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Abstract

The rapid integration of renewable energy sources has made modern smart grids more dynamic and sensitive to 
fluctuations in generation and demand. Under such conditions, maintaining grid stability requires prediction models 
that remain reliable not only during normal operation but also under increased variability. This study presents a 
comparative perturbation-robustness assessment of four advanced ensemble learning models for smart grid stability 
prediction: Light Gradient Boosting Machine (LightGBM), Extreme Gradient Boosting (XGBoost), a Hybrid LightGBM–
XGBoost model (Hybrid-LXGB), and an Out-of-Fold Stacking ensemble (OOF-Stacking). To represent perturbation-
driven operating uncertainty, Gaussian perturbation-based variability was introduced at multiple severity levels. 
Model performance was evaluated using predictive accuracy, relative degradation, error amplification behavior, and 
sensitivity analysis. The results indicate that all models perform strongly under standard conditions; however, clear 
differences emerge as variability increases. XGBoost delivers marginally higher overall predictive performance, while 
LightGBM demonstrates greater resistance to performance degradation under more challenging scenarios. The Hybrid-
LXGB and OOF-Stacking models also achieve competitive and stable results, confirming the effectiveness of ensemble 
learning approaches for smart grid stability prediction applications. Further analysis reveals that severe variability is 
the primary source of performance loss, leading to accuracy reductions exceeding 22% across the evaluated models. 
This observation highlights the importance of assessing prediction systems beyond clean benchmark settings. The 
findings suggest that model selection for smart grid stability prediction applications should consider perturbation 
robustness alongside conventional accuracy metrics. Overall, this study provides a variability-oriented evaluation 
framework for analyzing ensemble learning behavior in smart grid stability prediction applications.

Index-words: Ensemble Learning, LightGBM, Perturbation Robustness, Smart Grid Stability, 
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Nomenclature

Symbol / 
Abbreviation

Description

Acc Classification accuracy

EAF Error Amplification Factor

Ebase Baseline prediction error

Eyar Prediction error under disturbed conditions

Hybrid-LXGB Hybrid LightGBM–XGBoost Model

LightGBM Light Gradient Boosting Machine

OOF Out-of-Fold

OOF-Stacking Out-of-Fold Stacking ensemble

PHybrid Hybrid prediction probability

PLGBM Predicted probability obtained from 
LightGBM

PLGBM
OFF Out-of-fold prediction probability generated 

by LightGBM

PXGB Predicted probability obtained from 
XGBoost

PXGB
OFF Out-of-fold prediction probability generated 

by XGBoost

α Fusion weight used in the Hybrid-LXGB 
model

ϵ Gaussian random noise

σ Variability intensity (standard deviation       
of Gaussian perturbation)

X Original input feature vector

X′ Perturbed input feature vector

XGBoost Extreme Gradient Boosting

Z Meta-feature matrix

I.	 Introduction 

The global shift toward renewable energy has 
significantly changed the operating behavior of 
modern power systems. Large-scale integration 
of solar and wind resources introduces natural 
variability because these sources depend on 
weather conditions and intermittent generation 
[1], [2]. At the same time, rising electricity demand, 
expanding distributed generation, and bidirectional 
power flow have added further complexity to 
grid operation [3,4]. Together, these factors make it 
more difficult to maintain stable and secure system 
performance using conventional monitoring and 
control methods. As a result, accurate and timely 
grid stability prediction has become an essential 
requirement in modern smart grids [5].

In recent years, machine learning has become an 
effective tool for solving power system prediction 

problems because it can learn complex nonlinear 
relationships directly from operational data [6]. 
Methods such as Random Forest, Support Vector 
Machine, Artificial Neural Networks, and gradient 
boosting models have been widely used for load 
forecasting, fault diagnosis, energy management, 
and stability assessment [7,8]. Among these methods, 
Light Gradient Boosting Machine (LightGBM) and 
Extreme Gradient Boosting (XGBoost) have received 
strong attention due to their high accuracy, fast 
computation, and strong performance on structured 
tabular data [9-11].

Despite this progress, many existing studies 
evaluate models only under static or ideal operating 
conditions, which may not reflect real grid 
environments [12]. In practical renewable-powered 
systems, measurements can be affected by noise, 
communication delays, sensor disturbances, and 
sudden operating changes [13,14]. Under such 
conditions, models trained on clean datasets may 
lose prediction quality. This shows that robustness 
should be considered alongside accuracy, especially 
in safety-critical applications where unreliable 
predictions may lead to poor decisions [15]. In 
renewable-powered smart grids, these disturbances 
arise from several practical sources, including 
intermittent renewable generation, sensor 
measurement noise, communication uncertainties, 
and rapid load variations. Therefore, evaluating 
model performance under disturbed operating 
conditions is essential for reliable real-world 
deployment.

II.	 Related work

To address these challenges, recent studies 
have explored  hybrid  and   ensemble  learning 
methods that combine multiple models to improve 
performance and reduce sensitivity to individual 
model weaknesses [16-20]. Stacking-based 
approaches, in particular, have shown promise in 
improving generalization through the integration of 
diverse learners [21,22]. However, limited attention 
has been given to how these advanced models 
behave under progressively increasing variability 
conditions [23]. It is still unclear whether models 
with higher baseline accuracy always remain 
robust, or whether simpler models may perform 
more consistently under disturbance.

Table 1 summarizes recent studies, highlighting their 
main methods, reported outcomes, and limitations 
in terms of robustness evaluation.
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Table 1: Summary of recent works on grid stability prediction.

Reference Method / Model Key Focus Key Result Limitation

[1], [2], [3] Reviews Renewable integration 
and AI in grids

Summarized recent advances and challenges in 
renewable-powered smart grids

No experimental 
validation

[6], [7] ML Models Stability prediction Demonstrated the effectiveness of machine 
learning for grid stability assessment

Limited robustness 
analysis

[8], [13] LightGBM / 
XGBoost

High prediction 
accuracy

Reported high predictive accuracy using 
gradient boosting models

No variability testing

[10], [11] Data-driven ML Stability under 
uncertainty

Improved prediction performance under 
uncertain operating conditions

Static evaluation 
settings

[14], [16] Ensemble 
Learning

Improved prediction Enhanced predictive performance through 
ensemble learning

No degradation 
analysis

[17], [18] Stacking Models Better generalization Achieved improved generalization using 
stacking strategies

Limited sensitivity 
study

[20] Hybrid Boosting Performance 
improvement

Improved predictive performance using hybrid 
boosting models

No robustness 
comparison

As  shown in Table 1, most previous studies 
primarily focus on improving prediction accuracy 
under nominal operating conditions. Only a limited 
number of studies investigate how prediction 
performance changes when operating uncertainty 
increases.  Furthermore, direct comparisons 
between standalone, hybrid, and stacking ensemble 
models  under  the  same  variability  conditions 
remain limited. In particular, the relationship 
between prediction accuracy and robustness 
remains insufficiently explored.

Motivated by these limitations, this study presents 
a comparative perturbation-robustness evaluation 
of four ensemble learning models: LightGBM, 
XGBoost, a Hybrid-LXGB model, and an Out-of-
Fold Stacking (OOF-Stacking) framework. Instead of 
proposing a new machine learning algorithm, this 
work introduces a structured robustness evaluation 
framework that compares different ensemble 
strategies under identical perturbation-driven 
operating conditions. Gaussian perturbation-based 
variability is progressively introduced into the test 
data to simulate increasing operating uncertainty, 
allowing both predictive accuracy and robustness 
degradation to be systematically analyzed. This 
provides additional insight into model behavior 
beyond conventional benchmark evaluations and 
helps identify models that achieve a better balance 
between predictive performance and operational 
robustness.

The  main  contributions  of  this work are 
summarized as follows:

•	 A comparative benchmark of four advanced 
ensemble learning models, namely LightGBM, 
XGBoost, Hybrid-LXGB, and OOF-Stacking, 
for renewable-powered smart grid stability 
prediction. 

•	 A perturbation-based robustness evaluation 
framework that assesses model performance 
under progressively increasing variability 
rather than relying only on nominal operating 
conditions. 

•	 A comprehensive analysis of predictive 
accuracy, relative degradation, error growth, 
and sensitivity to variability to understand 
the trade-off between prediction accuracy and 
operational robustness. 

•	 Practical guidance for selecting ensemble 
learning models based on both predictive 
performance and robustness for renewable-
integrated smart grid applications. 

Overall, the findings support the development 
of more reliable artificial intelligence tools for 
sustainable and secure power system operation 
under uncertain operating environments.

The remainder of this paper is organized as follows. 
Section 2 presents the dataset, preprocessing 
steps, proposed methodology, and experimental 
framework. Section 3 discusses the experimental 
results and robustness analysis under different 
variability levels. Finally, Section 4 concludes the 
paper and outlines directions for future research.
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III.	 Methodology

A.	 Dataset description & preprocessing

This study uses the publicly available Smart Grid 
Stability dataset, which is widely adopted for 
evaluating machine learning models in power 
system applications [24,25]. The dataset captures 
different operating states of a renewable-integrated 
smart grid under varying conditions, making it 
suitable for stability prediction.

The dataset contains 60,000 samples with 12 
numerical input features and one binary target 
label (stabf). The input variables are grouped into 
three categories: time-related parameters (tau1–
tau4), power-related variables (p1–p4), and control 
gain parameters (g1–g4). These features represent 
key dynamic characteristics that influence grid 

stability, as shown in Figure 1. The target label 
indicates whether the operating condition is stable 
or unstable, resulting in a binary classification task. 
The dataset consists of 21,720 stable samples (36.2%) 
and 38,280 unstable samples (63.8%), indicating 
a moderately imbalanced class distribution. To 
reduce the influence of this imbalance during 
model evaluation, a stratified train–test split was 
adopted to preserve the original class proportions 
in both subsets. This ensures a fair and consistent 
comparison of all evaluated models. Since all 
variables are numerical, no categorical encoding 
was required. The dataset was selected because it 
combines realistic operating variability, balanced 
class structure, and public accessibility, making 
it a suitable benchmark for fair and reproducible 
evaluation of ensemble learning models despite its 
moderately imbalanced class distribution.

Figure 1: Structure of input feature categories and grid stability target variables.

The dataset was first examined for consistency 
and usability. All input features are numerical, so 
no categorical transformation was needed. The 
data is already well structured, which simplifies 
preprocessing. The target variable (stabf) was 
converted into binary numerical form for 
classification. The dataset was also checked for 
missing values and duplicate records. No major 
issues were found, so all samples were retained. This 
helps preserve the original data distribution.

Tree-based models such as LightGBM and XGBoost 
do not require feature scaling. Therefore, the original 
feature values were used without normalization. 
This also preserves their physical meaning [26,27]. 
Finally, the dataset was separated into input features 
and target labels to prepare it for training, testing, 
and robustness evaluation.

B.	 Training and testing strategy

To ensure a fair evaluation, the dataset was divided 
into training and testing subsets using a stratified 
split. This preserves the proportion of stable and 
unstable samples in both sets. In this study, 80% 
of the data was used for training, while 20% was 
reserved for testing. The training set was used to 
train the models. The test set was used only for the 
final evaluation. A fixed random seed was applied 
during splitting to ensure reproducibility. For the 
stacking framework, an out-of-fold strategy was 
used within the training set. Predictions were 
generated using unseen folds, and these predictions 
were used to train the meta-model. This prevents 
information leakage and improves reliability [28,29]. 
The complete experimental framework adopted in 
this study is illustrated in Figure 2.
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Figure 2: Overall comparative framework for robustness-oriented smart grid stability prediction.

Figure 2 presents the overall experimental 
framework adopted in this study. The process begins 
with dataset preprocessing and train–test splitting, 
followed by the generation of different variability 
levels to simulate uncertain operating conditions. 
The prepared data are then evaluated using four 
ensemble learning models, namely LightGBM, 
XGBoost, Hybrid-LXGB, and OOF-Stacking. Finally, 
the prediction results are assessed using predictive 
accuracy, robustness degradation, error growth ratio, 
and sensitivity analysis to compare the robustness 
of all models under increasing variability.

C.	 Baseline models

Two widely used gradient boosting models were 
selected as baseline methods: LightGBM and 
XGBoost. Both are well-suited for structured tabular 
data and can capture nonlinear relationships 
effectively [26,27]. LightGBM is a tree-based 
boosting method that uses leaf-wise growth. This 
often leads to faster training and strong predictive 
performance. XGBoost is an optimized boosting 
algorithm that includes regularization and efficient 
tree construction. This helps reduce overfitting 

while maintaining high accuracy. Both models were 
trained using identical data splits and evaluation 
settings. Their results serve as reference points for 
comparison with the proposed ensemble methods.

1.	 Hybrid-LXGB model

The Hybrid-LXGB model combines LightGBM and 
XGBoost at the probability level. Although both 
are boosting models, they follow different learning 
strategies. As a result, they may capture different 
patterns in the data. Combining their outputs helps 
improve prediction stability [28]. Both models were 
first trained independently using the same training 
data. For each sample, probability estimates were 
obtained from both models. The hybrid probability 
is computed as given in Eq. (1).

    (1)

Where  PHybrid  denotes  the  fused  prediction 
probability,  PLGBM and PXGB denote the predicted 
probabilities  obtained  from  LightGBM and XGBoost, 
respectively, and α is the fusion weight (0 ≤ α ≤ 1).
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The internal structure of the proposed Hybrid-LXGB 
framework is shown in Figure 3, which visualizes 
the weighted fusion process.

In  this study, the fusion weight was fixed at α = 0.80 
to  assign slightly higher importance to the LightGBM 
probability while retaining the contribution of 
XGBoost. The same fusion weight was used for all 
experiments to ensure a consistent comparison 
across different variability levels.

The final class label is obtained using a threshold of 
0.5 as shown in Eq. (2).

                                                      (2)

where ŷ denotes the predicted class label, this 
approach helps reduce individual model errors 
and provides a balance between accuracy and 
robustness.

Figure 3: Hybrid-LXGB architecture using weighted fusion of LightGBM and XGBoost outputs.

2.	 OOF-Stacking model

The OOF-Stacking Model combines multiple 
learners using a two-stage framework. LightGBM 
and XGBoost are used as base models, while a meta-
model produces the final prediction [29]. An Out-of-
Fold (OOF) strategy was used during training. The 
training data was divided into K folds [30]. In each 
iteration, K-1 folds were used for training, and the 
remaining fold was used for validation. This process 
continued until every fold had been used once for 
validation. Out-of-fold predictions were generated 
for all training samples using unseen data. These 
predictions were then combined to form the meta-
feature matrix as given in Eq. (3).

                                                       (3)

Where Z represents the meta-feature matrix, and  
PLGBM

OFF  and PXGB
OFF denote the out-of-fold prediction 

probabilities generated by LightGBM and XGBoost, 
respectively. The final prediction is given in Eq. (4).

                                                                               (4)

where fmeta(·) denotes the logistic regression meta-
model, and ŷ represents the final predicted class 
label.

During testing, the base models were retrained on 
the full training set. Their predictions were passed 
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to the meta-model to obtain the final output. This 
framework improves generalization and reduces 
overfitting.

The two-level leakage-free stacking framework 
used in this work is illustrated in Figure 4, which 
summarizes the generation of OOF meta-features 
and final meta-learning.

Figure 4: OOF-Stacking architecture using LightGBM and XGBoost base learners with logistic regression meta-learning.

D.	 Hyperparameter settings

A manual validation-based tuning strategy was 
adopted, where multiple parameter combinations 
were experimentally evaluated on the validation 
set, and the configuration providing the best trade-
off between accuracy and stability was selected [28]. 
For both LightGBM and XGBoost, the number of 
estimators was set to 500, the learning rate to 0.05, 
and the maximum depth to 6. Early stopping with 
a patience of 20 rounds was additionally applied 
during training to reduce overfitting and prevent 
unnecessary boosting iterations. Using the same 
settings ensures a fair comparison [26,27]. For the 
Hybrid-LXGB model, the fusion weight was fixed 
at α = 0.80. For the OOF-Stacking framework, 
5-fold cross-validation was used to generate out-
of-fold predictions. A logistic regression classifier 
was used as the meta-model to combine the out-

of-fold predictions generated by the base learners. 
All hyperparameters were kept fixed across all 
variability scenarios. This ensures that performance 
changes are due to input disturbances rather than 
parameter tuning.

E.	 Variability injection framework

To evaluate perturbation robustness under 
uncertain conditions, Gaussian perturbation-based 
variability was applied to the testing data after 
model training. This preserves a clean training 
process while allowing performance to be tested 
under disturbance [32]. For an input vector X, the 
disturbed sample X′ is defined as represented in Eq. 
(5).

                                   (5)
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where X represents the original input feature vector,  
X′ denotes the perturbed input vector, ⊙ represents 
element-wise multiplication, ϵ is Gaussian random 
noise, and σ controls the variability intensity.

Three levels of variability were considered:

•	 Very Low variability: σ = 0.05

•	 Medium variability: σ = 0.15

•	 High variability: σ = 0.40

Continuous values of σ were additionally evaluated 
to observe gradual performance changes and 
construct robustness curves. For continuous 
robustness analysis, the variability intensity σ was 
gradually increased from 0 to 0.40 using uniform 
incremental steps, and model accuracy was 
recorded at each disturbance level. To ensure fair 
comparison, identical random seeds and variability 
configurations were consistently maintained across 
all model evaluations. This perturbation-based 
evaluation strategy is motivated by the increasing 
uncertainty and instability challenges observed in 
renewable-integrated smart grids [33-38].

The adopted Gaussian perturbation model provides 
a simplified representation of uncertainty and 
was selected to enable a consistent comparison 
of model robustness under controlled conditions. 
In practical smart grid environments, different 
feature groups, such as time-related parameters, 
power-related variables, and control gain 
parameters, may experience different types and 
levels of uncertainty. Similarly, communication 
delays, sensor faults, missing measurements, and 
non-Gaussian disturbances may affect system 
operation in different ways. Therefore, the present 
perturbation framework should be regarded as a 
general robustness evaluation approach rather than 
an exact representation of all real-world operating 
conditions. Future work will investigate feature-
specific disturbance models and more realistic 
uncertainty sources using operational smart grid 
data.

F.	 Performance assessment

Model performance was evaluated using 
classification accuracy under both baseline and 
disturbed conditions. To assess robustness, the Error 
Amplification Factor (EAF), relative accuracy drop, 
error growth ratio, and sensitivity to variability 
were also evaluated as defined in Eq. (6). The Error 

Amplification Factor (EAF) is defined as

                                                                                   (6)

where Evar represents the prediction error under 
disturbed conditions, and Ebase represents the 
baseline prediction error obtained under clean 
operating conditions.

The relative accuracy drop is computed as 
represented in Eq. (7).

                             (7)

where  Accbase and Accvar denote the classification 
accuracies under baseline and disturbed conditions, 
respectively.

The  error  growth  ratio  is  calculated  as  shown in 
Eq. (8).

                                                (8)

Sensitivity to variability is estimated using the 
normalized performance degradation at each 
variability level as given in Eq. (9).

                                                            (9)

where Dropi is the relative accuracy drop at the  
ith variability level, and Dropmax is the maximum 
observed accuracy drop among all evaluated 
variability levels.

These metrics provide a comprehensive assessment 
of how model performance changes under 
increasing variability [30,31]. All models were 
evaluated using the same training–testing partitions, 
identical preprocessing steps, and consistent 
variability scenarios to ensure a fair comparison. 
Hyperparameter settings were fixed after tuning, 
and all reported results were obtained under the 
same experimental framework.

IV.	 Results & Discussion

The proposed models were evaluated under both 
baseline and disturbed operating conditions to 
assess predictive performance and perturbation 
robustness.  Four models were considered: 
LightGBM, XGBoost, Hybrid-LXGB, and OOF-
Stacking. The analysis focuses on how predictive 
quality changes as uncertainty increases, since high 
baseline accuracy alone may not ensure reliable 
operation in renewable-powered smart grids.
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A.	 Predictive performance & robustness

Table 2 presents the classification accuracy under 
different   variability  levels.    Under   baseline   
conditions,   all models achieved high accuracy 
(0.980–0.989), confirming the effectiveness of 
gradient  boosting  approaches  for   smart  grid  
stability  prediction. XGBoost recorded the 
marginally  highest  baseline  accuracy, while 
Hybrid-LXGB and OOF-Stacking also produced 
competitive results.  Although the baseline 
differences are relatively small, the relative ranking 
of the models changes  slightly under stressed 
operating conditions. As disturbance intensity 
increases, classification accuracy declines for all 

methods. However, the rate of degradation differs 
across models. In contrast, LightGBM shows more 
stable behavior under uncertainty. Hybrid-LXGB 
remains consistently close to the leading models, 
indicating that probability-level fusion helps 
preserve competitive performance. OOF-Stacking 
also shows reliable behavior, particularly under 
moderate variability.

Although the numerical differences between 
models are relatively small under some operating 
conditions, the degradation trends provide useful 
descriptive information about their robustness as 
variability increases.

Table 2: Classification accuracy under different variability levels.

Variability Level LightGBM XGBoost Hybrid-LXGB OOF-Stacking

Baseline 0.9797 0.9808 0.9803 0.9798

Very Low 0.9644 0.9643 0.9644 0.9656

Medium 0.9200 0.9198 0.9202 0.9206

High 0.7588 0.7588 0.7592 0.7579

To    assess   whether   the   observed    differences   
between   models    are    statistically   significant,   
pairwise McNemar tests were performed for all 
six model pairs under baseline, very low, medium, 
and high variability conditions. Holm correction 
was applied to account for multiple pairwise 
comparisons. None of  the  six  pairwise  comparisons  
was statistically significant at p<0.05 after correction 
under   any   of   the  evaluated  conditions.  The 

maximum observed accuracy difference was 0.108 
percentage points at baseline, 0.125 percentage 
points under very low variability, 0.075 percentage 
points under medium variability, and 0.133 
percentage points under high variability. Therefore, 
the small numerical differences between models 
should be interpreted as  descriptive  performance  
trends  rather than statistically established predictive 
superiority.

Table 3: Summary of pairwise statistical significance tests.

Variability Level Pairwise Comparisons Maximum Accuracy 
Difference (%)

Significant Comparisons 
(p<0.05)

Baseline 6 0.108 0/6

Very Low 6 0.125 0/6

Medium 6 0.075 0/6

High 6 0.133 0/6

Note: The maximum accuracy differences are calculated using the unrounded accuracy values.

The statistical analysis indicates that none of the 
evaluated models demonstrates a statistically 
significant accuracy advantage over the others 
under the tested variability conditions. Therefore, 
subsequent comparisons focus on descriptive 
robustness trends and degradation behavior rather 

than claims of statistically significant predictive 
superiority.

The comparative accuracy trends across all 
variability scenarios are illustrated in Figure 5.
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(a) LightGBM                                                                                                          (b) XGBoost

                                                (c) Hybrid-LXGB                                                                                          (d) OOF-Stacking

Figure 5: Accuracy comparison of all models under baseline and increasing variability conditions.

As observed in Figure 5, the performance 
gap between models becomes more visible at 
intermediate disturbance levels, while under severe 
variability, all models converge toward similar 
accuracy values.

This convergence occurs because severe 
perturbations affect the input features of all 
models to a similar extent, making class separation 
increasingly difficult. As a result, the advantage 
of individual learning strategies becomes less 
pronounced, leading to comparable prediction 
performance under high variability.

To complement the accuracy analysis, additional 
classification metrics, including precision, recall, and 
F1-score, were evaluated under baseline conditions, 
as presented in Table 4. All four models achieved 
consistently high values across these metrics, 
indicating reliable classification performance for 
both stable and unstable operating states. XGBoost 
records the highest numerical values across the 

evaluated metrics, while Hybrid-LXGB, LightGBM, 
and OOF-Stacking also demonstrate competitive 
results with only marginal differences. These 
findings confirm that the evaluated models maintain 
balanced classification capability under normal 
operating conditions.

Table 4: Baseline classification performance of the            
evaluated models.

Model Accuracy Precision Recall F1-score

LightGBM 0.980 0.980 0.980 0.980

XGBoost 0.981 0.981 0.981 0.981

Hybrid-LXGB 0.980 0.980 0.980 0.980

OOF-Stacking 0.980 0.980 0.980 0.980

The high precision, recall, and F1-score values 
further confirm the strong predictive capability of 
all four models under baseline conditions. The close 
agreement among these metrics indicates that the 
models achieve balanced classification performance. 
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The subsequent analysis, therefore, focuses 
on differences in robustness under increasing 
variability.

To better understand model stability, the relative 
accuracy drop is analyzed in Table 5. Under very low 
variability, all models show only minor degradation 
of approximately 1.5–1.7%. As disturbance increases, 
differences in the observed degradation trends 
become more apparent. At medium variability, 
the accuracy drop ranges from 6.047% to 6.211%, 
while high variability results in degradation of 
approximately 22.5–22.6% across all models. OOF-
Stacking shows the lowest degradation at very 
low and medium variability, whereas LightGBM 
shows the lowest degradation at high variability. 
XGBoost exhibits the largest degradation at very 
low and medium variability. These differences 
are descriptive, as the statistical analysis shows no 
statistically significant pairwise differences after 
Holm correction.

Hybrid-LXGB maintains a competitive balance 
between predictive accuracy and robustness 
across the evaluated variability levels. Overall, 
the similar degradation ranges indicate that 
increasing variability has a much stronger effect on 
performance than the small differences between 
individual models.

Table 5: Relative accuracy drop (%) under increasing 
variability levels.

Variability 
Level

LightGBM XGBoost Hybrid-
LXGB

OOF-
Stacking

Very Low 1.557 1.674 1.624 1.454

Medium 6.091 6.211 6.137 6.047

High 22.542 22.636 22.552 22.648

The degradation behavior of each Model under 
increasing disturbance is further illustrated in 
Figure 6.

(a) LightGBM                                                                                                          (b) XGBoost

(c) Hybrid-LXGB                                                                                         (d) OOF-Stacking

Figure 6: Comparison of accuracy degradation trends across models under varying disturbance levels.
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These results indicate that robustness differs across 
models, even when their baseline performance is 
similar.

B.	 Error growth and sensitivity analysis

Table 6  and  Table 7  summarize  the  error rate 
and error growth ratio across different variability 
levels. As expected, prediction errors increase for 
all models as the disturbance becomes stronger. 
The error growth ratio also increases substantially 
with variability, indicating progressively greater 
degradation relative to the clean baseline. Under 
high variability, the error growth ratio reaches 
approximately 12 times the baseline error across 
the evaluated models. XGBoost shows the highest 
error growth at very low, medium, and high 
variability, while LightGBM and OOF-Stacking 
exhibit comparatively lower error growth. Hybrid-
LXGB remains between the standalone models in 
most conditions. These results indicate that severe 
variability has a much stronger effect on prediction 
error than the small differences between the models.

Table 6: Error rate under increasing variability levels.

Variability 
Level

LightGBM XGBoost Hybrid-
LXGB

OOF-
Stacking

Baseline 0.0203 0.0193 0.0197 0.0202

Very Low 0.0356 0.0357 0.0356 0.0344

Medium 0.0800 0.0802 0.0798 0.0794

High 0.2412 0.2413 0.2408 0.2421

Table 7: Error growth ratio under increasing                      
variability levels.

Variability 
Level

LightGBM XGBoost Hybrid-
LXGB

OOF-
Stacking

Baseline 1.000 1.000 1.000 1.000

Very Low 1.753 1.855 1.807 1.702

Medium 3.934 4.166 4.055 3.932

High 11.887 12.534 12.228 11.988

The escalation of prediction error with disturbance 
intensity is visualized in Figure 7.

               

                                                 (a) LightGBM                                                                                                          (b) XGBoost

                                                (c) Hybrid-LXGB                                                                                         (d) OOF-Stacking

Figure 7: Error growth behavior of models showing error amplification with increasing variability.
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The trends in Figure 7 highlight that error growth 
is not linear. Instead, it accelerates as variability 
increases. This behavior confirms that models 
become more vulnerable under severe disturbance. 
These findings show that relying only on baseline 
accuracy can be misleading. A model with strong 
initial performance may degrade more rapidly 
under realistic operating uncertainty.

Tables 8 and 9 provide normalized and proportional 
interpretations of the observed degradation trends 
under increasing variability. High variability 
accounts for approximately 74–75% of the total 
degradation across all models, while medium 
variability contributes approximately 20%. Very low 
variability contributes less than 6%. This confirms 
that severe variability is the dominant contributor 
to overall performance degradation.

C.	 Continuous response and classification 
Behavior

Figure 8 presents the continuous robustness curves, 
showing how classification accuracy changes as 
disturbance intensity gradually increases.

Table 8: Normalized impact weight under increasing 
variability levels.

Variability 
Level

LightGBM XGBoost Hybrid-
LXGB

OOF-
Stacking

Very Low 0.069 0.074 0.072 0.064

Medium 0.270 0.274 0.272 0.267

High 1.000 1.000 1.000 1.000

Table 9: Contribution to total degradation (%) under 
increasing variability levels.

Variability 
Level

LightGBM XGBoost Hybrid-
LXGB

OOF-
Stacking

Very Low 5.157 5.485 5.357 4.823

Medium 20.176 20.350 20.245 20.057

High 74.667 74.165 74.397 75.120

                                                 

(a) LightGBM                                                                                                          (b) XGBoost

                                                

(c) Hybrid-LXGB                                                                                         (d) OOF-Stacking

Figure 8: Continuous robustness curves showing accuracy variation with variability intensity (σ).
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At low disturbance levels, all models perform 
similarly and maintain high accuracy. As variability 
increases, accuracy declines in a nonlinear manner, 
with the reduction becoming more pronounced 
at higher disturbance levels. LightGBM shows 
a relatively smooth degradation trend, while 
XGBoost exhibits a slightly larger reduction in 
accuracy across the higher variability range. These 
observations describe the degradation trends rather 
than statistically significant differences between 
the models.

Hybrid-LXGB follows an intermediate trend 
and remains close to the other models across the 
evaluated range. OOF-Stacking also maintains 
consistent performance, particularly in the 
moderate variability region. At severe disturbance 
levels, all models converge toward similar accuracy. 
This suggests that extreme variability limits the 
performance differences among the evaluated 
methods.

Figure 9 compares the confusion matrices of all 
models under high variability conditions.

                                                (a) LightGBM                                                                                                          (b) XGBoost

                                               (c) Hybrid-LXGB                                                                                         (d) OOF-Stacking

Figure 9: Confusion matrix comparison of all models under high variability conditions.
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All models retain strong recognition of stable states, 
with correct classification rates ranging from 86.9% 
to 87.5%. However, the identification of unstable 
states is more challenging. The correct classification 
rates range from 69.1% to 69.6%, indicating reduced 
performance for these cases. The class-wise 
prediction differences under severe disturbance are 
visually summarized in Figure 9.

This result shows that severe disturbance mainly 
affects  the  detection  of  unstable  operating 
conditions. In practical smart grid operation, 
misclassifying an unstable state as stable may 
delay corrective control actions, increasing the 
risk of voltage instability, frequency deviations, 
or cascading failures. In contrast, predicting a 
stable state as unstable may result in unnecessary 
preventive actions, which may generally be less 
critical than failing to detect an unstable condition. 
Therefore, improving the reliable detection of 
unstable operating conditions remains an important 
objective for real-world smart grid monitoring 
systems. Among the evaluated models, XGBoost 
achieves the highest stable-state recognition 
(87.5%). Hybrid-LXGB  and LightGBM show slightly 
improved recognition of unstable states based 
on confusion matrix observations (69.6%). OOF-
Stacking remains competitive but shows slightly 
higher confusion for unstable samples.

Overall, the differences between models are 
relatively small under high variability. This indicates 
that all models preserve a reasonable level of 
predictive capability even under severe uncertainty.

These findings reinforce an important conclusion. 
Evaluating models only under clean benchmark 
conditions is not sufficient for smart grid applications. 
Robustness to variability must be treated as a key 
requirement.

Among the tested methods, LightGBM and Hybrid-
LXGB show favorable accuracy–robustness trends, 
while XGBoost records the highest baseline 
accuracy. However, the pairwise statistical analysis 
shows that the observed accuracy differences are 
not statistically significant after Holm correction. 
Therefore, these model differences should be 
interpreted as descriptive trends rather than 
statistically established superiority. From a practical 
perspective, XGBoost may be considered when 
nominal accuracy is prioritized, while LightGBM 
and Hybrid-LXGB provide competitive alternatives 
when robustness under increasing variability is also 
considered.

Computational efficiency was also considered 
to assess the model-development cost. Table 10 
compares the approximate training time of the 
evaluated models under the same experimental 
environment. LightGBM required the shortest 
training time, followed by Hybrid-LXGB and 
XGBoost. OOF-Stacking required the highest 
training time because multiple base models were 
trained during cross-validation before fitting the 
meta-model. Although OOF-Stacking introduces 
a higher training cost, this overhead is incurred 
during model development. These results provide 
a comparative view of training efficiency and can 
support model selection when computational cost 
is also considered alongside predictive performance 
and robustness.

Table 10: Comparison of computational efficiency.

Model Training Time (s)

LightGBM 3.49

XGBoost 8.46

Hybrid-LXGB 6.63

OOF-Stacking 38.40

V.	 Conclusion

This work presented a perturbation-robustness-
focused evaluation of four ensemble learning 
models for renewable-powered smart grid stability 
prediction under increasing operating variability. 
Instead of relying only on nominal accuracy, the 
study examines how predictive performance 
changes as uncertainty increases. All models 
achieve strong baseline performance, while 
their degradation trends differ under increasing 
variability. XGBoost records the highest baseline 
accuracy, while LightGBM shows a relatively lower 
degradation trend under increasing variability. 
Hybrid-LXGB provides a competitive balance 
between accuracy and robustness, while OOF-
Stacking remains a stable alternative. However, 
pairwise McNemar tests with Holm correction show 
that none of the observed accuracy differences 
are statistically significant. Therefore, the model 
differences should be interpreted as descriptive 
robustness trends rather than statistically 
established superiority. Severe variability remains 
the dominant source of performance degradation 
across all models, highlighting the need to consider 
robustness alongside prediction accuracy. The study 
is limited by the use of a single benchmark dataset, 
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simulated Gaussian perturbations, and offline 
evaluation. Future work will consider diverse real-
world datasets, feature-specific disturbances, sensor 

and communication uncertainties, and uncertainty-
aware prediction methods.
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