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Abstract: The rapid growth of smart electronics and intelligent power systems has increased the need
for reliable and efficient fault detection mechanisms. Traditional fault diagnosis methods often fail to
provide real-time monitoring and predictive analysis in modern power infrastructures. Artificial
Intelligence (Al) techniques such as Machine Learning (ML), Deep Learning (DL), and Internet of
Things (IoT)-based monitoring systems have emerged as effective solutions for improving fault detection
accuracy and system reliability. This research paper presents an Al-driven fault detection framework for
smart electronics power systems using sensor data acquisition, cloud-based monitoring, and predictive
analytics. The proposed system integrates intelligent sensors, real-time data processing, and neural
network algorithms to identify abnormalities such as voltage fluctuations, overheating, short circuits,
and component failures. Experimental analysis demonstrates improved detection accuracy, reduced
downtime, and enhanced operational efficiency compared to conventional methods. The study highlights
the importance of Al-enabled smart monitoring systems for future intelligent energy infrastructures

Keywords: Artificial Intelligence, Smart Power System, Fault Detection, [oT, Machine Learning, Deep
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I. INTRODUCTION

Smart electronics power systems are widely used in industrial automation, renewable energy systems, healthcare
electronics, communication devices, and smart grids. These systems require continuous monitoring to ensure
operational reliability and prevent unexpected failures. Faults in power systems can lead to equipment damage, energy
losses, safety hazards, and increased maintenance costs [1]. Traditional fault detection techniques mainly depend on
manual inspection and rule-based monitoring systems. However, these approaches are limited in handling large-scale
real-time data and complex fault patterns. The integration of AI and IoT technologies has enabled intelligent
monitoring and predictive maintenance in modern electronics systems [2].

Al-driven fault detection systems can analyze sensor data, identify abnormal conditions, and predict possible failures
before they occur. Machine learning algorithms such as Support Vector Machine (SVM), Random Forest (RF),
Artificial Neural Networks (ANN), and Convolutional Neural Networks (CNN) have shown excellent performance in
classification and anomaly detection tasks [3-8].
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Fig. 1: Al-driven fault detection system

This paper proposes an Al-based fault detection architecture for smart electronics power systems that combines IoT

sensors, cloud computing, and intelligent learning algorithms for accurate and real-time fault analysis.

II. LITERATURE REVIEW
Table 2: Literature Review
Ref. Author(s) Year Technique /  Application Key Findings Limitations
No. Methodology Area
[1] L. Gubbietal. 2013 IoT Architecture Smart Proposed IoT Limited Al-
Framework Monitoring vision and based fault
Systems layered analytics
architecture for
smart systems
[2] A. Al-Fugaha 2015 TIoT  Protocols Industrial IoT Discussed Security and
et al. and enabling scalability
Communication technologies and = challenges
IoT protocols
[3] M. Chenetal. 2016 Smart Wearable Healthcare Integrated cloud High
Sensors Monitoring and IoT for computational
smart health = complexity
systems
[4] P. Sharma et 2017 Fog Computing Distributed IoT Improved Increased
al. + Blockchain Networks distributed cloud implementation
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The figure titled “Advanced Sustainable Autonomous Smart Grid Load Optimization” presents a modern intelligent
smart grid architecture designed to improve energy efficiency, sustainability, reliability, and real-time power
management using Artificial Intelligence (Al), [oT, cloud computing, and advanced sensing technologies [4, 7, 9-12].
The architecture demonstrates how next-generation electrical power systems can autonomously monitor, analyze,
optimize, and control energy distribution while maintaining stable and secure operations across large-scale
infrastructures. At the top layer, the system focuses on Edge and Cloud Computing Collaboration, which forms the

computational intelligence of the smart grid [10, 13]. The Computational Resource Allocation module dynamically
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distributes computing resources depending on system load and operational requirements [14-16]. This ensures efficient
utilization of processing power while reducing unnecessary energy consumption. The Edge Cloud Collaboration
component enables real-time processing of data closer to the power devices using edge computing, while cloud systems
perform large-scale analytics and storage [14]. This hybrid architecture minimizes communication delays and improves
response time for fault detection and load balancing. The Lightweight AT Models represent optimized machine learning
algorithms capable of operating on low-power edge devices for fast decision-making, whereas the Scalable AI Models
are designed to handle large smart grid environments with millions of connected devices and sensors.

The second section highlights the Communication Layer, which ensures seamless data transmission and coordination
between all smart grid components. Low Latency Communication is essential for real-time monitoring and control,
especially during fault conditions or sudden load variations. The Heterogeneous Standard component supports multiple
communication protocols such as Wi-Fi, ZigBee, LoRaWAN, 5G, and MQTT, allowing interoperability among
different smart devices [12, 14, 17-20]. The Throughput-aware Offloading mechanism intelligently shifts heavy
computational tasks between edge devices and cloud servers based on network capacity and system conditions. Secure
Communication ensures end-to-end encryption, authentication, and protection of sensitive electrical data from cyber
threats. The Resilient Networks module improves fault tolerance and network reliability so the smart grid can continue
operating even during communication failures or cyberattacks [3, 9, 21].
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Fig. 2: Advanced sustainable smart grid optimization
The Intelligent and Sensing Layer represents the sensory nervous system of the smart grid. Multiple smart sensors
continuously collect environmental and electrical data from different locations in the power network [16]. The Current
Transformer monitors current flow to identify overload conditions and abnormal current behavior. The Potential
Transformer measures voltage levels for maintaining power quality and preventing overvoltage or undervoltage
situations [22]. Acoustic Sensors detect abnormal sound patterns from transformers and rotating machines, helping
identify mechanical defects at an early stage. Temperature Sensors monitor thermal conditions to prevent overheating
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and insulation failures. Gas Sensors identify harmful gas leakage in transformers or substations, improving operational
safety. Vibration Sensors detect mechanical oscillations and equipment wear. Additionally, advanced monitoring
technologies such as Vision Sensors, Drone Surveillance, and Satellite Monitoring provide visual inspection, aerial
surveillance, and wide-area grid observation for predictive maintenance and infrastructure management [6, 9, 15, 23].
The next section describes the Massive Power Infrastructure integrated into the smart grid ecosystem. The architecture
includes major power system components such as Transformers, Electrical Panels, Transmission and Distribution
Lines, Renewable Energy Sources, Energy Storage Systems, and Smart Meters with IoT Devices [24-26]. Transformers
regulate voltage levels for efficient energy transmission, while electrical panels manage power distribution within
substations and industrial facilities. Transmission and distribution lines transfer electricity over long distances across
urban and rural areas. Renewable energy systems such as solar and wind farms are integrated into the grid to support
sustainable energy generation. Energy storage systems, including battery banks and smart storage units, help stabilize
power fluctuations and improve energy availability during peak demand periods. Smart meters and IoT devices
continuously monitor electricity consumption, enabling intelligent billing, demand forecasting, and real-time energy
management.

The lower section of the architecture introduces New Additions and Cross-Cutting Capabilities, which enhance the
overall intelligence and sustainability of the smart grid. The Cybersecurity module protects the grid against
cyberattacks through threat detection, prevention, and secure access control mechanisms. Big Data Analytics processes
massive amounts of sensor and operational data to generate actionable insights for system optimization. The Digital
Twin technology creates a virtual replica of the power system that can simulate operational scenarios, fault conditions,
and maintenance planning without affecting the real infrastructure. The Sustainability component focuses on
optimizing energy efficiency, reducing carbon emissions, and supporting green energy integration. Predictive
Maintenance uses Al algorithms to predict equipment failures before they occur, minimizing downtime and
maintenance costs. Finally, Cloud Integration enables centralized monitoring, scalable computing, and seamless
interaction with cloud platforms for remote management and intelligent analytics [17, 20].

Overall, this architecture represents a highly advanced autonomous smart grid framework capable of self-monitoring,
intelligent decision-making, real-time optimization, and predictive maintenance. By integrating Al, IoT, cloud
computing, edge processing, cybersecurity, renewable energy systems, and advanced sensing technologies, the
proposed smart grid achieves high reliability, energy efficiency, scalability, and sustainability. Such intelligent
infrastructures are expected to play a major role in future smart cities, Industry 4.0 environments, electric vehicle
ecosystems, and sustainable energy management systems worldwide [12].

IV. WORKING METHODOLOGY

Step 1: Data Collection
Smart sensors continuously collect electrical parameters such as:

e Voltage

e  Current

e  Frequency

e  Temperature

e  Power factor
Step 2: Data Preprocessing
The collected data is cleaned and normalized to remove noise and missing values.
Step 3: Feature Extraction
Important features such as RMS voltage, harmonic distortion, and thermal variations are extracted.
Step 4: Al-Based Classification
Machine learning models classify system conditions into:

Copyright to IJARSCT 289

= DOI: 10.48175/IJARSCT-35540
www.ijarsct.co.in :




Kf‘a
X%

IJARSCT

ISSN: 2581-9429

International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Jo
Volume 6, Issue 8, May 2026

e Normal condition
e Overload fault
e  Short-circuit fault
e Thermal fault
e Component failure
Step 5: Alert Generation
If abnormal conditions are detected, the system generates:
e SMS alerts
e  Email notifications
e Cloud dashboard warnings
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Fig. 3: Al-based fault detection

V. MATHEMATICAL MODEL AND EXPERIMENTAL SETUP
The electrical power equation used in the system is:

P=VI

Where:
e P=Power
e V=Voltage

e |=Current
The Al model predicts faults using classification probability:
F(x) =Xwix; +b

@

Where:
e x;= Sensor input features
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e w;= Weight parameters

e b= Bias term
Table 2: Experimental Setup

Parameter Value
Sensor Type IoT Smart Sensors
Controller ESP32 / Raspberry Pi

Al Algorithm Random Forest + ANN
Communication | Wi-Fi/ MQTT

Cloud Platform | ThingSpeak / AWS IoT
Dataset Size 10,000 sensor samples

VI. RESULTS AND DISCUSSION
Table 3: AI Model Performance Comparison

Al Technique Accuracy Precision Recall F1-Score (%) [Detection
(%) (%) (%)

Logistic Regression 82.5 83.0 82.9 83.3 210.0
Support Vector Machine (SVM) 88.1 88.0 88.9 88.6 185.0
Random Forest (RF) 93.2 93.5 93.0 92.7 160.4
Artificial Neural Network (ANN) 94.4 94.0 95.2 95.1 140.1
Convolutional ~ Neural  Network 91.1 94.8 95.9 95.8 125.5
(CNN)

Table 4: Comparison Between Traditional and Al-Based Fault Detection

Parameter Traditional Method | AI-Based Proposed System
Monitoring Type Manual / Rule-Based | Intelligent Automated
Detection Speed Slow Fast Real-Time

Fault Prediction Not Available Predictive Maintenance
Accuracy Moderate Very High

Maintenance Cost High Reduced

Human Intervention | Required Minimal

Scalability Limited Highly Scalable

Remote Monitoring | Limited Cloud Enabled

Table 5. Sensor Data Monitoring Parameters

Parameter Normal Range | Fault Condition

Voltage 220-240 V >250 V or <200 V

Current 5-15 A >20 A

Frequency 49-51 Hz <48 Hz or >52 Hz

Temperature | 25-60°C >75°C

Power Factor | 0.90-1.0 <0.75

Table 6: Computational Performance Analysis

Al Model Training Time (s) | Testing Time (s) | Memory Usage (MB) Complexity
Logistic Regression 12 2 85 Low
SVM 25 4 120 Medium
Random Forest 31 5 160 Medium
ANN 48 7 240 High
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| CNN | 65 9 310 Very High |

VII. APPLICATIONS AND FUTURE SCOPE
The proposed Al-driven fault detection system:
e  Smart grids
e Industrial automation
e Renewable energy systems
e  Electric vehicle charging stations
e  Healthcare electronics
e Smart homes

Future Scope
Future research can focus on:
e Federated learning for secure Al models
e  Edge Al for low-latency processing
e Blockchain-enabled secure monitoring
e Explainable Al for transparent fault analysis
e Integration with digital twin technology

VIII. CONCLUSION
This research presents an Al-driven fault detection framework for smart electronics power systems using [oT sensors,
machine learning, and cloud computing technologies. The proposed system successfully improves fault detection
accuracy, enables predictive maintenance, and enhances operational efficiency. Experimental results demonstrate that
Al techniques such as ANN and Random Forest provide superior performance compared to traditional approaches. The
integration of intelligent monitoring systems will play a critical role in future smart energy infrastructures and Industry
4.0 applications.
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