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Abstract

The increasing integration of renewable energy sources and smart grid (SG) technologies
introduces significant challenges to power system stability due to the inherent variability
and uncertainty of electricity generation and demand. While many machine learning and
deep learning approaches have been proposed for stability prediction, various studies focus
only on predictive performance and offer limited assessment of computational efficiency,
statistical significance, and sustainability-related metrics. To address these gaps, this study
suggests a hybrid fusion approach that combines Convolutional Neural Networks (CNNs),
eXtreme Gradient Boosting (XGBoost), and Random Forest (RF) classifiers through a soft
voting strategy for SG stability prediction. The CNN component automatically extracts
representative features, while XGBoost and RF contribute complementary classification
capabilities, reducing the need for manual feature engineering. In addition to predictive
evaluation, a Green AI-oriented benchmarking framework is introduced to evaluate model
performance using predictive accuracy, computational runtime, memory consumption,
and estimated computational CO2 emissions associated with model training and infer-
ence. The proposed framework is assessed on the UCI SG Stability dataset using stratified
cross-validation and statistical significance testing, including Friedman and Nemenyi post
hoc analyses. Experimental results demonstrate that the fusion model achieves 97.68%
classification accuracy and an AUC of 0.991, exceeding several individual machine learning,
deep learning, and ensemble baselines. Statistical analysis shows significant improvements
over recurrent deep learning models such as LSTM and GRU. However, the differences
from strong tree-based methods, including XGBoost and RF, are not statistically significant.
Furthermore, the proposed model reaches a high sustainability score of 0.802, indicating a
favorable balance between predictive performance and computational resource require-
ments. The findings show that the proposed framework is effective and computationally
efficient to predict the stability of the smart grid on the UCI benchmark dataset and also
serves as a transparent green AI benchmarking methodology for comparative studies in the
future. The validation of the approach on real-world smart grid data under noisy, not fully
complete, and heterogeneous operating conditions is another interesting research direction
for future work.
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1. Introduction
The significant technological development, combined with the current shift to smart

cities around the world, has greatly raised the need to change the design of contemporary
power systems. Conventional electrical systems were built on the traditional centralized
generation model, in which generation is carried out in large plants and then transmitted
over long distances to the final consumers [1]. These traditional systems are based on
a unidirectional flow of power and communication that is insufficient to deal with the
dynamic and complex energy needs of modern societies [2,3]. Reaching a balance in
electricity supply and demand with reliability, at a lower cost, and without interruption is
a basic issue in the operation of power systems. Grid stability occurs when the generated
power is equal to consumption in real time, thus keeping the system frequency within
acceptable limits. The increasing use of renewable energy sources, however, has introduced
more complex problems in achieving grid stability. Recently, renewable energy technologies
like solar, wind, and hydropower are being widely adopted, as decarbonization strategies
to curb greenhouse gas emissions are being widely pursued in many countries. Although
these sources contribute to more sustainability and energy security, their intermittency and
variability pose a major challenge to grid management [4].

In response to these challenges, new power systems are developing into smart grid
(SG) architectures. SGs use sophisticated sensing, communication, and control technology
to facilitate two-way flow of energy and real-time measurement. These systems increase op-
erational efficiency, minimize transmission losses, and enhance reliability by incorporating
distributed energy resources and actively involving consumers. Smart sensors and intelli-
gent monitoring systems can be deployed, and early fault detection and more responsive
grid management are possible, which can significantly enhance the overall performance
and reliability of SGs. The Decentral SG Control (DSGC) framework is one of the most
researched methods of stabilizing SGs, as it uses grid frequency as a signal to stabilize de-
mand and supply. In this regard, the higher the frequency, the more generation is in excess,
and vice versa. Despite giving a mathematical perspective to the analysis of grid dynamics,
DSGC is based on oversimplified assumptions and constant input parameters, which can
restrict its usefulness in practice, particularly in real-world scenarios where grid conditions
are variable and unpredictable. Moreover, the concerns of scalability, adaptability, and
equity of distributed participants are also of great concern [5].

Considering these constraints, the interest in using data-driven methods, especially
machine learning (ML) or deep learning (DL), to improve grid stability analysis and
prediction is increasing. The capabilities of ML and DL models include the ability to learn
about complex nonlinear relationships, evolve to changing conditions of the system, and
handle large-scale data produced by the infrastructure of SGs. With the combination of
the new learning algorithms with the old models of power systems, one can come up with
more robust, accurate, and flexible solutions to stability assessment, which can lead to
improved decision-making and enhanced reliability of SG operations [6].

1.1. Existing Systems

The transformation of traditional power grids into SGs signifies considerable progress
in improving efficiency and sustainability in the energy sector. However, the integration
of renewable energy sources and the complex network of networked devices has initiated
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additional challenges, particularly with grid stability, such as fluctuations in energy supply
and demand that can produce power cuts or inefficiencies. Providing and upholding grid
stability guarantees an uninterrupted electricity supply and averts possible disruptions.
Many recent research projects focus on building a smart system based on ML techniques to
detect and predict SG stability. In [7], Mohsen et al. presented an artificial neural network
(ANN) to predict the stability of SGs for decentralized SG control (DSGC) systems. This
neural network was used on a dataset built from simulations of grid stability conducted
on a four-node network with a star topology, focusing on two categories of grid stability:
stable and unstable. The Keras framework was employed to train the suggested neural
network, and a hyperparameter optimization technique was implemented to attain high
accuracy. Titz et al. proposed in [8] an integration of network science measurements
and ML models to forecast the danger of desynchronization events. Network science
offers measurements for critical characteristics of transmission lines, like redundancy and
centrality. ML methods inherently pick features, thereby identifying critical elements that
influence network robustness and vulnerability. They used simulated data from various
synthetic test grids to train and evaluate these models.

In [9], Alsirhani et al. proposed a smart and available grid prediction system integrated
with reliable mechanisms to meet the fluctuating energy demands. The engagement of
consumers and producers was one of the many elements that may impact the grid’s stability.
Alsirhani and his co-authors suggested a novel system for detecting stability statistics in
SG systems based on a multi-layer perceptron–extreme learning machine (MLP-ELM)
technique. Additionally, the principal component analysis (PCA) technique was used
for extracting features. The authors in [10] proposed five distinct cascade methodologies
for assessing the stability of SG systems and classifying the different SG stability types.
In the preprocessing step, the SG dataset undergoes feature selection based on Relief,
Correlation filtering technique, and a supervised attribute filter. After that, they applied
the resampling method followed by Fuzzy C-Means Clustering-Based Feature Weighting
(FCMFW). After that, three methodologies were applied before the classification algorithm:
5-fold cross-validation, 10-fold cross-validation, and hold-out (50–50%). Finally, five distinct
classification algorithms were used to classify the SG dataset.

Allal et al. in [11] investigated the stability of the SG based on ML techniques. The
authors framed the issue as a binary classification task by considering two possibilities
(stable or unstable grid). They also attempted to estimate continuous values showing
grid stability levels. These values were used later to predict grid stability based on a
predetermined threshold. To handle data imbalance, the Synthetic Minority Over-sampling
Technique (SMOTE) and K-means SMOTE were utilized. The investigation includes many
regressors and classifiers, including tree-based models, boosting techniques, ensemble
methods, and multi-layer perceptrons (MLPs). In [12], the authors proposed a method
for enhancing the stability prediction of Internet of Things (IoT)-driven SGs using various
ML models, such as Gradient Boosting (GB), K-Nearest Neighbor (KNN), Support Vector
Machine (SVM), neural networks, and the decision tree classifier. They also investigated
the efficacy of hyperparameter-optimized GB models in forecasting SG dynamic stability,
which indicates the system’s ability to revert to a stable operating point after a disruption.

Ghazal et al. [13] suggested the development of an explainable hybrid forecasting
model using Explainable AI and deep learning for predicting the stability of a four-node
smart grid. The integration of accurate predictions and explainability made it possible to
forecast the stability of the grid and detect component failure and poor power distribution.
Nonetheless, the research did not take into account computational efficiency, memory
usage, execution time, and carbon emissions. This highlights the need to use carbon-aware
AI platforms that evaluate both prediction and carbon footprint simultaneously.
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1.2. Gaps of Existing Models

Even recently, the detection of SG stability has received significant attention from
researchers and industry, but many gaps still exist, as illustrated in Table 1.

Table 1. Summary of the main gaps in existing work on SG stability prediction and the models used.

Ref Key Techniques Used Main Gaps

Mohsen [7]
ANN, Keras,

hyperparameter
tuning

• Based on simple ANN (without deep/temporal modeling)
• Trained on simplified simulated grid data
• Focus only on binary stability classification
• No efficiency and sustainability analysis

Titz et al. [8]

Network metrics
(centrality,

redundancy) +
supervised ML

algorithms (ANN,
Random Forest, SVM)

• Based on engineered features (static features) only from power grid
states (not time-series or dynamic signals)

• No deep learning or feature learning
• No hybrid architectures
• Focuses only on stability, not sustainability

(efficiency/carbon reduction)
• No runtime or scalability evaluation

Alsirhani et al.
[9]

MLP, Extreme
Learning Machine

(ELM), PCA

• Based on hybrid models (MLP-ELM) with integration of PCA that
may lose nonlinear feature interactions and physical interpretability

• No hybrid DL + boosting methods
• No sustainability or efficiency metrics
• No evaluation of carbon reduction impact or energy efficiency
• No integration with energy storage and demand-side management

Onder et al. [10]

Feature selection
method (Relief and
FCBF), clustering,

SVM, KNN,
Bagged Trees

• Complex pipeline with heavy preprocessing that may lead to
less scalability

• No automated feature selection
• No link between feature selection and sustainability outcomes
• Based on traditional classifiers (not deep/temporal models)
• Focus on accuracy only, not sustainability

(efficiency/carbon impact)
• No environmental or computational cost analysis

Allal et al. [11]

Tree-based models
(decision tree and
Random Forest),
boosting models

(Gradient
Boosting/ensemble
boosting methods),
MLP, SMOTE (data
handling technique)

• Work only on classical ML (limited DL use)
• No hybrid feature extraction frameworks
• Data balancing considered but no evaluation of

efficiency/sustainability
• No statistical significance testing
• Focuses on accuracy and not sustainability (emissions/efficiency)

Alkenhal el al.
[12]

GBM, SVM, KNN,
NN, Decision Trees

Dipper Throated
Optimization (DTO)
for hyperparameter

tuning of GBM

• Primarily ML-based (no deep sequence models)
• No hybrid DL that can benefit from ML characteristics
• Uses only Gradient Boosting, limited model comparison
• DTO optimizes accuracy and not sustainability goals
• No resource-awareness (memory, CO2, runtime)
• Limited evaluation beyond performance metrics

Thus, the main categorized gaps can be summarized as follows:

• Model design and architecture gaps

# Unavailability of lightweight DL models that can be deployed effectively.
# Lack of hybrid systems that integrate the benefits of DL models and boosting-

based architectures.
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# Little application of automatic feature extraction (representation learning).

• Evaluation and methodological gaps

# Excessive dependence on accuracy as the measurement and standard main
evaluation metrics.

# Absence of statistically significant testing to confirm model improvements.
# Weak use of sound validation methods like cross-validation.
# Lack of a common benchmarking system in ML, DL, and hybrid models.

• Sustainability and resource awareness gaps

# No consideration of sustainability aspects, especially CO2 emissions, energy
consumption, and memory usage.

# Data and real-world deployment gaps.
# Most research papers rely on simulated datasets.
# While these challenges inspire the current work, the present study examines

benchmarking predictive performance based on a simulated dataset, which
is publicly available. The ability to make measurements in the presence of
noise, missing sensor values, and heterogeneous, real-world data is reserved
for future investigation.

1.3. Motivation of This Study and Main Contribution

Based on the above gaps, this study is motivated by the following reasons:

• Develop a more efficient, less costly-to-compute stability prediction framework for
the SG that can be useful for real-world deployment after validation. Especially, the
lack of lightweight models suitable for real-time environments raises the need for
proposing computationally efficient DL architectures that preserve high predictive
performance while minimizing resource consumption.

• Propose a hybrid model that benefits from the strengths of both DL and classical ML
models. Rather than depending on end-to-end deep models or traditional algorithms,
this paper uses deep neural networks as feature extractors, followed by a boosting
model to improve classification and detection performance. This structure may improve
representation learning while maintaining strong generalization capabilities.

• Propose automated feature learning that avoids dependence on manual or linear
feature engineering techniques. By exploiting hidden representations learned from
DL models, the proposed approach seeks to accurately capture complex nonlinear
relationships inherent in SG data.

• Integration of sustainability-aware evaluation metrics into the proposed pipeline.
Performance indicators, including accuracy and AUC, carbon emission estimation,
memory usage, and runtime analysis, will be used to reflect the growing importance
of green AI in smart energy systems.

• Introduce a multi-objective sustainability score to rank models comprehensively.
• Adopt stratified cross-validation along with statistical significance testing to permit a

more rigorous comparison between models.

The main contributions can be summarized as follows:

• Development of a novel Hybrid Soft Voting System for predicting smart grid stability: This
research contributes to the development of a hybrid framework that utilizes a combination
of the predictions generated from multiple algorithms using a soft voting strategy.

• Development of a statistical validation approach: In order to establish that the en-
hancements achieved by using the proposed technique are significant and not simply
a result of chance, the proposed framework is statistically validated apart from being
evaluated on standard metrics.
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• Development of a Green AI-oriented benchmarking methodology that jointly evalu-
ates predictive performance, computational efficiency, and estimated environmental
impact using a unified experimental protocol integrating AUC, runtime, memory
consumption, estimated CO2 emissions, and statistical significance testing.

• Extensive comparison with standalone machine learning and deep learning algorithms:
The proposed technique is compared against existing techniques.

The paper is organized into four main sections. The proposed approach is explained
in detail with the adopted dataset in Section 2. The results are presented and discussed in
Section 3. The paper ends with a conclusion in Section 4.

2. Materials and Methods
In this section, a comprehensive sustainable hybrid DL approach designed for robust

classification and detection based on SG stability is proposed. As illustrated in Algorithm 1,
the hybrid models are integrated with a stratified K-fold cross-validation strategy to guaran-
tee reliable and unbiased evaluation across all models. In addition, models are trained and
evaluated based on both predictive performance metrics and computational sustainability
indicators, including runtime, memory consumption, and estimated CO2 emissions. Finally,
a statistical significance test is applied to allow rigorous comparison and ranking of models
based on both predictive effectiveness and sustainability performance.

2.1. Dataset

The dataset used in this paper is gathered from the UCI ML database [14], as detailed
in [15]. Vadim Arzamasov of the Karlsruhe Institute of Technology generated and supplied the
dataset, which is based on the simulation outcomes of the local stability analysis of a 4-node
star configuration comprising three consumption nodes and one centralized generation node.
The dataset has 10,000 samples, featuring 13 attributes and one target variable. The qualities
include the reaction times of each node (“tau1”, “tau2”, “tau3”, and “tau4”), the nominal
power produced (positive) or utilized (negative) by each node (“p1”, “p2”, “p3”, and “p4”),
and the price elasticity coefficients for each node (“g1”, “g2”, “g3”, and “g4”). The target
value consists of the variable “stab,” which denotes the maximum real component of the
characteristic equation root (a positive stab signifies linear instability). The dependent variable
of this study is “stabf,” which classifies the system’s stability as either stable or unstable.
The distribution of target variables exhibits a substantial imbalance, with 6380 instances in
Class 1 and 3620 instances in Class 0, as depicted in Figure 1. Although the imbalance is not
severe, it may nonetheless introduce bias favoring the majority class during model training
if appropriate precautions are not included. A robust correlation is evident between ‘stab’
and ‘stabf’ (Refer to Figure 2). Consequently, the predictive attribute ‘stab’ was excluded from
consideration as a predictive feature and dismissed.

Note that the UCI Smart Grid Stability dataset does not contain measurement noise,
missing sensor data, communication failures, or concept drift, which may happen in a
real smart grid. Thus, the focus of the present study is on the evaluation of the proposed
framework in controlled environments, not in real deployment.
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Figure 1. Target variable distribution representing system stability (Class 0: stable, Class 1: unstable).

Figure 2. Correlation between features (reaction time of each node, nominal power generated or
consumed, and price elasticity coefficients for each node) and target variable.

Algorithm 1: Sustainable hybrid deep learning framework with statistical validation

Input: Dataset ( D = { X, y } ), number of folds (K ), random seed ( s )

Output: Performance metrics, sustainability metrics, ROC curves, confusion matrices,

statistical significance, ranked models

Phase 1: Data Preprocessing

1: Set random seed ( s ) for reproducibility

2: Load dataset ( D )

3: Encode target variable ( y ) using label encoding

4: Remove irrelevant features from ( X )

https://doi.org/10.3390/su18157938
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Algorithm 1: Cont.

5: Normalize ( X ) using Min-Max scaling

6: Reshape ( X ) into 3D tensor for deep learning models

Phase 2: Model Definition and Initialization

7: Define Fusion Model Components:

• eXtreme Gradient Boosting (XGBoost) as a strong gradient boosting classifier

• Random Forest (RF) as a bagging-based robust learner

• CNN as a deep feature extractor producing probabilistic outputs

Phase 3: Fusion Model Training with Cross-Validation

8: Apply Stratified K-Fold Cross-Validation on dataset D

9: For each fold i = 1 to K do

10: Split dataset into training and testing sets

11: Standardize input features using Min-Max Scaler (fit only on training set)

(A) Base Learner Training (Fusion Inputs)

12: Train base models on training data

• XGBoost → learns gradient boosting decision boundaries

• Random Forest → learns bagged tree ensembles

• CNN → learns non-linear feature representation from reshaped input

13: Predict probabilities on test set for each model

(B) Fusion Strategy (Core Contribution)

14: Compute fused probability using adaptive soft voting

15: Generate final prediction

Phase 4: Aggregation, Statistical Validation and Final Evaluation

16: Compute overall performance metrics, sustainability scores and rank models based on

performance and sustainability

17: Compare with basic and DL models using T-test.

2.2. Data Preprocessing

To guarantee reproducibility, numerical stability, and compatibility with DL architec-
tures, a structured preprocessing pipeline is used in this paper. The preprocessing stage is
intended to bring raw data to a normalized and model-ready format without losing any
information about classes and by reducing biasing effects of scaling or encoding functions.
First, a fixed random seed (s = 42) is used to make sure that all computational libraries
(NumPy 2.0.2, TensorFlow 2.0, operating system environment, and others) use the same
random seed. This ensures determinism in splitting data, weight initialization, and training
processes. The dataset is organized into input features (X) and target labels (y). The target
variable is converted to numeric values using a label encoder technique that transforms the
categorical stability labels into binary numeric values [16]. After that, the input features
are all normalized using a min-max scaling technique that standardizes each input feature
to a value in the ([0, 1]) range, which guarantees numerical stability and speeds up the
convergence of the gradient-based learning models [17]:

X′ =
X − Xmin

Xmax − Xmin
(1)

where X is the original value, Xmin the minimum value in the dataset, Xmax the maximum
value in the dataset, and X′ the scaled value in the range [0, 1].
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In order to allow sequential processing in recurrent neural networks (RNNs), the normal-
ized feature matrix is reshaped into a 3D-tensor representation XReshaped ∈ RN×F×1, where

• N is the number of samples;
• F is the number of features;
• 1 is the single-channel input used by the CNN architecture.

This transformation gives the opportunity to each feature vector to be viewed as a
sequential input that can be utilized in the temporal feature extraction.

The dataset consists of independent static attributes, but it was restructured into a dataset
with three dimensions as part of the same preprocessing pipeline for all the deep learning
models that were used in the comparison, namely CNN, LSTM, and GRU. The order of
features in the imposed does not indicate the temporal dependencies or physical sequences.
As a result, recurrent models can create artificial dependencies that can have a detrimental
impact on performance. Likewise, the CNN should be viewed as a local feature interaction
extractor and not a temporal model. In the future, permutation-invariant and tabular-specific
deep learning architectures will be explored that do not require feature ordering.

2.3. Model Definition and Initialization

In this paper, a probabilistic fusion framework that incorporates classical ML and
DL models under a unified decision-making architecture is proposed. The aim of this
model is to improve predictive performance while maintaining computational efficiency
and interpretability. Let the dataset be denoted by

D = {xi, yi}N
i=1, xi ∈ Rd, yi ∈ {0, 1} (2)

where N represents the number of samples, and d is the feature dimensionality.

A. Classical Machine Learning Models

In this model, two classical ML methods are used:

• eXtreme Gradient Boosting (XGBoost), which is considered an additive ensemble of K
regression trees; the prediction for sample i, ŷi, is given by [18]

ŷi = ∑K
k=1 fk(xi), fk ∈ Ϝ  (3)

where Ϝ is the space of decision trees. The regularized objective function is defined as

Lθ = ∑N
i=1 l(yi, ŷi ) + ∑K

k=1 Ω fk
(4)

where (l(.)) is a differentiable loss function (log-loss for binary classification), and the
regularization term is

Ωf = YT +
1
2

λ|w|2 (5)

where T is the number of leaves, w is the leaf weight vector, Y is the complexity penalty,
and λ is the L2 regularization coefficient. This representation guarantees the control of
the complexity of the XGBoost model and reduces the possibility of overfitting.

• Random Forest (RF), which consists of building an ensemble of M decision trees
trained on bootstrap samples. The final prediction ŷ(x) is given as an average of all
trees [19]:

ŷ(x) =
1
M∑M

m=1 Tm(x) (6)

where each tree (Tm) is trained independently using random feature selection, improv-
ing variance reduction and robustness.
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B. Deep Learning Model (CNN Feature Extractor)

The CNN works based on reshaped input x ∈ Rd×1. The proposed CNN is composed
of three parts:

• Convolutional Feature Extraction, formulated as [20,21]

hl = σ
(

W l ∗ x + bl
)

(7)

where W l is the convolution kernel, (*) is the convolution operator, b is the bias, and
σ(.) is the nonlinear activation function.

• Feature Representation, which is obtained after the convolution and flattening steps,
and it is formulated as

zCNN = ∅CNN(x) (8)

• Classification Layer, in which the probability of the output is computed based on

PCNN(y = 1/x) = σ(WzCNN + b) (9)

Using this structure, the CNN model acts as a nonlinear feature extractor and a
probabilistic classifier.

2.4. Fusion Model Training with Cross-Validation

The proposed fusion framework integrates different heterogeneous learners by ag-
gregating probabilistic outputs in a late-fusion ensemble strategy that ensures robustness
and interpretability [22]. First, each base model provides a posterior probability, such as
PXGBoost(y = 1|x), PRF(y = 1|x), and PCNN(y = 1|x). These probabilities are assumed to be
conditionally independent estimators of the true posterior distribution. The final prediction
is computed based on a weighted convex combination [23]:

PFusion(y = 1|x) = ∑M
m=1 wmPm(y = 1|x), wm ≥ 0, ∑M

m=1 wm = 1 (10)

where wm is the weight assigned to the m-th model and represents its relative contribution
to the final fused prediction, with wm ≤ 0 and ∑M

m=1 wm = 1.
In this paper, PFusion is computed based on

PFusion = w1PXGBoost + w2PRF + w3PCNN (11)

The fusion weights are computed by maximizing validation AUC values.
The binary prediction is computed finally as

ŷ = I(PFusion ≤ τ), τ = 0.5 (12)

where I(.) is the indicator function. The proposed fusion architecture is theoretically jus-
tified by the diversity principle of ensemble learning, where the combination of diverse
learners improves overall generalization capability by leveraging different inductive bi-
ases. In particular, XGBoost provides strong decision boundaries through residual error
minimization via Gradient Boosting, whereas RF increases model robustness by reducing
variance through bootstrap aggregation and random feature selection. The CNN compo-
nent offers deep feature extraction via nonlinear abstraction via hierarchical feature learning.
As a result, the fusion mechanism brings these complementary advantages together into a
collective predictive model, which can be formally described as the simultaneous reduc-
tion of bias (deep representation), variance (ensemble averaging), and improved feature
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expressiveness (nonlinear feature transformation). The proposed fusion model guarantees
bias reduction, variance reduction, and representation learning.

The fusion weights were optimized by performing a validation-based grid search over
the range of plausible convex combinations of weights (wi ≥ 0, ∑ wi = 1). The validation
set was used to test the candidate weight combinations for each fold of the stratified 5-fold
cross-validation, and the one that achieved the highest mean AUC was kept. The final
weights obtained were 0.4, 0.3, and 0.3 for XGBoost, Random Forest, and CNN, respectively.
The optimized weights were then set in the test to provide an unbiased assessment. While
the strategies for this benchmark dataset were effective, adaptive weight-learning strategies
will be investigated in future work, which would improve robustness under dynamic
real-world smart grid conditions.

2.5. Aggregation, Statistical Validation and Final Evaluation

In this paper, all performance metrics are calculated across all K folds. The mean and
standard deviation are then computed. To produce robust evaluation and comparison, the
Friedman and Nemenyi tests are used to compare the performance of the models pairwise.
Thus, the performance differences between the models can be checked to see if they are
statistically significant.

In each model m, the confusion matrix CMs of every fold (i ∈ {1, 2, . . . , K}) are
averaged up to obtain a global CM [24]:

CMm
average =

1
K ∑K

i=1 CMm
i (13)

where the CM is illustrated in Table 2.

Table 2. Confusion matrix for binary classification summarizing true and false predictions after
comparing the model predictions to the true labels.

Predicted Positive Predicted Negative

Actual Positive TP (True Positive) FN (False Negative)
Actual Negative FP (False Positive) TN (True Negative)

Table 3 summarizes the main performance metrics used to evaluate the different
models [25–27].

Table 3. Performance and sustainability metrics with their mathematical formulas and corresponding
descriptions.

Metric Name Mathematical Formula Description

Accuracy (ACC) ACC = TP+TN
TP+TN+FP+FN

Computes the overall ratio of correctly classified
samples between all samples.

Precision Precision = TP
TP+FP

Represents the part of correctly predicted
positive instance between all predicted positives.

True Positive Rate (TPR) TPR = TP
TP+FN

Also called recall; evaluates the ability of the
model to correctly identify positive instances.

F1-Score F1 = 2 × precision∗recall
precision+recall

Harmonic mean of Precision and Recall, offering
a balance between both measures.
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Table 3. Cont.

Metric Name Mathematical Formula Description

False Positive Rate (FPR) FPR = FP
FP+TN

Measures the ratio of negative instances
incorrectly classified as positive by the model.

AUC (Area Under Curve) AUC =
∫ 1

0 TPR(FPR)d(FPR)
Represents the overall ability of the model to
discriminate between classes across all
thresholds. AUC = 1 for perfect classifier.

CO2 Emissions CO2 = P·t
1000·3600 γ

Estimates the carbon footprint based on energy
consumption during model training.

Memory Usage (MB) M = Ma f ter − Mbe f ore
Measures the memory consumed during model
training and execution.

Runtime (s) T = tend − t_(start) Represents the computational time required to
train the model.

Normalized AUC AUCnorm = AUC−AUCmin
AUCmax−AUCmin

Scales AUC values between 0 and 1 for fair
comparison across models.

Normalized CO2 CO2 norm = CO2max−CO2
CO2max−CO2min

Inverse normalization where lower emissions
yield higher scores.

Normalized Memory Mnorm = Mmax−M
Mmin−Mmax

Assigns higher scores to models with lower
memory consumption.

Normalized Runtime Tnorm = Tmax−T
Tmin−Tmax

Rewards models with faster execution time.

Sustainability Score
S = 0.4. AUCnorm + 0.2· CO2norm

+0.2· Mnorm
+0.2· Tnorm

Composite metric balancing predictive
performance and sustainability factors. The
weights of the equation reflect a trade-off
between maximizing the predictive performance
represented by AUC and minimizing the
environmental impact (CO2 emissions), model
complexity, and execution time.

For computing the carbon emissions, Python’s time tool is used to calculate the running
time, and a library called “psutil” is employed to track memory usage. All experiments
are done on the same computer for fair comparison between models. Since direct power
measurements were not available, carbon emissions were estimated based on the model
execution time using a constant CPU emission factor [28]. Therefore, the provided CO2 values
refer to an estimate of relative carbon emissions in the same experimental situations instead of
absolute carbon footprints corresponding to a particular electricity grid or energy mix.

The weights of the sustainability score (0.4 for normalized AUC and 0.2 for each of
the normalized CO2 emissions, memory usage, and runtime) were empirically determined
to capture the main goal of achieving high predictive performance while raising the im-
portance of the variables representing computational efficiency and environmental impact.
The weighting scheme is not the result of an optimization algorithm but is based on the
understanding that it represents a manageable compromise between predictive perfor-
mance and Green AI goals. This heuristic weighting is suitable for the current benchmark
study, but further research is needed to enable adaptive and data-driven weight estimation
in various deployment scenarios through multi-objective optimization and multi-criteria
decision-making techniques.

To conduct a robust comparison among the different models, the Friedman test is
employed to assess whether statistically significant differences exist in model performance
across cross-validation folds based on AUC scores. Unlike pairwise parametric tests, the
Friedman test does not assume normal data distribution and is well-suited for comparing
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the performance of multiple classifiers across repeated experiments or cross-validation
folds. For each fold i, models are ranked based on their AUC performance, where rank 1 is
given to the best-performing model. The Friedman test statistic is computed as follows [29]:

X2
F =

12K
M(M + 1)

[
∑M

j=1 R2
j −

M(M + 1)2

4

]
(14)

where K is the number of cross-validation folds, M represents the number of compared
models, and Rj illustrates the average rank of model j across all folds.

The null hypothesis H0 assumes that all models have equivalent performance (average
ranks are equal). The validation of H0 means there is no significant difference between the
M models across the K folds. The alternative hypothesis H1 assumes at least one model
performs significantly differently. Both hypotheses are defined as follows:{

H0 : R1 = R2 = · · · = RM

H1 : ∃i ̸= j such that Ri ̸= Rj
(15)

The difference between two models is considered statistically significant if p < 0.05.
If the Friedman test rejects the null hypothesis ((p < 0.05)), a Nemenyi post hoc test is

conducted to identify which pairs of models differ significantly in terms of their average
ranks. The critical difference, CD, between two models is computed using [30]

CD = qα

√
M(M + 1)

6K
(16)

where qα is the critical value based on the Studentized range statistic at significance level α.
Two models are considered significantly different if the absolute difference between

their average ranks exceeds the critical difference:∣∣Ri − Rj
∣∣> CD (17)

For each model (m), the overall performance and sustainability metrics are computed using

AUCm =
1
K ∑K

i=1 AUCm
i (18)

ACCm =
1
K ∑K

i=1 ACCm
i (19)

F1m =
1
K ∑K

i=1 F1m
i (20)

COm
2 =

1
K ∑K

i=1 CO2
m
i (21)

Mm =
1
K ∑K

i=1 Mm
i (22)

Tm =
1
K ∑K

i=1 Tm
i (23)

Unlike traditional evaluation techniques that focus solely on predictive performance,
this benchmark study combines statistical validation with a Green AI-oriented assessment
method that jointly evaluates AUC, runtime, memory usage, and estimated computational
CO2 emissions. This evaluation allows the selection of models that offer an effective balance
between predictive accuracy and computational efficiency.
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3. Results
This section shows and analyzes the outcomes of applying the methodology presented

in Section 2 on the UCI dataset (described in Section 2.1). The results from the suggested
prediction model are illustrated, discussed, and compared with fundamental ML and DL
models. The experiment is performed on a workstation equipped with an Intel Core i7
processor (3.6 GHz), 32 GB of RAM, and an NVIDIA RTX 3060 graphics card. The fusion
model CNN–RF–XGBoost proposed in this paper was implemented in Python 3.12.12.
Deep learning models were created with TensorFlow 2.19.0/Keras, and classical machine
learning with the scikit-learn and XGBoost libraries. The experiments were repeated using
a fixed random seed (seed = 42) to improve repeatability. All ML models in this section are
assessed using the identical data partition and common cross-validation folds to ensure a
fair and consistent comparison.

LSTM and GRU models have been added only as a reference baseline to make a
thorough comparison with the recurrent neural models. They are not part of the proposed
fusion framework, which includes only CNN, XGBoost, and Random Forest. A unified
preprocessing pipeline was used for all deep learning models to provide a fair comparison
between models and to show that recurrent sequence models are not well suited for this
tabular smart grid dataset.

The proposed CNN architecture consists of an input layer, as well as a 1D convolution
layer made up of 16 filters with a kernel size of two, along with the ReLU activation
function. The feature maps that were produced are then processed with the fully connected
layer containing 16 neurons using the ReLU activation function. The output layer consists
of a single neuron with the sigmoid activation function, allowing for binary classification of
smart grid stability. The model was trained using the Adam optimizer, with a learning rate
of 0.001, binary cross-entropy loss, a batch size of 32, and 50 training epochs. The training
of the model followed the same data preprocessing and 5-fold stratified cross-validation
as used for the models evaluated. The total number of parameters makes it a lightweight
CNN architecture. The overall design of the proposed architecture was simplified to ease
the computational complexity without losing predictive capabilities and thereby achieving
the Green AI goals set by the study.

In order to conduct a reliable and systematic comparison among the assessed models
of machine learning, hyperparameter tuning was carried out using GridSearchCV on the
training data according to the stratified 5-fold cross-validation method. The combinations
of hyperparameters produced candidates that were evaluated by means of cross-validation,
having selected the combination that showed the highest average validation performance
for the final model. Finally, the chosen hyperparameters were used in all experiments
described in the work. When developing deep learning systems (CNN, LSTM, and GRU),
the approach employed the same training configuration, where three and 50 epochs of
training and the Adam optimizer, along with all the preprocessing, were identical to
provide homogeneity to the resulting models.

3.1. Confusion Matrix and Performance Metrics

The parameters used for each model are illustrated in Table 4. The average values
of the confusion matrix from the five folds of the stratified cross-validation are shown in
Table 4. For each model, the numbers of TP, TN, FP, and FN were calculated independently
on each fold and then averaged over the five folds (Table 5). As such, the reported values
are decimal numbers, not integer counts, of the means. For the first configuration (XGB
(Number of Trees = 120), RF (Number of trees = 100), Epochs = 3 (CNN, LSTM and
GRU)), the proposed fusion model shows the most desirable balance between the true
positive and negative cases, with a high number of true positives (TP = 244.9) and true
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negatives (TN = 243.4) and low false negatives (FN = 4.2) and false positives (FP = 7.4). This
suggests its strong ability to correctly classify both positive and negative instances with low
classification errors. Other traditional ensemble approaches (XGBoost and RF) also show
promising and balanced classification capability, with high TP and TN values, although they
still incur slightly greater errors than the fusion model. Conversely, CNN demonstrates
moderate classification performance with higher FPs, while the sequential DL models
(LSTM and GRU) show much lower performance with higher FPs and FNs, suggesting
poor capabilities in identifying discriminative features. Overall, these findings demonstrate
that while stand-alone DL models may suffer from stability and misclassification issues,
ensemble-based approaches, particularly the proposed fusion model, offer a better, more
balanced, and reliable decision-making system for classification.

Table 4. Hyperparameter settings for the different ML and DL models.

Model Hyperparameter

Common Settings 5-Fold Cross-Validation, Random Seed = 42, Classification Threshold = 0.5,
Feature Scaling = StandardScaler

XGBoost Number of Trees = [120, 500], Maximum Depth = 4, Evaluation Metric = Logloss,
Learning Rate = 0.3

Random Forest Number of Trees (n_estimators) = [100, 500], Split Criterion = Gini, Maximum Depth = Default

CNN Conv1D Filters = 16, Kernel Size = 2, Dense Units = 8, Activation = ReLU,
Output Activation = Sigmoid, Optimizer = Adam, Epochs = [3, 50]

LSTM LSTM Units = 16, Dense Units = 8, Activation = ReLU, Output Activation = Sigmoid,
Optimizer = Adam, Epochs = [3, 50]

GRU GRU Units = 16, Dense Units = 8, Activation = ReLU, Output Activation = Sigmoid,
Optimizer = Adam, Epochs = [3, 50]

Fusion Model Weighted Averaging (XGB = 0.4, RF = 0.3, CNN = 0.3), Decision Threshold = 0.5

Table 5. Average confusion matrix values across the 5-fold stratified cross-validation for all evaluated
models under two different configurations (XGB, RF, CNN, LSTM, GRU, and FUSION).

Configuration A:
XGB (Number of Trees = 120), RF (Number of Trees = 100)
Epochs = 3 (CNN, LSTM and GRU)

Configuration B:
XGB (Number of Trees = 500), RF (Number of
Trees = 500)
Epochs = 50 (CNN, LSTM and GRU)

Model TN FP FN TP TP FP FN TP
XGB 225.8 25.4 14.4 234.4 292.8 7 4.4 295.8
RF 225.8 25.4 13.4 235.4 291.8 8 5 295.2
CNN 222.6 28.6 15.4 233.4 289.8 10 9.2 291.0
LSTM 171.6 79.6 80.8 168.0 281.4 18.4 10.4 289.8
GRU 171.8 79.4 90.2 158.6 289.0 10.8 7.4 292.8
FUSION 243.4 7.4 4.2 244.9 294.2 5.6 3.2 296.8

There was significant improvement in all the evaluated models in configuration B
(XGB (Number of Trees = 500), RF (Number of trees = 500) and Epochs = 50 (CNN, LSTM
and GRU)) that resulted from adding more trees to the ensemble classifiers and from
increasing the number of epochs being used to train the deep learning models from three
to 50 epochs. In addition, the extra training solved some false positives and false negatives
for all the models, more specifically for LSTM and GRU models, showing that the lack
of training caused their performance to drop significantly before the additional training.
XGBoost was consistently the most powerful single classification model, with Random
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Forest providing similar performance. However, all the baselines were improved, and the
proposed fusion model always had superior classification accuracy, with 294.2 TN, 296.8 TP,
5.6 FP, and 3.2 FN, which represented the minimum overall misclassification rates. These
results highlight the ability of the fusion framework to align the complementary power of
the machine learning and deep learning models and to keep predictive ability at a high
level, even in a more challenging and fair training setting (see Table 5).

Table 6 illustrates the performance metrics of the proposed fusion models compared
to the basic ML and DL models under the two configurations (A and B). For the first
configuration, the findings clearly show that the proposed fusion model outperforms
other models, with an accuracy of 0.9768, a precision of 0.9766, a recall of 0.9859, and
an F1-score of 0.9811, showing high classification accuracy, high sensitivity, and a low
misclassification rate. This demonstrates the value of creating an ensemble of diverse
learners to effectively control both FP and FN rates. The traditional ensemble methods,
XGBoost and RF, also perform well and consistently. RF performs slightly better than
XGBoost in terms of accuracy (0.9224 vs. 0.9204) and F1-score (0.9240 vs. 0.9216), but
XGBoost achieves competitive recall (0.9421), thus being able to capture positive instances.
The CNN model performs reasonably well, with similar precision and recall, delivering an
accuracy of 0.9120 and an F1-score of 0.9140, but is still outmatched by ensemble methods.
However, the recurrent DL models (LSTM and GRU) demonstrate limited predictive
performance, with accuracies of 0.6792 and 0.6608, respectively. This is reflected in their
lower levels of precision, recall, and F1-scores, suggesting that they are not as effective in
handling tabular data without feature engineering or ensemble learning.

Table 6. Performance comparison of the proposed model and the basic ML and DL models based on
key evaluation metrics.

Configuration A:
XGB (Number of Trees = 120), RF (Number of Trees = 100)
Epochs = 3 (CNN, LSTM and GRU)

Configuration B:
XGB (Number of Trees = 500), RF (Number of
Trees = 500)
Epochs = 50 (CNN, LSTM and GRU)

Model Accuracy F1-score Precision Recall AUC Accuracy F1-score Precision Recall AUC
XGB 0.9204 0.9217 0.9023 0.9421 0.9692 0.9810 0.9814 0.9769 0.9854 0.9956
RF 0.9224 0.9239 0.9027 0.9461 0.9683 0.9783 0.9788 0.9736 0.9840 0.9949
CNN 0.9120 0.9139 0.8911 0.9381 0.9609 0.9677 0.9684 0.9668 0.9700 0.9888
LSTM 0.6792 0.6753 0.6793 0.6753 0.7435 0.9510 0.9518 0.9402 0.9634 0.9816
GRU 0.6608 0.6505 0.6684 0.6375 0.7320 0.9682 0.9689 0.9644 0.9734 0.9897
CNN + RF 0.9219 0.9217 0.8991 0.9405 0.9687 0.9654 0.9782 0.9752 0.9812 0.9899
CNN + XGB 0.9180 0.9199 0.8989 0.9401 0.9653 0.9710 0.9755 0.9711 0.9801 0.9905
RF + XGB 0.9212 0.9228 0.9027 0.9444 0.9688 0.9800 0.9801 0.9755 0.9849 0.9950
FUSION 0.9768 0.9766 0.9859 0.9811 0.991 0.9849 0.9853 0.9815 0.9893 0.9978

Table 6 also shows that the performance of all classifiers improves with a higher num-
ber of trees for the ensemble models and with longer deep learning training (50 epochs)—
this is configuration B. XGBoost was the best single model, with an accuracy of 98.10% and
an AUC of 99.56%, with Random Forest also performing well. The CNN, LSTM, and GRU
models also performed significantly better, especially LSTM and GRU, which are recurrent
models, highlighting the need for proper training of deep learning models. Nevertheless,
the proposed fusion model consistently achieved the best overall results, with an accuracy
of 98.49%, F1-score of 98.53%, precision of 98.15%, recall of 98.93%, and AUC of 99.78%.
The results indicate that the ensemble learning and deep feature extraction models are able
to complement each other to achieve better prediction performance and robustness than
each of them alone.
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Table 6 demonstrates the effectiveness of the proposed fusion framework com-
pared with standalone models (RF, XGBoost, and CNN) and simpler hybrid approaches
(RF + CNN, RF + XGBoost, and CNN + XGBoost). For Configuration A, all models pro-
vide almost similar performance (approximately 92% accuracy), indicating that limited
feature learning restricted accurate prediction. However, the fusion model outperforms
all the standalone and hybrid models by reaching an accuracy of 97%. In Configuration B,
increasing the CNN training to 50 epochs and expanding the ensemble models to 500 trees
significantly improved all methods. The proposed fusion framework also achieved the best
performance by reaching an accuracy of 98.53%. These results demonstrate that integrat-
ing CNN-extracted deep features with both RF and XGBoost effectively enhances model
capability and results in a more accurate, robust, and reliable predictive model.

The underperformance of LSTM and GRU models is mainly due to their mismatch
with the characteristics of the dataset, which is inherently tabular and non-sequential
rather than time-series. However, these recurrent architectures are trained to capture
temporal dependencies, which is not applicable in this context. Thus, they are inefficient in
learning features. Furthermore, these models are more architecturally complex, which adds
unnecessary parameters to the training network and creates instability during training
without providing any advantages in discrimination. Tree-based ensemble techniques
like XGBoost and Random Forest, however, work better with tabular data, as they tend
to be more robust and capture nonlinear feature interactions more effectively, hence the
performance difference with LSTM and GRU.

Figure 3 represents the ROC curve of the fusion model tested on the 5-fold cross-
validation under Configuration A. The Area Under the Curve (AUC = 0.991) is large,
demonstrating that the model has excellent discriminative ability between two classes. The
curve is steeply increasing towards the top left, indicating that the model achieves a high
true positive rate, even at extraordinarily low false positive rates, which is advantageous
when accurate classification is required in highly important situations.

Figure 3. Receiver Operating Characteristic (ROC) curve of the fusion model evaluated using 5-fold
cross-validation.
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Figure 4 shows the feature values of the XGBoost in terms of normalized gain values
that represent the relative contributions of each input variable to the predictive power of
the model. The results show that the time-related characteristics (tau1–tau4) are the most
significant, showing that the dynamics of time are dominant in determining the stability
of the system. The other variables are less important since they are the generation-related
variables (g2, g3, g4, and g1) and thus have a secondary but still significant influence on
the decisions made by the model. The power-related attributes (p1, p2, p3, and p4), on
the other hand, are of insignificant importance, implying less impact on the classification
outcome in this case.

Figure 4. XGBoost feature importance based on normalized gain values.

From the SHAP summary plot (see Figure 5a), it can be seen that the synchronization
time constants (tau2, tau3, tau1, and tau4) and generator gain parameters (g2, g4, g3, and
g1) are the most impactful variables influencing the XGBoost model predictions, whereas the
active power parameters (p1–p4) show negligible impact, as the SHAP values are centered
around zero. From the color distribution, it is possible to conclude that smaller values of the
tau parameters contribute to the probability of system instability, while larger values tend
to have a smaller contribution due to the nonlinear dependencies captured by the model.
As can be seen from the SHAP waterfall plot (see Figure 5b), g3, g2, and tau2 are the main
variables that drive the prediction towards the stable class and increase the model output
score, while tau3 and tau4 somewhat oppose this tendency and decrease the prediction score.
Other features have only small effects on the prediction outcome. The achieved explainability
of the model proves that the proposed XGBoost classifier takes into account physical features
of the electrical grid and thus increases the interpretability of the model.

https://doi.org/10.3390/su18157938

https://doi.org/10.3390/su18157938


Sustainability 2026, 18, 7938 19 of 27

Figure 5. SHAP explainability analysis of the XGBoost model for smart grid stability prediction.
(a) SHAP summary (beeswarm) plot illustrating the contribution of input features to the model’s
predictions (b) SHAP waterfall plot explaining the prediction for a single sample.

3.2. Sustainability Evaluation

Table 7 offers a comparative sustainability assessment, indicating clear trade-offs between
predictive performance and computational efficiency across the proposed and basic models.
The proposed fusion model achieves the highest sustainability score (0.802). Compared with
XGBoost (0.783), it provides an improvement of approximately 2.4% while also outperforming
the remaining benchmark models and demonstrates a significant improvement of 37.4% over
RF, 50.6% over LSTM, and 93.5% over GRU. This gain is primarily driven by its superior
normalized AUC (0.991) combined with the best CO2 efficiency (1.000) and near-optimal
runtime (0.998), despite its relatively low memory efficiency (0.030). While CNN (0.751)
shows competitive sustainability, its advantage is largely attributable to perfect memory
efficiency (1.000), which mitigates its weak CO2 performance (0.015). These values indicate
a structural imbalance, as the model appears sustainable primarily due to one favorable
metric rather than a genuinely efficient overall design. However, XGBoost (0.743) shows
a well-balanced profile, with strong CO2 efficiency (0.827) and high AUC (0.969), but its
sustainability is limited by moderate memory efficiency (0.200), demonstrating its sensitivity
to the overall score of resource utilization. The RF model (0.563) performs rather poorly and
scores roughly 27.3% lower on sustainability than the fusion model. Even though it yields
a similar AUC score (0.968), its much lower CO2 and memory efficiency scores (0.000 for
both) indicate that the ensemble approach requires more energy and computation and is less
suitable for sustainable usage. Additionally, the individual DL models suffer significantly
from inefficiencies. While the LSTM and GRU scores of 0.514 and 0.400, respectively, are
33.6% and 48.3% lower than the fusion score, this is mainly due to their higher running
times and resource usages (0.355 normalized running time for LSTM and 0.000 for GRU). In
spite of achieving adequate predictive performances (AUC of 0.744 and 0.732), their poor
sustainability is largely attributed to these deficits, suggesting that a satisfactory AUC score
alone does not outweigh the higher computational cost.

In general, these results point to the fact that individual DL models cannot efficiently
perform both accurate prediction and sustainable usage simultaneously. The fusion model,
on the other hand, shows that combining models can make them more accurate and
efficient. Nonetheless, we must acknowledge that the fusion model still possesses low
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memory efficiency, meaning that there are more optimizations to be made to reduce resource
utilization, such as implementing more efficient algorithms or reducing model complexity.

Table 7. Comparison of sustainability metrics between fusion and all models.

C
on

fig
ur

at
io

n
A

Model Norm AUC Norm CO2 Norm Memory Norm Runtime Sustainability Score

XGBoost 0.969 0.827 0.200 0.750 0.783

RF 0.968 0.000 0.000 0.880 0.563

CNN 0.961 0.015 1.000 0.820 0.787

LSTM 0.744 0.015 0.7132 0.3554 0.311

GRU 0.732 0.015 0.520 0.000 0.400

FUSION 0.991 1.000 0.030 0.998 0.802

C
on

fig
ur

at
io

n
B

XGBoost 0.998 0.620 0.150 0.420 0.637

RF 0.997 0.580 0.120 0.390 0.617

CNN 0.989 0.350 0.850 0.520 0.720

LSTM 0.982 0.280 0.600 0.310 0.631

GRU 0.987 0.280 0.515 0.289 0.611

Fusion 0.997 0.7 0.585 0.595 0.775

For ensemble models, there was a clear increase in predictive ability, with an increase
in the number of trees and with deep learning training extended to 50 epochs in Configu-
ration B. The sustainability scores of XGBoost (0.637) and RF (0.617) were reduced due to
the increase in computational complexity, although they had the highest AUC. The two
models trained for longer, CNN and LSTM, performed better with higher AUC values
and better overall performance. The fusion model demonstrated the best predictive perfor-
mance (AUC = 0.997) and sustainability (0.775), showing a favorable compromise between
prediction and computation. In summary, the results demonstrate that optimized fusion
schemes can yield better prediction accuracy than single models, without compromising
on sustainability.

3.3. Statistical Significance Analysis Using Friedman and Nemenyi Tests

In this subsection, Configuration A will be used for all the models. The average
values of AUC and the corresponding 95% confidence intervals are illustrated in Table 8, as
obtained through five-fold cross-validation. The fusion model showed a lot of potential,
achieving an AUC of 0.991, much higher than the scores achieved by other machine learning
techniques such as XGBoost (0.9692) and Random Forest (0.9683), as well as deep learning
approaches, including CNN (0.9609), LSTM (0.7435), and GRU (0.7320). The variability of
the models can be estimated from the confidence intervals, while the result of the fusion
model indicates that combining classifiers makes the system more reliable and recognizable.

Table 8. Mean AUC with 95% confidence intervals across 5-fold cross-validation.

Model AUC 95% Confidence Interval

XGBoost 0.9692 [0.9878, 0.9979]
Random Forest 0.9683 [0.9828, 0.9992]
CNN 0.9609 [0.9813, 0.9965]
LSTM 0.7435 [0.5228, 1.0279]
GRU 0.7320 [0.4728, 0.5148]
Fusion 0.991 [0.9864, 0.9983]
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As illustrated in Table 9, the proposed fusion model achieves the higher AUC value
across all folds (0.9868–0.9924) as compared to XGBoost and RF by approximately 1.5–2.5%.
The CNN model’s performance is excellent and reaches a higher AUC than LSTM and
GRU. The non-parametric test, the Friedman test, confirms overall significant differences
(p < 0.05) among the models’ performances without assuming data normality. However,
the Nemenyi analysis indicates that the fusion model is only statistically superior to LSTM
and GRU (see Table 10), while the differences with XGBoost, Random Forest, and CNN
are not statistically significant. The results are aligned with the sustainability analysis
performed, where the fusion model achieves the top sustainability score, as it balances
predicted performance and computational resources, as well as environmental aspects,
more optimally, making it a suitable choice.

Table 9. Fold-wise AUC results of all models. The Friedman test indicates statistically significant
differences among models (χ2 = 22.49, p = 0.00042 < 0.05). The Nemenyi post hoc test uses a critical
difference (CD = 3.37) to determine pairwise significance.

Fold XGB RF CNN LSTM GRU FUSION

1 0.9658 0.9663 0.9601 0.7322 0.7045 0.9868
2 0.9627 0.9614 0.9521 0.7547 0.7543 0.9900
3 0.9694 0.9708 0.9591 0.7310 0.5332 0.9911
4 0.9750 0.9772 0.9677 0.7621 0.7396 0.9888
5 0.9729 0.9646 0.9627 0.7567 0.7507 0.9924

Table 10. Nemenyi post hoc pairwise comparison (CD = 3.37).

Comparison ∆Rank Significant Difference

FUSION vs. XGB 0.60 No
FUSION vs. RF 0.60 No
FUSION vs. CNN 2.40 No
FUSION vs. LSTM 3.40 Yes
FUSION vs. GRU 4.40 Yes
XGB vs. RF 0.00 No
XGB vs. CNN 1.80 No
XGB vs. LSTM 2.80 No
XGB vs. GRU 3.80 Yes
RF vs. CNN 1.80 No
RF vs. LSTM 2.80 No
RF vs. GRU 3.80 Yes
CNN vs. LSTM 1.00 No
CNN vs. GRU 2.00 No
LSTM vs. GRU 1.00 No

Table 11, specified in the eleventh section, shows the effect size of performance dif-
ference based on Cohen’s d. The fusion model reported significant improvement when
compared to representation models like CNN, LSTM and GRU. However, the effect size in
comparison with XGBoost was found to be insignificant.

The critical difference (CD) plot obtained from the Friedman test and the Nemenyi post
hoc comparison can be seen in Figure 6. Based on this figure, the suggested fusion model
showed one of the highest average ranks and belonged to the same group as XGBoost and
Random Forest, implying no performance differences among these models. In contrast,
CNN, LSTM, and GRU were classified into groups with lower ranks, reflecting weaker
prediction ability. These findings corroborate the results derived from the AUC analysis
and prove the efficacy of the suggested fusion approach in terms of performance.
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Table 11. Effect size (Cohen’s d) between the proposed fusion model and baseline models. Effect size
interpretation follows Cohen’s guidelines: negligible (<0.20), small (0.20–0.49), medium (0.50–0.79),
and large (≥0.80).

Comparison Cohen’s d Effect Size Interpretation

Fusion vs. XGBoost −0.111 Negligible
Fusion vs. Random Forest 0.229 Small
Fusion vs. CNN 0.630 Medium
Fusion vs. LSTM 1.508 Large
Fusion vs. GRU 40.065 Extremely Large

Figure 6. Critical difference (CD) diagram based on the Friedman–Nemenyi post hoc test for average
model rankings.

3.4. Complexity and Scalability Analysis

The complexity and scalability of the proposed CNN–RF–XGBoost fusion network
are also taken into account, aside from predictive performance evaluation. The proposed
architecture is a combination of three models having complementary computational fea-
tures. The computational cost of the CNN component is primarily related to the number of
convolutional filters, kernel size, input feature dimensions, and number of training samples.
The adopted CNN architecture is lightweight, so it has a linear computational complex-
ity during training and inference as the size of the data grows. The complexity of the
Random Forest component is primarily determined by the number and depth of the trees
(O(M N log N)), with M being the number of trees and N being the number of samples.
Likewise, the complexity of XGBoost is related to the number of boosting trees (K), depth of
the boosting trees (d), and size of the training dataset (N) and is estimated as O(K N log N).
The overall computational cost of the proposed fusion strategy is roughly the sum of the
computation cost of individual models because the predictions of the separately trained
models are fused.

As for scalability, the proposed framework can perform efficiently with larger datasets, as
the CNN, RF, and XGBoost components are able to process the samples independently and can
also be parallelized. The experimental results on UCI Smart Grid Stability data (10,000 samples
and 12 predictive features) show that the model obtains a good balance between its predictive
capabilities and computational demands by using runtime, memory usage, estimated CO2

emissions, and sustainability score. The proposed lightweight CNN feature extractor and
efficient tree-based ensemble learners not only preserve high classification performance but
also reduce computational overhead. But the large-scale deployment scenarios, such as
high-frequency measurements, smart grid stream data, and heterogeneous sensor network
generation, can present further computational difficulties. To increase scalability for real-time
smart grid applications, future work will explore additional ways to optimize, such as model
compression, online learning, and distributed implementations.
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3.5. Discussion and Comparison

The comparative results in Table 12 indicate that ensemble-based approaches remain
the most effective for power system stability prediction; however, the findings no longer
support the dominance of a single model such as XGBoost. As shown in Table 9, the
proposed fusion approach (CNN + RF + XGBoost) achieves the highest accuracy of 97.68%,
outperforming both the standalone XGBoost model (96.8%) and earlier ensemble methods
such as bagging (90.16%) reported in prior studies. This corresponds to an improvement of
approximately +1.2% over XGBoost and +7.8% over traditional ensemble techniques, high-
lighting the benefit of combining heterogeneous learners. While XGBoost remains a strong
and reliable baseline due to its high precision and robustness, the results demonstrate
that its performance can be further enhanced through model fusion. The fusion strategy
effectively integrates complementary strengths: CNN contributes feature extraction ca-
pability, RF improves variance reduction, and XGBoost provides strong boosting-based
generalization. This synergy explains the consistent performance gains observed across
folds. Additionally, the proposed voting fusion model outperforms traditional MLP, ANN,
LSTM, and CatBoost-based approaches, indicating the superiority of hybrid ensemble
learning in catching complementary feature representations compared to individual DL
and gradient-boosting frameworks.

Table 12. Comparison of the proposed FUSION approach with existing models.

Study ML Models Accuracy (%)

Aziz et al. in [31] Ensemble Bagging Technique 90.16

Ibrar et al. in [32] XGBoost 96.8

Wang et al. [33] CatBoost 94.4

Chahal et al. [34] ANN 97.27

Alsirhani et al. [9] MLP 95.8

Khaleefah et al. [35] LSTM 96.73

Proposed Fusion approach Soft Voting: CNN, RF, XGBoost 98.49

The results obtained with the proposed fusion framework are better than any of
the others in terms of prediction accuracy and sustainability on the benchmark dataset;
however, the results are not considered to have been obtained in a robust manner in the
practical deployment conditions. The current evaluation is just one simulated dataset and
hence does not measure resilience to sensor noise, missing data, communication noise,
concept drift, and distribution shifts among various power systems. These conditions need
to be validated experimentally to justify practical deployment.

3.6. Limitations

While the proposed Green-AI-aware fusion framework exhibits excellent predictive
effectiveness, there are a number of limitations that should be recognized. The framework
has only been tested on one benchmark dataset obtained by simulation of a four-node smart
grid. Thus, the ability of the proposed method to be generalized to various smart grid
topologies and operating environments in real-world conditions has not yet been proven.
Moreover, the dataset is free from noisy sensor measurements, data loss, communication
failures, and concept drift, which makes it impossible to evaluate the robustness of the
proposed framework under realistic operating conditions.

Second, while the sustainability indicators include runtime and memory usage as
well as estimated CO2 emissions, these are indirect estimates and not measurements of the
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energy emitted by the hardware or a real carbon footprint in different computing scenarios.
Third, the fusion approach is based on a pre-defined or empirically determined weight,
compromising adaptability in dynamic and evolving grid conditions. Fourth, statistical
significance testing (Friedman and Nemenyi) ensures the robustness of comparison, but a
deeper uncertainty quantification analysis and confidence interval estimation for model
predictions are not performed, and they are limited to classical non-parametric methods.
Finally, the existing framework does not take into account real-time streaming data, concept
drift, and deployment requirements in distributed smart grids and edge environments,
which are important for the practical deployment of the industrial grid.

The weights were chosen to achieve high predictive accuracy along with computational
efficiency and sustainability. Since there is importance in accurately predicting the stability
of the smart grid, AUC was given more weight (0.4) in the evaluation process. All other
criteria, including normalized carbon emissions, memory usage, and processing speed,
were given equal weights (0.2) to balance and compare environmental impact and costs of
the computation process. Despite the appropriateness of the weight scheme for practical
evaluations, it does not claim to be the best possible scheme. Different applications can
utilize different weights. That is why future research aims to carry out sensitivity analysis
and apply some multi-criteria decision-making methods such as AHP or TOPSIS to search
for proper weights for specific purposes and compare evaluation results with those achieved
with the proposed weights above.

The feasibility of the proposed CNN–RF–XGBoost fusion framework is also explored
in real-time smart grid applications. For stability prediction systems, inference latency
is a key factor since a quick decision is crucial to avoid possible disturbances. After
the training, inference can be done quickly thanks to the proposed architecture, which
consists of a light CNN model for automatic feature extraction and efficient ensemble
classifiers. Furthermore, the number of input features is relatively small, and the relatively
compact model structure allows for lightweight deployment of the framework, such as
on edge gateways or local monitoring devices. For highly constrained edge platforms,
however, further optimization is needed to meet stringent latency and energy constraints,
such as model pruning, quantization, knowledge distillation, and hardware acceleration.
The proposed assessment considering Green AI is an initial indicator of computational
suitability based on runtime, memory usage, and CO2 emission analysis, although the
evaluation is conducted on an open benchmark dataset. Future research will include
testing the proposed framework in more practical settings. A series of experiments on
robustness will be conducted using synthetic sensor noises, missing data scenarios, outlier
contamination, and concept drift. Additionally, the framework is to be tested with larger
real-world smart grid datasets and with a variety of datasets to check the generalization
ability of the framework. These investigations will lead to more conclusive evidence of the
appropriateness of the proposed solution for use in actual smart grid applications.

4. Conclusions
The rise in electricity demand resulting from technology breakthroughs and smart

cities jeopardizes the stability of electrical systems. A reliable grid is essential for uninter-
rupted electricity supply, particularly as countries shift towards renewable energy sources
such as solar, wind, and hydropower. The inconsistency in various sources hinders grid sta-
bility, leading researchers to suggest ways for evaluating SG stability. This paper proposes a
Green AI-aware heterogeneous fusion framework that combines CNN, Random Forest, and
XGBoost using validation-optimized soft-voting weights and evaluates the resulting model
through a unified sustainability assessment that jointly considers predictive performance,
execution time, memory usage, and carbon emissions. Soft voting is applied to combine
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the results of the Convolutional Neural Network with the XGBoost and Random Forest
models. Also, the paper investigated the effectiveness of ML, DL, and hybrid approaches
for power system stability prediction, with a special focus on performance, robustness,
and sustainability. The proposed approach is tested and compared with a basic model
using the UCI dataset. The experimental results demonstrate that the ensemble-based
approaches, overall, perform better than stand-alone deep learning models. The proposed
CNN–RF–XGBoost fusion approach is able to achieve competitive predictive performance
with an accuracy of 98.0% and an AUC of 0.991 and to provide computational sustainability
and a good balance between predictive power and sustainability.

The fusion model was found to achieve an accuracy of 98.0%, which is only slightly
better than the accuracy of the individual baseline model and indicates the value of using
a combination of the heterogeneous learners. Based on statistics, however, there is no
statistical difference between the performance of the fusion model, XGBoost, and Random
Forest, indicating that this improvement is considered to be a good enhancement and not a
breakthrough in performance. Also, the fold-wise and statistical analyses further confirm
that the proposed approach offers consistent and stable performance while significantly
outperforming basic DL models such as LSTM and GRU. However, the absence of statisti-
cally significant differences between the fusion model and strong baselines like XGBoost
and RF suggests that the improvement should be interpreted as a robust enhancement
rather than a definitive breakthrough.

Furthermore, the sustainability assessment points out the trade-off between prediction
accuracy and computation efficiency. Despite being highly efficient, XGBoost, the fusion
model, demonstrates an improved balance of performance and resource utilization and
thereby has a strong prospect of being applied to actual power systems in practice.

In conclusion, the results suggest that combining heterogeneous models with a fusion
strategy provides a trustworthy and powerful approach for power system stability pre-
diction. Future work can address larger-scale datasets, improved fusion techniques, and
real-time deployment situations to validate and extend the presented framework to other
domains. Several directions can be explored to further enhance the proposed framework.
First, future studies should evaluate the model on larger and more diverse real-world
power system datasets to improve generalizability and validate robustness under different
operating conditions. Second, more advanced fusion strategies—such as adaptive weight-
ing, stacking, or attention-based ensembles—could be investigated to further optimize the
contribution of each base learner. In addition, integrating temporal and spatiotemporal
features may improve the performance of deep learning components, particularly for dy-
namic stability scenarios. The use of automated hyperparameter optimization and neural
architecture search could also enhance model performance while maintaining efficiency.
From a sustainability perspective, future work should incorporate energy-aware training,
model compression, and lightweight architectures to further reduce computational cost
and environmental impact.

The proposed hybrid fusion framework is shown to have good predictive accuracy
and computational efficiency on the benchmark UCI Smart Grid Stability dataset. But the
present evaluation only involves controlled simulated data. Thus, although the framework
has good potential for use in practical smart grid applications, further validation with
noisy, incomplete, and real-world data is needed before it can be confidently backed up by
deployment claims.
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AUC Area Under Curve
TPR True Positive Rate
ACC Accuracy
CM Confusion Matrix
FPR False Positive Rate
GRU Gated Recurrent Units

References
1. Alotaibi, I.; Abido, M.A.; Khalid, M.; Savkin, A.V. A Comprehensive Review of Recent Advances in Smart Grids: A Sustainable

Future with Renewable Energy Resources. Energies 2020, 13, 6269. [CrossRef]
2. Alhamrouni, I.; Abdul Kahar, N.H.; Salem, M.; Swadi, M.; Zahroui, Y.; Kadhim, D.J.; Mohamed, F.A.; Alhuyi Nazari, M. A

Comprehensive Review on the Role of Artificial Intelligence in Power System Stability, Control, and Protection: Insights and
Future Directions. Appl. Sci. 2024, 14, 6214. [CrossRef]

3. Nassereddine, M.; Nassreddine, G.; El Arid, A. Hybrid photovoltaic and biogas system for stable power system. Energy 2024, 5,
100172. [CrossRef]

4. Bashir, A.K.; Khan, S.; Prabadevi, B.; Deepa, N.; Alnumay, W.S.; Gadekallu, T.R.; Maddikunta, P.K.R. Comparative analysis of
machine learning algorithms for prediction of smart grid stability. Int. Trans. Electr. Energy Syst. 2021, 31, e12706. [CrossRef]

5. Nassreddine, G.; Hellany, A.; Al-Khatib, O.; Rammal, A.; Nassereddine, M. Feature Selection Technique Using Multiple Linear
Regression for Accurate Electricity Demand Forecasting. Smart Energy Syst. Res. 2025, 1, 10003. [CrossRef]

6. Aljarrah, E. AI-based model for Prediction of Power consumption in smart grid-smart way towards smart city using blockchain
technology. Intell. Syst. Appl. 2024, 24, 200440. [CrossRef]

7. Mohsen, S.; Bajaj, M.; Kotb, H.; Pushkarna, M.; Alphonse, S.; Ghoneim, S.S.M. Efficient Artificial Neural Network for Smart Grid
Stability Prediction. Int. Trans. Electr. Energy Syst. 2023, 2023, 9974409. [CrossRef]

8. Titz, M.; Kaiser, F.; Kruse, J.; Witthaut, D. Predicting dynamic stability from static features in power grid models using machine
learning. Chaos Interdiscip. J. Nonlinear Sci. 2024, 34, 013139. [CrossRef] [PubMed]

9. Alsirhani, A.; Mujib Alshahrani, M.; Abukwaik, A.; Taloba, A.I.; Abd El-Aziz, R.M.; Salem, M. A novel approach to predicting the
stability of the smart grid utilizing MLP-ELM technique. Alex. Eng. J. 2023, 74, 495–508. [CrossRef]

10. Önder, M.; Dogan, M.U.; Polat, K. Classification of smart grid stability prediction using cascade machine learning methods and
the internet of things in smart grid. Neural Comput. Appl. 2023, 35, 17851–17869. [CrossRef]

11. Allal, Z.; Noura, H.N.; Salman, O.; Chahine, K. Leveraging the power of machine learning and data balancing techniques to
evaluate stability in smart grids. Eng. Appl. Artif. Intell. 2024, 133, 108304. [CrossRef]

https://doi.org/10.3390/su18157938

https://archive.ics.uci.edu/dataset/471/electrical+grid+stability+simulated+data
https://doi.org/10.3390/en13236269
https://doi.org/10.3390/app14146214
https://doi.org/10.1016/j.nxener.2024.100172
https://doi.org/10.1002/2050-7038.12706
https://doi.org/10.70322/sesr.2025.10003
https://doi.org/10.1016/j.iswa.2024.200440
https://doi.org/10.1155/2023/9974409
https://doi.org/10.1063/5.0175372
https://www.ncbi.nlm.nih.gov/pubmed/38271632
https://doi.org/10.1016/j.aej.2023.05.063
https://doi.org/10.1007/s00521-023-08605-x
https://doi.org/10.1016/j.engappai.2024.108304
https://doi.org/10.3390/su18157938


Sustainability 2026, 18, 7938 27 of 27

12. Alkanhel, R.I.; El-Kenawy, E.-S.M.; Eid, M.M.; Abualigah, L.; Saeed, M.A. Optimizing IoT-driven smart grid stability prediction
with dipper throated optimization algorithm for gradient boosting hyperparameters. Energy Rep. 2024, 12, 305–320. [CrossRef]

13. Ghazal, T.M.; Hasan, M.K.; Hassan, R.; Abdullah, M.; Islam, S.; Ahmad, M. Explainable hybrid forecasting model for a 4-node
smart grid stability. Energy Rep. 2025, 13, 4948–4961. [CrossRef]

14. Shakhnov, V. Electrical Grid Stability Simulated Data. UCI Machine Learning Repository. Available online:
https://archive.ics.uci.edu/dataset/471/electrical+grid+stability+simulated+data (accessed on 16 April 2026).

15. Schäfer, B.; Matthiae, M.; Timme, M.; Witthaut, D. Decentral Smart Grid Control. New J. Phys. 2015, 17, 015002. [CrossRef]
16. Ilwani, M.; Nassreddine, G.; Younis, J. Machine Learning Application on Employee Promotion. Mesopotamian J. Comput. Sci. 2023,

2023, 100–114. [CrossRef] [PubMed]
17. Nassreddine, G.; Al-Khatib, O.; Imran; Nassereddine, M.; Hellany, A. Lightweight Self-Supervised Hybrid Learning for General-

izable and Real-Time Fault Diagnosis in Photovoltaic Systems. Algorithms 2026, 19, 173. [CrossRef]
18. Chen, M.; Liu, Q.; Chen, S.; Liu, Y.; Zhang, C.-H.; Liu, R. XGBoost-Based Algorithm Interpretation and Application on Post-Fault

Transient Stability Status Prediction of Power System. IEEE Access 2019, 7, 13149–13158. [CrossRef]
19. Anonto, H.Z.; Hossain, M.I.; Shufian, A.; Sayem, M.S.; Shovon, S.M.T.H.; Sheikh, P.P.; Alam, S.S. Intelligent energy management

of microgrids using machine learning: Leveraging random forest models for solar and wind power. Results Eng. 2025, 27, 106539.
[CrossRef]

20. Zhu, S.; Xue, Z.; Li, Y. Electricity Theft Detection in Smart Grids Based on Omni-Scale CNN and AutoXGB. IEEE Access 2024, 12,
15477–15492. [CrossRef]

21. Mohsen, S.; Scholz, S.G.; Elkaseer, A. Detection of COVID-19 in Chest X-Ray Images Using a CNN Model toward Medical
Applications. Wirel. Pers. Commun. 2024, 137, 69–87. [CrossRef]

22. Zhou, X.; Li, J. Inverse Optimal Control for High-Order Nonlinear Fully Actuated Systems with Unknown Reward Weights. Int. J.
Robust Nonlinear Control 2026, 36, 4674–4688. [CrossRef]

23. Alaerjan, A.; Jabeur, R.; Ben Chikha, H.; Karray, M.; Ksantini, M. Improvement of Smart Grid Stability Based on Artificial
Intelligence with Fusion Methods. Symmetry 2024, 16, 459. [CrossRef]

24. Heydarian, M.; Doyle, T.E.; Samavi, R. MLCM: Multi-Label Confusion Matrix. IEEE Access 2022, 10, 19083–19095. [CrossRef]
25. Castellanos-Nieves, D.; García-Forte, L. Improving Automated Machine-Learning Systems through Green AI. Appl. Sci. 2023, 13,

11583. [CrossRef]
26. Barbierato, E.; Gatti, A. Toward Green AI: A Methodological Survey of the Scientific Literature. IEEE Access 2024, 12, 23989–24013.

[CrossRef]
27. García-Esparza, J.A.; Pardo, J.; Altaba, P.; Alberich, M. Validity of Machine Learning in Assessing Large Texts Through Sustain-

ability Indicators. Soc. Indic. Res. 2023, 166, 323–337. [CrossRef]
28. Mohsen, S. A Solar Energy Harvester for a Wireless Sensor System toward Environmental Monitoring. Proc. Eng. Technol. Innov.

2022, 21, 10–19. [CrossRef]
29. Rainio, O.; Teuho, J.; Klén, R. Evaluation metrics and statistical tests for machine learning. Sci. Rep. 2024, 14, 6086. [CrossRef]

[PubMed]
30. Chung, H.; Kim, C. Stock Crash Risk Prediction with Implied Volatility Index: A Comparison of Tree-Based and Transformer-Based

Models. IEEE Access 2026, 14, 12447–12460. [CrossRef]
31. Aziz, F.; Lawi, A. Increasing electrical grid stability classification performance using ensemble bagging of C4.5 and classification

and regression trees. Int. J. Electr. Comput. Eng. IJECE 2022, 12, 2955. [CrossRef]
32. Ibrar, M.; Hassan, M.A.; Shaukat, K.; Alam, T.M.; Khurshid, K.S.; Hameed, I.A.; Aljuaid, H.; Luo, S. A Machine Learning-Based

Model for Stability Prediction of Decentralized Power Grid Linked with Renewable Energy Resources. Wirel. Commun. Mob.
Comput. 2022, 2022, 2697303. [CrossRef]

33. Wang, X.; Zhang, X.; Zhou, F.; Xu, X. Smart grid stability prediction using artificial intelligence: A study based on the UCI smart
grid stability dataset. Sustain. Comput. Inform. Syst. 2025, 47, 101175. [CrossRef]

34. Chahal, A.; Gulia, P.; Gill, N.S.; Chatterjee, J.M. Performance Analysis of an Optimized ANN Model to Predict the Stability of
Smart Grid. Complexity 2022, 2022, 7319010. [CrossRef]

35. Khaleefah, S.H.; Mostafa, S.A.; Gunasekaran, S.S.; Khattak, U.F.; Jubair, M.A.; Afyenni, R. Optimizing Smart Power Grid Stability
Based on the Prediction of a Deep Learning Model. Int. J. Inform. Vis. 2024, 8, 1091–1098. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/su18157938

https://doi.org/10.1016/j.egyr.2024.06.034
https://doi.org/10.1016/j.egyr.2025.04.039
https://archive.ics.uci.edu/dataset/471/electrical+grid+stability+simulated+data
https://doi.org/10.1088/1367-2630/17/1/015002
https://doi.org/10.58496/MJCSC/2023/013
https://www.ncbi.nlm.nih.gov/pubmed/38655225
https://doi.org/10.3390/a19030173
https://doi.org/10.1109/ACCESS.2019.2893448
https://doi.org/10.1016/j.rineng.2025.106539
https://doi.org/10.1109/ACCESS.2024.3358683
https://doi.org/10.1007/s11277-024-11309-7
https://doi.org/10.1002/rnc.70443
https://doi.org/10.3390/sym16040459
https://doi.org/10.1109/ACCESS.2022.3151048
https://doi.org/10.3390/app132011583
https://doi.org/10.1109/ACCESS.2024.3360705
https://doi.org/10.1007/s11205-023-03075-z
https://doi.org/10.46604/peti.2022.9210
https://doi.org/10.1038/s41598-024-56706-x
https://www.ncbi.nlm.nih.gov/pubmed/38480847
https://doi.org/10.1109/ACCESS.2026.3656717
https://doi.org/10.11591/ijece.v12i3.pp2955-2962
https://doi.org/10.1155/2022/2697303
https://doi.org/10.1016/j.suscom.2025.101175
https://doi.org/10.1155/2022/7319010
https://doi.org/10.62527/joiv.8.2.2758
https://doi.org/10.3390/su18157938

	Introduction 
	Existing Systems 
	Gaps of Existing Models 
	Motivation of This Study and Main Contribution 

	Materials and Methods 
	Dataset 
	Data Preprocessing 
	Model Definition and Initialization 
	Fusion Model Training with Cross-Validation 
	Aggregation, Statistical Validation and Final Evaluation 

	Results 
	Confusion Matrix and Performance Metrics 
	Sustainability Evaluation 
	Statistical Significance Analysis Using Friedman and Nemenyi Tests 
	Complexity and Scalability Analysis 
	Discussion and Comparison 
	Limitations 

	Conclusions 
	References

