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 The evolution of decentralized power grids has increased the complexity of 

power-quality monitoring, particularly harmonic fingerprinting and voltage 

sag diagnosis. Artificial intelligence improves disturbance detection and 

classification, yet black-box models limit transparency, engineering 

validation, and operator trust. This review synthesizes 108 selected studies 

on explainable artificial intelligence (XAI) for power-system diagnostics, 

focusing on SHapley Additive exPlanations (SHAP), local interpretable 

model-agnostic explanations (LIME), attention-based interpretability, 

visual analytics, and physics-informed learning. The review integrates 

harmonic fingerprinting with voltage sag diagnosis through their shared 

requirements for source attribution, temporal interpretation, physical 

consistency, and operator-oriented explanation. Four major deployment 

gaps are identified: data quality, computational latency, physical grounding, 

and trustworthiness. Future priorities include real-time embedded XAI, 

physics-informed neural networks, federated learning, standardized 

trustworthiness metrics, and adaptive model lifecycle management. The 

findings indicate that reliable autonomous diagnosis requires explainability 

to be integrated with predictive performance, electrical-system physics, 

computational efficiency, and field validation. This integration provides a 

stronger foundation for transparent, resilient, and trustworthy diagnostic 

systems in decentralized power grids. 
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1. INTRODUCTION 

The increasing penetration of renewable energy sources, inverter-based resources, electric vehicles, 

and distributed generation has changed the behaviour of decentralized power grids. These developments 

introduce bidirectional power flow, nonlinear operating conditions, variable grid topology, and complex 

power-quality disturbances [1], [2]. Harmonic distortion and voltage sag remain important concerns because 

they affect equipment performance, protection reliability, grid stability, and operational continuity [3], [4]. 

Artificial intelligence and machine learning have improved disturbance detection, classification, and source 
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localization [5], [6]. Yet many advanced models remain difficult to interpret, limiting operator trust, technical 

validation, and practical deployment in critical electrical infrastructure [7], [8]. Explainable artificial 

intelligence (XAI) addresses this limitation by linking model predictions with interpretable evidence such as 

feature importance, temporal relevance, spectral contribution, and physical operating conditions [9], [10]. 

Harmonic fingerprinting and voltage sag diagnosis share common requirements for source 

attribution, temporal interpretation, physical consistency, and operator-oriented explanation [11], [12]. 

Existing studies report strong diagnostic performance, yet persistent limitations remain in dataset quality, 

validation consistency, computational burden, reproducibility, and physical grounding [13]–[15]. Existing 

reviews also tend to examine XAI, harmonic analysis, and voltage sag diagnosis as separate research streams, 

leaving limited synthesis of their shared diagnostic requirements in decentralized grids. This review addresses 

this gap through three contributions. First, it integrates XAI developments across harmonic fingerprinting and 

voltage sag diagnosis within a common power-system context. Second, it critically compares explainability 

methods according to interpretability, computational requirements, physical consistency, and deployment 

relevance. Third, it identifies technical gaps and future priorities involving real-time XAI, physics-informed 

learning, federated intelligence, trustworthiness metrics, and adaptive operation. 

To improve the transparency of the review process, relevant literature was identified from Scopus, 

Web of Science, IEEE Xplore, and ScienceDirect. The primary search covered publications from January 

2018 to June 2026, while earlier seminal studies were retained where they provided fundamental concepts or 

established diagnostic methods. Search terms combined “explainable artificial intelligence”, “XAI”, 

“harmonic fingerprinting”, “harmonic source identification”, “voltage sag diagnosis”, “power quality 

disturbance”, “decentralized grid”, “microgrid”, “SHAP”, “LIME”, “physics-informed neural network”, and 

“interpretable machine learning”. Boolean combinations of these terms were applied to identify studies related 

to explainable power-system diagnostics. Articles were screened according to relevance to harmonic or 

voltage-sag analysis, methodological clarity, diagnostic contribution, explainability, physical interpretation, 

applicability to decentralized power systems. Peer-reviewed journal articles and conference papers were 

prioritized. Duplicate records, unrelated AI applications, studies without sufficient technical relevance, non-

substantive publications were excluded. Earlier established works were retained where necessary to preserve 

the technical development of the field. This structured approach provides a focused basis for examining 

current XAI trends, technical limitations, comparative research evidence, and future research priorities for 

harmonic fingerprinting and voltage sag diagnosis in decentralized power grids. 

 

 

2. CURRENT TREND IN XAI POWER SYSTEM 

Current trends in explainable artificial intelligence for power systems show a transition from opaque 

predictive models toward diagnostic architectures that expose how individual electrical variables influence 

model decisions. This development is important in decentralized grids where renewable generation, inverter-

based resources, bidirectional power flow, and changing operating conditions increase the complexity of 

harmonic fingerprinting and voltage sag diagnosis [16]–[22]. Figure 1 organizes current XAI techniques 

according to explanation scope, model dependence, and application level. At the highest level, the taxonomy 

separates global interpretability, which explains overall model behaviour, from local interpretability, which 

explains individual predictions. It then distinguishes model-agnostic post-hoc approaches such as partial 

dependence, accumulated local effects, surrogate models, SHAP, LIME, and counterfactual explanations 

from model-specific intrinsic approaches such as tree-based models, attention mechanisms, gradient methods, 

DeepLIFT, and layer-wise relevance propagation. 

The taxonomy also links these methods to power-system tasks such as visualizing network attention, 

identifying dominant features, decomposing voltage-sag signatures, sensitivity analysis, and classifying 

disturbances [23]–[37]. This structure shows that no single XAI method satisfies every engineering 

requirement. Global methods support model-level understanding, while local methods are more suitable for 

event-specific diagnosis. Model-agnostic techniques offer flexibility across architectures, while intrinsic 

methods provide closer integration with the predictive model. Figure 1 therefore provides the conceptual basis 

for evaluating XAI approaches according to interpretability, diagnostic usefulness, computational demand, 

and physical relevance in decentralized power-system applications. 
 

2.1.  The paradigm shift from black-box models to glass-box transparency 

The transition from black-box models to glass-box transparency reflects a major change in power-

system AI. Deep learning models have achieved high diagnostic accuracy, including reported fault-

classification performance of 98.7% [17]. Yet prediction accuracy alone is insufficient for decentralized grids 

where operators need to understand why a model identifies a disturbance, which electrical variables influence 

the result, whether the explanation remains consistent with physical system behaviour [16], [18]. This 
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requirement has increased interest in explainable and hybrid architectures that expose model reasoning instead 

of presenting only final classifications [19]. 

Current research therefore places greater emphasis on epistemic trust, explanation fidelity, and 

physical consistency [20]–[22]. A reliable XAI model should show that its prediction is driven by relevant 

voltage, current, harmonic, and temporal features rather than incidental correlations or noise. Explainability 

scores and trustworthiness metrics have emerged to assess whether model decisions remain stable, 

interpretable, and technically meaningful [22]. For harmonic fingerprinting and voltage sag diagnosis, this shift 

is important because the diagnostic explanation must support source identification, event interpretation, and 

operator action under changing grid conditions. 
 

 

 
 

Figure 1. Taxonomy of XAI techniques in power systems 
 

 

2.2.  Dominance of feature-level explanations: SHAP and LIME 

Feature-level explanation methods remain prominent in XAI-based power-system diagnostics because 

they translate complex model outputs into identifiable electrical variables. SHapley Additive exPlanations 

(SHAP) provides global and local feature attribution, while local interpretable model-agnostic explanations 

(LIME) focuses on local behaviour around individual predictions [23], [24]. In fault and power-quality 

applications, these methods identify influential variables such as voltage magnitude, current derivative, harmonic 

components, and disturbance duration [25]. Reported studies also demonstrate strong classification performance 

across several disturbance classes, including F1-scores approaching 0.99 in microgrid applications [26]. These 

values require interpretation within their respective datasets, operating conditions, and validation protocols. 

Figure 2 illustrates an XAI-enhanced voltage sag diagnosis pipeline from raw three-phase voltage-

current measurements to operator-oriented decision support. The sampled waveforms are normalized before a 

CNN-LSTM architecture extracts spatial-temporal features. SHAP or LIME then evaluates the model output 

to quantify the contribution of diagnostic variables. The illustrated local explanation identifies df/dt as the 

strongest trigger, followed by voltage magnitude and harmonic distortion. This explanation is subsequently 

translated into operator-understandable information for manual review or automated protection action. SHAP 

offers stronger consistency for feature attribution, while LIME provides computationally lighter local 

explanations [27], [28]. The pipeline therefore demonstrates how feature-level XAI links deep-learning 

predictions with engineering interpretation, root-cause confirmation, and protection decisions. 

 

2.3.  Attention-based interpretability and visual analytics 

Attention-based models offer a more intrinsic form of interpretability by identifying the signal regions 

that contribute most strongly to a prediction. Transformer and vision transformer architectures apply self-

attention to emphasize relevant temporal, spectral or spatial features within power-quality data [29], [30]. 

Reported studies show classification accuracy reaching 99.26% with optimized relevance maps, while 

spectrogram-based vision transformer approaches have achieved values up to 99.38% [31]–[33]. These results 

indicate strong diagnostic capability, although direct comparison remains inappropriate because datasets, 

disturbance classes, sampling conditions and validation protocols differ. 

Visual analytics further supports engineering interpretation through Grad-CAM, saliency maps, 

relevance maps and latent-space visualization [34]–[37]. For harmonic fingerprinting, these techniques reveal 

spectral regions associated with specific harmonic signatures. For voltage sag diagnosis, they highlight 
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temporal regions linked to event initiation, duration, and recovery. Their main advantage is the ability to present 

model reasoning in a form suitable for expert inspection. Limitations remain in noisy attention patterns, 

unstable visual explanations, and possible emphasis on features without physical significance. Reliable 

deployment therefore requires visual explanations to be validated against electrical-system behaviour rather 

than interpreted as direct evidence of causality. 
 

 

 
 

Figure 2. XAI-enhanced voltage SAG diagnosis pipeline 
 

 

2.4.  Convergence with decentralized grids and physics-informed AI 

The convergence of XAI with decentralized power grids increasingly focuses on physically 

constrained learning, especially under bidirectional power flow, inverter-dominated generation, and changing 

network topology [38], [39]. Harmonic fingerprinting in such systems requires more than identifying total 

harmonic distortion or spectral patterns. The diagnostic model must relate harmonic signatures to plausible 

electrical sources while respecting network laws and operating constraints [40], [41]. Physics-informed 

approaches address this issue by embedding Kirchhoff’s Current Law, Kirchhoff’s Voltage Law, line 

impedance, and related physical relationships into the learning process. This reduces the risk of statistically 

accurate outputs that remain physically inadmissible. 

Figure 3 illustrates this distinction between a standard data-driven neural network and a physics-

informed neural network framework. The conventional model processes voltage-current harmonic inputs 

without explicit physical constraints, allowing predictions to fall outside the physically admissible solution 

space. In contrast, the PINN combines harmonic data with grid-model constraints through a physics-informed 

loss function. Related studies demonstrate the value of interpretable analysis for examining power-system 

stability and identifying influential operating factors [42], [43]. In broader engineering applications, structured 

optimization through Taguchi analysis has also been applied to determine influential parameters affecting 

system stability [44]. These approaches reinforce the importance of systematic parameter assessment when 

developing technically reliable models. 
 

 

 
 

Figure 3. Physics-informed neural network (PINN) framework for harmonics 
 
 

The resulting physics-informed framework penalizes violations of governing electrical laws and 

directs predictions toward physically consistent operating conditions. Interpretable learning has also been 

extended to active corrective control in power systems, demonstrating its relevance to operational decision 
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support [45]. The integration of data-driven intelligence, physical constraints, and systematic parameter 

assessment therefore strengthens diagnostic credibility, robustness, and operational trust for harmonic 

fingerprinting and voltage sag diagnosis in decentralized power grids. 

 

 

3. CHALLENGES AND LIMITATIONS 

The deployment of explainable artificial intelligence for harmonic fingerprinting and voltage sag 

diagnosis faces interconnected technical, physical, data-related, and human-centred limitations. High-

performance deep-learning models often require complex architectures, extensive data processing, and post-

hoc explanation layers. These requirements increase computational latency, reduce transparency, and 

complicate real-time implementation in decentralized grids. Other persistent issues include limited real-world 

datasets, inconsistent disturbance labels, changing grid topology, weak reproducibility, and explanations that 

reflect statistical correlation rather than electrical causality. These limitations become critical when diagnostic 

outputs support protection, control, and service-continuity decisions. 

Figure 4 illustrates the trust-accuracy trade-off across different AI architectures. Conventional models 

occupy different positions between predictive accuracy and human-centric interpretability, while deeper CNN-

LSTM architectures increase model complexity but create a wider trust gap. The XAI-augmented pathway 

introduces an interpretability layer between predictive models and engineering users, aiming to preserve 

diagnostic accuracy while increasing explanation quality. The proposed XAI-CNN-LSTM position represents 

this balance by combining deep-learning performance with stronger interpretability. The figure therefore 

emphasizes a central challenge for XAI deployment: increasing transparency without degrading diagnostic 

performance, computational responsiveness, and engineering usefulness. The following subsections examine 

this challenge through data quality, real-time processing, physical consistency, trust, and standardization. 
 

 

 
 

Figure 4. The trust-accuracy trade-off and interpretability metrics 
 
 

3.1.  Data scarcity, quality, and labeling complexities 

A major limitation in XAI-based harmonic fingerprinting is the scarcity of high-quality, diverse, 

consistently labelled datasets [46]. Simulated data remain widely used because real measurements from 

decentralized grids are noisy, site-dependent, and difficult to generalize [47]. In photovoltaic installations, 

harmonic spectral patterns often require manual post-processing to separate background distortion from 

inverter-related components. High-resolution acquisition also creates practical constraints. Harmonic source 

localization across multiple feeders may require sampling rates above 28.8 kHz, increasing communication 

bandwidth, storage demand, and processing burden [48]. These conditions encourage localized data silos, 

limiting model transferability across different microgrids [49], [50]. 

Ground-truth labelling presents a second challenge. Harmonic distortion often results from multiple 

simultaneous sources, including nonlinear industrial loads, converters, and EV chargers [51]. This makes 

source attribution more difficult than discrete fault diagnosis. Overlapping signatures increase labelling 

uncertainty, while rare voltage sag events and resonance conditions create severe class imbalance [52]–[54]. 

These limitations affect both predictive accuracy and explanation reliability. An XAI model trained on 

incomplete or weakly labelled data may produce convincing feature attributions without reflecting the actual 

physical disturbance mechanism. Dataset diversity, transparent labelling procedures, and field validation 

therefore remain essential for reproducible and trustworthy diagnosis. 
 



Int J Appl Power Eng ISSN: 2252-8792  

 

Explainable AI for harmonic fingerprinting and voltage sag diagnosis in … (Mohd Hatta Jopri) 

1489 

3.2.  Technical limitations of XAI and real-time processing constraints 

The main technical limitation of XAI lies in the trade-off between predictive performance, explanation 

fidelity, and computational demand. Deep architectures such as Transformers and TCN-iTransformers capture 

nonlinear harmonic behaviour effectively, yet their complexity often requires post-hoc methods such as SHAP 

or LIME to explain individual predictions [55], [56]. These explanation layers introduce additional processing 

time. This becomes critical in voltage sag diagnosis because protection and control functions operate within 

short response windows, often within 3 to 10 cycles [57]. A model that produces an accurate diagnosis but 

generates its explanation too slowly offers limited value for real-time autonomous operation. 

Explanation fidelity also remains inconsistent. LIME is generally faster than SHAP, but local 

explanations may not represent the broader behaviour of the power system [58]. Both methods also face 

difficulty when applied to multivariate time-series containing coupled temporal and frequency-domain 

characteristics. Harmonic fingerprinting requires identification of when a disturbance emerges, which spectral 

components dominate, and how long the condition persists. Existing XAI methods often provide feature 

importance without sufficient temporal resolution [59], [60]. Future implementation therefore requires lighter 

explanation architectures, hardware-aware processing, and temporal attribution methods that preserve both 

diagnostic speed and engineering relevance. 

 

3.3.  The gap between AI logic and physical power system laws 

A critical limitation of current XAI frameworks is the gap between statistical model reasoning and  

the physical laws governing electrical networks. Most XAI methods explain correlations learned from  

data, but correlation does not establish electrical causality [61]. A model may associate a voltage deviation at 

one bus with a harmonic event while the actual source originates from a remote inverter-based resource  

or another nonlinear load [62]. Without physical constraints, explanations may appear mathematically 

consistent within the model while remaining inconsistent with network behaviour, power-flow relationships,  

circuit laws [63], [64]. More broadly, engineering studies have shown that measurable performance 

characteristics often exhibit identifiable correlations with underlying physical properties [65]. Physics-

informed approaches seek to reduce this gap by embedding electrical constraints into model development and 

interpretation [66]. This alignment is essential when diagnostic outputs are expected to support technically 

defensible decisions under complex and changing operating conditions. 

The challenge becomes greater in decentralized grids because bidirectional power flow, distributed 

generation, islanding, and network reconfiguration continuously alter system topology [67], [68]. Explanations 

developed under a fixed topology may lose validity after reconfiguration, reducing operator trust and diagnostic 

reliability [69], [70]. Reliable XAI therefore requires closer alignment between learned model behaviour and 

physically consistent power-system conditions, supported by validation across multiple operating scenarios 

and network configurations. 
 

3.4.  Human-centric challenges: trust, bias, and standardization 

Human-centred limitations remain a major barrier to the practical adoption of XAI in power-system 

diagnostics. There is no widely accepted standard defining what constitutes a useful explanation for power 

engineers [71]. A numerical feature attribution or SHAP value may satisfy a data-science requirement, yet it 

offers limited value if the operator cannot relate it to a protection action, disturbance source, or operating risk 

[72]. This gap complicates comparison between XAI methods because interpretability, stability, robustness, 

and engineering relevance are assessed using different criteria [73]. 

Trust is also affected by cognitive bias. Automation bias may lead operators to accept plausible  

but incorrect explanations, while skepticism bias may cause rejection of valid recommendations when 

explanations appear too complex or unfamiliar [74], [75]. Visual and feature-attribution methods may 

emphasize unstable or less relevant signal regions when input measurements are noisy, incomplete, or weakly 

informative [76], [77]. These risks become more serious in autonomous systems where explanations influence 

switching, protection, and corrective control. The absence of mature accountability frameworks further limits 

deployment because responsibility for incorrect AI-supported decisions remains unclear [78], [79]. 

Standardized explainability metrics, operator-oriented interfaces, and validation against engineering judgement 

are therefore required to support trustworthy XAI implementation. 
 

3.5.  Summary of key limitations 

The reviewed literature identifies four persistent barriers to trustworthy XAI deployment in 

decentralized power grids. The data gap arises from limited real-world measurements, inconsistent labels, and 

class imbalance [79], [80]. The computational gap reflects latency from post-hoc explanations in time-critical 

voltage sag diagnosis [81], [82]. The physical gap concerns explanations that lack clear consistency with 

electrical causality, network topology, and governing laws [83], [84]. The trust gap results from inconsistent 

interpretability metrics, operator bias, and limited standardization [85], [86]. Addressing these barriers requires 
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efficient, physics-informed, field-validated XAI frameworks that support reliable harmonic fingerprinting and 

voltage sag diagnosis. 
 
 

4. COMPARISON OF PAST RESEARCH 

Past research shows a clear progression from high-accuracy diagnostic models toward explainable, 

physics-aware approaches. Mohammadi et al. [52] reported strong voltage sag source detection performance, 

while Balouji et al. [48] applied high-resolution sampling with attention-LSTM for harmonic localization. 

Yao et al. [68] extended this direction to bidirectional microgrid conditions using a two-stage spatio-temporal 

approach. Explainability was later strengthened through CNN-LSTM with SHAP [17], formal explainability 

metrics [8], transformer relevance maps [22], and LSTM-SHAP disturbance classification [87]. More recent 

studies have placed greater emphasis on physical consistency and operational interpretation through epistemically 

informed harmonic analysis [20], TCN-iTransformer modelling [56], and LIME-based voltage stability analysis 

[28]. Reported performance values should not be interpreted as direct comparisons because the studies employ 

different datasets, disturbance classes, sampling conditions, grid configurations, and validation procedures. 

Conventional signal-processing and hybrid approaches remain relevant despite the increasing use of 

XAI. Time-frequency analysis, wavelet-based methods, and engineered electrical features provide deterministic 

representations with lower computational complexity for disturbance detection and embedded implementation 

[13], [26]. Hybrid architectures that combine physically meaningful signal features with machine learning 

therefore remain valuable when interpretability, computational efficiency, and real-time operation are prioritized. 

Table 1 (see Appendix) [8], [12], [17], [20], [22], [28], [48], [52], [56], [68], [87] presents ten 

representative studies selected to illustrate the major methodological trajectories in XAI-based harmonic 

fingerprinting and voltage sag diagnosis. These studies do not represent the entire evidence base but provide a 

focused comparison of dominant techniques, key innovations, current limitations, and future research 

directions across the field. The comparison shows that predictive accuracy alone does not resolve the main 

barriers to practical deployment. Computational complexity remains significant for advanced architectures 

[17], [56], while generalization across grid configurations remains insufficiently demonstrated [68], [87]. 

Explanation reliability and robustness also require stronger validation [8], [22]. High-resolution harmonic 

monitoring introduces substantial data acquisition, storage, and communication requirements [48], while 

physics-aware approaches remain difficult to scale across complex decentralized networks [20]. The 

comparative evidence therefore indicates a shift from accuracy-centred evaluation toward interpretability, 

reproducibility, physical consistency, real-time suitability, and deployment readiness [28], [52]. 

The reviewed studies use simulated, laboratory and field datasets with varying sampling rates, features, 

disturbance classes, validation protocols and grid configurations. These differences limit reproducibility and direct 

comparison. Practical deployment therefore requires cross-site validation, independent replication, hardware-in-

the-loop testing and field evaluation. Trustworthy diagnosis ultimately depends on balancing predictive 

performance, explainability, physical consistency, computational efficiency, and real-world validation. 
 

 

5. FUTURE PERSPECTIVE AND RESEARCH DIRECTIONS 

Future research should prioritize real-time embedded XAI with lower computational latency [88]–[91], 

stronger physics-informed constraints [92]–[96], federated learning for decentralized data [97], [98], and 

standardized trustworthiness metrics [99], [100]. Adaptive updating, recalibration, topology changes and 

concept drift also require attention throughout the model lifecycle. Human-AI interfaces should translate 

explanations into operator-relevant information [101], [102]. Future systems should also support resilience and 

service continuity during islanding, abnormal operating conditions, network reconfiguration and degraded 

communication environments. 
 

5.1.  Development of real-time and embedded XAI architectures 

Real-time deployment remains constrained by the computational overhead of post-hoc methods such 

as SHAP and LIME [88], [89]. Protection-oriented applications require explanations within short operating 

windows, making latency a critical design requirement [90]. Future work should therefore focus on intrinsically 

interpretable models, lightweight XAI modules, hardware acceleration, edge deployment through micro-PMUs 

or smart inverters [91]. Knowledge distillation also offers a practical route for transferring complex model 

behaviour into smaller architectures suitable for real-time harmonic fingerprinting and voltage sag diagnosis. 
 

5.2.  Advanced fusion of physics-informed neural networks with XAI 

Future XAI frameworks should integrate physics-informed neural networks to reduce the gap between 

statistical correlation and electrical causality [92]. Embedding Kirchhoff’s laws, energy conservation, and grid-

topology constraints within the learning process helps ensure model explanations remain physically admissible 
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[93], [94]. This approach is especially relevant for harmonic source identification in PV-rich decentralized 

grids, where overlapping distortion sources complicate diagnosis [95], [96]. The main research priority is 

therefore to combine explainability with scalable physics-based constraints without imposing excessive 

computational complexity. 
 

5.3.  Decentralized federated learning and data privacy 

Federated learning supports collaborative model development across decentralized grids without 

sharing raw operational data [50], [97]. Figure 5 illustrates local harmonic data processed through edge PINN 

models, where physical constraints and XAI explanations are retained at each site. Only masked model updates 

are exchanged with the central aggregator, supporting data sovereignty while improving cross-site learning 

[98]. Future work should strengthen reproducibility through common aggregation protocols, independent 

multi-site validation, and consistent explainability assessment. The model lifecycle should also include 

periodic updating, recalibration, and drift monitoring as grid topology or operating conditions change. 
 

5.4.  Standardization of trustworthiness metrics and human-AI interfaces 

Standardized trustworthiness metrics are required before XAI becomes suitable for utility-grade 

deployment [99]. Future evaluation should measure explanation clarity, stability, fidelity, robustness, and 

engineering relevance rather than predictive accuracy alone [100]. Human-AI interfaces should also translate 

complex outputs such as SHAP values, attention maps, and latent-space features into actionable information 

for grid operators [101], [102]. This is especially important for harmonic fingerprinting and voltage sag 

diagnosis, where explanations must support rapid engineering judgement, reduce automation bias, and remain 

meaningful under changing operating conditions. 
 
 

 
 

Figure 5. Decentralized federated XAI architecture 
 

 

6. RESULTS AND DISCUSSION 

The reviewed literature demonstrates a clear transition from accuracy-driven black-box models 

toward explainable and physics-aware diagnostic systems for decentralized power grids [17], [20], [22].  

CNN-LSTM models support high diagnostic performance with feature-level explanation through SHAP [17], 

while Transformer-based approaches use relevance mapping and attention mechanisms to expose influential 

signal regions [22]. Harmonic localization studies demonstrate the value of high-resolution measurements for 

feeder-level diagnosis [48], whereas machine-learning methods support voltage sag source detection under 

different operating conditions [52]. Reported performance values should be interpreted within each study's 

dataset, disturbance classes, sampling conditions, and validation procedures rather than as direct numerical  

comparisons [22], [48], [52]. 

The evidence also shows that diagnostic performance alone is insufficient for engineering use. 

Epistemically informed harmonic analysis emphasizes the need to relate model outputs to physically meaningful 

electrical behaviour [20], while explainable voltage-stability analysis links interpretable features with preventive 

control decisions [28]. Advanced architectures such as TCN-iTransformer improve modelling capability but 

introduce higher computational complexity [56]. LSTM-SHAP approaches further illustrate the trade-off between 

classification performance and explanation overhead [87]. These findings support evaluation frameworks that 

consider prediction quality, explanation fidelity, and operational relevance together [8], [28], [87]. 

Harmonic fingerprinting and voltage sag diagnosis share several diagnostic requirements.  

Harmonic source localization depends on reliable attribution when multiple sources overlap or network 

conditions change [48], [70], while voltage sag diagnosis requires robust identification of event origin and 
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propagation [52], [67], [68]. Both applications also require temporal interpretation, physical consistency, and 

explanations that support engineering judgement [20], [28], [71]–[73]. These common requirements support 

their treatment within a unified XAI diagnostic perspective rather than as isolated application domains. 

Physics-informed XAI provides a direct route for reducing the gap between statistical association and 

electrical causality. Explainable graph-based methods incorporate power-system structure into diagnostic 

reasoning [92], while physics-informed machine-learning frameworks embed system constraints and 

trustworthiness principles into power-system analysis [93]. Studies on physics-informed neural networks 

identify both technical potential and present limitations for smart-grid applications [94]. Data-mechanism 

fusion has been applied to harmonic source localization [95] While hybrid deep-learning frameworks have 

been proposed for photovoltaic harmonic source identification [96]. Collectively, this evidence supports closer 

alignment between model explanations, network topology, and governing electrical relationships [92]–[96]. 

Federated learning provides a complementary pathway for decentralized implementation. Survey evidence 

shows that distributed smart-grid sites can support collaborative model development without centralized collection 

of raw operational data [50]. Federated learning combined with attention-based deep learning and XAI has been 

investigated for secure and interpretable smart-grid load forecasting [97]. Edge-based federated learning also 

demonstrates distributed implementation potential for energy applications such as non-intrusive load monitoring 

[98]. For power-quality diagnosis, practical value will depend on consistent aggregation protocols, cross-site 

validation, privacy protection, and stable explanation quality under changing grid conditions [50], [97], [98]. 

Four deployment gaps remain prominent across the reviewed literature. The data gap reflects limited 

real-world measurements, inconsistent labels, and class imbalance [79], [80]. The computational gap arises 

from the processing burden associated with advanced models and explanation methods [81], [82].  

The physical gap concerns weak alignment between learned model reasoning and actual electrical-system 

behaviour [83], [84]. The trust gap involves inconsistent explainability metrics, operator confidence, and 

limited standardization [85], [86]. Deployment readiness should therefore be assessed through predictive 

performance, explanation quality, physical validity, computational efficiency, and field validation [79]–[86]. 

Broader smart-grid studies reinforce these findings. Predictive electricity-management platforms show 

the expanding role of AI in operational energy decision support [103], while XAI-based smart-grid stability 

assessment demonstrates the value of interpretable models for identifying factors associated with system stability 

[104]. Reviews of AI techniques for photovoltaic systems stress systematic evaluation and benchmarking across 

operating conditions [105]. Research on explainability in knowledge-based and machine-learning smart-grid 

models further highlights transparent reasoning as an important requirement for dependable decision support [106]. 

Digital-twin research extends the discussion from isolated diagnostic models toward adaptive grid 

representations. Reinforcement-learning-based digital twins have been investigated for extracting network structures 

and load patterns in distribution-system planning and operation [107]. Explainable, interpretable, and trustworthy AI 

has also been examined within digital-twin environments to improve transparency and lifecycle reliability [108]. 

These developments indicate that future XAI-based power-quality diagnosis should interact with wider digital-grid 

architectures capable of updating system representations as operating conditions evolve [107], [108]. 

Future research should prioritize lightweight and embedded XAI for time-critical operation [88]–[91], 

stronger integration between explainability and physics-informed learning [92]–[96], federated intelligence for 

distributed learning and data privacy [97], [98], standardized trustworthiness metrics [99], [100], and operator-

oriented interfaces [101], [102]. These priorities address complementary requirements for speed, physical 

credibility, distributed operation, and human interpretation. Despite substantial progress, much of the current 

evidence still comes from controlled, simulated, or limited validation settings [88], [94]. Stronger cross-site 

validation, real-time evaluation, topology adaptation, operator interaction, and long-term reliability assessment 

are therefore required before XAI-based power-quality diagnosis can be regarded as deployment-ready for real 

decentralized grids [47], [83], [94]. 
 

 

7. CONCLUSION 

This review examined the development of explainable artificial intelligence for harmonic 

fingerprinting and voltage sag diagnosis in decentralized power grids. The findings show a clear transition 

from black-box prediction toward diagnostic approaches that place greater emphasis on transparency, 

engineering interpretation, physical consistency, and operator trust. A central finding is that harmonic 

fingerprinting and voltage sag diagnosis share several common diagnostic requirements. Both require reliable 

source attribution, temporal interpretation, physically meaningful reasoning, and clear operator-oriented 

explanation. This commonality supports their integration within a unified XAI perspective rather than treating 

them as isolated diagnostic problems. 

The review also identifies four major barriers to practical deployment: data quality, computational 

latency, physical grounding, and trustworthiness. Despite strong progress at the model-development level, 
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evidence of deployment readiness in real decentralized grids remains limited. Current studies still require 

stronger cross-site validation, real-time evaluation, topology adaptation, operator interaction, and long-term 

reliability assessment. Physics-informed XAI provides a promising direction because it strengthens the 

relationship between model reasoning and electrical laws. Federated learning also supports decentralized 

intelligence by enabling collaborative model development without direct exchange of raw operational data. 

Standardized trustworthiness metrics and operator-centred interfaces remain equally important for consistent 

engineering use. The main contribution of this review is the integration of harmonic fingerprinting and voltage 

sag diagnosis within a common explainable diagnostic framework. It also identifies the technical and operational 

priorities required for future XAI systems, including real-time capability, physical consistency, adaptive model 

management, distributed learning and field validation. These priorities provide a clearer pathway toward 

transparent, reliable and deployment-ready power-quality diagnostic systems for decentralized grids. 
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APPENDIX 
 

 

Table 1. Comparison table: key research features, innovations, and future trajectories 
Study Core technique Best feature/innovation Current limitations Future research directions 

[56] TCN-

iTransformer 

Dynamic global attention for 

harmonic flows in power-
electronic grids [56]. 

High computational complexity of the 

iTransformer architecture for very long 
time-series sequences [56]. 

Optimization for real-time edge 

computing and low-latency parameter 
identification. 

[17] CNN-LSTM + 

SHAP 

High-precision fault detection 

(98.7%) with feature-level 

transparency [17]. 

SHAP's post-hoc nature introduces 

significant computational overhead 

during real-time fault events [12], [17]. 

Integration with embedded real-time 

monitoring systems and hardware 

acceleration. 

[8] XAI Metrics Introduction of a formal 

"explainability score" to measure 

model trust [8]. 

Metric validation is primarily 

theoretical and lacks testing on large-

scale utility datasets [8]. 

Developing standardized, industry-wide 

benchmarks for quantifying explanation 

robustness. 

[20] Epistemic 
Fusion 

Enforces KCL/KVL constraints 
to align AI logic with physical 

laws [20]. 

High mathematical complexity when 
defining constraints for large, non-

linear hybrid microgrids [20]. 

Scalable physics-informed solvers for 
complex, multi-agent decentralized 

systems. 

[22] Relevance Maps Uses Transformer attention to 

increase accuracy to 99.26% 

[22]. 

Attention maps can be noisy or 

misleading if the input signal contains 

high background distortion [22]. 

Improving the robustness of visual 

maps against signal noise and sensor 

inaccuracies. 

[48] Attention-

LSTM 

High-resolution sampling 

(28.8kHz) for precise feeder-

level localization [48]. 

Extremely high data storage and 

transmission requirements for utility-

wide deployment [48]. 

Exploring compressed sensing 

techniques for high-resolution harmonic 

monitoring. 
[87] LSTM + SHAP Automated classification of 8 

disturbance types with 0.99 F1-

score [87]. 

Model generalizability to diverse 

microgrid topologies remains largely 

untested [87]. 

Cross-domain transfer learning for 

standardized deployment across 

different bus configurations. 

[28] LIME / SHAP Identification of instability 

drivers for real-time preventive 

control [28]. 

Local explanations may fail to capture 

complex, global system-wide stability 

interactions [28]. 

Multi-level stability explanation 

frameworks that bridge local and global 

grid insights. 

[68] Two-Stage 
STGCN 

Robust localization in microgrids 
with bidirectional energy flows 

[68]. 

Requires extensive historical training 
data for accurate graph edge weights 

[68]. 

Zero-shot or few-shot learning for faster 
deployment in newly installed 

microgrids. 

[52] RF / 

Unsupervised 

Exceptional accuracy (99.84%) 

using hybrid supervised-

unsupervised learning [52]. 

The underlying logic remains a "black-

box," lacking explainability in the 

clustering phase [52]. 

Integrating SHAP or LIME specifically 

into the unsupervised clustering and 

detection stage. 
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