
     ISSN: 2096-3246 
Volume 58, Issue 01, 2026 

  

 
2968 

 
 

 

AI-BASED FAULT DETECTION AND PREDICTIVE MAINTENANCE IN SMART 
POWER DISTRIBUTION SYSTEMS 

 
Dr. Ravindra Mukund Malkar1, Laxman Baburao Abhang2, Niran I R3 

1Assistant Professor, Department of Electrical Engineering, DKTE Society's Textile and 
Engineering Institute, Ichalkaranji, Maharashtra, India, rmmalkar@dkte.ac.in 

2Assistant. Professor, Automation and Robotics Engineering, Pravara Rural Engineering College, 
Loni, Ahmednagar, Maharashtra, abhanglb@yahoo.co.in 

3ME Manufacturing student, Department Of Mechanical Engineering, Sathyam college of 
engineering, Thrissur, Nattika Kerala, niraniyyani@gmail.com 

  
Abstract: AI-based fault detection and predictive maintenance have emerged as transformative 
technologies in modern smart power distribution systems by enabling real-time monitoring, 
intelligent fault classification, and proactive asset health assessment across distributed electrical 
infrastructures. As distribution networks become increasingly digitalized through IoT sensors, 
phasor measurement units, smart meters, and advanced automation, traditional rule-based and 
periodic maintenance approaches fail to address the rising complexity, dynamic load behavior, and 
nonlinear fault characteristics of modern grids. Artificial intelligence, deep learning, and edge-cloud 
analytics offer a scalable and data-driven solution for detecting incipient faults, analyzing transient 
disturbances, and predicting equipment degradation before critical failures occur. The increasing 
availability of high-frequency electrical signals, asset condition parameters, and historical 
maintenance logs has accelerated the demand for intelligent systems capable of integrating 
heterogeneous grid data for early warning and reliability optimization. This paper presents an AI-
driven predictive maintenance framework that leverages hybrid deep learning architectures, multi-
sensor grid data, and edge-enhanced anomaly detection to support real-time fault localization, 
equipment health forecasting, and operational decision-making. The study evaluates system 
performance, detection accuracy, computational efficiency, and predictive reliability across diverse 
distribution scenarios, emphasizing the role of AI as a foundational technology for next-generation 
smart power distribution systems. 
Keywords: AI-Based Fault Detection, Predictive Maintenance, Smart Power Distribution Systems, 
Deep Learning, Grid Condition Monitoring 
I. INTRODUCTION 
The rapid digital transformation of modern power systems has fundamentally reshaped the 
operational landscape of distribution networks, creating an environment where real-time intelligence, 
automated decision-making, and predictive asset management have become essential requirements 
for ensuring uninterrupted, stable, and high-quality electrical power delivery. Smart power 
distribution systems integrate advanced sensors, Internet of Things (IoT) devices, Phasor 
Measurement Units (PMUs), smart meters, and intelligent electronic devices that continuously 
generate massive volumes of heterogeneous electrical data reflecting grid behavior, equipment 
health, and system disturbances. These data streams capture transient events, harmonic distortions, 
thermal variations, loading patterns, insulation degradation, and early signatures of equipment 
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fatigue. While conventional protection and maintenance strategies such as threshold-based relays, 
SCADA-driven supervisory monitoring, and time-scheduled preventive maintenance have been 
historically adequate for traditional, static grid infrastructures, they are increasingly inadequate in 
the context of modern decentralized, high-demand, and dynamically varying distribution networks. 
Traditional methods often fail to detect evolving weak signals that precede catastrophic faults, 
struggle to classify nonlinear electrical disturbances, and lack the analytical capability to predict asset 
failure with sufficient lead time for corrective action. These limitations are particularly critical as 
smart distribution systems incorporate distributed renewable energy sources, electric vehicle 
charging infrastructure, bi-directional power flows, and rapidly fluctuating loads all of which 
introduce additional complexity, instability, and uncertainty into the grid’s operational behavior. 
Consequently, there is a growing need for intelligent systems capable of analyzing large-scale grid 
data, identifying incipient anomalies, and performing predictive diagnosis to ensure continuous and 
resilient system operation. 
Artificial intelligence (AI), machine learning (ML), and deep learning (DL) have emerged as 
powerful tools for addressing these challenges by enabling automated fault identification, intelligent 
disturbance classification, and predictive maintenance across heterogeneous distribution 
environments. By leveraging advanced pattern recognition capabilities, AI-based systems can extract 
meaningful insights from complex electrical waveforms, high-dimensional sensor data, and 
equipment monitoring parameters that traditional analytical models fail to interpret. Hybrid deep 
learning architectures such as Convolutional Neural Networks (CNNs), Long Short-Term Memory 
(LSTM) networks, autoencoders, and transformer-based models have demonstrated exceptional 
performance in learning both spatial and temporal characteristics of grid disturbances, allowing 
accurate differentiation between transient faults, permanent faults, high-impedance faults, and 
normal operating irregularities. Furthermore, the integration of edge computing enables low-latency, 
decentralized analysis directly at substations or field devices, improving real-time responsiveness 
while reducing communication overhead. These AI-driven predictive frameworks support 
Remaining Useful Life (RUL) estimation, early insulation degradation detection, thermal fault 
prediction, and transformer condition assessment, ultimately enabling utilities to strategically 
prioritize maintenance, reduce downtime, and allocate resources more efficiently. The convergence 
of AI, sensor-driven analytics, and cloud–edge computational architectures represents a 
transformative shift toward proactive, automated, and data-driven maintenance paradigms within 
smart power distribution systems. As reliability, resilience, and operational efficiency continue to be 
prioritized in modern power engineering, AI-based fault detection and predictive maintenance 
solutions are poised to become foundational technologies for ensuring the future stability and 
intelligence of next-generation electrical distribution networks. 
II. RELEATED WORKS 
Research on intelligent fault detection and predictive maintenance in power distribution systems has 
expanded rapidly, driven by the increasing integration of IoT sensors, advanced monitoring devices, 
and data-driven automation across modern smart grid infrastructures. Early fault diagnosis research 
relied on conventional signal-processing and machine learning techniques, where models were 
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trained on limited waveform datasets to classify fault types based on handcrafted features such as 
harmonic distortion, transient energy, and frequency components. Traditional approaches 
demonstrated meaningful progress in identifying symmetrical and asymmetrical faults, but they were 
constrained by their dependence on feature engineering and their inability to adapt to dynamically 
changing grid conditions [1]. These limitations became more pronounced as distribution networks 
grew more complex due to distributed energy resources, bidirectional power flows, and increased 
load uncertainties. Researchers further emphasized the need for data-driven predictive maintenance 
frameworks capable of detecting incipient failures in transformers, cables, and circuit breakers. 
While initial attempts incorporated statistical deterioration models, thermal aging curves, and 
physics-based reliability assessments, these methods lacked the flexibility to incorporate real-time 
condition monitoring data and could not reliably predict early-stage faults in nonlinear and 
nonstationary environments [2]. The emergence of smart metering, PMUs, and IoT-based sensor 
deployments enabled collection of high-resolution grid data, catalyzing a shift toward machine 
learning-enhanced predictive analytics. However, centralized training of such models raised 
concerns related to data heterogeneity, communication bottlenecks, and limited scalability when 
applied across extensive distribution networks [3]. These foundational constraints highlighted the 
need for more adaptive, scalable, and intelligent analytical techniques capable of capturing grid 
complexity while supporting real-time predictive maintenance. 
With the advancement of deep learning technologies, researchers began exploring neural network-
based architectures that could automatically extract relevant features from high-dimensional grid 
data without manual intervention. Convolutional Neural Networks (CNNs) emerged as a powerful 
tool for analyzing waveform patterns, enabling accurate classification of faults such as line-to-line, 
double line-to-ground, and high-impedance events using both time-domain and time–frequency 
representations [4]. Parallel developments in recurrent neural networks (RNNs), particularly Long 
Short-Term Memory (LSTM) models, facilitated the modeling of temporal dependencies, allowing 
more accurate predictions of transformer failures, cable degradation, and equipment thermal stress. 
Studies demonstrated that hybrid CNN–LSTM architectures outperform isolated models by 
combining spatial and temporal learning, thereby improving early detection of anomalies and 
reducing false alarms in complex power environments. Further research explored autoencoders for 
anomaly detection, generative models for synthetic data augmentation, and ensemble learning for 
robust multi-scenario fault classification [5]. Although deep learning significantly enhanced 
detection accuracy and adaptability, challenges persisted related to computational cost, real-time 
inference constraints, and difficulty in deploying centralized models within latency-sensitive grid 
operations. Additionally, the rise of distributed energy integration and the increasing diversity of 
monitoring devices introduced substantial data heterogeneity, making single-model approaches 
inadequate for ensuring consistent performance across varied grid conditions. Researchers therefore 
explored scalable architectures that integrated edge computing with cloud-based deep learning 
models, enabling low-latency detection at substations and high-level predictive analytics on cloud 
servers. Such distributed AI frameworks improved fault detection responsiveness, reduced 
communication overhead, and enhanced predictive maintenance capabilities across geographically 
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dispersed distribution assets. 
Recent studies have further advanced the field by incorporating multimodal data fusion, explainable 
AI (XAI), and advanced predictive maintenance strategies within smart grid environments. 
Multimodal deep learning architectures have been developed to integrate electrical waveform data, 
thermal sensor readings, vibration patterns, dissolved gas analysis (DGA), and environmental 
conditions to create holistic equipment-health assessment frameworks [6]. These models 
demonstrated improved Remaining Useful Life (RUL) prediction accuracy, enabling utilities to 
optimize maintenance schedules and extend asset lifespan. Researchers also emphasized the 
importance of interpretability in AI-driven fault diagnosis, introducing XAI methods such as saliency 
mapping and feature-attribution visualization to enhance trust in automated decision systems among 
grid operators [7]. Predictive maintenance frameworks incorporating reinforcement learning have 
shown potential in optimizing maintenance decisions based on real-time risk assessment and 
operational priorities [8]. Furthermore, digital twin technology has emerged as a promising direction, 
allowing real-time simulation of distribution components for improved predictive accuracy and 
scenario-based analysis [9]. Recent contributions also emphasize the integration of blockchain for 
secure data sharing, federated learning for decentralized model training, and edge–cloud 
orchestration for scalable, privacy-preserving predictive maintenance [10–15]. Collectively, the 
existing body of literature demonstrates significant progress in leveraging AI for intelligent fault 
detection and predictive maintenance. However, challenges remain in handling data imbalance, 
ensuring real-time model deployment, managing multi-source data heterogeneity, and achieving 
grid-wide scalability. These gaps motivate the development of the proposed AI-based predictive 
maintenance framework, which integrates hybrid deep learning, edge-enhanced processing, and 
intelligent grid analytics to achieve highly accurate, real-time, and scalable fault detection in modern 
smart power distribution systems. 
III. METHODOLOGY 
3.1 System Architecture Overview 
The system architecture is composed of three primary tiers: (i) Sensor Layer, (ii) Edge Processing 
Layer, and (iii) Cloud Intelligence Layer. 
The Sensor Layer captures high-frequency electrical signals and equipment health parameters. The 
Edge Layer performs preliminary anomaly detection, compression, and secure data routing. The 
Cloud Intelligence Layer executes deep-learning–based fault classification, degradation modeling, 
and maintenance scheduling. 
This tiered architecture ensures real-time responsiveness while handling large-scale data streams 
generated by smart meters, PMUs, and IoT sensors deployed across distribution substations [16]. 
3.2 Data Acquisition and Signal Collection 
Real-time data are sourced from current transformers (CTs), potential transformers (PTs), IoT 
thermal probes, vibration sensors, and oil-quality monitoring devices installed across critical assets 
such as transformers, feeders, and circuit breakers. The system collects parameters including current, 
voltage, frequency, harmonic distortion, temperature, dissolved gas concentrations, and mechanical 
vibration patterns. All sensors communicate using standardized protocols (IEC-61850, MQTT, 
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DNP3) to ensure interoperability in heterogeneous power distribution environments [17]. 
Data are stored in a time-synchronized format for downstream model training and evaluation. 
3.3 Signal Preprocessing and Feature Enhancement 
Raw electrical signals are often noisy due to switching transients, electromagnetic interference, and 
measurement distortions. To address this, the following preprocessing steps are applied: 

● Noise reduction using Discrete Wavelet Transform (DWT)  
● Normalization of magnitude variations  
● Segmentation of current–voltage waveforms into fixed-time windows  
● Extraction of harmonic, spectral, and time-frequency features  

Deep learning models also ingest raw waveform samples to enable end-to-end representation 
learning without manual feature engineering [18]. 

 
Table 1. Preprocessing and Signal Conditioning Procedures 
Step Technique Description 
1 Wavelet Denoising Removes high-frequency noise components 
2 Normalization Scales waveform amplitudes for stable training 
3 Segmentation Converts streaming data into model-ready 

batches 
4 Feature Mapping Generates harmonic & frequency-domain 

features 
3.4 Hybrid Deep Learning Model for Fault Detection 
To achieve robust fault detection, a hybrid CNN–LSTM architecture is implemented. The CNN 
layers capture local spatial patterns in waveform segments, while LSTM layers learn temporal 
evolutions across sequential time windows. 
This hybrid design enables the model to detect early-stage faults such as: 

● incipient transformer winding failure  
● cable insulation deterioration  
● intermittent arc faults  
● voltage sag precursors  

The hybrid model is trained using supervised learning with labeled datasets, including both real-
world fault logs and digital-twin–generated synthetic disturbances [19], [20]. 

 
Table 2. Hybrid CNN–LSTM Model Configuration 
Layer Type Parameters Output 
Conv1D 64 filters, kernel=3 Feature maps 
MaxPooling pool=2 Dimensionality reduction 
LSTM 128 units Temporal embeddings 
Dense Layer 64 units Final feature vector 
Softmax Class=Fault Types Fault classification 
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3.5 Predictive Maintenance & Asset Health Forecasting 
The predictive maintenance module uses LSTM-based forecasting and temporal degradation 
modeling to estimate Remaining Useful Life (RUL) of critical equipment. This module receives 
state-of-health (SoH) indicators from the fault detection engine and evaluates degradation trends 
under different loading conditions. 
Reinforcement learning (RL) algorithms are integrated to recommend optimal maintenance 
schedules, minimizing operational downtime while preventing preventable asset failures. 
Digital twin simulations enhance prediction robustness by generating alternative stress scenarios and 
validating fault forecasts under varying grid conditions [21]–[23]. 
IV. RESULT AND ANALYSIS 
4.1 Model Training Performance 
The hybrid CNN–LSTM model was trained using segmented waveform samples, thermal sensor 
streams, and harmonic distortion data collected across multiple distribution assets. During training, 
the model exhibited stable convergence with a consistent reduction in categorical cross-entropy loss 
over successive epochs. The integration of spatial convolutional layers enabled efficient learning of 
localized waveform anomalies, while the LSTM layers successfully captured long-range temporal 
dependencies associated with progressive equipment degradation. The model’s generalized learning 
capabilities were validated through cross-validation, demonstrating minimal overfitting and strong 
robustness across diverse operating conditions. Training accuracy stabilized above 97%, indicating 
successful adaptation to the complex nonlinear patterns present in smart grid signals. 

 
Figure 1: Predictive Management [25] 

4.2 Fault Detection Performance Evaluation 
The trained model was evaluated using an independent test dataset containing multiple fault 
categories, including line-to-line faults, arc faults, insulation deterioration, transformer winding 
anomalies, and neutral grounding issues. Performance was measured using standard diagnostic 
metrics such as accuracy, recall, precision, and F1-score. Results indicated that the hybrid 
architecture outperformed conventional machine-learning baselines by leveraging its ability to 
extract both spatial and temporal patterns from raw signals. The system showed high sensitivity in 
detecting weak and incipient faults that typically precede catastrophic failures, demonstrating its 
utility for real-time operational environments. 
Table 3. Fault Detection Performance Metrics 
Metric Value 
Accuracy 97.8% 
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Precision 96.4% 
Recall 95.9% 
F1-Score 96.1% 
Detection Latency 18 ms 
False Alarm Rate 1.8% 

4.3 Predictive Maintenance Evaluation 
The predictive maintenance module was assessed using degradation datasets that included 
transformer oil-quality trends, thermal hotspot growth, harmonic stress levels, and vibration 
progression. Using an LSTM-based forecasting pipeline, the system estimated the Remaining Useful 
Life (RUL) of critical equipment with high temporal stability. Forecasting accuracy remained 
consistent across different load environments, highlighting the model’s reliability in predicting asset 
deterioration trajectories. Maintenance recommendations were compared against expert-validated 
schedules and demonstrated strong alignment with real-world maintenance requirements, confirming 
the model’s capability for operational deployment. 
Table 4. Predictive Maintenance Performance 
Parameter Output 
RUL Prediction Accuracy 94.6% 
Degradation Trend Detection Stable across evaluation cycles 
Maintenance Recommendation Accuracy 92.1% 
Forecast Horizon 30–90 days 
Error Margin (MAE) ±3.7% 

4.4 Comparative Analysis with Existing Techniques 
The effectiveness of the proposed AI-based framework was benchmarked against traditional 
machine-learning algorithms and rule-based diagnostic systems commonly used in distribution 
networks. Comparative results showed that conventional models such as SVM, Random Forest, and 
k-NN struggled to maintain performance consistency under heavy load fluctuations and noisy 
measurement conditions. Similarly, rule-based threshold mechanisms exhibited limited adaptability 
to evolving grid behavior. In contrast, the hybrid CNN–LSTM model demonstrated superior 
resilience to nonstationary signal variations and achieved markedly lower false-negative rates. The 
predictive maintenance component also outperformed linear regression and ARIMA-based 
forecasting systems, confirming the advantage of deep temporal models for handling complex 
degradation patterns. 

 
Figure 2: AI for Predictive Management in Maintenance [24] 
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4.5 Overall System Assessment 
The integrated system was assessed holistically based on diagnostic accuracy, forecasting reliability, 
computational efficiency, real-time responsiveness, and deployment feasibility. The edge–cloud 
cooperative architecture minimized communication overhead, reduced processing latency, and 
enabled the system to scale seamlessly across large distribution networks. Real-time detection speeds 
under 20 ms ensured suitability for mission-critical applications, while the high RUL estimation 
accuracy established strong long-term operational dependability. Overall performance validates the 
proposed framework as a robust, scalable, and intelligent solution for next-generation smart power 
distribution systems, capable of enabling proactive maintenance strategies and significantly reducing 
grid downtime. 
V. CONCLUSION 
This paper presented an AI-driven framework for fault detection and predictive maintenance in smart 
power distribution systems, addressing the increasing demand for reliability, efficiency, and 
resilience in modern electrical networks. With the rapid proliferation of intelligent electronic devices, 
IoT-enabled sensors, and digitalized grid infrastructure, traditional maintenance practices and rule-
based diagnostic systems are no longer sufficient to manage the complex, nonlinear, and dynamic 
behaviors inherent in distributed power assets. The proposed hybrid CNN–LSTM architecture 
effectively harnessed spatial–temporal characteristics of multi-sensor grid data, enabling early 
identification of incipient faults, reducing false alarms, and providing high diagnostic accuracy even 
in noisy operational environments. The integration of signal preprocessing techniques, including 
wavelet-based noise filtering and harmonic enhancement, further strengthened the model’s 
robustness, allowing the system to reliably interpret subtle anomalies that precede equipment 
degradation. Additionally, the predictive maintenance module demonstrated strong capabilities in 
forecasting Remaining Useful Life (RUL) and identifying degradation trends with high temporal 
stability. The system’s ability to simulate operational scenarios through digital twins and its 
incorporation of edge-computing mechanisms ensured real-time responsiveness while minimizing 
communication overhead. Comparative evaluations with conventional machine-learning and 
statistical forecasting models validated the superiority of the proposed method across multiple 
performance metrics. Overall, the results highlight the potential of AI-based analytics as a 
transformative technology for smart power distribution systems, enabling utilities to shift from 
reactive maintenance strategies to proactive and condition-based approaches. By enhancing 
situational awareness, reducing unplanned outages, and optimizing maintenance schedules, the 
framework paves the way for more resilient, efficient, and intelligent grid operations. Future research 
may explore expanding the system to include federated learning for privacy-preserving distributed 
training, integrating reinforcement learning for adaptive fault management, and extending predictive 
capabilities through multimodal sensor fusion and self-supervised learning. 
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