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Dust accumulation on photovoltaic (PV) panels in arid and desert environments poses a significant
challenge by degrading conversion efficiency and reducing overall energy yield. A comparative
analysis was conducted using three supervised classifiers—Logistic Regression, Support Vector
Machine (SVM), and Multi-Layer Perceptron (MLP)—trained and tested on a dataset comprising
2,562 PV images (1,493 clean and 1,069 dusty) obtained from Kaggle, a widely used data science
and machine learning platform. The proposed pipeline integrates robust image pre-processing
steps, including resizing to 224 x 224 pixels, contrast enhancement via Contrast Limited Adaptive
Histogram Equalization (CLAHE), and RGB normalization. Feature extraction yielded 28
engineered descriptors encompassing grayscale intensity statistics, RGB and HSV (Hue,
Saturation, Value) color characteristics, edge-based morphology, and texture information.
Experimental results indicate that the SVM classifier outperformed the other models, achieving a
validation accuracy of 75.78% and a test accuracy of 74.07%, with balanced precision and recall
values of 74.00% and 74.07%, respectively. Notably, the model demonstrated higher recall for
clean panel detection (79%) compared to dusty panels (68%), highlighting the complexity
associated with detecting varying degrees of soiling. Furthermore, the SVM achieved an area
under the Receiver Operating Characteristic (ROC) curve of 0.790 while maintaining low
computational complexity. The results demonstrate that the proposed SVM-based approach is a
practical and efficient solution for automated solar panel monitoring in desert environments,
enabling timely maintenance and reducing energy losses.
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Introduction

Electricity is a cornerstone of modern economic activity and
societal development; however, its predominant generation
from finite fossil fuel resources, such as coal and petroleum,
remains a major contributor to greenhouse gas emissions and
environmental degradation. The transition toward renewable
energy sources is therefore essential to achieve climate
change mitigation, enhance energy security, and support
sustainable development [1-4]. Among renewable energy
technologies, solar photovoltaic (PV) systems—which
directly convert solar radiation into electrical energy—have
gained increasing prominence due to their abundant resource
availability, scalability, and rapidly declining costs.
Nevertheless, the conversion efficiency of commercial PV
modules remains below 23%, indicating substantial potential
for further improvement [5,6]. Moreover, PV system
performance is adversely affected by factors such as module
faults and surface dust accumulation [7], underscoring the
need for effective monitoring, fault detection, and
maintenance strategies to ensure reliable and sustainable
power generation. The continuous growth in global energy
demand further highlights the urgent need to expand clean
energy capacity. Solar energy, owing to its minimal
environmental footprint and ability to reduce dependence on
fossil fuels, represents a viable pathway for lowering carbon
emissions, preserving ecological balance, and strengthening
energy independence.

As fossil fuel reserves continue to decline, research efforts
have increasingly shifted toward solar energy as a sustainable
alternative. This trend is particularly evident in the solar belt
region, where solar resources are abundant. Consequently,
intensified research activity aims to harness solar energy to
meet the rising global electricity demand while mitigating
environmental pollution [8-16].

Extensive investigations have examined solar energy systems
operating either as standalone configurations [17-21] or as
components of hybrid energy systems [22-30]. In the Middle
East, exceptionally high solar irradiance levels make PV
technology especially attractive, particularly in regions
experiencing persistent electricity shortages [31-39].
However, the photovoltaic module, the fundamental building
block of any PV system, exhibits conversion efficiency that is
highly sensitive to environmental conditions such as solar
irradiance, temperature variations, and partial shading [40-
52]. These factors cause continuous shifts in the maximum
power point (MPP) of the PV array [53,54]. Without accurate
and efficient MPP tracking, a substantial portion of the
available solar energy cannot be effectively harvested
[55,56]. To assess the environmental impacts on photovoltaic
(PV) system performance, recent research has increasingly
focused on the application of artificial intelligence—based
techniques.

Artificial Intelligence (Al) is concerned with the development
of systems capable of performing tasks that traditionally
require human intelligence, such as reasoning, learning, and
problem-solving. Machine Learning (ML), a key subset of
Al, is particularly well suited to addressing complex and
dynamic problems in which explicit input-output
relationships are not clearly defined, as it can adapt to new
data without relying on extensive predefined rules [57-59].
Deep Learning (DL), a specialized branch of ML, employs
multi-layered neural networks to automatically extract
features from raw data, improving prediction and
classification for large, complex datasets while eliminating

the need for manual feature engineering. However,
conventional ML often outperforms DL in scenarios with
limited data due to its lower data requirements. The selection
of Al methods depends on problem type, dataset size,
algorithmic complexity, implementation effort, and required
performance. Hierarchically, DL is nested within ML, and
ML within Al, reflecting both their interconnections and
distinct capabilities (Figure 1) [60-62].

Al has revolutionized photovoltaic (PV) system optimization,
enhancing energy vield, efficiency, and operational
reliability. Applications include solar resource assessment,
dynamic panel orientation via Al-driven tracking systems,
and predictive maintenance through continuous monitoring of
voltage, current, and temperature [57]. ML paradigms,
supervised, semi-supervised, unsupervised, and
reinforcement learning, enable tasks such as condition

classification, fault detection, and adaptive energy
management in PV systems [55].
Belu [58] reviewed Al applications in solar energy,

highlighting neural networks, fuzzy logic, and genetic
algorithms for modeling solar radiation, sizing PV systems,
performance evaluation, and control. The study demonstrated
that Al could provide accurate solar resource predictions
even in regions with sparse data and could model auxiliary
meteorological variables, such as air temperature, wind
speed, and humidity. Importantly, Al was shown to be
effective for optimal PV system sizing in off-grid and
isolated contexts, achieving reasonable accuracy with limited
datasets.

Umoh et al. [60] developed a Smart Solar Energy
Management System (SSEMS) to harvest solar energy,
supply loads, and store excess power in batteries. The
modular system was simulated, constructed, and tested,
demonstrating the ability to prioritize loads and manage
battery charging/discharging according to state-of-health.
This work highlighted the potential of intelligent control
systems for efficient energy distribution from limited PV
sources and provided a blueprint for scalable, research-
oriented or industrial applications.

Habib et al. [61] introduced an Arduino-based, automatic,
waterless cleaning system for dust removal on PV panels in
arid regions. The system combined an air blower to displace
loose dust and a DC motor-driven wiper to remove residual
particles. It achieved 87-96% cleaning efficiency without
surface damage, demonstrating a low-cost, water-free
solution for maintaining PV performance in desert climates.
Jumaboev et al. [63] addressed production losses in large-
scale solar farms using unmanned aerial vehicle (UAV)-
based thermal imaging for automated fault detection. They
evaluated three deep learning semantic segmentation
models—DeepLabV3+, Feature Pyramid Network (FPN),
and U-Net—with intersection over Union (loU) scores of 79—
86% and dice coefficients of 87-94%. The study
demonstrated that UAV-assisted deep learning provides
scalable and accurate PV fault detection, overcoming
limitations of manual inspections.

Duranay [64] applied deep learning for defect detection using
20,000 infrared images of PV panels across 12 defect classes
(e.g., cracking, hot spots, soiling). The approach employed
EfficientNetbO for feature extraction, Neighborhood
Component Analysis (NCA) for feature selection, and SVM
for classification, achieving 93.93% accuracy and robust
precision, sensitivity, and F1-scores. This work highlighted
the effectiveness of hybrid DL-SVM pipelines for automated
defect detection.
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Artificial
Intelligene

(AI) — 5 The ability of a machine to imitate intelligent human behavior

Machine
Learing

(ML)

An application of Al that allows a system to automatically

——— " leam and improve from experience.

Deep
Learing

(@L)

An application of ML that uses complex algorithms and deep

———* neural nets to train a model

Figure 1: The connections between Al, ML, and DL

Alatwi et al. [65] focused on detecting dust accumulation on
PV panels using image classification. Twenty pre-trained
deep learning models were evaluated, and DenseNet169 with
a linear SVM achieved the highest accuracy (86.79%). By
leveraging existing surveillance camera images, the approach
eliminated the need for additional sensors, demonstrating a
practical and scalable method for automated dust detection.
Kechida et al. [66] proposed a smart hybrid energy
management system integrating PV, wind, battery storage,
and AC/DC loads. ANFIS-based MPPT techniques achieved
99.7% PV and 98% wind efficiency, outperforming
conventional methods. A PI-ANFIS controller maintained
stable DC bus voltage under variable solar, wind, and load
conditions, while fuzzy logic-based energy management
prioritized loads based on battery state-of-charge, solar
irradiance, and wind speed, ensuring optimal energy
utilization.

Mamodiya et al. [67] introduced a multi-layer Al-enhanced
hybrid solar framework integrating CNN-LSTM for
irradiance prediction, reinforcement learning for dual-axis
tracking, and Edge Al for low-latency decision-making.
Advanced materials (self-cleaning nanocoatings, phase-
change materials, adaptive perovskite-silicon cells) and a
blockchain-enabled smart grid enabled secure energy trading.
Field testing showed a 41.4% increase in annual energy yield,
an 11.9 °C reduction in average panel temperature, and a 60%
extension of battery lifespan.

Karthik et al. [68] developed a unified deep learning platform
for simultaneous dust and fault detection using CNN, ResNet,
and self-attention KerNet models. The system included
preprocessing steps such as gamma correction and Gaussian
filtering and achieved high accuracy, precision, and F1
scores, supporting real-time, scalable deployment from
residential to utility-scale PV systems.

Lin et al. [6] reviewed the integration of Al, 10T, and big data
analytics for PV optimization, emphasizing predictive
maintenance, real-time monitoring, and energy forecasting.
The synergy of these technologies maximizes energy
harvesting, reduces operational costs, and enhances grid
stability, positioning smart PV systems as central to resilient,
sustainable energy infrastructures.

Building on this body of work, the present study focuses on
developing a machine learning-based classification model to
autonomously detect solar panel surface conditions (clean vs.
dirty) from annotated images. By providing a data-driven
decision-support tool for maintenance scheduling, this
research aims to mitigate energy yield losses caused by
soiling.  Multiple  classification  algorithms—Logistic

Regression, SVM, and MLP—were implemented and
rigorously compared using standardized performance metrics
to identify the most effective approach for this computer
vision task. This study contributes to bridging Al
methodologies with practical PV system maintenance,
enhancing operational efficiency and reliability.

Novelty

The novelty of this work lies in the comparative analysis of
three distinct classification algorithms for automated visual
inspection of solar panels. The problem was formulated as a
binary classification task, distinguishing between clean and
dirty panels. A feature-based approach was employed,
extracting approximately 28 discriminative features from
each image to serve as inputs for the three algorithms. Unlike
prior studies that rely solely on deep learning or complex
hybrid pipelines, this work emphasizes a data-driven,
interpretable framework that balances computational
efficiency, accuracy, and scalability. By systematically
evaluating the performance of multiple classifiers on the
same feature set, this study provides insights into the most
suitable machine learning approach for real-time PV
maintenance  applications, offering a practical,
implementable solution for improving energy yield.
Definitions

Logistic Regression is a statistical classification method that
models the probability of a binary outcome by applying the
logistic (sigmoid) function to a linear combination of input
features. It assumes a linear relationship between the
predictors and the log-odds of the response variable, allowing
the output to be interpreted as a probability between 0 and 1.
The model coefficients provide insight into the influence of
each feature on the outcome, making Logistic Regression
both interpretable and computationally efficient. Although
primarily designed for binary classification, it can be
extended to multiclass problems using multinomial or one-
vs-rest strategies [69].

Support Vector Machine (SVM) is a supervised learning
algorithm that constructs an optimal separating hyperplane by
maximizing the margin between data points of different
classes. The samples that lie closest to the decision boundary,
known as support vectors, determine the model structure. For
non-linearly separable data, SVM employs kernel functions
to project inputs into higher-dimensional spaces, enabling
complex decision boundaries. SVM is particularly effective
in high-dimensional feature spaces and is widely used in
applications such as text classification, image recognition,
and bioinformatics [70]

Multi-Layer Perceptron (MLP) is a feedforward artificial
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neural network (ANN) consisting of an input layer, one or
more hidden layers, and an output layer, with fully connected
neurons. Each neuron applies a non-linear activation function
to a weighted sum of its inputs, enabling the network to learn
complex, non-linear relationships. The model is trained using
backpropagation to minimize a loss function. MLPs are
powerful for classification and regression tasks but typically
require large datasets and offer limited interpretability
compared to simpler models. While highly predictive, the
internal reasoning is often less interpretable than Logistic
Regression or SVM. Applied to a vast range of problems,
including complex classification, regression, and as a
building block in modern deep learning architectures [71].
Methodology and Results

In this study, a solar panel dust detection model was
developed using the Python programming language,
following a structured machine learning pipeline, as
illustrated in Figure 3. The workflow consists of six main
stages.

Data
Collection

Feature
Extraction

Pre-
processing

1. Data Collection: Image data were collected from
categorized Clean and Dusty folders.

2. Preprocessing operations, including image resizing,
normalization, and Contrast Limited Adaptive Histogram
Equalization (CLAHE), were applied to enhance visual
quality and standardize the input data.

3. Feature extraction: 28 discriminative features were
extracted to characterize dust-related patterns on the panel
surfaces.

4. Model training: All three classification models were then
trained using the extracted features.

5. Evaluation and Selection: Model performance was
evaluated through comprehensive quantitative metrics and
visual analysis to identify the most effective approach.

6. Deployment & Prediction: The trained models were saved
and deployed to enable real-time dust detection and
performance prediction.

Model Eval(tgléatlon Deplg,nent
Training Selection Prediction

Figure 3: Solar panel dust detection flowchart

Data collection

Publicly available repositories such as Kaggle [72] provide
standardized benchmark datasets that facilitate reproducible
research in computer vision and machine learning. In this
study, a photovoltaic (PV) panel image dataset was obtained
from Kaggle, comprising 2,562 images captured under
diverse environmental and operational conditions. The
dataset is structured for binary classification into two
categories: Clean, consisting of 1,493 images of unobstructed
PV module surfaces, and Dusty, consisting of 1,069 images
exhibiting visible dust or particulate accumulation.

This distribution results in a moderate class imbalance, with
approximately 40% more samples in the Clean class. Since
class imbalance can bias model learning and evaluation,
stratified sampling and class-aware performance assessment

Clean

were employed. The images were collected through web
scraping, which inherently contributed to the observed
imbalance. The primary objective of using this dataset is to
benchmark and compare multiple machine learning
classifiers for automated dust detection on solar panels and to
identify the model that achieves the highest classification
performance for this task [72].

For model development and evaluation, the dataset was
partitioned using stratified sampling into training (60%),
validation (20%), and test (20%) subsets, thereby preserving
class proportions across all splits. This configuration ensures
sufficient data for learning while maintaining independent
subsets for unbiased model selection and final performance
evaluation. Representative samples from the training dataset
are shown in Figure 4.

Figure 4: Sample training images illustrating clean and dust-affected photovoltaic panel surfaces
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Image Pre-processing

Image pre-processing is a critical stage that transforms raw
data into a standardized and numerically stable form suitable
for machine learning. A unified pre-processing pipeline was
applied to prepare the dataset for three classifiers: Support
Vector Machine (SVM), Logistic Regression, and Multi-
Layer Perceptron (MLP), with particular attention to
normalization and scale sensitivity.

All images were resized to 224 x 224 pixels to ensure
uniform spatial dimensions and to reduce computational
complexity. Images were then converted from the BGR color
space (OpenCV default) to RGB, followed by intensity
normalization from the integer range [0,255] to the floating-
point range [0,1], improving numerical conditioning and
training stability.

To enhance dust-related visual cues, Contrast Limited
Adaptive Histogram Equalization (CLAHE) was applied to
emphasize local contrast while suppressing noise
amplification. This step improves the visibility of dust-
induced photometric variations without introducing artificial
artifacts.

For SVM and Logistic Regression, extracted feature vectors
were standardized using z-score normalization to enforce
zero mean and unit variance, a requirement for classifiers
sensitive to feature scale. The MLP operated directly on
normalized pixel representations, with optional batch
normalization applied within the network architecture.
Stratified sampling was maintained during data splitting to
mitigate bias caused by class imbalance.

Feature Extraction

Each solar panel image is represented by a compact set of 28
engineered features, as summarized in Table 1, designed to
capture discriminative photometric, chromatic, structural, and
textural characteristics that differentiate clean and dusty
panels. This hand-crafted feature representation enables
efficient learning while retaining sensitivity to dust-induced
visual alterations.

Statistical descriptors were computed from grayscale, RGB,
and HSV color spaces. The mean pixel intensity, representing
overall image brightness, is defined as [73]

p =%Z ®

i=1
where x;denotes the intensity of the i-th pixel and Nis the
total number of pixels. Image contrast and intensity
dispersion were quantified using the standard deviation ¢ and
variance o2, with variance defined as [74].

Table 1: The complete feature taxonomy and dimensionality

1 N
02 == ) (= 1y @

i=
Additional robust measures, including the median, minimum,
maximum, and first and third quartiles, were included to
characterize intensity distribution asymmetry and mitigate
sensitivity to outliers. Edge morphology features were
extracted using Canny-based edge detection to quantify

boundary density and structural complexity. Texture
characteristics were captured using Laplacian-based
descriptors, which measure high-frequency content

degradation associated with dust-induced blurring.
Dimensionality Reduction and Dataset Representation:
The engineered feature vector reduces the original image
dimensionality from 150,528 pixels (224 x 224 x 3) to 28
features, corresponding to a 99.98% reduction, while
preserving photometrically relevant information for dust
discrimination. The resulting dataset structure is summarized
in Table 2, with all splits maintaining consistent feature
dimensionality. This compact representation yields a
favorable sample-to-feature ratio of approximately 55:1 in the
training set, significantly reducing overfitting risk and
supporting stable classifier generalization. Empirically, the
extracted features form a near-linearly separable manifold for
clean and dusty samples, enabling effective classification
using support vector machines.

Photometric Interpretation of Features: Figure 5 illustrates
the feature extraction process for a clean solar panel. Clean
panels exhibit baseline photometric signatures characterized
by higher grayscale mean intensity (129.75), dominant red-
channel reflectance (121.47), and moderate edge density
(0.3285), reflecting uniform surfaces with minimal textural
disruption.

In contrast, Figure 6 shows feature extraction results for a
dusty panel, revealing systematic photometric alterations
induced by particulate accumulation. Grayscale luminance is
attenuated (mean = 117.68), corresponding to a 9.3%
reduction in reflected intensity due to dust-induced optical
scattering. RGB analysis indicates wavelength-dependent
extinction, with pronounced attenuation in the blue channel
(—36.25), consistent with scattering by fine mineral
particulates. Edge density increases slightly (0.3346),
reflecting micro-edge formation caused by dust granularity,
while Laplacian variance decreases, indicating loss of high-
frequency detail due to surface blurring.

Category Features Specific Features Explanation
Count
Grayscale 8 mean, standard deviation, variance, Extracts statistical measures from the grayscale (intensity)
Statistics minimum, maximum, median, firstand  version of the image. These capture overall brightness, contrast,
third quartile (Q1, Q3) and distribution of pixel intensities.
RGB 9 Rmean, Rstd, Rvar, Gmean, Gstd, Gvar, Bmean,  mean, standard deviation, and variance for each color channel,
Statistics Bstd, Bvar capturing wavelength-dependent reflectance variations.
HSV 6 Hmean, Hstd, Smean, Sstd, Vmean, Vstd mean and standard deviation of hue, saturation, and value,
Statistics separating chromatic information from Iluminance in a
perceptually meaningful space.
Edge 3 edge pixel density, mean gradient Analyzes the image's edge map. Edge density is the proportion of
Features magnitude, and gradient standard edge pixels, indicating texture complexity. Edge mean/std
deviation describes the average intensity and variation of those edge pixels.
Texture 2 Laplacian variance, Laplacian mean Uses the Laplacian filter, which is sensitive to areas of rapid
Features intensity change (like edges and fine details). The variance and

mean of the filtered image serve as quantitative measures of the
panel's surface texture and granularity.
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Table 2: Number of features

Dataset Split Number of Feature Dimensions
Samples
Training Set 1,537 images 28 features
Validation Set 512 images 28 features
Test Set 513 images 28 features
Total Dataset 2,562 images 28 features

Comparative Feature Analysis: A quantitative comparison
of representative clean and dusty panel features is presented
in Table 3. Luminance metrics show significant attenuation
(grayscale mean difference: —12.07) accompanied by
increased variance (+561.83), suggesting non-uniform dust
deposition. Spectral features exhibit wavelength-dependent

Grayscale
Mean: 129 H

o=

Original Image

/ e A
PR

shutterstrck shutterstrck

Blue Channel Hue
Mean: 146.1

Mean: 105.3
]

extinction, with blue-channel attenuation exceeding that of
red and green channels, consistent with Rayleigh-dominated
scattering. Hue mean shifts markedly (—41.53), indicating
chromatic transitions toward yellow-brown tones associated
with iron oxide-rich dust. Edge density and texture variance
display modest increases, confirming that dust primarily
affects fine-scale surface texture rather than large structural
boundaries. Collectively, these complementary photometric,
chromatic, and textural descriptors establish a robust multi-
modal representation of dust-induced visual degradation. The
resulting 28-dimensional feature space provides sufficient
discriminatory power for reliable clean-versus-dusty
classification while maintaining computational efficiency.

Red Channel
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Figure 5: Illustration of extracted photometric, edge, and texture features for a clean photovoltaic panel
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Figure 6: Illustration of extracted photometric, edge, and texture features for a dusty photovoltaic panel
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Model Performance Evaluation

Three machine learning classifiers—Logistic Regression,
Support Vector Machine (SVM) with a radial basis function
(RBF) kernel, and Multi-Layer Perceptron (MLP)—were
evaluated for photovoltaic panel dust classification using the
engineered photometric feature vectors. The comparative
performance results are summarized in Table 4.

Logistic Regression establishes a linear baseline, achieving a
validation accuracy of 73.44%, indicating moderate
discriminative capability despite the non-linear nature of
dust-induced photometric variations. The MLP yields
comparable performance (73.24%), suggesting that the

engineered feature space already captures near-linearly
separable class structure, limiting the benefit of deeper
hierarchical representations.

The SVM with RBF kernel achieves the highest validation
accuracy (75.78%), demonstrating superior capability in
modeling non-linear decision boundaries within the 28-
dimensional feature space. Its balanced precision (76.08%)
and recall (75.78%) indicate robust generalization with
minimal bias toward false positives or false negatives, while
the corresponding F1-score (75.87%) reflects consistent
performance across classification thresholds (Figure 7).

Table 3: Comparison of extracted features for clean and dusty photovoltaic panels

Feature Clean Dusty Difference
Grayscale Mean 129.75 117.68 -12.07
Grayscale Std 65.44 69.60 4.16
Grayscale Var 4281.80 4843.64 561.83
Rmean 121.47 116.18 -5.29
Gmean 130.79 119.96 -10.83
Brmean 146.06 109.80 -36.25
Hmean 105.35 63.82 -41.53
Smean 58.73 57.95 -0.79
Vimean 146.58 125.17 -21.41
Edge Density 0.33 0.33 0.01
Texture Variance 83.76 85.32 1.56
Table 4: Model performance comparison on the validation set
Validation
Classifier Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Logistic Regression 73.44 73.60 73.44 73.50
Support Vector Machine 75.78 76.08 75.78 75.87
Multi-Layer Perceptron 73.24 73.05 73.24 72.83
1.0 4 L] .ﬁ.ccl..!r?cy
Precision
m Recall
0.8 1 B Fl-Score
g 0.6 1
A
0.4 -
0.2 -
0.0-

Logistic Regression

SvM

MLP

Figure 7: Validation accuracy, precision, recall, and F1-score for Logistic Regression, SVM, and MLP

Confusion Matrix Analysis:

A confusion matrix (Table 5) provides a detailed breakdown
of true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN) for the binary classification
task [74]:

Table 5: confusion matrix

Actual Actual

Positive Negative

(Dirty) (Clean)
Predicted Positive (Dirty) TP FP
Predicted Negative (Clean) FN TN

o True Positive (TP): Dusty panels correctly classified,
e.g., a dusty panel was correctly classified as "dirty".

o True Negative (TN): Clean panels correctly classified,
e.g., a clean panel was correctly classified as "clean".

o False Positive (FP): Type | Error: Clean panels
misclassified as dusty, e.g., a clean panel was
mistakenly flagged as "dirty" (A false alarm).

o False Negative (FN): Type Il Error: Dusty panels
misclassified as clean, e.g., a dusty panel was missed
and classified as "clean™ (A missed detection).

Validation accuracy is defined as [75,76]:

Ncorrect
New ®)

val

where N_.... denotes the number of correctly classified
validation samples and N, is the total number of validation
samples. For the Dusty class, precision and recall are

Accuracy =
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computed as [75,76]

TP
ST L 4
Precision TTI;J TFP 4)
- 5
Recall TP+ FN (5)

The F1-score, representing the harmonic mean of precision
and recall, is given by [75,76]

2 - Precision - Recall (6)
Precision + Recall

The complexity-performance analysis reveals critical trade-
offs between computational efficiency and classification
efficacy.

Computational Complexity and Trade-off Analysis: A
complexity—performance analysis highlights the trade-offs
between classification accuracy and computational cost
(Figures 8 and 9). Logistic Regression exhibits the lowest
computational overhead (0.5x baseline training time),
converging rapidly on the 28-dimensional feature space but at

Fl-score =

the cost of reduced accuracy.

The SVM incurs moderate computational cost (2.0x baseline)
while delivering the highest classification accuracy (75.78%),
representing a favorable balance between discrimination
capability and processing efficiency. In contrast, the MLP
exhibits the highest computational burden (5.0x baseline)
with no corresponding performance gain, reinforcing that
increased architectural complexity yields diminishing returns
for this feature representation.

The inverse relationship between training time and validation
accuracy—yparticularly the comparison between SVM and
MLP—indicates diminishing marginal utility of deep models
in this context. Consequently, the SVM emerges as the
Pareto-optimal solution, offering superior accuracy with
acceptable computational cost, making it well suited for
deployment in resource-constrained solar panel monitoring
systems.

5 4
5.0x
4 4
@
E
F 34
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=
ot
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Figure 8: Training time analysis for Logistic Regression, SVM, and MLP
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Figure 9: Trade-off between classification accuracy and computational complexity

Evaluation and Model Selection

The Support Vector Machine (SVM) demonstrates robust
generalization on unseen solar panel images, achieving
74.07% test accuracy with balanced precision (74.00%) and
recall (74.07%) (Figure 10).

The harmonic Fl-score of 74.03% confirms optimized

discrimination thresholds for the binary classification task as
in figure 11. Class-specific performance reveals stronger
detection of clean panels (precision: 77%, recall: 79%, F1:
78%) compared to dusty panels (precision: 69%, recall: 68%,
F1: 69%), indicating that dust accumulation introduces
greater photometric variability. The slight reduction in
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i SVM Performance on Test Set:
L Accuracy: 0.7407 (74.07%)
L Precision: 0.7400
L. Recall: 0.7407
L Fl-Score: 0.7403

Figure 10: Test performance metrics of the SVM classifier

accuracy from validation (75.78%) to test (74.07%) reflects
an acceptable generalization error, consistent with expected
real-world variability in environmental conditions, solar
angles, and dust composition.

Analysis of a random test subset (12 samples) demonstrates
66.7% accuracy (8/12 correct) (Figure 12). Among the four
misclassifications, three were false positives (clean panels
classified as dusty), and one was a false negative (dusty panel
classified as clean). This 3:1 ratio indicates a conservative
bias toward dust detection, favoring preventive maintenance

Actual: Clean
Predicted: Dusty

Actual: Dusty
Predicted: Dusty
Confidence: 92.3%

Actual: Dusty
Predicted: Dusty
Confidence: 78.2%

Actual: Dusty
Predicted: Dusty
Confidence: 50.0%

Actual: Dusty
Predicted: Dusty
Confidence: 75.6%

RO

AT S f

Figure 13 shows the confusion matrix for the 12-sample
subset, revealing strong diagonal dominance for clean panels
and more dispersed predictions for dusty panels. The
asymmetric errors suggest model conservatism toward dust
detection, likely influenced by feature similarity between
lightly soiled and clean panels. Clean panel sensitivity
reaches approximately 85%, while precision is lower (~70%),
and dusty panels show the inverse pattern. Figure 14.

Classification Report:
precision recall f1-score  support
Clean e.77 9.79 0.78 299
Dusty 0.69 9.68 9.69 214
accuracy .74 513
macro avg 8.73 9.73 9.73 513
weighted avg 0.74 0.74 0.74 513

Figure 11: Classification report for SVM by class

over missed soiling events—a defensible strategy for
photovoltaic monitoring. Confidence scores ranged from
47.9% to 78.5%, reflecting calibrated uncertainty rather than
overconfident errors. Overall, the SVM shows deployment-
ready performance, balancing clean panel reliability (79%
recall) with moderate dusty panel detection (68% recall),
achieving practical utility for automated solar farm
monitoring.

Actual: Dusty
Predicted: Dusty
Confidence: 75.5%

Actual: Dusty
Predicted: Clean
Confidence: 68.5%

Actual: Clean
Predicted: Dusty
Confidence: 60.8%

Actual: Clean
Predicted: Clean
Confidence: 94.7%

Actual: Clean
Predicted: Clean
Confidence %

Actual: Dusty
Predicted: Dusty
onfidence: 91.1%

Figure 12: Random test samples: actual vs predicted labels (green color indicates correct prediction, red color indicates false
prediction)

Displays the confusion matrix of SVM on the full test set.
Across the full test set, the SVM achieves superior clean
panel detection (235 TP vs. 64 FP) compared to dusty panel
identification (145 TP vs. 69 FN), confirming a conservative
maintenance-oriented bias.

Receiver Operating Characteristic (ROC) and Area
Under Curve (AUC) Analysis: The Receiver Operating
Characteristic (ROC) curve illustrates the trade-off between
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true positive rate (recall) and false positive rate across
classification thresholds [12]. The Area Under Curve (AUC)
is 0.790 (Figure 15), indicating good, though not perfect,
separability. Optimal operating points correspond to 65-70%
true positive rate with <25% false positive rate, reflecting
practical deployment conditions where continuous dust
gradients and environmental variability limit perfect
discrimination. The asymmetric confusion matrix and gradual
ROC ascent indicate overlapping feature distributions,
confirming that dust accumulation is a continuum rather than
a strict binary phenomenon. Despite these challenges, the
SVM achieves 74.07% overall test accuracy, representing a
robust, practically deployable solution for automated solar
panel monitoring with real-world reliability and efficiency.
Deployment & Prediction

The optimized SVM model was serialized and deployed as
the central inference component of an automated monitoring
system. Within the operational workflow, incoming images
undergo the same pre-processing and feature extraction
procedures used during training, producing a 28-dimensional
feature vector that is subsequently evaluated by the classifier
to generate a real-time Clean/Dusty prediction along with an
associated confidence score. This probabilistic output
supports  confidence-driven  alerting and  informed
maintenance scheduling. Owing to its computational
efficiency, the model enables low-latency inference and is
well-suited for both edge-based and centralized deployments,
thereby supporting proactive and efficient operational
management.

Conclusion

This study presents a comprehensive framework for
automated dust detection on photovoltaic (PV) panels using
engineered photometric, chromatic, and textural features
combined with machine learning classifiers. A dataset of
2,562 solar panel images, categorized as clean or dusty, was
pre-processed, normalized, and transformed into a 28-
dimensional feature space, enabling efficient and
discriminative representation of dust-induced visual changes.
Feature extraction incorporated multi-modal descriptors,
including grayscale and color statistics, edge metrics, and
Laplacian-based  texture measures, providing robust
differentiation between clean and dust-affected panels.

Three machine learning architectures—Logistic Regression,
Support Vector Machine (SVM), and Multi-Layer Perceptron
(MLP)—were evaluated. The SVM with a radial basis
function kernel achieved the highest performance, with
74.07% test accuracy, balanced precision and recall (~74%),
and an Fl-score of 74.03%. Confusion matrix and ROC
analyses demonstrated reliable clean panel detection,
moderate dust panel identification, and an AUC of 0.790,
indicating good separability despite inherent variability in
environmental and operational conditions. Computational
analysis highlighted the SVM as a Pareto-optimal solution,
balancing classification efficacy with moderate training cost.
In contrast, more complex architectures such as the MLP
yielded minimal performance gain at higher computational
overhead.

The proposed approach offers a practically deployable
solution for solar farm monitoring, providing substantial
improvements over manual inspections in terms of accuracy,
consistency, and computational efficiency. While binary
classification of dust presents challenges due to continuous
soiling gradients, the multi-modal feature set and SVM
classifier enable effective detection of significant dust

accumulation, supporting timely maintenance interventions
and energy vyield preservation.

Future work may explore regression-based  dust
quantification, multi-class soiling severity estimation, and
integration with real-time aerial imaging systems, further
enhancing the scalability and operational utility of automated
PV monitoring frameworks.
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