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Abstract

The growing reliance of Internet of Energy (IoE)-enabled smart city infrastructures has
significantly intensified the complexity of modern urban energy environments due to the
integration of renewable resources, electric vehicles, and interconnected IoT devices.
These highly dynamic environments introduce critical challenges related to power stabil-
ity, operational reliability, and intelligent energy management. Therefore, developing ac-
curate, adaptive, and explainable monitoring frameworks has become essential for ensur-
ing resilient urban energy infrastructures. This paper proposes an Explainable Artificial
Intelligence (XAI)-driven deep learning framework integrating Multi-Head Attention and
SHapley Additive exPlanations (SHAP) for intelligent power stability monitoring in IoE-
enabled smart cities. The proposed framework employs an attention-based deep learning
architecture to classify stable and unstable operational conditions using multivariate op-
erational power parameters. Furthermore, SHAP-based explainability analysis is incorpo-
rated to improve model transparency and identify influential operational factors affecting
stability behavior. Using the Electrical Grid Stability Simulated Dataset, the proposed
framework achieved 97.35% accuracy and 0.997 ROC-AUC, outperforming several tradi-
tional machine learning and deep learning baselines. The explainability results show that
temporal response parameters have the strongest impact on stability decisions. This work
offers not only high predictive performance but also valuable interpretability, which is
essential for practical deployment in real-world smart city energy systems.

Keywords: internet of energy e; smart cities; power stability monitoring; explainable arti-
ficial intelligence; multi-head attention; deep learning; shapley additive

explanations; intelligent energy management; smart energy systems; urban

energy infrastructure

1. Introduction

The rapid advancement of smart cities has fundamentally transformed modern ur-
ban ecosystems through the extensive integration of Internet of Things (IoT) technologies,
distributed renewable energy resources, intelligent communication infrastructures,
cloud-enabled services, and Internet of Energy (IoE)-based systems [1]. Contemporary
urban environments increasingly rely on highly interconnected power systems to support
practical applications such as renewable energy integration, distributed energy resources,
electric vehicle charging infrastructures, microgrids, and smart building energy
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management systems. Maintaining stable operation across these applications is essential
for ensuring reliable and resilient power delivery under dynamic operating conditions.
Although these technologies significantly enhance operational efficiency, sustainability,
and intelligent energy management capabilities, they simultaneously introduce substan-
tial challenges related to power stability, operational resilience, dynamic load balancing,
and secure energy orchestration under continuously fluctuating urban conditions [2].

Maintaining power stability is a fundamental operational requirement for ensuring
the reliable and uninterrupted operation of modern IoE-enabled energy systems. In these
environments, instability may arise from renewable energy intermittency, the integration
of distributed energy resources, electric vehicle charging dynamics, communication la-
tency, stochastic consumption patterns, and the heterogeneous behavior of large-scale in-
terconnected devices. Such instability can adversely affect the operation of IoE-enabled
energy applications, leading to degraded system performance, reduced energy efficiency,
increased operational complexity, and interruptions in reliable power delivery [3].

Conventional power stability monitoring approaches commonly depend on mathe-
matical modeling, statistical analysis, and rule-based monitoring techniques for evaluat-
ing operational conditions and detecting abnormal system behavior [4]. Despite their ef-
fectiveness in relatively static environments, these approaches frequently suffer from lim-
ited scalability and insufficient capability in handling highly nonlinear and dynamically
evolving operational data generated within modern smart city ecosystems. Furthermore,
traditional analytical methods often experience difficulties in accurately capturing hidden
dependencies and complex feature interactions among multivariate operational parame-
ters under rapidly changing urban energy conditions [5].

To address these limitations, intelligent data-driven approaches have recently at-
tracted considerable attention in smart energy monitoring and operational stability anal-
ysis applications. Several studies have employed machine learning-based techniques to
improve instability detection capability and enhance operational monitoring performance
in complex energy environments. Nevertheless, many conventional intelligent monitor-
ing approaches still exhibit limitations in learning sophisticated nonlinear feature interac-
tions and temporal operational dependencies from large-scale multivariate energy data.
In addition, a significant proportion of existing approaches primarily focus on predictive
performance while providing limited interpretability regarding the operational factors
contributing to instability conditions [6].

Recent advances in deep learning have enabled more sophisticated analysis of com-
plex operational energy data through hierarchical feature representation learning and
nonlinear dependency modeling. Attention-based deep learning architectures have
demonstrated remarkable capability in selectively emphasizing influential feature inter-
actions and improving learning effectiveness in high-dimensional environments. Multi-
Head Attention mechanisms further enhance model capability by simultaneously learn-
ing multiple contextual feature representations, thereby improving the extraction of com-
plex operational relationships associated with dynamic stability behavior in intelligent
energy systems [5].

Despite the substantial performance improvements achieved by deep learning mod-
els, the black-box nature of these architectures remains a critical challenge for deployment
within safety-critical smart city infrastructures [7]. In practical urban energy environ-
ments, monitoring systems must provide not only high predictive accuracy but also trans-
parent and interpretable decision-making mechanisms to support reliable operational
management and trustworthy intelligent control. Consequently, Explainable Artificial In-
telligence (XAI) has emerged as an important research direction for improving transpar-
ency, interpretability, and operational trustworthiness in intelligent monitoring frame-
works [8].
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Among recent XAl approaches, SHapley Additive exPlanations (SHAP) has demon-
strated strong effectiveness in interpreting complex deep learning decisions and quanti-
tying feature importance within multivariate operational environments. SHAP-based ex-
plainability enables comprehensive analysis of both global and local contributions,
thereby providing valuable insights into the operational parameters influencing power
stability behavior in dynamic IoE-enabled smart city environments [9].

Motivated by these challenges, this paper proposes an XAlI-driven deep learning
framework integrating Multi-Head Attention and SHAP for intelligent power stability
monitoring in IoE-enabled smart cities. The proposed framework employs an attention-
based deep learning architecture to classify stable and unstable operational conditions us-
ing multivariate operational power parameters. Furthermore, SHAP-based explainability
analysis is incorporated to improve model transparency and identify influential opera-
tional factors affecting stability behavior. The proposed framework is evaluated using the
Electrical Grid Stability Simulated Dataset and comparatively analyzed against multiple
intelligent classification models using several performance evaluation metrics.

The main contributions of this paper are summarized as follows:

e Developing an attention-based deep learning architecture capable of learning com-
plex nonlinear feature interactions from multivariate operational energy data.

e Integrating SHAP-based explainability analysis to improve model transparency and
identify influential operational parameters affecting stability behavior.

e  Proposing an XAl-driven deep learning framework integrating Multi-Head Atten-
tion and SHAP for intelligent power stability monitoring in IoE-enabled smart cities.

e  Performing comparative evaluation against multiple intelligent classification ap-
proaches using several performance metrics.

e Achieving high monitoring performance with an accuracy of 97.35% and a ROC-
AUC score of 0.997.

e Providing an interpretable, scalable, and computationally efficient intelligent moni-
toring framework for reliable urban energy management in future smart city envi-
ronments.

Compared with existing intelligent energy monitoring approaches that primarily fo-
cus on prediction-oriented or forecasting-based tasks, the proposed framework intro-
duces a unified XAl-driven architecture that simultaneously integrates Multi-Head Atten-
tion-based contextual operational learning and SHAP-based explainability analysis for in-
telligent power stability monitoring in IoE-enabled smart city environments. The pro-
posed framework not only improves stability classification performance under highly dy-
namic urban energy conditions but also enhances model transparency and operational
interpretability through both global and local feature-level explanations. Furthermore, the
integration of attention-driven contextual learning mechanisms enables more effective
identification of influential operational dependencies associated with instability behavior
in modern distributed smart city energy infrastructures.

The remainder of this paper is organized as follows. Section 2 reviews recent studies
related to intelligent power stability monitoring and explainable deep learning ap-
proaches. Section 3 presents the proposed framework and methodology. Section 4 de-
scribes experimental setup and evaluation metrics. Section 5 discusses experimental re-
sults and explainability analysis. Finally, Section 6 concludes the paper and outlines future
research directions.
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2. Related Works
2.1. Deep Learning-Based Power Stability Monitoring

Deep learning techniques have recently emerged as promising solutions for intelli-
gent power stability monitoring due to their capability in learning nonlinear operational
relationships and extracting complex hidden patterns from large-scale multivariate en-
ergy data. The increasing complexity of IoE-enabled smart city environments, character-
ized by renewable energy intermittency, distributed energy integration, and highly dy-
namic consumption behaviors, has accelerated the adoption of deep learning architectures
for intelligent stability analysis and operational monitoring applications.

Early research efforts primarily focused on utilizing standalone deep learning archi-
tectures for stability prediction and operational classification tasks. For instance, the study
presented in [10] employed a Deep Neural Network (DNN)-based framework for electri-
cal grid stability prediction and demonstrated improved predictive capability compared
with conventional analytical approaches. Although the proposed model achieved prom-
ising classification performance, the study mainly emphasized prediction accuracy with-
out addressing intelligent instability interpretation or adaptive monitoring requirements
in dynamic urban energy environments. Similarly, the work in [11] investigated deep
learning techniques for short-term voltage stability assessment in power systems and re-
ported effective instability detection performance under varying operational conditions.
Nevertheless, the proposed framework primarily focused on voltage-oriented analysis
with limited consideration of comprehensive multivariate operational monitoring.

To improve temporal dependency learning capability, recurrent deep learning archi-
tectures have increasingly been adopted in intelligent energy monitoring applications. In
particular, the multidirectional Long Short-Term Memory (LSTM) framework proposed
in [12] demonstrated strong capability in learning sequential operational behaviors from
multiple temporal directions, thereby improving stability prediction accuracy in dynamic
energy environments. Furthermore, the neural network-based framework introduced in
[13] addressed the challenge of incomplete operational measurements by developing a
robust stability prediction model capable of handling missing input values. Although
these approaches improved temporal learning capability and operational robustness, they
still relied mainly on standalone recurrent architectures with limited capability in captur-
ing complex feature interactions and contextual operational dependencies.

Recent studies have increasingly shifted toward hybrid deep learning architectures
to enhance both feature extraction and temporal learning performance within complex
energy environments. In this context, the hybrid Convolutional Neural Networks and bi-
directional Long Short-Term Memory (CNN-BiLSTM) framework proposed in [14] inte-
grated convolutional feature extraction with bidirectional temporal dependency learning,
resulting in improved stability forecasting capability compared with conventional
standalone models. Likewise, the MLP-ELM-based framework introduced in [15] demon-
strated efficient classification performance and fast learning capability for intelligent sta-
bility prediction applications. Despite the improved learning effectiveness achieved by
these hybrid approaches, most existing frameworks still lack advanced attention-based
mechanisms capable of selectively emphasizing influential operational patterns associ-
ated with instability behavior.

With the growing complexity of modern IoE-enabled energy infrastructures, Trans-
former-driven architectures have recently attracted significant attention due to their capa-
bility in modeling long-range temporal dependencies and high-dimensional operational
relationships. For example, the Transformer-based hybrid neural network presented in
[16] demonstrated strong effectiveness in capturing multiscale temporal patterns and im-
proving forecasting reliability under highly dynamic renewable energy conditions.
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However, most Transformer-oriented studies primarily focused on forecasting and esti-
mation tasks rather than comprehensive power stability monitoring and intelligent oper-
ational analysis within smart city environments.

In addition to stability prediction, several studies have explored deep learning appli-
cations for operational energy management and intelligent monitoring tasks. The work
presented in [17] highlighted the importance of reactive power demand forecasting for
maintaining stable operational conditions under fluctuating load environments. Similarly,
the deep learning-based dynamic state estimation framework proposed in [18] demon-
strated promising capability in monitoring frequency stability under renewable energy
fluctuations. Nevertheless, the computational complexity and limited interpretability of
several existing frameworks may restrict their applicability within large-scale real-time
smart city energy systems.

Overall, existing studies demonstrate the effectiveness of deep learning architectures
in intelligent power stability prediction and operational monitoring applications. How-
ever, several important limitations remain unresolved, including insufficient interpreta-
bility, limited transparency in decision-making processes, inadequate integration of atten-
tion-driven feature prioritization mechanisms, and restricted capability in identifying in-
fluential operational factors affecting stability behavior within highly dynamic IoE-ena-
bled smart city environments. Table 1 summarizes recent deep learning-based approaches
for intelligent power stability monitoring and prediction.

Table 1. Summary of recent deep learning-based approaches for intelligent power stability moni-

toring and prediction.

Study Year Method Strengths Limitations
[10] 2024 DNN Improved prediction accuracy. Limited early monitoring capability.
[11] 2021 DNN Effective voltage instability assessment. Limited monitoring scope.
[12] 2020 Multidirectional LSTM Strong temporal learning capability. Limited local feature extraction.
[13] 2022 ANN Robustness against missing data. No advanced hybrid architecture.
[14] 2024 CNN + BiLSTM Improved local and temporal feature learning. No attention mechanism.
[15] 2023 MLP-ELM Fast learning capability. Weak long-term temporal learning.
[16] 2025 Transformer- Neural Network Strong multiscale temporal learning. Focused mainly on wind forecasting.
[17] 2024 Forecasting Network Accurate reactive power forecasting. Focused mainly on forecasting.
[18] 2023 Dynamic State Estimation  Effective under renewable energy fluctuations. High computational complexity.

2.2. Attention-Based Energy Monitoring Approaches

Attention-based deep learning architectures have recently emerged as powerful so-
lutions for intelligent energy monitoring applications due to their capability in selectively
emphasizing influential operational patterns and improving contextual feature represen-
tation within complex multivariate environments. Unlike conventional recurrent architec-
tures that process sequential information with relatively uniform importance, attention
mechanisms dynamically prioritize critical operational dependencies associated with ab-
normal energy behavior, thereby enhancing monitoring accuracy and stability analysis
performance in highly dynamic IoE-enabled systems.

Recent studies have demonstrated the effectiveness of attention-driven architectures
in intelligent energy applications under fluctuating operational conditions. For instance,
the attention-enhanced deep learning framework proposed in [19] improved voltage sta-
bility monitoring performance in electric vehicle-integrated energy environments by em-
phasizing influential temporal patterns associated with dynamic charging behaviors and
rapidly varying energy demand. The study reported enhanced instability detection sensi-
tivity compared with conventional deep learning approaches. However, the proposed
framework primarily focused on voltage-oriented analysis without addressing
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comprehensive intelligent power stability monitoring within large-scale smart city infra-
structures.

Similarly, the hybrid attention-based deep learning framework introduced in [20]
demonstrated strong capability in capturing complex temporal dependencies and im-
proving renewable energy forecasting performance under highly dynamic wind power
environments. The integration of attention mechanisms significantly enhanced temporal
feature representation and improved learning effectiveness in fluctuating operational sce-
narios. Nevertheless, the study mainly concentrated on renewable energy forecasting
tasks rather than intelligent operational stability monitoring and explainable decision
analysis.

Transformer-oriented architecture has also highlighted the growing importance of
attention mechanisms in modeling long-range temporal dependencies and contextual op-
erational interactions within multivariate energy environments. In this context, the hybrid
LSTM-Transformer framework presented in [21] improved temporal dependency analy-
sis and operational stability prediction reliability by integrating recurrent learning capa-
bility with Transformer-based attention mechanisms. Likewise, the Transformer-en-
hanced hybrid framework proposed in [22] demonstrated effective multivariate energy
consumption modeling with improved long-term contextual learning capability. Despite
the promising performance achieved by these architectures, most existing Transformer-
driven studies primarily focus on forecasting and energy estimation applications while
providing limited transparency regarding the operational factors contributing to instabil-
ity conditions.

Although recent attention-based approaches have demonstrated substantial im-
provements in intelligent energy monitoring performance, several important limitations
remain unresolved. Existing studies often prioritize forecasting accuracy and temporal
learning performance while providing limited emphasis on explainability, operational
transparency, and interpretable instability analysis in safety-critical smart city environ-
ments. Furthermore, only limited research has investigated the integration of attention-
based deep learning architectures with XAl mechanisms capable of identifying influential
operational parameters affecting power stability behavior within dynamic IoE-enabled
urban energy systems.

Consequently, integrating Multi-Head Attention mechanisms with SHAP-based ex-
plainability analysis represents a promising research direction for developing transparent,
adaptive, and intelligent monitoring frameworks capable of supporting reliable power
stability management in future smart city infrastructures. Table 2 summarizes recent at-
tention-based and Transformer-enhanced approaches for intelligent energy monitoring
and stability analysis.

Table 2. Summary of recent attention-based and Transformer-enhanced approaches for intelligent

energy monitoring and stability prediction.

StudyYear

Method Strengths Limitations

[19] 2025Attention-Based Deep Learning Enhanced instability detection capability

Limited to voltage stability anal-

Hybrid Attention-Based Deep

Focused mainly on renewable

20] 2022 I dt 1 feat tati

[20] 20 Learning mproved temporal feature representation forecasting
LSTM-Transf ith Atten-1I d long- t 1d d-

[21] 2026" ransformer wi en-Improved long-range temporal depen Limited early warning capability
tion ency learning
Transf, -B Hybri F inl f i

[22] 2026 ransformer-Based Hybrid Effective multivariate temporal modeling ocused mainly on forecasting
Framework tasks
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2.3. Research Gap and Motivation

Although recent studies have demonstrated the effectiveness of deep learning, atten-
tion-based architectures, and Transformer models for power system stability analysis,
several important research gaps remain. First, most existing approaches primarily focus
on improving prediction accuracy or forecasting performance, while providing limited
interpretability regarding the operational factors influencing stability decisions. Conse-
quently, these models often operate as black-box systems, limiting their practical adoption
in safety-critical IoE-enabled smart city energy applications.

Second, previous studies generally employ either attention mechanisms or explaina-
bility techniques independently. Attention-based approaches improve contextual feature
learning but rarely provide comprehensive post hoc explanations of model decisions.
Conversely, studies employing explainable Al often analyze conventional machine learn-
ing models rather than attention-based deep learning architectures.

Third, although Transformer-based models have recently been introduced for energy
applications, they are mainly designed for forecasting and estimation tasks rather than
intelligent power stability classification using multivariate operational features. Moreo-
ver, comprehensive investigations combining Multi-Head Attention with SHAP explain-
ability for transparent power stability monitoring remain very limited.

Accordingly, the proposed framework addresses these research gaps by simultane-
ously providing accurate stability classification, contextual feature interaction learning,
robust SHAP-based explainability, and reproducible model interpretations for IoE-ena-
bled smart city energy systems.

3. Proposed Framework and Methodology

This section presents the proposed XAI-driven deep learning framework developed
for intelligent power stability monitoring in IoE-enabled smart city environments. The
proposed architecture integrates Multi-Head Attention mechanisms with SHAP-based ex-
plainability analysis to enhance contextual feature representation, nonlinear dependency
learning, and interpretable instability monitoring under highly dynamic urban energy
conditions.

The overall framework consists of multiple sequential stages, including data acquisi-
tion, preprocessing and normalization, attention-based deep learning modeling, intelli-
gent stability classification, and explainability analysis. Initially, multivariate operational
energy data are collected from the Electrical Grid Stability Simulated Dataset, which rep-
resents diverse operational behaviors under varying stability conditions. The collected
data are subsequently preprocessed through data cleaning and Min-Max normalization
to improve data consistency, numerical stability, and learning convergence during model
training.

Following preprocessing, the normalized operational parameters are provided to the
proposed attention-driven deep learning architecture. The Multi-Head Attention mecha-
nism enables the model to capture complex feature interactions and selectively emphasize
influential operational dependencies associated with stability behavior. Unlike conven-
tional deep learning architectures that feature relatively uniform importance, the pro-
posed attention-based framework dynamically prioritizes critical operational patterns,
thereby improving contextual learning capability and monitoring effectiveness within dy-
namic IoE-enabled environments.

After feature interaction learning and nonlinear representation extraction, the frame-
work performs intelligent classification of operational conditions into stable and unstable
states. To improve transparency and decision interpretability, SHAP-based explainability
analysis is incorporated to quantify the contribution of individual operational parameters
to model predictions. The explainability component provides both global and local
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interpretability insights, enabling comprehensive analysis of influential stability-related
operational factors and supporting trustworthy intelligent decision-making within safety-
critical smart city energy infrastructures.

Furthermore, the proposed framework is comparatively evaluated against multiple
intelligent classification models using several performance evaluation metrics, including
accuracy, precision, recall, F1-score, and ROC-AUC. Figure 1 illustrates the overall work-
flow of the proposed explainable attention-based deep learning framework for intelligent
power stability monitoring in IoE-enabled smart cities.

2. Data Preprocessing 3. Proposed Model: Attention-Based Deep Neural Network 4. E"Phi?s'::g Analysis

loE-Enabled
i Data Cleanin ;
Smart City - poioe ! s9 31 Input Layer 3.2 Multi-Head 3.3 Dense 3.4 Output Layer Compute SHAP Values
Power System ‘I g Yo, Attention Layer Neural Network
Outliers)
1 ‘ Normalized Learn Important Learn Nonlinear Stability I I
mi Operational Feature Interactions Relationships Probability ‘
ol elii
Q,, va I Min-Max Features
. all Normalization O Head 1 Global Interpretability
) ‘ Xy HH }\ Q Q O (Feature Importance)
— & _ = Y5
—~ N/ —.  Stabl —_——
H = & L L @ = 5 R 8 e R %/ p O L —
’ ) | Head gl > @NED (0 —_—
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* Reactive Power B\ Train / Validation / 7 Head h 4 C %, \) ) O 1) Local Interpretability
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v LaadD est Split
* Renewable Generation * rj... . .
+ EV Charging Load ¥ ]
* Response Time | Normalized Feature
« Stability Margin Matrix & *

Target Vector
5. Decision / Early Warning

Stable (Normal)
@ Unstable (Alert)

Figure 1. Overall architecture of the proposed explainable deep learning framework integrating
Multi-Head Attention and SHAP for intelligent power stability monitoring in IoE-enabled smart

city environments.

3.1. Dataset Description and Data Collection

The experimental evaluation of the proposed framework is conducted using the Elec-
trical Grid Stability Simulated Dataset, which is publicly available through the Kaggle
platform [23]. The dataset represents operational behaviors of modern intelligent energy
systems under varying load demand, power distribution, and dynamic consumption con-
ditions. Due to its multivariate operational structure and stability-oriented characteristics,
the dataset has been widely utilized in intelligent power stability prediction and monitor-
ing studies.

The dataset contains multiple operational parameters associated with energy gener-
ation, consumption behavior, reaction time, and dynamic power system interactions.
These attributes collectively represent the operational state of the energy environment un-
der both stable and unstable operating conditions. Furthermore, the dataset includes a
binary stability label indicating whether the operational condition corresponds to a stable
or unstable system state [24].

From an IoE-enabled smart city perspective, the dataset effectively reflects the dy-
namic operational complexity commonly observed in modern urban energy infrastruc-
tures, where renewable energy integration, distributed energy resources, electric vehicle
charging activities, and heterogeneous consumption patterns continuously influence sys-
tem stability behavior. Consequently, the dataset provides a suitable benchmark environ-
ment for evaluating intelligent monitoring frameworks under realistic multivariate
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operational conditions [25]. Table 3 summarizes the Electrical Grid Stability simulated da-
taset used in this study.

The utilized dataset consists of approximately 60,000 operational samples with mul-
tiple numerical features describing power-related characteristics, including reaction time
parameters, generated and consumed power values, and grid balancing attributes. Let the
operational dataset be mathematically represented as:

X = {xl,xz,X3,...,XN} (1)

where N denotes the total number of operational samples, x; € R? represents a multivar-
iate feature vector, d denotes the number of operational features.
Each operational sample is associated with a binary stability label defined as:

yi €{0,1} @

where 0 represents a stable operational condition, 1 represents an unstable operational
condition.

The multivariate structure of the dataset enables the proposed framework to learn
nonlinear operational relationships and contextual feature interactions associated with
stability behavior. In addition, the dataset provides sufficient variability for evaluating
attention-based deep learning architectures under highly dynamic smart city energy en-
vironments.

Although the Electrical Grid Stability Simulated Dataset is a benchmark dataset and
does not fully capture the complexity of real-world IoE-enabled smart city energy sys-
tems, it provides a standardized and reproducible evaluation environment that enables
fair comparison with existing studies, which was one of the primary motivations for se-
lecting this dataset. Therefore, it is well suited for validating the proposed framework un-
der controlled operational conditions.

Table 3. Summary of the Electrical Grid Stability Simulated Dataset.

Property Description
Dataset Name Electrical Grid Stability Simulated Dataset
Source Kaggle
Application Domain Power Stability Monitoring
Data Type Multivariate Operational Energy Data
Number of Features 12 Features
Number of Samples Approximately 60,000
Output Classes Stable/Unstable
Main Attributes Power Consumption, Reaction Time, Grid Parameters
Target Variable Stability Label

3.2. Data Preprocessing

Data preprocessing represents a critical stage in intelligent power stability monitor-
ing due to the heterogeneous nature of operational energy data and the sensitivity of deep
learning architectures to feature scale variations and noisy operational patterns. In IoE-
enabled smart city environments, operational parameters are continuously generated
from distributed energy resources, intelligent sensors, communication infrastructures,
and dynamic consumption behaviors, thereby requiring robust preprocessing mecha-
nisms to improve data quality and learning effectiveness.

Initially, the operational dataset was inspected for missing values, duplicated sam-
ples, and abnormal numerical inconsistencies to ensure data integrity prior to model train-
ing. Since the dataset primarily consists of numerical operational attributes, preprocessing
focused mainly on feature normalization and numerical scaling to improve convergence
stability during the deep learning optimization process.
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To reduce scale imbalance among operational parameters, Min-Max normalization
was applied to transform all input features into a unified numerical range between 0 and
1. Feature normalization is particularly important for attention-based deep learning archi-
tectures because large numerical disparities may negatively affect attention weight learn-
ing and nonlinear representation extraction [26].

After normalization, the dataset was separated into input feature vectors and target
labels. Let the normalized feature matrix be represented as:

X € RVxd 3)

where N denotes the number of operational samples and d represents the number of op-
erational features. The target vector is defined as:

Y ={y,y2 - ¥n} (4)

where each y; € {0,1} corresponds to either stable or unstable operational conditions.
Furthermore, preprocessing operations were designed to preserve the underlying
operational relationships among multivariate energy parameters while improving nu-
merical stability during attention-based learning. The normalized feature representations
subsequently serve as input to the proposed Multi-Head Attention-based deep learning
architecture for intelligent stability classification and contextual operational analysis.

3.3. Proposed Multi-Head Attention-Based Deep Learning Model

The core component of the proposed intelligent monitoring framework is the Multi-
Head Attention-based deep learning architecture designed to capture complex nonlinear
operational relationships and contextual feature interactions associated with power sta-
bility behavior in IoE-enabled smart city environments. Unlike conventional deep learn-
ing architectures that process input features with relatively uniform importance, the pro-
posed attention-driven model dynamically emphasizes influential operational parameters
contributing to stability and instability conditions [27].

It should be noted that the proposed Multi-Head Attention mechanism is applied to
multivariate feature representations within each independent operational sample rather
than to sequential time-series data. Since the utilized benchmark dataset does not provide
temporal ordering among samples, positional encoding is not incorporated into the pro-
posed architecture. Consequently, the attention mechanism is designed to capture contex-
tual feature interactions instead of temporal dependencies.

The proposed architecture consists of multiple sequential processing layers, includ-
ing an input representation layer, Multi-Head Attention mechanism, dense neural learn-
ing layers, output classification layer, and SHAP-based explainability analysis. Initially,
normalized operational features are provided to the input layer, where multivariate fea-
ture representations are generated for contextual operational analysis. Let the normalized
operational feature matrix be represented as:

X =[x, %, X3,..., %] (5)

where X € RV*4, N denotes the number of operational samples, d represents the num-
ber of operational features.

To improve contextual dependency learning, the Multi-Head Attention mechanism
transforms the input features into query (Q), key (K), and value (V) representations using
trainable projection matrices [28]:

Q=xwe
K = XWkK (6)
V=Xxw"
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where W?, WX, and WV denote trainable weight matrices associated with the attention
mechanism.
The attention operation is computed using scaled dot-product attention as follows [29]:

Attention(Q,K,V) = softmax (Q—JI;_:) |4 (7)

where d, represents the dimensionality of the key vectors, Q denotes the query matrix,
K denotes the key matrix, V denotes the value matrix, and QK" computes pairwise simi-
larity scores between query and key representations.

After training the proposed Multi-Head Attention-based model, SHAP explainability
was implemented using the GradientExplainer algorithm to provide post hoc interpreta-
tion of the learned predictions. A representative background dataset was supplied to the
explainer to estimate feature attributions, and SHAP values were subsequently computed
for the evaluation samples to generate both global and local explanations. No modifica-
tions were made to either the SHAP algorithm or the proposed model architecture, as the
explainability analysis was directly applied to the trained network. This implementation
enabled reliable interpretation of the learned feature contributions while preserving the
original prediction performance of the proposed framework.

To enhance contextual interaction learning, multiple attention heads are employed
simultaneously. Each attention head independently learns distinct operational dependen-
cies and influential feature relationships associated with stability behavior. The outputs
of all attention heads are subsequently concatenated and linearly projected to generate the
final contextual representation [30]:

MHA(X) = Concat(head,, head,, ..., head,)W° 8)

where head; denotes the output of the i*" attention head, h represents the total number
of attention heads, W denotes the output projection matrix.

Following attention-based contextual learning, the extracted feature representations
are processed through fully connected dense neural layers to learn nonlinear operational
relationships associated with stable and unstable energy conditions. Rectified Linear Unit
(ReLU) activation functions are utilized to improve nonlinear learning capability and ac-
celerate convergence during optimization. nonlinear learning capability, accelerate con-
vergence, and mitigate gradient vanishing issues during optimization. The ReLU activa-
tion function is mathematically defined as [31]:

ReLU(x) = max(0, x) )

where x denotes the input value to the activation function, the output equals x when
x > 0, otherwise, the output becomes 0.

The use of ReLU enhances computational efficiency and improves deep neural rep-
resentation learning for complex operational stability patterns within dynamic IoE-ena-
bled smart city environments.

To reduce overfitting risk and improve model generalization capability, dropout reg-
ularization layers are incorporated between dense neural layers. The final output layer
employs a sigmoid activation function to estimate the probability of instability occurrence
[32]:

y=0(Wz+b) (10)

where z denotes the learned feature representation, W and b represent trainable pa-
rameters, o(.) denotes the sigmoid activation function.
The predicted operational state is subsequently determined as follows:
=
}: = 0.5 - Unstable (1)
¥ < 0.5 - Stable
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To improve model transparency and interpretability, SHAP-based explainability
analysis is integrated into the proposed framework. The SHAP mechanism quantifies the
contribution of individual operational parameters to model predictions and provides both
global and local interpretability insights for intelligent instability analysis [33].

The proposed attention-driven architecture enables efficient learning of contextual
operational dependencies and influential feature interactions within highly dynamic IoE-
enabled smart city environments. Furthermore, the integration of Multi-Head Attention
and SHAP significantly improves intelligent monitoring capability, interpretability, and
decision reliability for real-time power stability analysis.

The detailed architecture of the proposed Multi-Head Attention-based deep learning
model is illustrated in Figure 2, while the overall intelligent monitoring procedure is sum-
marized in Algorithm 1.

Algorithm 1. Workflow of the proposed explainable Multi-Head Attention-based intelligent

monitoring framework for contextual stability analysis in IoE-enabled smart city environments.

Input:

Electrical Grid Stability Simulated Dataset D

Feature matrix X

Stability labels Y

Output:

Stability prediction ¥

SHAP-based explainability analysis

Start:

1. Load the Electrical Grid Stability Simulated Dataset.
Perform data preprocessing:

Data cleaning

Min-Max normalization

Feature scaling

Split the dataset into training and testing subsets.
Feed normalized operational features into the input layer.
Generate Query (Q), Key (K), and Value (V) matrices.
Apply Multi-Head Attention Mechanism:

N oo w N

8. Compute scaled dot-product attention.

9. Learn contextual feature interactions.

Concatenate attention heads and generate contextual feature representations.
10. Pass learned representations through dense neural layers:

11. ReLU activation

12. Dropout regularization

Perform binary stability classification using sigmoid activation:

13. Stable (0)

14. Unstable (1)

Evaluate model performance using:

15. Accuracy, Precision, Recall, F1-score, and ROC-AUC

Apply SHAP explainability analysis:

16. Compute feature importance

17. Generate global interpretability

18. Generate local interpretability

19. Produce intelligent stability monitoring and early warning decisions.
End
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Figure 2. Detailed architecture of the proposed XAl-driven Multi-Head Attention deep learning
framework for intelligent power stability classification and explainability analysis in IoE-enabled

smart cities.

3.4. Model Training and Optimization

The proposed Multi-Head Attention-based deep learning framework was trained to
perform intelligent binary classification of operational stability conditions in IoE-enabled
smart city environments. The training process focused on optimizing nonlinear feature
representation learning, improving contextual operational dependency extraction, and
enhancing classification robustness under dynamic energy conditions.

Following data preprocessing and normalization, the dataset was divided into train-
ing and testing subsets using an 80:20 ratio. The training subset was utilized for parameter
optimization and contextual feature learning, while the testing subset was reserved for
independent model evaluation and generalization analysis.

During the training phase, the proposed architecture learns the nonlinear mapping
function between operational input features and stability labels through iterative optimi-
zation of trainable parameters. Let the predicted output probability be represented as:

Vi = f(xi;0) (12)

where x; denotes the input operational feature vector, 8 represents the trainable model
parameters, J; denotes the predicted probability of instability.

To optimize the classification process, Binary Cross-Entropy (BCE) loss was em-
ployed as the objective function due to its effectiveness in binary classification problems.
The BCE loss function is mathematically defined as [34]:

L=-23" [ylog®) + (1 - y)log(1 - 9] (13)

where N denotes the number of training samples, y; represents the ground-truth label,
¥: denotes the predicted probability.

The Adam optimization algorithm was utilized for parameter updating because of
its adaptive learning capability and computational efficiency in deep learning optimiza-
tion tasks. Adam combines momentum-based optimization and adaptive learning rate
adjustment to improve convergence stability during training. The parameter update pro-
cess can be represented as [35]:

Orrr =0 =7 (14)
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where 7 denotes the learning rate, M, and ¥, represent bias-corrected first and second
moment estimates, € is a small numerical stability constant.

To improve generalization capability and reduce overfitting risk, dropout regulari-
zation layers were integrated into the dense neural architecture. Furthermore, validation
monitoring was employed during training to evaluate model convergence behavior and
learning stability across epochs.

The proposed framework was implemented using Python-based deep learning li-
braries within the Google Colab environment. The model training process was executed
using multiple epochs and mini-batch learning to improve computational efficiency and
optimization stability. The overall training process aims to minimize classification loss
while maximizing monitoring accuracy and contextual operational learning capability
within highly dynamic IoE-enabled smart city energy environments. All experiments, in-
cluding the reported inference time measurements, were conducted using the Google
Colab environment with TensorFlow/Keras under the same experimental settings. Table
4 summarizes the hyperparameter configuration utilized for training and optimizing the
proposed Multi-Head Attention-based deep learning framework.

Table 4. Hyperparameter configuration of the proposed Multi-Head Attention-based deep learning

framework.

Hyperparameter Value

Optimizer Adam

Learning Rate 0.001

Batch Size 32

Number of Epochs 30

Activation Function ReLU

Output Activation Sigmoid

Loss Function Binary Cross-Entropy
Dropout Rate 0.3

Attention Mechanism Multi-Head Attention
Number of Attention Heads 4

Data Normalization Min-Max Normalization
Classification Type Binary Classification

4. Experimental Results and Discussion

This section presents the experimental evaluation and performance analysis of the
proposed XAl-driven Multi-Head Attention-based deep learning framework for intelli-
gent power stability monitoring in IoE-enabled smart city environments. The experi-
mental analysis focuses on evaluating classification performance, contextual operational
learning capability, model generalization, and effectiveness explainability under dynamic
operational conditions.

The proposed framework was comparatively evaluated against multiple intelligent
classification approaches, including Logistic Regression (LR), Random Forest (RF), Sup-
port Vector Machine (SVM), XGBoost, and Gated Recurrent Unit (GRU) models. Compar-
ative evaluation was conducted using several performance metrics to ensure comprehen-
sive assessment of monitoring capability and classification robustness.

4.1. Evaluation Metrics

To evaluate the effectiveness of the proposed intelligent monitoring framework, sev-
eral widely adopted classification performance metrics were utilized, including accuracy,
precision, recall, F1-score, and Receiver Operating Characteristic Area Under the Curve
(ROC-AUC) [36]. Accuracy measures the overall classification correctness of the
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intelligent monitoring framework. Precision evaluates the reliability of instability predic-
tions. Recall measures the capability of the framework to correctly identify unstable oper-
ational conditions. The F1-score represents the harmonic meaning between precision and
recall.

The ROC-AUC metric evaluates the discriminative capability of the classification
model across different decision thresholds. Higher ROC-AUC values indicate stronger
separation capability between stable and unstable operational conditions [37].

The utilization of multiple evaluation metrics provides comprehensive assessment of
monitoring reliability, instability detection capability, and operational robustness within
highly dynamic IoE-enabled smart city environments.

4.2. Comparative Performance Analysis

Table 5 summarizes the comparative classification performance of the proposed
framework and baseline intelligent learning models. Figures 3 and 4 present the compar-
ative performance analysis of the evaluated intelligent monitoring models in terms of clas-
sification accuracy and ROC-AUC performance.

Table 5. Comparative performance evaluation of intelligent monitoring models.

Model Accuracy Precision Recall F1-Score ROC-AUC
Logistic Regression (LR)  0.81 0.76 0.69 0.73 0.785
Random Forest (RF) 0.947 0.94 0.91 0.93 0.939
XGBoost 0.962 0.96 0.93 0.95 0.955
SVM 0.980 0.98 0.97 0.97 0.976
GRU 0.970 0.93 0.99 0.96 0.998
Proposed Model 0.973 0.98 0.95 0.97 0.997

The experimental results demonstrate that the proposed Multi-Head Attention-based
framework achieves highly competitive monitoring performance compared with conven-
tional machine learning and advanced deep learning approaches. In particular, the pro-
posed framework achieved an accuracy of 97.35% and a ROC-AUC score of 0.997, indi-
cating excellent discriminative capability between stable and unstable operational condi-
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Figure 3. Comparative accuracy analysis of intelligent monitoring models for power stability clas-
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sification in IoE-enabled smart city environments.
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Figure 4. Comparative ROC-AUC performance of intelligent monitoring models for stability dis-

crimination under dynamic operational conditions.

Compared with traditional machine learning approaches such as Logistic Regression
and Random Forest, the proposed framework demonstrated substantially improved ca-
pability in learning nonlinear operational relationships and contextual feature interac-
tions associated with dynamic stability behavior. Furthermore, the integration of Multi-
Head Attention mechanisms significantly enhanced contextual operational dependency
learning and instability sensitivity under fluctuating energy conditions.

Although the GRU model achieved a marginally higher ROC-AUC score, the pro-
posed Multi-Head Attention-based framework demonstrated more balanced overall mon-
itoring capability by simultaneously providing high classification performance, contex-
tual operational dependency learning, and SHAP-driven interpretability analysis. Unlike
GRU architectures that primarily emphasize sequential dependency modeling, the pro-
posed framework dynamically prioritizes influential operational features through atten-
tion mechanisms while offering transparent global and local explainability for intelligent
decision-making in safety-critical loE-enabled smart city environments. Therefore, the
proposed framework provides a more practical and trustworthy solution for real-world
intelligent power stability monitoring applications.

The comparative analysis also indicates that attention-based contextual learning
mechanisms can significantly improve intelligent monitoring capability in highly dy-
namic IoE-enabled urban energy environments characterized by distributed operational
interactions and continuously fluctuating stability conditions.

Although the GRU model achieved comparable predictive performance, the pro-
posed Multi-Head Attention-based framework offers additional advantages beyond clas-
sification metrics. Specifically, the Multi-Head Attention mechanism captures contextual
interactions among multivariate operational features, while the integrated SHAP analysis
provides transparent global and local explanations of the prediction process. Moreover,
the computational performance analysis presented in the following section demonstrates
that these benefits are achieved with a lightweight architecture and low inference latency,
supporting the practical deployment of the proposed framework for real-time IoE-ena-
bled smart city energy monitoring.

To further assess the practical deployment capability of the proposed framework, its
computational performance was evaluated in terms of model complexity and inference
efficiency. As summarized in Table 6, the proposed framework contains only 9985 traina-
ble parameters with an approximate model size of 117 KB, indicating a lightweight archi-
tecture. Furthermore, inference on the complete test set of 12,000 samples required only
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0.0408 s, corresponding to an average latency of 0.0034 ms per sample and a throughput
of approximately 293,940 samples/s. These results indicate that the proposed framework
achieves efficient inference while maintaining high predictive performance, supporting
its potential applicability for real-time power stability monitoring in IoE-enabled smart
city environments.

Table 6. Computational Performance of the Proposed Multi-Head Attention Framework.

Metric Value
Trainable Parameters 9985
Model Size 117.02 KB
Test Samples 12,000
Total Inference Time 0.0408 s
Average Latency per Sample 0.0034 ms
Throughput 293,940 samples/s

To further evaluate the classification capability of the proposed Multi-Head Atten-
tion-based framework, confusion matrix analysis was conducted to examine the distribu-
tion of correct and incorrect predictions under stable and unstable operational conditions.
Confusion matrix evaluation provides detailed insights into the monitoring reliability and
instability detection capability of intelligent classification systems operating in highly dy-
namic IoE-enabled smart city environments. Figure 5 illustrates the confusion matrix gen-
erated by the proposed framework during testing evaluation.

Confusion Matrix

7000

6000

5000

4000

True Label

- 3000

- 2000

- 1000

Predicted Label

Figure 5. Confusion matrix of the proposed Multi-Head Attention-based intelligent power stability
monitoring framework.

The confusion matrix results indicate that the proposed framework achieves highly
reliable classification performance for both stable and unstable operational conditions.
The model correctly classified 7486 stable samples and 4199 unstable samples, while only
a limited number of misclassifications were observed. Specifically, 192 stable samples
were incorrectly classified as unstable, whereas 123 unstable samples were classified as
stable.

The obtained results demonstrate the strong discriminative capability of the pro-
posed attention-driven architecture in identifying operational instability patterns under
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fluctuating energy conditions. Furthermore, the relatively low false-positive and false-
negative rates indicate that the framework maintains robust monitoring reliability and
balanced classification performance across both operational classes.

From an intelligent energy management perspective, accurate instability identifica-
tion is essential for preventing abnormal operational conditions and supporting reliable
decision-making within critical smart city infrastructures. The confusion matrix analysis
therefore confirms the effectiveness of the proposed framework in achieving dependable
stability monitoring and intelligent operational assessment under dynamic IoE-enabled
urban energy environments.

To further investigate the contribution of the Multi-Head Attention mechanism, an
ablation study was conducted by comparing the proposed framework with a baseline
deep neural architecture without the attention mechanism. The objective of this analysis
is to evaluate the effectiveness of contextual feature prioritization and attention-driven
operational dependency learning in improving intelligent power stability monitoring per-
formance within dynamic IoE-enabled smart city environments. Table 7 presents the com-
parative ablation study results between the baseline deep neural architecture and the pro-
posed Multi-Head Attention-based framework. Figure 6. Comparative ablation analysis
between the baseline DNN architecture and the proposed Multi-Head Attention-based
framework.

Table 7. Ablation study analysis of the proposed Multi-Head Attention-based framework.

Configuration Precision Recall F1-Score Accuracy
DNN without Attention 0.97 096 097 0.970
Proposed Multi-Head Attention Framework 0.98 0.95 0.97 0.973

0.99

0.98

0.97

0.96

0.95

0.94 I

0.93

Accuracy F1-Score Recall Precision

B DNN without Attention M Proposed Model

Figure 6. Comparative ablation analysis between the baseline DNN architecture and the proposed
Multi-Head Attention-based framework.

The ablation study results confirm the effectiveness of the integrated Multi-Head At-
tention mechanism in improving contextual operational dependency learning and intelli-
gent stability classification capability. The proposed framework achieved improved over-
all classification performance compared with the baseline deep neural architecture without
attention integration.

Although the performance improvement is relatively moderate, the obtained results
demonstrate that the Multi-Head Attention mechanism enhances contextual feature inter-
action learning and enables more effective prioritization of influential operational param-
eters associated with stability behavior. Furthermore, the proposed framework addition-
ally provides SHAP-driven explainability capability, thereby improving operational
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transparency and interpretable intelligent decision-making within safety-critical IoE-ena-
bled smart city environments.

4.3. Training Performance Analysis

To evaluate the learning behavior and convergence stability of the proposed frame-
work, training and validation performance curves were analyzed during the optimization
process. Monitoring the evolution of training accuracy, validation accuracy, training loss,
and validation loss provides important insights into model generalization capability, op-
timization stability, and overfitting behavior. Figures 7 and 8 illustrate the training and
validation accuracy and loss curves obtained during model training.
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Figure 7. Training and validation accuracy curves of the proposed Multi-Head Attention-based

framework.
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Figure 8. Training and validation loss curves of the proposed Multi-Head Attention-based frame-

work.

The training performance results indicate satisfactory convergence throughout the
optimization process. Although the validation accuracy curve exhibits minor oscillations
across some training epochs, the overall trend demonstrates progressive learning and con-
vergence without sustained performance degradation or divergence. The training
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accuracy consistently improves as the learning process advances, while the validation ac-
curacy remains within a relatively narrow range despite these expected fluctuations. Such
behavior is commonly observed in mini-batch optimization and does not necessarily in-
dicate unstable learning. Furthermore, the training and validation loss curves exhibit an
overall decreasing trend, confirming effective parameter optimization throughout the
training process. The relatively small gap between the training and validation perfor-
mance suggests that the proposed framework achieves good generalization capability
without evidence of significant overfitting. Overall, the obtained learning curves demon-
strate that the proposed Multi-Head Attention-based framework converges satisfactorily
and provides reliable classification performance for intelligent power stability monitoring
in IoE-enabled smart city environments.

The observed convergence behavior further demonstrates the suitability of the pro-
posed attention-based architecture for intelligent monitoring applications in dynamic IoE-
enabled smart city environments. The integration of Multi-Head Attention with dropout
regularization contributes to robust contextual feature learning while maintaining good
generalization performance under varying operational conditions.

4.4. SHAP Explainability Analysis

To improve transparency and interpretability of intelligent monitoring decisions,
SHAP-based explainability analysis was conducted to evaluate the contribution of opera-
tional parameters toward power stability prediction within IoE-enabled smart city envi-
ronments. The integration of XAI mechanisms is particularly important for safety-critical
urban energy infrastructures, where reliable and interpretable decision-making is re-
quired to support intelligent operational management and trustworthy instability analy-
sis.

The proposed framework employs SHAP to provide both global and local interpret-
ability insights for the Multi-Head Attention-based deep learning model. SHAP analysis
enables comprehensive evaluation of feature importance by quantifying the contribution
of each operational parameter toward model predictions under varying stability condi-
tions.

Global explainability analysis was performed to identify the most influential opera-
tional parameters affecting stability behavior across the entire dataset. Figure 9 presents
the SHAP summary plot generated by the proposed framework.
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Figure 9. Global SHAP summary illustrates feature importance and operational impact on power
stability behavior.

https://doi.org/10.3390/en19153690


https://doi.org/10.3390/en19153690

Energies 2026, 19, 3690

21 of 27

The global SHAP analysis demonstrates that temporal operational parameters, par-
ticularly the t-related features, exhibit the greatest influence on intelligent stability pre-
diction behavior. Features associated with operational response time and dynamic system
interaction contribute significantly toward instability classification decisions.

From an engineering perspective, these findings are consistent with established
power system stability principles. The reaction-time parameters (t1-t4) characterize the
dynamic response of generators and system components following operational disturb-
ances. Faster dynamic responses generally improve the ability of the electrical grid to
maintain synchronous operation, whereas slower responses increase the likelihood of in-
stability. Likewise, the power-related variables (p1-p4) reflect the balance between gener-
ated and consumed power, which is a fundamental determinant of power system stability.
The generator-related parameters (gl-g4) also influence the dynamic operating condi-
tions of the electrical grid. Therefore, the SHAP results not only identify statistically im-
portant features but also provide explanations that are physically meaningful and con-
sistent with established power system behavior.

Furthermore, the SHAP summary visualization indicates that higher feature values
in several temporal operational parameters tend to increase instability probability,
whereas lower values contribute toward stable operational conditions. This behavior con-
firms the capability of the proposed Multi-Head Attention mechanism in effectively cap-
turing contextual operational dependencies and nonlinear feature interactions associated
with dynamic urban energy environments.

The obtained results also demonstrate that the proposed explainable framework suc-
cessfully identifies influential operational patterns contributing to instability behavior,
thereby improving monitoring transparency and supporting interpretable intelligent en-
ergy management within IoE-enabled smart city infrastructures.

To further investigate prediction-level interpretability, local SHAP analysis was con-
ducted to explain individual operational stability predictions. Figure 10 illustrates the
SHAP local interpretability visualization generated for representative operational sam-
ples.
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Figure 10. Local SHAP explainability analysis illustrates feature-level contributions toward individ-

ual stability predictions.
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The local interpretability analysis provides detailed insights into how specific opera-
tional parameters influence individual classification decisions. Positive SHAP contribu-
tions increase the probability of instability prediction, whereas negative SHAP values sup-
port stable operational classification outcomes.

The obtained local explanations improve transparency in intelligent monitoring de-
cisions and enable detailed operational diagnosis for abnormal stability conditions. From
an intelligent energy management perspective, local explainability analysis can support
early warning systems, operational fault analysis, and interpretable decision support
within highly dynamic smart city energy environments.

Overall, the integration of SHAP-based explainability significantly enhances the
transparency, trustworthiness, and operational interpretability of the proposed intelligent
monitoring framework. The combined utilization of Multi-Head Attention and XAI mech-
anisms therefore provides an effective solution for intelligent, interpretable, and reliable
power stability monitoring in future IoE-enabled smart city infrastructures. Figure 11 (Lo-
cal SHAP waterfall) illustrates feature-level contributions toward an individual power
stability prediction.
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Figure 11. Local SHAP waterfall plot illustrating feature-level contributions toward an individual

power stability prediction generated by the proposed Multi-Head Attention-based framework.

The local SHAP explainability analysis provides detailed insight into the operational
factors contributing to individual stability predictions. Positive SHAP contributions indi-
cate operational features that increase instability probability, whereas negative SHAP val-
ues contribute toward stable operational behavior. The obtained visualization demon-
strates that temporal operational parameters exert substantial influence on prediction out-
comes, thereby confirming the capability of the proposed framework to provide transpar-
ent and interpretable intelligent decision-making for IoE-enabled smart city energy infra-
structures.

The SHAP analysis further reveals that the identified influential features are con-
sistent with the expected behavior of electrical power stability systems. In particular, the
reaction-time parameters (t1-t4) received the highest SHAP importance scores, indicating
that the dynamic response of system components plays a dominant role in determining
stability. This finding is consistent with established power system principles, where de-
layed responses to load variations and operational disturbances increase the likelihood of
instability. Similarly, the power-related variables (pl-p4) and grid parameters (gl-g4)
also contributed to the prediction process, although with relatively lower importance, re-
flecting their supporting role in maintaining stable operating conditions.

From a practical perspective, these explainability results provide valuable insights
for energy operators and decision-makers. Rather than functioning as a black-box predic-
tor, the proposed framework identifies the operational parameters that most strongly in-
fluence stability decisions, enabling operators to focus on the most critical factors affecting
system reliability. These insights can support the prioritization of system monitoring,
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facilitate the early detection of abnormal operating conditions, and assist engineers in de-
veloping more effective preventive control and maintenance strategies for IoE-enabled
smart city energy systems. Consequently, the proposed framework not only achieves high
predictive performance but also provides actionable and trustworthy explanations that
enhance confidence in real-world operational decision-making.

4.5. SHAP Sensitivity Analysis

To further evaluate the robustness of the SHAP explanations, a sensitivity analysis
was conducted by retraining the proposed Multi-Head Attention-based framework using
five different random seeds (1, 10, 25, 42, and 100). For each training run, SHAP values
were recomputed using the same experimental configuration, and the resulting feature
importance rankings were compared to assess the consistency of the explainability results
across different model initializations.

The robustness of the SHAP explanations was quantified using pairwise Spearman
rank correlation coefficients between the feature importance rankings obtained from dif-
ferent training runs. As summarized in Table 8, the correlation coefficients ranged from
0.909 to 0.958, indicating a high degree of consistency in feature importance rankings de-
spite variations in random initialization. These results demonstrate that the SHAP expla-
nations are stable and reproducible, providing additional confidence in the interpretabil-
ity of the proposed framework.

The consistently high Spearman rank correlation coefficients further indicate that the
SHAP explanations are not sensitive to random model initialization, thereby demonstrat-
ing the robustness, reliability, and reproducibility of the proposed explainability frame-
work.

Table 8. Pairwise Spearman rank correlation coefficients of SHAP feature importance rankings ob-

tained from models trained with different random seeds.

Seed_1 Seed_10 Seed_25 Seed_42 Seed_100
Seed_1 1.000 0.944 0.930 0.958 0.937
Seed_10 0.944 1.000 0.930 0.909 0.944
Seed_25 0.930 0.930 1.000 0.944 0.916
Seed_42 0.958 0.909 0.944 1.000 0.916
Seed_100 0.937 0.944 0.916 0.916 1.000

5. Discussion

The experimental results demonstrate that the proposed Multi-Head Attention-based
deep learning framework achieves highly competitive monitoring performance for intel-
ligent power stability classification within IoE-enabled smart city environments. The inte-
gration of attention mechanisms enables effective contextual feature interaction learning
and improves sensitivity toward influential operational dependencies associated with in-
stability behavior.

Compared with conventional machine learning approaches, including Logistic Re-
gression, Random Forest, and XGBoost, the proposed framework demonstrates superior
capability in capturing nonlinear operational patterns and dynamic contextual relation-
ships within multivariate energy environments. In addition, the attention-driven architec-
ture exhibits strong generalization capability and stable convergence behavior during op-
timization.

Although recurrent architectures such as GRU achieved competitive performance,
the proposed framework provides additional advantages through contextual feature pri-
oritization and integrated SHAP-based explainability analysis. Unlike conventional black-
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box deep learning models, the proposed framework offers transparent operational inter-
pretation and feature-level decision analysis, thereby improving trustworthiness and
practical applicability in safety-critical smart city infrastructures.

The explainability analysis further confirms that temporal operational parameters
play a dominant role in stability prediction behavior. This finding aligns with the dynamic
characteristics of modern IoE-enabled urban energy systems, where operational response
time and distributed energy interactions significantly affect stability conditions under
fluctuating load environments.

Overall, the obtained results confirm the effectiveness of integrating Multi-Head At-
tention and SHAP-based explainability within a unified intelligent monitoring framework
for transparent, adaptive, and reliable power stability analysis in future smart city envi-
ronments.

6. Conclusions

This paper presented an XAI-driven deep learning framework integrating Multi-
Head Attention and SHAP for intelligent power stability monitoring in IoE-enabled
power systems supporting smart city energy applications. The proposed framework was
developed to address the increasing operational complexity of modern power systems
characterized by renewable energy integration, distributed energy resources, intercon-
nected IoT devices, electric vehicle charging infrastructures, microgrids, and highly dy-
namic operating conditions.

The proposed Multi-Head Attention-based architecture demonstrated strong capa-
bility in learning contextual feature interactions and nonlinear operational dependencies
associated with power stability behavior. Furthermore, the integration of SHAP-based ex-
plainability analysis enhanced model transparency by providing comprehensive interpre-
tation of the operational parameters influencing stability classification, thereby improving
the interpretability and trustworthiness of the proposed framework.

Experimental evaluation using the Electrical Grid Stability Simulated Dataset
demonstrated that the proposed framework achieves highly competitive classification
performance compared with multiple intelligent learning approaches. The proposed
model achieved an accuracy of 97.35% and a ROC-AUC score of 0.997, indicating strong
discriminative capability between stable and unstable operating conditions. In addition,
the SHAP analysis revealed that temporal operational parameters have the greatest influ-
ence on stability classification while also providing physically meaningful insights into
the factors affecting power system stability.

The experimental findings demonstrate that integrating Multi-Head Attention mech-
anisms with Explainable Artificial Intelligence techniques enhances intelligent stability
monitoring, operational transparency, and decision support for IoE-enabled power sys-
tem applications, including renewable energy integration, distributed energy resources,
microgrids, electric vehicle charging infrastructures, and smart building energy manage-
ment systems. Moreover, the proposed framework provides a scalable and interpretable
solution for real-time stability assessment within these application domains.

Although the present study focuses on binary stability classification, the proposed
framework establishes a foundation for future intelligent decision-support systems in IoE-
enabled power networks. Future research will extend this work toward stability margin
estimation and early warning prediction using real-time sequential power system data,
thereby improving its applicability to practical operational decision-making. Additional
research directions include real-time streaming-based monitoring architectures, online
adaptive learning mechanisms, uncertainty-aware deep learning models, federated learn-
ing for distributed IoE environments, and the integration of graph neural networks and
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advanced Transformer-based architectures to further enhance intelligent stability analysis
in large-scale IoE-enabled power systems.
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The following abbreviations are used in this manuscript:

IoE Internet of Energy

XAI Explainable Artificial Intelligence
SHAP  SHapley Additive exPlanations
IoT Internet of Things

DNN  Deep Neural Network

LSTM  Long Short-Term Memory

CNN Convolutional Neural Networks
BiLSTM Bidirectional Long Short-Term Memory
GRU Gated Recurrent Unit

ReLU Rectified Linear Unit

BCE Binary Cross-Entropy

LR Logistic Regression

RF Random Forest

SVM Support Vector Machines
DT Decision Trees

XGBoost Extreme Gradient Boosting
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