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Abstract: The modernization of electric power systems into intelligent cyber–physical infrastructures has intensified 

the need for adaptive control mechanisms capable of ensuring both operational stability and cybersecurity. 

Conventional machine learning approaches, although effective in prediction, lack transparency and dynamic 

adaptability under uncertain grid conditions. This paper proposes an Explainable Deep Reinforcement Learning 

framework for enhancing security and stability in smart grids by integrating interpretable policy learning with dynamic 

state optimization. The framework combines deep Q-learning with attention-driven explanation modules to provide 

actionable insights into decision policies governing voltage regulation, load balancing, and anomaly mitigation. A 

hybrid IoT-enabled smart grid environment is simulated to evaluate performance against established machine learning 

baselines. Analytical evaluation demonstrates improved stability margins, faster convergence, and enhanced anomaly 

detection accuracy with interpretable decision mapping. Comparative analysis reveals that the proposed approach 

outperforms prior AI-based grid management models in resilience and operational transparency. The integration of 

explainability addresses regulatory compliance and trust requirements, making the framework suitable for deployment 

in critical infrastructures. The findings establish that explainable reinforcement learning offers a viable pathway 

toward secure, self-adaptive, and stable smart grid ecosystems. 

Keywords: anomaly detection, deep reinforcement learning, explainable artificial intelligence, smart grid security, 

stability analysis, voltage regulation 

1. Introduction 

A smart grid [1] is an intelligent electricity network that combines conventional power infrastructure with advanced 

sensing, communication, and computational technologies to enable real-time monitoring, automated control, and data-

driven energy management [2-5]. It facilitates bidirectional power and information flow between utilities and 

consumers, thereby improving operational efficiency and adaptability [6-8]. With the rapid growth of distributed 

generation, renewable energy penetration, and digital connectivity, modern grids face increased structural and cyber 

complexity. This transformation necessitates systems that are not only efficient in energy utilization but also stable 

under dynamic loading conditions and secure against evolving cyber threats. Ensuring coordinated control, fault 

tolerance, and resilient operation has therefore become a fundamental requirement of next-generation power systems 

[9-12]. Smart grids are extensively deployed in renewable-integrated microgrids, smart cities, electric vehicle charging 

ecosystems, industrial automation platforms, and advanced demand response networks across contemporary energy 

infrastructures [13-17]. 

Recent literature reflects significant advancements in smart grid technologies and intelligent control. Mocrii et al. 

examined IoT-based architectures and emphasized privacy and security challenges in distributed infrastructures [1], 

yet lacked adaptive control mechanisms for grid stability. Ro and Choi demonstrated neural network controllers for 

wind energy optimization [2], but their approach was domain-specific and not generalized for grid-wide security. 

Hiremath et al. analyzed decentralized energy planning models [3], identifying the need for intelligent distributed 

coordination. Anh implemented adaptive neural supervisory control in PV microgrids [4], though explainability was 

not addressed. Mazhar et al. surveyed AI techniques in smart grids [5], highlighting integration challenges between 
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IoT and AI. Shi et al. provided a comprehensive review of AI for grid stability [6], identifying scalability issues. 

Fouad et al. investigated machine learning integration with IoT [7], while Önder et al. proposed cascade learning for 

stability classification [8], yet interpretability remained limited. Dutta et al. introduced a blockchain-based framework 

for smart grid data security [9], focusing on data integrity rather than dynamic control. Siryani et al. developed 

machine learning-based decision support for smart meters [10], and Mostafa et al. explored renewable energy 

management using big data analytics [11]. Jha et al. [12] and Boopathi [13] extended energy optimization via ML and 

IoT [12], [13], whereas Yao et al. investigated energy-efficient technologies [14]. Ali and Choi reviewed distributed 

AI techniques [15], and Alsafran et al. highlighted explainability challenges in smart grids [16]. Li et al. presented 

advancements in deep reinforcement learning for smart grid operations [17], but emphasized the lack of transparent 

policy interpretation mechanisms. 

The noteworthy identified gap across existing research is the absence of a unified framework that integrates deep 

reinforcement learning with explainable artificial intelligence to ensure both grid stability and cybersecurity. Existing 

works either emphasize predictive analytics or control without interpretability, or focus solely on security without 

adaptive learning. The proposed research addresses these deficiencies by designing an explainable deep reinforcement 

learning model capable of real-time policy optimization and transparent decision mapping for secure and stable grid 

operations. 

The proposed work differs from earlier studies by embedding attention-based explanation layers within the 

reinforcement learning architecture, enabling interpretability of action-value mappings. Unlike previous AI models 

that function as black-box predictors, the present framework offers causal feature attribution for operational decisions. 

The major contributions of this research include the formulation of an interpretable DRL-based control strategy, 

integration of IoT-driven anomaly feedback loops, development of a hybrid stability-security reward function, and 

empirical validation through comparative analysis against prior machine learning models. Furthermore, the research 

introduces a trust-oriented evaluation metric to quantify explainability impact on operational transparency. 

The remainder of this paper is structured as follows. Section 2 discusses the theoretical foundation and architecture of 

Explainable Deep Reinforcement Learning. Section 3 elaborates on the methodology adopted. Section 4 presents 

results and analytical discussion. Section 5 concludes the paper with insights and future scope. 

2. Explainable Deep Reinforcement Learning 

Deep Reinforcement Learning integrates deep neural networks with reinforcement learning principles to enable agents 

to learn optimal control policies through interaction with dynamic environments. In smart grids, Deep Reinforcement 

Learning (DRL) is applied for load dispatch, voltage stability, and anomaly mitigation [17]. However, most DRL 

systems operate as opaque decision engines, limiting their adoption in safety-critical infrastructure. The challenge of 

explainability has been critically discussed by Alsafran et al. [16], emphasizing the necessity of transparent AI for 

regulatory compliance. 

The proposed framework integrates an attention-based explainability layer within a Deep Q-Network architecture [5]. 

The hardware environment comprises IoT-enabled smart meters, distributed sensors, and edge computing nodes 

consistent with architectures described in [1] and [7]. High-performance GPUs are employed for model training due to 

computational intensity of deep neural approximations. Software requirements include Python-based frameworks such 

as TensorFlow or PyTorch for neural modeling, and grid simulation platforms compatible with decentralized planning 

models discussed in [3]. The architecture consists of an environment layer representing grid states, an agent layer 

incorporating deep Q-learning, an explainability module generating feature attribution maps, and a feedback 

mechanism updating policies. The explainability module utilizes attention weights to identify influential state 

parameters such as voltage deviation, frequency fluctuation, and load imbalance. This design ensures that each control 

action is accompanied by interpretable reasoning. Figure 1 illustrates the integrated architecture of the proposed 

Explainable Deep Reinforcement Learning framework designed for secure and stable smart grid operation. 
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Figure 1: Architecture of the proposed Explainable DRL Framework for Smart Grid stability and security 

The environment layer represents the physical power grid combined with IoT-enabled sensing infrastructure, where 

real-time state variables such as voltage levels, frequency deviations, load demand, and cyber-anomaly indicators are 

continuously monitored. These state parameters are fed into the DRL agent, which employs a Deep Q-Network to 

learn optimal control actions including load control, voltage adjustment, and intrusion response.An embedded 

explainability module, based on an attention mechanism, operates in parallel with the learning process. This module 

computes feature importance weights for each state variable, generating interpretable decision explanations that justify 

the selected control actions. The policy update component incorporates experience replay and a target network to 

ensure stable convergence and prevent value overestimation. The closed-loop interaction between environment 

feedback, policy learning, and interpretability ensures adaptive, transparent, and resilient smart grid management. 

Critically, the integration of explainability does not compromise learning efficiency; instead, it enhances trust and 

diagnostic capability. By mapping action probabilities to state features, operators can validate policy decisions during 

contingencies. Compared with black-box DRL systems highlighted in [17], this framework ensures accountability and 

transparency. 

3. Methodology Used  

The methodology adopted in this research is grounded in a cyber–physical co-design philosophy, where the electrical 

dynamics of the smart grid and the computational intelligence of the learning agent evolve simultaneously. Rather than 

treating stability control and cybersecurity as independent modules, the proposed framework formulates them within a 

unified sequential decision-making problem. This section critically elaborates the mathematical formulation, 

architectural integration, training paradigm, explainability embedding, and evaluation mechanisms that collectively 

define the proposed Explainable Deep Reinforcement Learning (XDRL) framework. 

3.1 Mathematical Formulation of the Smart Grid Control Problem 

The smart grid environment is modeled as a constrained Markov Decision Process [8] in which each state encapsulates 

both physical and cyber attributes of the grid. The state vector at time step 𝑡, denoted as 𝑆𝑡 includes voltage 

magnitudes across buses, frequency deviations, real and reactive power flows, load demand variability, renewable 

penetration ratios, and cyber-anomaly indicators derived from IoT traffic patterns. This modeling approach aligns with 

the stability-centric AI modeling perspective discussed in [6] while extending it to incorporate cybersecurity 

parameters consistent with blockchain-based protection concepts in [9]. 

The action space is defined as a continuous-to-discrete hybrid control set comprising voltage regulation commands, 

reactive power compensation adjustments, load shedding triggers, and intrusion mitigation responses. Unlike earlier 
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works that focused only on optimal power extraction [2] or classification-based stability prediction [8], the present 

formulation allows simultaneous corrective and preventive actions. The reward function is carefully engineered to 

balance three competing objectives, firstly, stability preservation; secondly, security assurance, and thirdly, operational 

efficiency. 

The reward structure integrates a stability index component derived from eigenvalue-based damping ratios, a penalty 

term proportional to detected anomaly severity, and an energy-efficiency coefficient reflecting optimal dispatch. This 

composite reward avoids the short-term bias typical of reinforcement learning systems highlighted in [17]. A discount 

factor is selected to prioritize long-term stability resilience rather than immediate performance gains, thereby 

enhancing robustness under fluctuating renewable generation conditions. 

3.2 Architecture of the Explainable DRL Agent 

The proposed agent is based on a Deep Q-Network augmented with attention-driven interpretability layers. The neural 

architecture consists of an input encoding layer, multiple hidden convolutional and fully connected layers for feature 

abstraction, an attention mechanism for feature weighting, and an output layer estimating Q-values for each action. 

The inclusion of attention weights enables dynamic feature attribution, addressing explainability concerns identified in 

[16]. The attention mechanism computes normalized importance coefficients for each state parameter. These 

coefficients are propagated alongside the action-value outputs to produce a decision explanation vector. Unlike post-

hoc explainability methods, this intrinsic interpretability is embedded within the learning architecture itself. The 

approach ensures that interpretability does not compromise performance, a limitation often observed in separate 

explanation modules. To mitigate over-estimation bias in Q-learning [9], a double-network configuration is 

implemented. A primary network performs action selection, while a target network stabilizes value updates. 

Experience replay buffers are employed to decorrelate training samples, enhancing convergence stability under 

dynamic load fluctuations. Gradient clipping and adaptive learning rate scheduling are incorporated to prevent 

divergence during large-scale grid disturbances.  

Figure 2 presents the operational workflow of the proposed Explainable Deep Reinforcement Learning framework for 

smart grid control. The process begins with initialization of the smart grid state, where real-time parameters such as 

voltage levels, load demand, and security indicators are captured. Based on the observed state, the DRL agent selects 

an action using an epsilon-greedy strategy to balance exploration and exploitation. The selected action governs grid 

control functions including voltage adjustment, load management, and intrusion response. 
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Figure 2. Flowchart of the Proposed Explainable DRL-Based Smart Grid Control Framework 

Following action execution, the system computes the reward and observes the subsequent state transition. The 

reinforcement learning module updates the control policy using experience replay and target network mechanisms to 

ensure stable convergence. Simultaneously, the explainability module applies an attention mechanism to generate 

feature-importance insights, providing interpretable explanations for the selected actions. The process iterates until an 

optimal policy is achieved, after which stability and security validation confirm system performance. This closed-loop 

flow ensures adaptive learning, operational resilience, and transparent decision-making in smart grid management. 

3.3 Data Acquisition and Preprocessing Strategy 

Data streams are generated from a simulated IoT-enabled smart grid consistent with distributed architectures described 

in [1] and [7]. Sensor nodes capture voltage, current, frequency, and packet-level network statistics. Renewable 

generation variability is introduced through stochastic wind and solar profiles inspired by adaptive control models in 

[4]. Raw data undergo normalization to maintain numerical stability in deep learning operations. Outlier detection is 

applied prior to training to remove corrupted measurements resulting from simulated cyber-attacks. Feature scaling 

ensures that voltage deviations and cyber anomaly scores contribute proportionally to the learning gradient. The 

preprocessing pipeline is designed to preserve temporal correlations essential for reinforcement learning while 

eliminating redundant noise. 

3.4 Hybrid Stability–Security Reward Engineering 

The reward engineering process [9] constitutes a central methodological innovation. Rather than employing single-

objective optimization, the reward is structured as a weighted aggregation of stability margin improvement, anomaly 

containment success, and energy dispatch optimality. The stability margin is computed using a normalized deviation 

metric comparing real-time eigenvalue damping with baseline thresholds described in [6]. Security performance is 

measured by reduction in intrusion propagation probability, inspired by the secure data handling perspective in [9]. 

Energy efficiency is quantified via loss minimization and renewable utilization rates consistent with energy 

optimization discussions in [14]. 
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Weights assigned to each reward component are dynamically adjusted through adaptive scaling based on grid stress 

conditions. During high-load or high-attack scenarios, stability and security weights dominate, ensuring resilience 

prioritization. Under nominal conditions, efficiency gains are emphasized. This adaptive weighting differentiates the 

methodology from static reward configurations reported in [17]. 

3.5 Training Protocol and Convergence Validation 

The agent undergoes episodic training over multiple simulated operational cycles. Each episode represents a 24-hour 

grid operation window with varying demand and generation patterns. The epsilon-greedy exploration strategy 

gradually shifts toward exploitation as the policy converges. Early-stage high exploration prevents local minima 

entrapment, while later exploitation refines stability control precision. Convergence is evaluated through cumulative 

reward stabilization, reduction in voltage variance, and improvement in anomaly mitigation latency. Statistical 

significance tests are conducted across multiple independent training runs to ensure robustness. Sensitivity analysis is 

performed by perturbing load demand and attack intensity to assess generalization capability. 

3.6 Explainability Quantification and Trust Evaluation 

A distinctive methodological contribution is the formal quantification of explainability. Attention weights are 

aggregated across episodes to determine consistent feature relevance patterns. An explainability score is defined as the 

entropy-based dispersion of attention coefficients, where lower entropy indicates focused and interpretable decision 

logic. This quantitative metric allows objective comparison with black-box DRL systems. 

Additionally, causal validation experiments are conducted by selectively masking high-attention features and 

observing performance degradation. Significant drops in stability metrics confirm the causal influence of identified 

features, thereby validating the explanation mechanism. This experimental validation strengthens trustworthiness, 

addressing transparency concerns raised in [16]. 

3.7 Computational Complexity and Scalability Considerations 

The computational complexity of the model primarily arises from deep network training and replay memory updates. 

Time complexity per training iteration is proportional to the number of network parameters and replay batch size. 

Although higher than traditional neural controllers [2], the scalability is justified by improved stability margins and 

security resilience. Deployment feasibility is enhanced by edge-computing integration, where inference tasks are 

offloaded to distributed nodes while centralized servers manage periodic policy updates. 

The methodology advances beyond predictive classification approaches such as those in [8] by introducing dynamic 

policy optimization. It overcomes the lack of interpretability identified in existing reinforcement learning 

implementations [17] through intrinsic attention mechanisms. The hybrid reward design addresses the multi-

dimensional nature of smart grid objectives, integrating stability, security, and efficiency into a single learning 

paradigm. However, the approach assumes availability of high-quality synchronized sensor data; extreme 

communication latency or large-scale coordinated cyber intrusions may still challenge real-time responsiveness. 

Overall, the methodological framework demonstrates a comprehensive, analytically grounded integration of 

explainable deep reinforcement learning with smart grid stability and security management. The approach not only 

ensures adaptive operational control but also provides interpretable reasoning, thereby bridging the gap between 

autonomous intelligence and human supervisory trust in critical infrastructure systems. 

4. Results and Analysis 

The proposed model was evaluated using simulated grid scenarios incorporating load fluctuations and cyber-attack 

patterns. Performance metrics included voltage stability index, anomaly detection accuracy, convergence time, and 

explainability score. The results demonstrate that the explainable DRL model achieves superior voltage regulation 

stability compared with neural network controllers [2] and cascade ML classifiers [8]. 
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The experimental evaluation of the proposed Explainable Deep Reinforcement Learning framework was conducted on 

a synthetically generated yet realistically parameterized smart grid dataset derived from a cyber–physical simulation 

environment. The dataset consists of 15,800 tuples representing 15-minute interval observations over a simulated one-

year operational horizon. Table 1 highlights a comparative performance analysis that clearly highlights the 

performance indicator of the proposed work compared to the results given in papers [2], [8], and [17] 

Table 1: Comparative Performance Evaluation of Proposed Model with Prior Works 

Method 
Stability 

Index 
Detection Accuracy (%) 

Convergence  

Time (s) 

Explainability 

Score 

Neural Network Controller [2] 0.87 82.4 15.2 Low 

Cascade ML Model [8] 0.89 88.7 13.8 Moderate 

Conventional DRL [17] 0.92 91.3 12.4 Low 

Proposed Explainable DRL 0.96 95.8 10.1 High 

Each tuple comprises 18 attributes, including voltage magnitude at multiple buses, frequency deviation, real and 

reactive power flow, renewable generation ratio, load demand variability, packet transmission delay, anomaly score 

derived from IoT traffic, and intrusion flag indicators. The dataset was partitioned into 70% training, 15% validation, 

and 15% testing sets to ensure unbiased evaluation. The temporal continuity of the data was preserved to maintain 

sequential dependency essential for reinforcement learning. This structured dataset enabled a comprehensive 

assessment of stability performance, cybersecurity resilience, convergence behavior, and interpretability metrics under 

fluctuating grid conditions. 

 

Figure 3: Comparative Evaluation of Proposed Explainable DRL with Prior Models 

Figure 3 presents a dual graphical comparison illustrating the operational superiority of the proposed Explainable 

Deep Reinforcement Learning framework over conventional control and learning-based approaches. The left subplot 

depicts the voltage stability index progression across training episodes, while the right subplot represents anomaly 

detection performance in terms of true positive rate against false positive rate. 

In the voltage stability graph, the proposed Explainable DRL model demonstrates a steeper and more consistent 

convergence trajectory compared to the neural network controller, cascade machine learning model, and conventional 

DRL. During the initial episodes, all models exhibit rapid performance improvement due to exploration-driven 

learning; however, the proposed framework stabilizes at a higher stability index and achieves convergence earlier. This 

indicates that the hybrid reward engineering and double-network stabilization mechanism effectively guide the agent 

toward optimal long-term control policies. The marginal performance gap between conventional DRL and the 

explainable version highlights that embedding attention mechanisms does not degrade learning efficiency. Instead, the 

attention-guided feature weighting enhances the model’s ability to prioritize critical grid parameters such as voltage 
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deviation and load imbalance, thereby accelerating policy refinement. The anomaly detection graph further reinforces 

the robustness of the proposed framework. For equivalent false positive rates, the Explainable DRL consistently 

achieves higher true positive detection rates. This suggests improved discrimination capability in distinguishing 

legitimate operational disturbances from malicious or anomalous events. The smoother curve of the proposed model 

indicates stable decision boundaries and reduced variance across test samples. In contrast, traditional neural controllers 

show slower improvement and comparatively higher misclassification rates, reflecting their limited adaptability in 

dynamic cyber–physical environments. 

A critical observation from the graphical trends is the balanced performance across both physical stability and 

cybersecurity metrics. Unlike purely classification-based models that optimize detection accuracy alone, the proposed 

framework maintains system stability while mitigating anomalies. The convergence characteristics demonstrate that 

interpretability integration does not introduce instability or oscillatory learning patterns. Instead, attention-driven 

explanations appear to contribute indirectly to performance consistency by structuring internal feature representations. 

Overall, the graphical evidence confirms that the Explainable DRL framework achieves superior convergence speed, 

enhanced voltage stability regulation, and improved anomaly detection accuracy. The figure substantiates the claim 

that interpretability-enhanced reinforcement learning is not merely a transparency add-on but a structural enhancement 

that strengthens adaptive control performance in smart grid systems. 

The first dimension of analysis concerns voltage stability enhancement. Stability performance was quantified using a 

normalized stability index derived from damping ratio and voltage deviation metrics. The proposed Explainable DRL 

model achieved an average stability index of 0.96, compared with 0.92 for conventional DRL and 0.89 for cascade 

machine learning approaches. This improvement is analytically significant because reinforcement learning optimizes 

long-term cumulative reward rather than static classification accuracy. The embedded attention mechanism further 

refines decision boundaries by emphasizing state variables that exhibit strong correlation with voltage collapse 

precursors. Sensitivity testing under high renewable penetration scenarios demonstrated that the proposed model 

maintained voltage deviation within ±2.1%, whereas comparative models exceeded ±3.4% under identical 

disturbances. This indicates improved robustness under stochastic generation variability. 

The second analytical dimension involves cybersecurity and anomaly detection performance. The dataset incorporated 

controlled cyber-attack injections such as false data injection and denial-of-service patterns affecting IoT 

communication streams. Detection accuracy reached 95.8% for the proposed framework, outperforming conventional 

DRL (91.3%) and neural controllers (82.4%). The improvement arises from the hybrid reward structure that penalizes 

both physical instability and cyber anomaly persistence. Unlike purely supervised classifiers, the reinforcement 

learning agent adapts its response strategy dynamically after each intrusion event. Furthermore, confusion matrix 

analysis revealed a substantial reduction in false negatives, which is critical in safety-sensitive power systems. The 

explainability module identified anomaly score, packet delay, and sudden frequency deviation as dominant decision 

drivers during attack episodes, validating the internal reasoning mechanism. 

Convergence behavior constitutes the third analytical component. The average convergence time for policy 

stabilization was approximately 10.1 seconds per episode during training, compared to 12.4 seconds for conventional 

DRL and over 15 seconds for neural network controllers. Although training complexity is higher due to attention 

layers, the optimized policy stabilizes more rapidly in deployment scenarios. This is attributed to experience replay 

efficiency and double-network stabilization techniques. A critical observation is that explainability integration did not 

degrade convergence stability, countering common assumptions that interpretability layers introduce excessive 

computational overhead. 

Energy efficiency and operational cost optimization were also examined. The cumulative energy loss reduction over 

the testing horizon showed a 6.3% improvement compared with cascade ML approaches. Renewable utilization 

efficiency improved by 4.8%, demonstrating the capability of the reward function to balance stability and efficiency 

simultaneously. Analytical decomposition of the reward components indicated that adaptive weighting during peak 

load conditions prevented excessive load shedding, thereby preserving service continuity. 
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The interpretability performance was quantified using an entropy-based explainability score. The proposed framework 

achieved a high interpretability rating due to concentrated attention distributions over critical features. When high-

importance features were masked experimentally, system performance degraded by nearly 11%, confirming the causal 

significance of the explanation outputs. In contrast, conventional DRL exhibited diffuse feature influence without 

consistent attribution patterns, highlighting its black-box limitation. To further validate robustness, stress-testing 

experiments were conducted under extreme load surges and coordinated cyber intrusions. The proposed system 

maintained operational stability in 93% of stress scenarios, compared with 85% for standard DRL and 78% for 

cascade ML models. These findings demonstrate that embedding explainability contributes indirectly to resilience by 

enabling more consistent policy generalization. 

Despite these promising results, certain limitations must be acknowledged. The computational burden during training 

is higher due to attention-based explanation layers, and large-scale real-time deployment may require distributed edge 

acceleration. Additionally, the present evaluation relies on simulated data; real-world grid deployment may introduce 

unforeseen nonlinearities. Integration of advanced meta-heuristic optimization strategies, such as those proposed in 

Dutta et al. [9], could further enhance hyperparameter tuning efficiency and reward weight optimization, thereby 

improving global optimality and scalability. 

Overall, the analytical evaluation confirms that the proposed Explainable DRL framework delivers superior stability, 

enhanced cybersecurity resilience, faster convergence, and meaningful interpretability. The results substantiate that 

explainability is not merely an auxiliary feature but a functional enhancement that strengthens adaptive smart grid 

control performance. 

5. Conclusion 

In conclusion, this research demonstrates that embedding attention-based explainability within a deep reinforcement 

learning architecture transforms smart grid control from a reactive black-box optimizer into a transparent, trust-centric, 

and resilience-driven decision ecosystem. Quantitatively, the proposed framework achieved a stability index 

improvement of nearly 4% over conventional DRL and more than 8% over neural controllers, enhanced anomaly 

detection accuracy by approximately 4–13% across comparative baselines, and reduced convergence time by nearly 

18% relative to traditional learning models. Qualitatively, the integration of intrinsic interpretability enabled causal 

feature attribution, strengthened operator confidence, and ensured regulatory alignment in safety-critical infrastructure. 

Figuratively, the model functions not merely as an automated controller but as an intelligent guardian of the grid, 

continuously learning, explaining, and adapting under uncertainty. The analytical evidence confirms that explainability 

is not an auxiliary enhancement but a structural reinforcement that improves robustness, generalization, and 

operational accountability. Future work will extend this framework toward large-scale real-time deployment through 

hardware-in-the-loop experimentation and meta-heuristic-assisted global optimization to further elevate performance, 

scalability, and energy efficiency. 
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