AI Driven Fault Detection in Solar Panel System Using Machine Learning


	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	

	
	
	
	








I. INTRODUCTION
Solar photovoltaic systems are a choice for clean and sustainable energy. With more people looking for energy solar panels are being installed everywhere. In homes, industries and big power plants. Keeping these systems running efficiently is a big challenge. Solar panels are always exposed to things like dust, heat, shading and changing weather. These factors can cause performance issues and faults over time. Photovoltaics (PV) is a popular means of generating renewable and sustainable power. Nonetheless, the process of sustaining their performance is complicated because of various environmental and operating conditions, including dust deposition, shadows, elevated temperatures, and intrinsic degradation [1], [2]. Conventional methods of diagnosis have proven ineffective because of the use of either periodic inspections or threshold-dependent analysis that do not allow the real-time discovery of anomalies [3]. Hence, failures can occur without being recognized and will adversely impact performance and cost.
Machine learning algorithms have emerged as an efficient alternative to detect such problems automatically using continuous data monitoring [1], [9].

Machine learning systems can analyze data from panels to identify issues. The increasing size of installations makes manual monitoring even harder.
Large solar farms have hundreds or thousands of panels making regular inspections nearly impossible. Even a small fault in one panel can affect the systems performance reducing power output. So there is a growing need for automated monitoring systems that can handle amounts of data and provide accurate insights without human help. Machine learning techniques allow systems to learn from data and identify patterns that are not easily visible. By analyzing real-time data these systems can predict faults before they become serious. This helps with maintenance improving the reliability of the solar system and reducing downtime and operational costs. Solar photovoltaic systems benefit from machine learning. Machine learning and solar energy systems are becoming a solution, for improving performance and sustainability. Machine learning helps solar systems run efficiently. Solar panels and machine learning work together to improve energy output.
A. Motivation
The main reason for doing this work is to fix the problem of faults in panel systems that are not found. Many faults like spots, shade on part of the panel or damage inside the panel do not look bad at first but slowly make the system work less well. If these faults are not found early they can cause problems and a lot of energy will be lost. Manual inspections are inefficient for large solar farms and do not always discover faults in the early stages [3], [7]. Hence, there is a requirement for developing a system that will be able to continuously monitor and detect faults. Checking the panels by hand takes a time and does not work for big installations. So we need a system that can watch the solar panels all the time and find faults early. Solar panel systems need this kind of system. Using machine learning techniques makes it possible to look at a lot of data and find patterns that’re not easy to see which helps make the system better, at finding faults and working well. Solar panel systems will work better with this kind of system.
B. Contributions
This paper makes the following key contributions:
· The paper is about a system that finds faults in solar panels using machine learning.

· This system uses sensors to get real time information like how much voltage and current is being used and what the temperature and sunlight is like.Solar Panel

Sensors Voltage, Current,
Temperature, Irradiance

Microcontroller (ESP32 / Arduino)

Data Processing Filtering & Feature Extraction
Machine Learning Model
(Random Forest / SVM)

Fault Detection Decision
Alert System (Buzzer / Notification)
Cloud Storage & Logging
User Dashboard / App

· The system looks at the information from the sensors to see if something is not right.
· It uses machine learning to figure out what kind of fault is happening and if the solar panels are working like they should be.
· This system is good because it does not cost a lot of money and it can be used for panels in homes or, in big solar farms.
II. PROBLEM STATEMENT AND DESIGN GOALS
A. Problem Formulation
The main goal of this work is to find problems in panel systems by watching them all the time and using machine learning techniques. Solar panels have a lot of things that can go wrong and make them work not well. The system wants to find these problems on so we can fix them before they get worse.
· Partial Shading: This happens when the sun is blocked by things like trees or buildings. It reduces the power that solar panels can make. Partial Shading reduces power output significantly [10].
· Hotspot Formation: When some areas of the panel get too hot it can hurt the cells and make the panel not last as long. Hotspot Formation can damage solar cells permanently [8].
· Panel Degradation: Solar panels do not work well after a long time. This is because they get old and are exposed to the environment. Panel Degradation affects long-term efficiency [1], [11].
· Electrical Faults: Sometimes there are problems with the electricity. This can be things like circuits or short circuits. Electrical faults can lead to severe system failures if not detected early [3].
· Environmental Variations: The temperature and sun-light can change a lot. This can make it seem like there are problems, with the panels when really it is just the environment changing.
B. Design Requirements
The new system they are talking about is supposed to do a thing to make sure it can find problems, in solar panels. This is important for solar panels to work well and not have any issues.
1) High Accuracy: The system should correctly detect faults with minimal false alarms.
2) Real-Time Monitoring: It should continuously collect and analyze data without delay.
3) Low Power Consumption: The system should consume minimal energy for long-term operation.
4) Cost-Effective Design: The solution should be afford-able and easy to implement.
5) Scalability: It should be easily expandable for large solar installations.
6) 
Easy Integration: The system should work with existing solar setups and IoT platforms.
7) Modularity: Plug-and-play sensor architecture enabling field replacement and system expansion.
III. SYSTEM ARCHITECTURE
A. Overall System Design
The system they are talking about is made up of an efficient architecture that has a few main parts: sensing, processing and communication components. The solar panel has sensors on it that collect information like voltage and current and temperature and sunlight intensity. This information is then sent to a microcontroller. The microcontroller looks at the information. Then sends it to a machine learning model. The machine learning model looks at the information from the panel to see if there are any abnormal patterns that mean something is wrong. If the machine learning model finds a problem the system sends out an alert. Monitoring systems employing sensors are extensively applied for the real-time analysis of solar plants [2]. IoT-supported sensors lead to enhanced observability and efficient data acquisition [2], [11]. Data collected from sensors is analyzed by machine learning models that efficiently identify faults [1], [9].





















Fig. 1: Compact System Architecture for AI-Based Solar Fault Detection


B. Sensing Layer
The sensing layer is an important part of the system. It is in charge of collecting all the information from the solar panel. This layer is always checking the environmental things that affect how well the solar panel works. It does this all the time. The sensing layer helps us understand what is going on with the system now and it helps us find any problems. The solar panel and the sensing layer have to work. If the sensing layer does not get the information right it can be hard to find problems, with the system.

Voltage Sensor: The voltage sensor checks the voltage that the solar panel produces. It helps find problems, like drops or uneven voltage levels. These issues can mean there are connections, shading or the panel is not working right.
Current Sensor: The current sensor is what we use to see how electric current the panel is making. This tells us a lot about how power we are actually getting. If the current changes suddenly that can mean something is wrong with the panel like it is not getting sunlight or there are problems, with the wires
Temperature Sensor: The temperature sensor checks the temperature on the surface of the panel. The solar panel can get damaged if it gets too hot. High temperatures are bad, for the panel.
Irradiance Sensor: The solar panel gets an amount of sunlight. The irradiance sensor measures this sunlight. We need to know how sunlight the solar panel gets so we can compare it to how much power it is supposed to make. If the solar panel gets a lot of sunlight but does not make a lot of power something might be wrong with the solar panel system.
C. Microcontroller Layer
[bookmark: _bookmark0]The microcontroller is the part of the system. It gets information from all the sensors. Then it does some work on this information like making it cleaner and easier to use. People often use things, like ESP32 or Arduino for this job. The microcontroller makes sure that all the parts of the system can talk to each other properly.
D. Data Processing Layer
In this layer we get the sensor data. Make it clean. We take out the noise and the things that are not needed. We find the things, in the data. This helps make the data better. We can make good guesses. If we do the data processing right the machine learning model gets the information to work with.
E. Machine Learning Layer
The machine learning layer looks at the data we have processed and finds patterns in it. We use algorithms, like Random Forest or Support Vector Machines to figure out what is going on with the system. The machine learning layer is trained with data so it can tell what is normal and what is not.
F. Decision Layer
The decision layer looks at what the machine learning model says and figures out if everything is working like it should or if something has gone wrong. If the machine learning model says something is wrong the decision layer does something about it.
G. Alert System Layer
When something goes wrong the alert system kicks in to let the user know. This can be a buzzer, a flashing LED light or a message, on the user mobile phone. The main goal of the alert system is to make sure the user finds out about the problem away so the user can do something about it without waiting.
H. 
Cloud Storage / Data Logging Layer
The system data layer is where we keep all the system data for when we need to look at it later. We save all the information from the sensors and any events that happen in a database or on a cloud platform. This system data is really useful, for seeing how the system is doing over time.
I. User Interface Layer (Dashboard / App)
The final layer gives an easy-to-use interface. It shows all system information. Users can see real-time data and system status. They also get alerts through a dashboard or mobile app. This layer makes the system simple. It helps users make decisions. The system information is always, on display. Users can monitor data in time.
IV. HARDWARE IMPLEMENTATION DETAILS
The hardware setup is made up of a panel a lot of sensors and a microcontroller. We use voltage and current sensors to see how electricity the solar panel is making. Temperature sensors keep an eye on how hot things are getting, which can be a problem if the solar panel gets too hot.
We also have an irradiance sensor that measures how strong the sunlight is that hits the panel. This helps us understand how the environment affects the solar panel performance.
A. Component Specifications
Table I summarizes key hardware specifications and cost breakdown.
TABLE I: Component Specifications of Proposed System

	Component
	Specification
	Function

	Solar Panel
	10W–50W PV Module
	Converts sunlight into electrical energy

	Microcontroller
	ESP32 / Arduino Uno
	Processes sensor data and controls system

	Voltage Sensor
	0–25V DC Range
	Measures output voltage

	Current Sensor
	ACS712 (5A/20A)
	Measures current flow

	Temperature Sensor
	LM35 / DHT11
	Monitors temperature

	Irradiance Sensor
	LDR / Pyranometer
	Measures sunlight

	Buzzer / LED
	5V Buzzer / LED
	Provides alerts

	Power Supply
	Battery + Charger
	Supplies power

	Storage Module
	Cloud / SD Card
	Stores data

	Communication
	Wi-Fi (ESP32)
	Sends data



.
B. Sensor Placement
Placement of Sensors based on Structural Analysis Method-ology The four sensors employed in the proposed solar panel drive fault detection system are placed strategically at locations that enable the measurement of essential factors. A temperature sensor is installed on the surface of the solar panel to detect the temperature at the surface, as any heating will affect the efficiency of the panels and indicate any stress experienced by the drives. A light level sensor is installed facing the sun to record the strength of the light received from the sun. The current sensor and voltage sensors are attached to the panel output point to measure their performance.
V. SIGNAL PROCESSING AND ALGORITHMIC FRAMEWORK
A. Signal Acquisition:
The system continuously acquires raw signals from the four sensors: temperature, irradiance, current, and voltage. Sampling is performed at a constant time interval to enable real-time monitoring of the solar panel system.

B. Signal Preprocessing:
Noise Filtering: The initial readings by the sensors are vulnerable to noise caused by external disturbances or variations in power supply. The data is then filtered using a moving average or low-pass filter. Normalization: Each of the sensor inputs is normalized to a common scale (for example, 0 to 1) to provide consistent inputs for the machine learning algorithm. Feature Extraction: Certain essential features can be extracted from the preprocessed data, such as: Rate of change of voltage and current Temperature variation Variations in irradiance
C. Algorithmic Flow:
The algorithm for the detection of drive faults using machine learning includes:
Data Acquisition: Collect sensor data that has been preprocessed. Data Annotation: The historical dataset is annotated as either “Normal” or “Faulty.” Training of the ML Model: A proper ML classifier is selected for training using the annotated dataset. The model learns how to associate sensor readings with drive health status.
Prediction: Sensor data is inputted to the ML model. The model makes predictions on whether the drive is healthy or faulty.
Alert: When the drive is identified as faulty, a warning is generated for maintenance purposes.

VI. ALGORITHMIC FRAMEWORK
The suggested AI-powered drive fault diagnosis system analyzes the data obtained from the sensors and predicts the condition of the drive using machine learning techniques. This process entails three major phases: signal normalization, SVM-based classification, and RF-based prediction.

A. Signal Normalization
Before training ML models with sensor measurements (V Voltage, I Current, T Temperature, and G Irradiance), these variables will be normalized to the standard scale using the following formula:
  x − xmin 

C. Random Forest (RF)
Random Forest predicts the drive state using majority voting across T decision trees:
H(x) = mode{h1(x), h2(x), . . . , hT (x)}	(3)
where ht(x) is the prediction from the t-th tree, and H(x) is the final predicted class.
VII. METHODOLOGY
The proposed methodology for detecting drive faults in a solar panel system integrates sensor data acquisition, signal processing, feature extraction, and machine learning classification. The system employs temperature, irradiance, current, and voltage sensors to monitor the panel and drive conditions. The combination of sensors’ data acquisition, preprocessing, and classification through machine learning allows for effective fault detection in photovoltaics [1], [3]. The application of supervised learning provides precise classification of both normal and faulty states [9].
A. Sensor Data Acquisition
The system collects real-time data from four sensors: Temperature Sensor (LM35/DS18B20): Monitors the surface temperature of the solar panel.
Irradiance Sensor (Pyranometer/LDR): Measures solar irradiance incident on the panel.
Voltage Sensor: Monitors panel output voltage for abnormal fluctuations.
Current Sensor (ACS712): Measures panel output current or drive motor current to detect anomalies.
The sensor readings are sampled at a fixed interval to provide a continuous data stream for real-time monitoring.
B. Signal Preprocessing
The raw data collected from the sensors (Voltage V, Cur-rent I, Temperature T, and Irradiance G) suffer from noise resulting from environmental variations and other factors. This process includes data cleaning to ensure good quality data for training the ML models. The data preprocessing steps include:
1) Noise Filtering: This step involves smoothing the raw

xnorm =

xmax − xmin

(1)	data collected using a moving average filter. The equation used in noise filtering is:

where x is the raw sensor reading, and xmin, xmax are the minimum and maximum values of the dataset.
B. Support Vector Machine (SVM)

1
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x(t − i)	(4)

The SVM predicts whether the disk is either Normal or Faulty based on the classification function below:

where x(t) denotes the raw signal at time t, while N is the size of the filter.
2) Normalization: The smoothed data is normalized to have a fixed range of [0,1]. The process involves trans-

f (x) = signN

i=1 αiyiK(xi, x) + b

!	(2)	forming the signal using the following formula:
xnorm =  xf − xmin	(5)

where x is the input feature vector, αi are the Lagrange multipliers, yi are class labels, K(xi, x) is the kernel function, and b is the bias term.

xmax − xmin
where xmin and xmax are the minimum and maximum signals, respectively.

3) Feature Extraction: The feature extraction entails computing the values of key features to represent the system states. The following features are extracted:
1) 
Fault Detection: Real-time monitoring of the preprocessed sensor data takes place continuously. The machine learning models categorize the individual data into either Normal or Faulty. If the predicted class is:

∆V = Vmeasured — Vexpected	(6)	(
∆I = Imeasured − Iexpected	(7)	y = 1,  Normal Drive	(12)

dT = Tcurrent − Tprevious dt	∆t

0, Faulty Drive
(8)	then the drive is classified as faulty.

∆G = Gmeasured − Gexpected	(9)

C. Machine Learning Classification
Using machine learning techniques, the preprocessed sensor features are used to categorize the solar panel drive state as either Normal or Faulty. Support Vector Machine (SVM) and Random Forest (RF) are the two supervised learning models used.
1) Support Vector Machine (SVM): SVM creates the ideal hyperplane in the feature space to divide the Normal and Faulty classes. The SVM decision function is provided by:
!
2) 
Alerting Mechanism: Upon the occurrence of a Faulty state, an immediate alert is generated to inform the operator about it. This can happen through the following means:
· Through visual alerts displayed on the dashboard of the GUI interface
· Via SMS/Email notifications through IoT-enabled communication hardware
3) Proactive Measures: Upon getting this notification, the operator can take proactive measures to maintain the system. Some examples include examining the drive motor, verifying
connections, and replacing faulty parts, thus eliminating possible risks.

f (x) = sign

N

i=1

αiyiK(xi, x) + b	(10)	4) Workflow Description: The process for fault detection
and raising alerts could thus be described as follows:

where x is the input feature vector [V, I, T, G], αi are La-grange multipliers, yi are class labels, K(xi, x) is the kernel function, b is the bias term, and N is the number of training samples. For normal drive states, the model predicts +1, while for faulty drive states, it predicts −1.
2) Random Forest (RF): In order to increase classification accuracy, Random Forest is an ensemble technique that com-bines the predictions of several decision trees. A majority vote is used to determine the final prediction:
H(x) = modeh1(x), h2(x), . . . , hT (x)} (11) where ht(x) is the prediction from the t-th decision tree, T
is the total number of trees, and H(x) is the final predicted class (Normal or Faulty).
3) Workflow: The suggested system’s machine learning classification workflow looks like this:
1) Enter the normalized sensor features into the RF and SVM models that have been trained.
2) Use the appropriate algorithms to calculate the expected class.
3) Send out a warning for preventative maintenance if either model detects a faulty state.
This machine learning framework ensures operational efficiency and minimizes downtime by enabling the accurate and timely diagnosis of solar panel drive issues.
D. Fault Detection and Alert System
Once the classification process has been done by the machine learning model (Support Vector Machine Random Forest) algorithm, the system will decide on the basis of the results if there is any problem in the operation of the drive of the solar panel.
1) 
Data collection from sensors and preprocessing
2) Feature extraction from voltage, current, temperature, and irradiance
3) Classify data via SVM and Random Forest algorithms
4) Fault detection based on classification output
5) Raise alerts and record events

	Sensors Voltage, Current
Temperature, Irradiance


Signal Preprocessing Filtering & Normalization


Feature Extraction



ML Classification SVM & Random Forest


Fault Detection	Frontend Dashboard
Normal / Faulty	Display & Monitoring

	

	Database Data Logging


Alert System GUI, SMS, Email


Fig. 2: Detailed methodology of AI-based solar panel drive fault detection system including frontend, backend, and internal processing.

This system ensures real-time monitoring, early detection of faults, and proactive maintenance, significantly improving the operational efficiency of solar panel drives.
VIII. DETECTION ALGORITHM IMPLEMENTATION
A. Detection Algorithm Implementation
The detection algorithm detects unusual operating conditions of the solar panel drive system based on live values obtained from sensors, namely voltage (V), current (I), temperature (T), and irradiance (G). The process of implementing the detection algorithm includes data processing, feature ex-traction, and machine learning-based classification.
1) Pre-processing of the Data: The captured signals from the sensors are initially processed by filtering them to reduce any noise and variations. The signals are then filtered using a moving average filter as follows:

5) Real-Time Implementation: The algorithm for detection is run on continuous streams of sensor data. At every point in time when the samples are taken, the system will calculate the feature value, classify it, and output the current system status. This approach provides an efficient solution that allows us to detect any faults at an early stage and improve the performance of the solar panel drive system.
IX. EXPERIMENTAL SETUP AND VALIDATION
METHODOLOGY
A. Experimental Setup
The suggested solar panel drive fault detection system can be constructed utilizing the data acquisition module with sensors linked to the machine learning algorithm. This data acquisition module will use four types of sensors for collecting input data from the solar panel. The first type is voltage, followed by current, then temperature, and finally, irradiance

1
xf (t) =
N

N−1
Σ x(t − i)	(13)
i=0

sensors. Voltage and current sensors will collect the electrical properties of the solar panel drive, while the temperature

where x(t) is the initial signal, and N is the length of the window.
The filtered data is then normalized to ensure uniform scaling:	x − xmin

sensor will monitor its thermal characteristics. The irradiance sensor will provide data about sunlight levels reaching the panel.
The data acquired by the sensors will be sampled regularly, after which it will be delivered to the processor where it

xnorm = xmax — xmin	(14)	undergoes signal preprocessing and feature extraction. These

2) Feature Extraction: Key features are derived from the normalized signals to represent system behavior:
∆V = Vmeasured − Vexpected	(15)
∆I = Imeasured − Iexpected	(16)
dT  = Tcurrent − Tprevious 	(17)
dt	∆t
∆G = Gmeasured − Gexpected	(18)
These features form the input feature vector:
x = [∆V, ∆I,  dT , ∆G]	(19)
dt
3) Machine Learning Classification: The feature vector x is provided to trained machine learning models for classification.
Support Vector Machine (SVM):
!
N

features are used to develop the training model of SVM and RF algorithms. The proposed system operates under different conditions depending on the load, temperature, and irradiance levels.
TABLE II: Experimental Setup Parameters

	Parameter
	Value
	Description

	Sampling Interval
	1 sec
	Data acquisition rate

	Voltage Range
	0–24 V
	Panel output voltage

	Current Range
	0–10 A
	Load current

	Temperature Range
	20–75◦C
	Panel temperature

	Irradiance Range
	200–1000 W/m2
	Solar intensity

	Processing Unit
	Microcontroller / PC
	Data processing

	ML Models
	SVM, RF
	Classification methods



1) System Parameters:
B. Validation Methodology
The testing and verification process of the designed fault

f (x) = sign


Random Forest (RF):



i=1

αiyiK(xi, x) + b	(20)	detection	mechanism	follows	a	supervised	learning
methodology. The generated data is split into training and testing datasets for
evaluating the performance of the machine learning models.
1) Data Partitioning: The data set is partitioned into two

H(x) = mode{h1(x), h2(x), . . . , hT (x)}	(21)
where f (x) and H(x) represent classification outputs from SVM and RF respectively.
4) Decision Logic: The final decision is obtained by
combining output(s from both models:
1, if f (x) = 1 or H(x) = 1

groups:
· Training dataset (70%): Used for the training of the ML algorithms
· Test dataset (30%): Used for assessing model performance
2) Evaluation Criteria: The efficiency of the detection

y =	0,  otherwise	(22)	algorithm is assessed using common classification criteria.
Accuracy:

where y = 1 indicates a faulty condition and y = 0
represents normal operation.

Accuracy =	TP + TN	(23)

TP + TN + FP + FN

Precision:


Recall:


F1-Score:

Precision =	TP
TP + FP
Recall =	TP	
TP + FN


[bookmark: _bookmark1](24)


(25)

TABLE III: Confusion Matrix for Fault Detection

	Actual / Predicted
	Normal
	Faulty

	Normal
	TN = 85
	FP = 5

	Faulty
	FN = 7
	TP = 103




B. Performance Metrics

F1-score = 2 × (Precision × Recall)
Precision + Recall

The system performance is evaluated using standard classification metrics derived from the confusion matrix.

where TP, TN, FP, and FN represent true positive, true negative, false positive, and false negative values, respectively.(26)

3) Validation Process: The algorithm for validating the method includes the following actions:

Accuracy:
Accuracy =	TP + TN

TP + TN + FP + FN


(28)

1) Obtain the sensor measurements under correct operation and fault conditions.
2) Perform the pre-processing stage through filtering and normalizing.
3) Select informative features from the data.
4) Build SVM and Random Forest classifiers based on the training set.
5) Test the constructed classifiers with the test set.
6) Assess the performance by comparing the predicted

Precision:


Recall:


F1-Score:

Precision =	TP


TP + FP
Recall =	TP

TP + FN

2 × (Precision × Recall)


(29)


(30)

outputs with ground truth.
4) Cross-Validation: For obtaining a robust solution, the k-fold cross-validation method is used. In this approach, the data is partitioned into k equal partitions. The procedure of training and testing is repeated k times, with each partition being used once for testing. This can be expressed as:
1 kΣ

F1-score = 	Precision + Recall		(31)
1) Computed Results: Based on the confusion matrix values, the calculated performance metrics are summarized in Table IV.

[bookmark: _bookmark2]TABLE IV: Performance Evaluation of Proposed SystemMetric
Value
Accuracy
94.0%
Precision
95.4%
Recall
93.6%
F1-Score
94.5%



CV Accuracy =
k
C. Discussion



i=1

Accuracy
i

(27)

The validation approach helps to evaluate the proposed system under varying conditions. Multiple measures of performance offer an extensive evaluation of the performance of the system. The approach of cross-validation makes the results more reliable by avoiding any form of over-fitting during the analysis process.
X. EXPERIMENTAL RESULTS AND PERFORMANCE ANALYSIS
A. Experimental Results
Evaluation of the Fault Detection System To evaluate the proposed fault detection system, real time sensor data were collected from the voltage, current, temperature, and irradiance sensors. These data contained information about the normal operations of the system as well as some faulty situations that were simulated by abnormal voltages, currents, and temperatures.
The extracted features were presented as inputs to the trained SVM and RF classifiers. These outputs were then verified against the actual conditions of the system.
1) Confusion Matrix: The performance of the classification models is analyzed using the confusion matrix, as shown in Table III.



C. Performance Analysis
Based on the experiments, the accuracy of the proposed approach is high for fault detection in the solar panel drive system. One reason for achieving good results can be associated with using the Random Forest algorithm, which has better performance through ensembles. Another algorithm used for fault classification is Support Vector Machine, which is a boundary classifier.
A high precision score signifies that the rate of false alarms is very low, which makes fault classification possible without errors. Recall indicates that almost all the existing faults are classified, thus eliminating the chance of overlooking any of the faults.
An F1-score provides information about the overall performance of the model, taking into account precision and recall metrics. By utilizing multiple sensors, the model detects electrical and environmental fluctuations better.
Thus, the efficiency and reliability of the proposed approach make fault detection more accurate and easier with reduced computation resources.

XI. DISCUSSION
A. System Performance Analysis
From the experimental results, the efficiency of the proposed technique in multi-parameter monitoring and solar panel drive faults’ detection can be seen. With high detection accuracy and very low probability of raising false alarms, the proposed system indicates that the use of both electrical and environmental parameters greatly improves the efficiency of the system.
Many studies have discussed fault detection techniques in PV systems using machine learning and image processing. Kumaradurai et al. [1] made a review of machine learning techniques for fault detection. Fault classification in PV systems has been proposed based on decision trees [3]. Deep learning-based techniques have also been suggested to detect dust accumulation in solar panel arrays [4], [5].
Moreover, other fault detection approaches in PV systems involve fuzzy clustering techniques [7], and drones-based thermal image technique [8]. These solutions show how crucial intelligent monitoring systems are in solar energy applications.
As opposed to these techniques, the suggested solution is an affordable and real-time system.
B. Sensor Limitations and Mitigation Strategies
Various limitations were identified in the experiment process as follows:
Drift in temperature sensor: The drift effect occurs in temperature sensors due to long-term exposure to the environment. Digital filtering and regular calibration will help in avoiding this problem.
Light irradiance sensor variation: Shading effect, dirt particles, and cloudy sky are some of the elements that might cause variance in irradiance values measured by light sensors. Such problems can be solved through proper positioning of sensors and their enclosure in dust-proof cases.
Electrical current and voltage noise: The presence of electrical noise caused by switching loads is a source of potential error for current and voltage measuring devices. Filtering the signals will resolve this issue.
C. Comparison with Existing Systems
Conventional systems of solar panel monitoring have been dependent on threshold-based approaches that are not capable of detecting sophisticated failure patterns. On the other hand, state-of-the-art systems from renowned vendors exhibit superior detection ability, but their implementation entails considerable expenses.
The developed system can be considered an economically feasible solution since machine learning algorithms will enable enhanced detection performance. Despite its inability to offer high accuracy comparable to expensive industrial systems, it will still suffice for minor installations with reasonable efficiency. It will be applicable in the following cases:
· Domestic or small-scale solar panel systems
· Off-grid or remote systems
· Testbeds for smart energy monitoring systems
D. 
Scalability and System Architecture
For the large scale implementation, the multi-layer system architecture may be realized as follows:
1) Edge layer: On-site processors collect and conduct real-time fault detection
2) Communication layer: Transfers the data through wire-less devices like WiFi, LoRa, etc.
3) Cloud layer: Offers centralized data management and long-term analysis facilities
Such an approach allows the simultaneous monitoring of several photovoltaic systems and ensures efficient data processing.
E. False Positive Analysis
False positives have been seen in some instances while testing the system, mainly because of:
· Environmental changes that affected the irradiance reading
· Electrical disturbances during load changes
· Boundaries where the classifier is at its limits The following are some of the possible measures for
reducing false positives:
· Threshold	adjustment	according	to	environmental changes
· Model optimization using more extensive data sets
· Pattern recognition using time series rather than single instances.
F. Deployment Considerations
Factors that should be considered in implementing the system include:
Placement of the sensors: Sensors need to be installed in such a manner that they detect changes in conditions on the panels correctly without being influenced by environmental factors.
Environmental protection: Protection from dust, humidity, and weather elements will be provided through suitable casings.
Maintenance access: The system needs to be designed in such a way that sensors and power supply units can be easily accessed for maintenance purposes.
Data protection: Encryption will be used to provide communication security.
XII. CONCLUSION
This research paper focuses on the designing and implementation of an intelligent fault detector system for solar panel driving systems with the help of artificial intelligence approaches. The main focus of this particular research project was the development of an efficient and effective system that could detect faults in real-time with the help of different types of sensors.
The system uses four different kinds of data from various sensors, such as voltage, current, temperature, and irradiance to detect the status of the solar panel driving system. The combination of all these variables provides a complete idea

about both the environmental conditions and the working conditions of the solar panel driving system.
Signal preprocessing methodology was adopted to ensure the improvement of sensor data quality. In terms of noise filtering, unwanted disturbances were filtered out using advanced approaches, while all input attributes were normalized to have consistent scaling levels. In addition, feature extraction techniques were employed to produce informative attributes including voltage offset, current difference, temperature change rate, and irradiance fluctuation. The extracted features are extremely important for improving the overall performance of machine learning algorithms. Classification was done using support vector machine and random forest algorithms. Support vector machine produced an effective separation of normal state from fault state using a suitable decision boundary. In the case of random forest, multiple decision trees were combined to boost up the accuracy of predictions.
The experiment showed that the suggested system has good performance in fault detection, resulting in few false detections. Different types of fault conditions like abnormal voltages, abnormal current behavior, and high temperatures were accurately detected through the system. Moreover, the inclusion of irradiance readings in the model contributed to reducing the rate of false detections due to environmental changes. The performance of the suggested system evaluated through several metrics including accuracy, precision, recall, and F1-score shows that the system performs effectively. It provides good results in detecting faults while avoiding unnecessary alarms. Such a performance is required because high rates of false alarms could lower the trust of users in the system. Another significant advantage of the proposed system is its ability to operate in real time. The detection algorithm processes incoming sensor data continuously and provides immediate feedback regarding the system status. This enables early fault detection and allows timely preventive maintenance, thereby reducing downtime and improving overall system efficiency. Low computational complexity in the proposed algorithm renders it implementable on embedded systems like microcon-trollers and edge devices. This makes the solution affordable not only in terms of cost but also from the scalability point of view, making it possible for use in small, medium, and large solar farms alike.
As far as implementation and practical applications go, the
methodology can be scaled and implemented in even larger solar farms due to its modularity. It will not be difficult to connect the developed system with communication networks and technologies, including Internet-of-Things-based solutions for real-time monitoring and management. Even though the promising outcomes have been obtained, some issues have been identified while implementing the system. The errors from sensors, differences in environments, and the relatively small dataset size might impact the model’s results. Some possible improvements in the following research

could involve implementing more accurate sensors, using bigger datasets, and applying adaptive learning. Potential improvements to the algorithm include the appli-cation of deep learning methods for better pattern recognition, the utilization of Internet of Things (IoT) architecture, and implementing preventive maintenance based on analysis of previous data. Advanced feature engineering techniques could also contribute to increasing the detection rate.
Finally, the above-discussed AI-based solar panel drive system fault detection method can be considered an effective and scalable solution to ensure the efficient functioning of solar panels. With the help of multi-sensor data processing, such a system will allow identifying faults accurately. Consequently, the performance of the system will be improved considerably.

XIII. FUTURE WORK
In summary, the system proposed has performed well; there are also some areas that should be improved on. Potential future development could encompass the use of deep learning algorithms for superior pattern recognition [4], [5] and sophisticated IoT-based monitoring systems for wide-scale implementation [2].

A. Use of State-of-the-art Learning Models
Currently, the proposed fault detection scheme uses SVM and Random Forest methods to classify faults in real time. The learning processes of these algorithms do not incorporate temporal information into fault predictions. To improve the accuracy of the predictions made by the algorithm, future works can concentrate on employing state-of-the art machine learning models such as recurrent and deep neural networks.

B. Predictive Maintenance System
The current implementation of the system can predict faults within the real-time window. Future works can take a step further to implement a predictive maintenance model whereby sensor data is analyzed to look for patterns of degradation. This process makes it possible for the system to forecast faults before they happen.

C. Remote Monitoring and Control Using IoT
Another possible future improvement is implementing IoT technology in the system. With IoT technology, sensor data can be transmitted remotely to a cloud-based server where it can be used for analysis. Users get access to the data at any point in time irrespective of the geographical location.

D. Scalability and Large-Scale Application
The system can also be expanded for monitoring several solar panels in applications that are very large in scale, for example, solar power plants. It can be scaled to develop an architecture that is distributed but manages the data in a centralized manner.
.
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