precision and false positive, and F2 which emphasizes more on recall and 

false negative. As shown in Table 5, models that have high F1/2 and F2 values above 0.90 are 

Random Forest and LGBM models. 

Table 5. Comparison of the F1/2-score and F2-score for All Model and Resampling Method 

Model Resampling F1/2-Score F2-Score 

Random 
Forest 

SMOTE 0.9492 0.9587 
ADASYN 0.9443 0.9517 
ENN-SMOTE 0.9298 0.9500 

XGBoost 
SMOTE 0.8017 0.8712 
ADASYN 0.7204 0.8112 
ENN-SMOTE 0.7821 0.8578 

AdaBoost 
SMOTE 0.0714 0.1176 
ADASYN 0.0581 0.0958 
ENN-SMOTE 0.0786 0.1290 

LGBM 
SMOTE 0.8647 0.9131 
ADASYN 0.8410 0.8972 
ENN-SMOTE 0.8606 0.9099 
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Table 6. Comparison of True Negative, False Positive, False Negative, True Positive for All 

Model and Resampling Method 

Model Resampling TN FP FN TP 

Random 
Forest 

SMOTE 154092 58 17 586 
ADASYN 154095 55 23 580 

ENN-
SMOTE 

154047 103 13 590 

XGBoost 

SMOTE 153747 403 9 594 
ADASYN 153526 624 15 588 

ENN-
SMOTE 

153694 456 9 594 

AdaBoost 

SMOTE 135157 18993 87 516 
ADASYN 134672 19478 175 428 

ENN-
SMOTE 

136474 17676 71 532 

LGBM 

SMOTE 153899 251 8 595 
ADASYN 153846 304 9 594 

ENN-
SMOTE 

153892 258 9 594 

  

In terms of the macro average values for F1, F1/2, and F2, Random Forest consistently 

provides the highest and most stable performance, ranging from 0.92 to 0.97 across all resampling 

methods used. The next best performing model is LightGBM, with macro average F1, F1/2, and 

F2 values ranging from approximately 0.84 to 0.91. 

From Table 6, the model with the fewest False Negatives is the LGBM model with the 

SMOTE resampling method, resulting in only 8 False Negatives (missed outages), although the 

number of false positives is slightly higher compared to other models such as Random Forest. 

3.2. Discussion 

The findings indicate that ensemble-based learning models, especially Random Forest and 

LightGBM, are well-suited for predicting electricity outages caused by extreme weather 

conditions. The consistent performance of Random Forest across all metrics suggests its 

robustness in handling imbalanced classification problems, especially in recognizing both 

normal and outage events with high precision and recall. 

However, from a utility company's perspective, minimizing false negatives (missed 

outages) is more critical than minimizing false positives. Missed outages can lead to severe 

consequences including unserved energy, customer blackouts, and potential financial and 
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reputational damage. In this regard, while Random Forest provides the best overall balance, 

LightGBM with SMOTE emerges as the best model due to its minimal false negative count, 

despite generating more false positives. 

This trade-off poses a practical question: Is the company willing to accept a higher false 

alarm rate to avoid critical missed detections? The answer to this question depends on the 

company's tolerance for operational overhead versus risk exposure. This opens up a new line of 

research focusing on cost-benefit analysis between false negatives and false positives in outage 

prediction models. 

The superior performance of LGBM-SMOTE can be attributed to several factors. LightGBM 

is particularly efficient for high-dimensional tabular datasets and excels in capturing non-linear 

interactions among variables. Its Gradient-based One-Side Sampling (GOSS) allows the model to 

concentrate on harder-to-classify samples, thus improving recall on minority classes. SMOTE, on 

the other hand, helps enhance the representation of outage events during training, giving the 

model better insight into rare cases. 

Meanwhile, ADASYN and SMOTE-ENN, while performing well in certain cases, did not 

match the ability of SMOTE to reduce false negatives when used with LGBM. This is consistent 

with known limitations of ADASYN, which is sensitive to the local density of minority class 

samples. 

The results align with existing literature stating that weather attributes such as radiation, 

rainfall duration, and wind direction significantly affect power grid reliability. This confirms the 

relevance of incorporating meteorological data into predictive maintenance systems. 

Overall, the study provides practical and scientific contributions by offering a data-driven 

model that enhances early outage detection. The outcomes support electricity providers in 

allocating maintenance resources more efficiently and improving service reliability. Future work 

should explore integrating economic cost functions directly into model evaluation and decision 

thresholds, to refine the trade-offs between false alarms and missed detections in a real-world 

operational context. 

 

4. Conclusion 

The main contribution of this research is the identification of the most suitable algorithm 

and resampling method for handling highly imbalanced electricity outage data. This is achieved 
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by selecting the model that yields the lowest fault prediction error—particularly minimizing 

undetected outages (false negatives) while also identifying the most influential weather-related 

features that affect the risk of outages in the power grid. 

This study demonstrates that ensemble learning models, especially LightGBM combined 

with the SMOTE resampling method, can significantly enhance the accuracy of predicting 

electricity grid outages caused by extreme weather conditions in West Java. The LightGBM-

SMOTE combination consistently produced the lowest false negative rate, aligning well with the 

operational needs of the electricity company, where minimizing undetected outages is a top 

priority. 

The most influential weather features contributing to outage risk include daylight 

duration, solar irradiation, total rainfall, rainfall duration, wind direction, and 

evapotranspiration. These findings validate the relevance of meteorological data in outage risk 

modeling and reinforce the importance of feature selection and preprocessing in predictive 

analytics. 

Overall, this research confirms that integrating proper data preprocessing, appropriate 

resampling strategies, and robust ensemble models can significantly improve outage prediction 

performance on imbalanced datasets. The resulting machine learning-based early warning 

system has the potential to support electricity providers in optimizing resource allocation, 

maintenance planning, and improving grid reliability under adverse weather conditions. 

Despite its contributions, this study has certain limitations. The analysis was limited to data 

from the West Java region and focused solely on weather-related factors, excluding other 

important variables such as asset condition, network density, and surrounding vegetation. 

Furthermore, only a limited set of models was explored. 

Future research is encouraged to test the developed model in different regions across 

Indonesia and incorporate additional variables such as equipment age, network density, peak 

loads, and vegetation conditions. This expansion is expected to improve model generalization 

and robustness, thereby supporting broader applications in diverse environments and enhancing 

the overall resilience of outage prediction systems. 
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