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ABSTRACT: Due to the continuous increase in global energy demand, photovoltaic solar energy generation and
associated maintenance requirements have significantly expanded. One critical maintenance challenge in photovoltaic
installations is detecting hot spots, localized overheating defects in solar cells that drastically reduce efficiency and can
lead to permanent damage. Traditional methods for detecting these defects rely on manual inspections using thermal
imaging, which are costly, labor-intensive, and impractical for large-scale installations. This research introduces an
automated hybrid system based on two specialized convolutional neural networks deployed in a cascaded architecture.
The first convolutional neural network efficiently detects and isolates individual solar panels from high-resolution aerial
thermal images captured by drones. Subsequently, a second, more advanced convolutional neural network accurately
classifies each isolated panel as either defective or healthy, effectively distinguishing genuine thermal anomalies from
false positives caused by reflections or glare. Experimental validation on a real-world dataset comprising thousands of
thermal images yielded exceptional accuracy, significantly reducing inspection time, costs, and the likelihood of false
defect detections. This proposed system enhances the reliability and efficiency of photovoltaic plant inspections, thus
contributing to improved operational performance and economic viability.

KEYWORDS: Photovoltaic panel; convolutional neural network; deep learning; hot spots; thermal imaging; unmanned
aerial vehicle inspection; GoogleNet; fast regions with convolutional neural networks; automated defect detection;
transfer learning; aerial thermography

1 Introduction

The rapid expansion of photovoltaic (PV) installations globally reflects the growing demand for
renewable and sustainable energy sources. Solar PV panels, being the core component of these installations,
require continuous and reliable performance to maximize energy production and ensure economic viability.
However, photovoltaic panels are susceptible to various operational challenges, such as environmental
degradation, dirt accumulation, and particularly, the formation of hot spots. These hot spots result from
individual solar cells malfunctioning or degrading, leading to overheating due to energy absorption rather
than its conversion into electricity [I]. If left undetected, these localized overheating issues can cause
significant efficiency losses, damage the photovoltaic modules irreversibly, and reduce the overall lifespan of
the installation [2].
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Traditionally, inspection and maintenance tasks aimed at detecting hot spots and other panel defects
have been carried out manually by specialized technicians using handheld thermal imaging cameras. This
approach is not only costly but also labor-intensive and time-consuming, especially given the large-scale
and often remote nature of modern solar power plants [3]. In recent years, technological advancements in
artificial intelligence (AI), particularly in the fields of computer vision and machine learning, have presented
viable alternatives to automate and significantly enhance the efficiency of such inspections.

Thermal imaging cameras mounted on UAVs have recently emerged as a highly effective solution for
large-scale and efficient inspection of photovoltaic installations [4]. UAVs equipped with thermal cameras
capture aerial images of entire solar fields, clearly highlighting overheated cells as bright spots. These images
provide substantial datasets that can be leveraged by convolutional neural networks (CNNs) and other
deep learning models to autonomously detect and accurately classify solar panel defects [5]. Furthermore,
integrating these Al-based detection methods with geographic information systems (GIS) or Internet of
Things (IoT) platforms allows for real-time monitoring, precise localization, and efficient scheduling of
maintenance tasks.

This research proposes a novel approach combining two specialized convolutional neural networks
arranged in a cascaded structure. The first neural network is designed specifically for accurately detecting
and isolating individual photovoltaic panels from aerial images obtained by drone-based thermal imaging.
Subsequently, the second neural network classifies the isolated panels to identify the presence or absence
of defects, specifically targeting hot spot detection. This specialized cascading method aims to enhance
detection accuracy, significantly reduce false-positive detections, particularly those caused by sun reflections,
and streamline the overall inspection process.

The specific objectives of this work are as follows:

o To create a comprehensive database of thermal images captured by drones from operational solar instal-
lations.

o  To manually annotate and prepare these images, distinguishing solar panels from background noise and
classifying them based on their condition.

o To select, design, and train a specialized region-based CNN (Fast R-CNN) model to identify and isolate
individual photovoltaic panels effectively.

o To design and train a robust and precise classification CNN (e.g., GoogleNet) to detect panels with
hot spot defects, accurately distinguishing them from healthy panels and false-positive cases due
to reflections.

« To integrate these two CNN models into a unified, automated algorithm capable of performing high-
precision, real-time detection and classification tasks.

By deploying this integrated and automated Al-driven inspection methodology, the proposed system
significantly reduces the reliance on manual inspections, optimizes maintenance operations, and substan-
tially lowers associated operational costs. Consequently, this work contributes directly to the improvement
of photovoltaic plant productivity, sustainability, and economic competitiveness.

2 State of the Art
2.1 Overview of Photovoltaic System Maintenance

Solar photovoltaic (PV) energy represents one of the most promising and rapidly evolving renewable
energy sources today, involving the direct conversion of sunlight into electricity through solar cells. Recent
advancements have significantly reduced the cost of solar cells while simultaneously improving their
conversion efficiency [6]. Additionally, developments in battery technologies and energy storage systems
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have made solar photovoltaic installations more reliable and practical, leading to rapid global adoption
across diverse applications, from residential rooftops to large-scale solar power plants [7]. Despite these
advancements, challenges such as sunlight variability and limited large-scale storage remain, necessitating
continued research and innovation [8].

In contrast to traditional non-renewable sources, photovoltaic technology offers substantial environ-
mental benefits, emitting no greenhouse gases and significantly reducing the harmful effects associated
with global warming [9]. Solar technologies can be broadly classified based on their function and energy
conversion processes into photovoltaics (directly converting solar radiation to electricity), thermal collectors
(capturing solar energy to heat fluids for industrial or domestic use), and hybrid systems (combining both
electrical and thermal energy production) [10]. This research specifically addresses photovoltaic panels,
focusing on their operational challenges and defects that negatively impact their efficiency and reliability.

2.2 Hot Spot Formation and Effects

One of the major operational issues with photovoltaic panels is the accumulation of dirt and con-
taminants. External pollutants such as dust, leaves, branches, and bird droppings significantly obstruct the
absorption of solar radiation, potentially causing efficiency losses of up to 50%. Consequently, regular and
effective cleaning strategies are critical for maintaining optimal photovoltaic panel performance [11].

Another critical issue impacting photovoltaic panel efficiency is the occurrence of hot spots. Hot
spots are localized overheating defects caused by cell malfunctions or degradation. Affected cells cease to
convert solar radiation into electrical energy, instead absorbing radiation and overheating. This phenomenon
reduces panel efficiency and may lead to permanent cell damage [12,13]. Regular inspection and proactive
maintenance are essential to identify and repair these defective cells before significant damage occurs.
Various innovative methodologies have been developed to automate hot spot detection. For example, in [14],
the authors propose a deep learning method specifically designed for accurately segmenting hot spots
from thermal images of photovoltaic panels. A different and complementary approach is presented in [15],
where the authors develop a real-time detection platform suitable for practical deployment in photovoltaic
power plants.

2.3 Non-Destructive Testing Methods

Non-destructive testing (NDT) techniques have emerged as critical methods for diagnosing photo-
voltaic panel conditions without causing any physical damage. Among these, thermal imaging has become
prominent due to its cost-effectiveness, speed, and adaptability [16]. Thermal imaging identifies hot spots by
capturing temperature anomalies caused by solar cell malfunctions or degradation. This method allows for
early-stage defect identification, significantly reducing maintenance costs and downtime [17-20].

Significant research efforts have aimed to enhance the precision and reliability of thermal imaging
methodologies. In the work [21], the authors propose advanced deep learning frameworks to improve the
early detection of hot spots, offering superior accuracy compared to traditional thermal imaging methods.
In a related effort, Ref. [22] presents an unsupervised clustering method to segment and accurately detect
malfunctioning photovoltaic modules, thereby enhancing detection speed and reliability.

2.4 Deep Learning in Solar Panel Inspection

More recently, sophisticated computer vision and deep learning techniques have been introduced to
overcome common limitations of thermal image analysis, such as false positives induced by solar reflections.
A notable contribution in this area is found in [23]. Here, the authors developed unsupervised sensing
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algorithms that differentiate actual deterioration from reflection-induced artifacts, substantially reducing
false-positive detections [24].

Moreover, the integration of deep learning techniques with UAVs has further revolutionized pho-
tovoltaic inspection processes. UAV-based thermal imaging systems combined with convolutional neural
networks (CNNs) and vision transformers have provided highly accurate and automated defect detection
capabilities. For instance, Ref. [25] compares state-of-the-art machine learning methods applied to drone-
captured thermal imagery, concluding that modern vision transformer models can significantly enhance
detection accuracy compared to conventional CNN-based methods. In this context, Ref. [26] proposed
TransPV, a hybrid architecture combining U-Net and Vision Transformer mechanisms, which incorporates
Mix Transformer blocks for global context modeling and a PointRend module for refining segmentation
boundaries. Their model achieved superior performance in PV segmentation tasks, particularly in heterge-
neous environments, reporting an accuracy of 87.6% and demonstrating strong generalization capabilities
across diverse datasets. This work highlights the potential of transformer-based architectures for improving
semantic segmentation in complex photovoltaic scenarios.

Additionally, Ref. [27] introduced an innovative self-supervised learning approach. This method
effectively isolates hotspots from thermal images without extensive labeled data, significantly reducing
annotation costs and improving the generalization capability of hotspot detection algorithms. Likewise,
Ref. [28] leveraged supervised contrastive learning techniques to robustly distinguish actual defects from
non-defective anomalies, providing superior results compared to traditional binary classification approaches.

In the context of integrated frameworks combining multiple technologies, Ref. [29] introduced an
advanced artificial intelligence approach. This method optimizes photovoltaic power generation efficiency by
integrating solar photovoltaic systems with wind turbines and fuel cells, employing AI-driven point tracking
techniques for enhanced overall performance.

The advancement of convolutional neural networks has significantly improved the accuracy and
efficiency of defect detection in photovoltaic systems. Recent studies highlight CNN-based approaches
specifically tailored for solar panel defect recognition and hot spot detection. For instance, in the study [30],
CNN architectures were applied to aerial imagery, achieving high accuracy in recognizing and segmenting
photovoltaic panels within large-scale solar plants. Similarly, the research [31] introduced a specialized CNN
framework to effectively analyze infrared images, significantly enhancing hotspot detection performance in
diverse environmental conditions.

In contrast to the cascaded architecture employed in this work, several studies have explored single-
network approaches based on You Only Look One (YOLO) architectures for photovoltaic panel and
defect detection. For instance, Yin et al. (2023) proposed PV-YOLO, a network that enhances YOLOX by
integrating Vision Transformer (PV'Tv2) features, achieving a mean Average Precision (mAP) of 92.56%,
which represents a 10.46% improvement over YOLOX in the detection of small photovoltaic objects [32].

Similarly, Ghahremani et al. (2025) conducted a comparative evaluation of YOLOV9, YOLOV10, and
YOLOWI1 for hot spot detection, showing that YOLOV11-X achieved 89.7% precision, 87.7% recall, 92.7%
mAP, and an Fl-score of 90% on their custom dataset [33].

Beyond these purely detection-oriented models, other researchers have proposed hybrid solutions
that integrate segmentation and detection in a unified framework. In [34], the authors introduced
Deeplab-YOLO, which combines semantic segmentation and object detection, yielding a 2.6% increase in
segmentation accuracy and a 0.7% improvement in hot spot detection compared to baseline detectors.

While these approaches demonstrate the potential of unified or single-stage systems in terms of accuracy
and computational efficiency, the modular nature of our cascaded architecture offers distinct advantages. By
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decoupling the panel detection and defect classification tasks, our method enables independent optimization
at each stage, enhancing interpretability and adaptability to diverse inspection scenarios.

2.5 UAV and IoT-Based Monitoring Solutions

Another key innovation has been the integration of CNN models with Internet of Things (IoT)
technology. The research [35] presents a novel autonomous system that combines CNN-based fault detection
algorithms with IoT-enabled sensor networks. Their proposed framework enables real-time monitoring and
predictive maintenance of photovoltaic modules, ensuring early-stage fault identification and improving the
operational reliability and efficiency of solar power systems.

The combination of UAV technology with advanced machine learning methods continues to expand
the capabilities of solar panel inspections. The study [36] demonstrated the effectiveness of real-time defect
detection using YOLO-based algorithms integrated with UAV platforms, significantly reducing the time
required for manual inspections. Similarly, the work [37] highlights improvements achieved through the
fusion of UAV thermal imaging and deep learning methods, resulting in more accurate and cost-effective
defect identification.

Numerous field studies further support the efficiency and cost-eftectiveness of UAV-based inspections
in operational PV settings. Gallardo-Saavedra et al. (2020) [38] reported that thermal inspections using
UAV's were approximately 97% faster than manual methods, translating to a cost reduction of €1.07 per kWp.
Similarly, Zefri et al. (2018) [39] found that inspection time was reduced by up to 85% using drone-mounted
cameras in large solar farms. In a large-scale deployment, Pruthviraj et al. (2023) [3] used UAV thermal
imaging to inspect over 230,000 panels, detecting thousands of defects more efficiently than by manual
surveys. In other work [40], the authors demonstrated that UAV-based efficiency assessment using high-
resolution thermal orthomosaics enables rapid and detailed evaluation of solar fields, supporting real-time
maintenance decisions and scalability in large installations.

Fault classification and localization methods have also seen considerable progress. For example, Ref. [41]
introduced efficient CNN architectures combined with UAV thermal imaging, enabling precise localization
and classification of defects.

Looking forward, further research efforts are expected to explore advanced neural network architec-
tures, including transformer-based models, as demonstrated in [25]. This comparative study confirmed
that vision transformers hold great promise for further enhancing detection performance, outperforming
traditional CNN approaches in certain tasks. Ongoing innovations combining CNNs, IoT technology, UAVs,
and emerging deep learning models have significantly advanced the state-of-the-art in photovoltaic defect
detection, contributing to increased efficiency, reduced maintenance costs, and enhanced system reliability.
Continuous research in these areas is essential for addressing existing challenges and ensuring the long-term
sustainability and competitiveness of solar photovoltaic energy.

3 Materials and Data Collection

The thermal images utilized in this research were captured using a Workswell WIRIS 640 thermal
imaging camera mounted on a DJI $900 drone. The Workswell WIRIS 640 camera is specifically designed for
drone-based inspections, providing high-quality radiometric images capable of accurately measuring tem-
perature variations at the pixel level. The camera incorporates advanced thermographic sensors, supporting
functionalities such as full remote control, radiometric data acquisition, continuous digital zoom, adjustable
manual temperature ranges, Global Positioning System (GPS) positioning, thermal image analysis software,
and the capability to generate 3D models from the captured data. The camera weighs less than 400 g and
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features a temperature measurement range of up to 1500°C, internal memory of 32 GB, dimensions of 135 mm
x 77 mm x 69 mm, and connectivity via HDMI and USB ports (Fig. 1).

Visible spectrum
camera lens

Infrared camera lens

Figure 1: Radiometric camera Workswel WIRIS

The DJI S900 drone employed for data collection is a professional-grade octocopter designed for stable
flight and high payload capacity, capable of carrying specialized equipment such as thermal imaging cameras.
It features a collapsible carbon fiber frame for portability, eight motors with corresponding propellers
providing significant lift and stability, and a precision flight controller suitable for accurate maneuvering even
in windy conditions. The drone integrates both GPS and visual positioning systems, ensuring reliable flight
stability and precise image capture. With a flight autonomy ranging from 15 to 20 min per battery charge,
the DJI S900 is suitable for professional aerial imaging applications (Fig. 2).

Figure 2: Octocopter DJI S900 mounted with WIRIS camera

Data collection was performed at a large-scale photovoltaic power plant located in the province of
Albacete, Spain. This facility spans approximately 8 hectares and has an installed capacity of 15 MW,
producing around 28,000 MWh annually, sufficient to meet the energy requirements of approximately 11,200
households. The installation includes roughly 70,000 polycrystalline silicon photovoltaic modules (CS6P-P
series manufactured by Canadian Solar) arranged in around 7000 horizontal single-axis tracking structures.
Each tracking structure supports 10 modules organized in two rows of five panels. This solar power plant
has been in continuous operation since its commissioning in 2008 and is maintained through a centralized
monitoring system.

The drone-mounted thermal imaging system captured aerial video sequences of photovoltaic modules
from diverse angles and elevations, including multiple panels within single frames. The radiometric images
provided clear visualization of temperature differences, distinctly highlighting hot spots on defective solar
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cells. However, some captured images included bright areas caused by sunlight reflections rather than
genuine defects, complicating straightforward tonal filtering methods.

Raw thermal video sequences were processed frame by frame into individual images during a dedicated
pre-processing stage. Frames exhibiting motion blur, primarily resulting from drone turns and rapid move-
ments, were automatically discarded due to sensitivity limitations of thermal imaging cameras operating at
lower frame rates. Additional image filtering was conducted to remove frames captured from steep viewing
angles or those exhibiting significant geometric distortion of panel structures (Fig. 3).

Figure 3: Discarded images due to improper viewing angles

Following initial filtering, the remaining images were manually reviewed and annotated. Panels exhibit-
ingactual defects were labeled with assistance from semi-automated tracking algorithms, facilitating accurate
and efficient identification of hot spots across image sequences. Special attention was directed toward
identifying and excluding false positives caused by solar reflections on the panels or their frames. These
challenging scenarios were carefully addressed in the annotation stage, ensuring the training dataset enabled
neural networks to differentiate genuine thermal anomalies from reflection effectively (Fig. 4).

Figure 4: Panels annotated with ground truth: hot spots are marked in blue, while sun-induced reflections (potential
sources of false positives) are highlighted in red

After rigorous pre-processing and annotation, a total of 3718 valid thermal images were compiled into
the final dataset, ready for subsequent training and evaluation of the proposed defect detection system.
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4 Methodology

The proposed system integrates two specialized convolutional neural networks (CNNs) arranged in
a cascaded architecture to optimize computational efficiency and accuracy. Instead of processing high-
resolution images entirely with a single deep neural network, this cascading approach separates the tasks
into distinct stages: initial detection of photovoltaic (PV) panels in aerial images, followed by detailed defect
classification within each detected panel.

4.1 Data Input and Preprocessing

A critical preliminary step was the creation of a precise ground truth dataset through manual annota-
tion. Aerial thermal images were manually labeled by placing bounding boxes exclusively around fully visible,
non-overlapping solar panels. Labeling only complete panels prevented erroneous detections of partial or
overlapping panels by the model [42]. To accelerate the labeling process, particularly for video data, a point-
tracker-based labeling tool was employed (Fig. 5). This tool allowed marking panels in the first frame of a
video sequence and automatically tracking these panels across subsequent frames, significantly expediting
dataset preparation [43]. In the interface, yellow bounding boxes indicate the currently selected or tracked
object, while green boxes represent successfully tracked objects that are not currently selected.

Figure 5: Semi-automated video annotation using the point tracker tool in MATLAB video labeler

4.2 Panel Detection Stage (Fast R-CNN)

The first stage of the proposed system utilizes a Fast Region-based Convolutional Neural Network (Fast
R-CNN) to detect solar panels within aerial thermal images [44]. The network consists of 11 layers and is
intentionally lightweight, as panel detection primarily relies on simple visual patterns such as rectangular
contours and thermal intensity profiles, which are recognizable at moderate resolutions.

Unlike classical R-CNN, which applies a separate convolutional network to each candidate region, Fast
R-CNN first extracts a global feature map from the entire input image using convolutional, ReLU, and
MaxPooling layers. Externally defined Regions of Interest (Rols), obtained from annotated bounding boxes,
are then projected onto this map and resized via Rol Pooling to fixed-size vectors (32 x 32 x 3). These are
subsequently classified by fully connected layers as either “Panel” or “Background”.

To train the detector, a Ground Truth dataset was generated by manually labeling only complete, non-
overlapping panels in a set of aerial thermal images, preventing the network from learning ambiguous or
partial patterns. Labels were defined by rectangular coordinates and linked to image filenames. The detector
was trained using this annotated dataset, which included bounding boxes propagated from video sequences
using semi-automated tools.
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Training on high-resolution images (1280 x 1024 pixels) posed memory constraints and risks of
information loss if downsampled excessively. Reducing input to 28 x 28 pixels, for instance, would remove
critical spatial detail [45]. Fast R-CNN mitigates this by processing the full image once and performing
detection through Rol mapping and classification, as shown in Fig. 6.

Classification

ASNI Y —
ROlpool  [SURNIL Classification -
Nl LN Layers —
[IS\im=
Regression
Layers

Bounding box
refinement layer

Features

Region proposal function

Feature Extractor Object Classification

Figure 6: Fast R-CNN object detector structure

Using labeled Rols, the network was trained via backpropagation to discriminate panels from
background. Convolutional layers extract shared features, while Rol Pooling and dense layers perform
classification. After training on thousands of examples, the model consistently localized panels with high
confidence [46], assigning scores between 0 and 1 to each detection.

Validation on unseen images confirmed the detector’s effectiveness. As shown in Fig. 7, fully visible
panels are correctly identified and framed in yellow boxes, while partial or overlapping panels tend to be
ignored due to lower confidence scores. This conservative behavior reflects the impact of a strict annotation
strategy and reduces false positives in subsequent classification.

(a)

Figure 7: Panel detection examples using Fast R-CNN: (a) grayscale thermal image with high-confidence detections,
and (b) pseudo-color thermal map showing detection scores for each panel

This approach ensures that only clearly defined panels are passed to the next stage, improving reliability
and minimizing ambiguity, particularly near image edges or in densely packed arrays.

4.3 Defect Classification Stage (GoogleNet)

After panels were successfully detected and cropped from original high-resolution images, the next
step was to classify each panel individually as either defective or healthy. This required creating a detailed,
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balanced dataset, obtained by manually categorizing each cropped panel image as “Defect” (indicating
thermal anomalies, primarily hot spots) or “Healthy” (normal thermal signatures). This manual labeling
ensured high accuracy of training data, facilitating the subsequent classification task.

Due to the inherent complexity in distinguishing genuine thermal anomalies from false positives caused
by solar reflections or glare, a robust pre-trained convolutional neural network, GoogleNet (Inception v1),
was selected for this classification stage [47]. Originally trained on ImageNet, GoogleNet incorporates
hierarchical feature extraction across its 22 core layers (or 144 layers counting auxiliary branches), making it
highly suitable for fine-grained classification tasks involving subtle thermal patterns [48].

To adapt GoogleNet to our specific binary classification task (“Defect” vs. “No Defect”), we applied
transfer learning by freezing all layers up to the “pool5-drop_7x7_s1” dropout layer. This approach preserved
the general feature extraction capabilities learned from ImageNet and reduced the risk of overfitting. Only
the final classification layers were retrained using our domain-specific dataset. Additionally, to improve
generalization and increase training data variability, data augmentation techniques were applied. These
included random horizontal reflections as well as random pixel translations in both the X and Y directions,
implemented using MATLAB’s imageDataAugmenter with appropriate settings.

Transfer learning was applied to adapt GoogleNet to our binary classification problem (“Defect” vs. “No
Defect”). This involved freezing early convolutional layers to preserve general features previously learned,
significantly reducing the amount of training data and computation required. New, task-specific Fully
Connected layers were added and trained specifically on the prepared dataset of panel images (Fig. 8). After
fine-tuning these layers, GoogleNet achieved an outstanding validation accuracy of 99.86%, demonstrating
exceptional proficiency in differentiating between defective and healthy panels.

Frozen Layers Fine-Tuned Layers

Image input Layer
Conv Layer 2
Inception Blocks
Dropout
Softmax Layer
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Figure 8: Modified GoogleNet structure with frozen and trainable layer blocks for defect classification

4.4 Integrated Pipeline and System Operation

Finally, the trained Fast R-CNN panel detector and the GoogleNet-based defect classifier were inte-
grated into a unified, automated pipeline designed for practical and scalable photovoltaic panel inspection
(Fig. 9). The detailed operation of this integrated system follows a structured inference pipeline:

« Data Input: Users provide paths to directories containing new images and stored models, enabling
modularity and easy updates of the neural networks.

o Panel Detection: Fast R-CNN processes each input image, outputs bounding boxes around detected
panels, and provides confidence scores. Panels below a confidence threshold are automatically discarded,
enhancing the reliability of subsequent classification.

« Defect Classification: Cropped panels identified by the detection stage are individually analyzed by
the GoogleNet model, which classifies each panel as either “Defect” or “No Defect”, also outputting
associated confidence scores.
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« Result Annotation and Output: Results from both stages are consolidated, and original images are
annotated with bounding boxes clearly color-coded according to panel status—red boxes indicating
defects and blue indicating healthy panels. Annotated images are then saved in an output directory,
facilitating straightforward and accurate maintenance interventions.
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Data Input Panel Classification by
g CNN GoogleNet
Is Defective?
Panel Detection by R-CNN Yes

Label as No
LEPEICDIREiES Defect & Annotate

Annotate in Red A
in Blue
Is Confidence = Threshold? I ¥ ]
No Yes
l l Store Output Image

Discard Crop and Store
Detection Detected Panels
Obtain Results

Figure 9: Flowchart of the integrated hybrid system

This comprehensive and detailed methodological framework effectively addresses practical challenges
in photovoltaic panel inspection, significantly reducing manual inspection time, minimizing false detections,
and substantially improving the overall efficiency and reliability of solar plant maintenance operations.

5 Results

After training the two-stage system, we evaluated its performance on both detection and classification
tasks using a held-out test dataset and qualitative analysis of sample images. The dataset for defect classifica-
tion was split into 60% of the images for training, 20% for validation, and 20% for final testing. The test set
consisted of 743 thermal images of individual panels (with an equal balance of faulty and healthy panels).

Solar Panel Detection Performance: The Fast R-CNN panel detector proved highly effective at
localizing solar panels in diverse images. In a typical example, the network successfully detected and
delineated all fully visible panels in the image while completely ignoring those panels that were only
partially visible. Each detected panel is marked with a bounding box and an associated confidence score. The
detection confidences ranged from about 98.5% up to 99.8%, indicating a very high level of certainty in the
recognitions. Importantly, the detector did not flag any incomplete panel fragments, a direct benefit of our
training strategy that excluded partial panels from the ground truth.

The detector’s performance was robust not only on the monochromatic (grayscale or thermal) images
it was primarily trained on, but also generalized to color images. As shown in Fig. 7b, Fast R-CNN is able to
identify solar panels in color photographs as well, though with somewhat lower confidence levels compared
to the thermal images. This reduction in confidence is attributed to the greater variability in appearance of
panels across different color images and the relatively smaller size of the color image subset in the training
data. In practice, enlarging the training dataset with more varied color images and retraining would likely
improve the detector’s confidence on color imagery. Overall, the first-stage panel detection exhibited high
precision in finding complete panels and produced very few false positives, providing a reliable set of inputs
for the subsequent classification stage.
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To select the most appropriate architecture for the defect classification stage, a comparative study was
conducted using the same set of input images across several state-of-the-art convolutional neural network
models. Architectures evaluated included SqueezeNet, MobileNet, ResNet-50, ResNet-101, DarkNet-19,
DarkNet-53, and GoogleNet. Each model was trained and validated under identical baseline conditions using
the same dataset of cropped panel images. As shown in Fig. 10, GoogleNet achieved the highest validation
accuracy in this initial comparison, reaching 92.3%, and offered a good balance between classification

performance and computational efficiency. This motivated its selection as the backbone for the final defect
classification stage.

Validation Accuracy of Different CNN Architectures

92.3%
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Figure 10: Performance comparison between different CNN Architectures for this task

Defect Classification Performance: After integrating GoogleNet into the two-stage cascaded system
and applying a dedicated fine-tuning process, the adapted classifier achieved significantly improved results.

Evaluated on an independent test set of 743 panel images, the model demonstrated excellent classification
performance (Fig. 11).

Confusion Matrix - Photovoltaic Panel Classification

Faulty

True Class

Healthy

Faulty Healthy
Predicted Class

Figure 11: Confusion Matix of the Fine-tuned GoogleNet
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The resulting confusion matrix showed outstanding metrics: an overall accuracy of 99.73%, a precision
of 100.00%, a recall of 99.46%, and an Fl-score of 99.73%. In fact, out of 743 panels, only two were
misclassified. These two errors were false negatives, cases where panels that did contain a hot-spot defect
were incorrectly labeled as “No Defect”. These panels exhibited very subtle anomalies, such as low-contrast
hot spots or reflection artifacts, which made them particularly challenging to detect. Importantly, no false
positives were observed.

Such high precision is particularly valuable in real-world operations, as it means the system would rarely
trigger unnecessary maintenance checks on healthy panels. Meanwhile, the near-perfect recall indicates
that the vast majority of actual defects were correctly detected, with only those extremely subtle cases
being missed. These outcomes demonstrate the reliability and robustness of the proposed hybrid system for
practical photovoltaic inspection scenarios.

To illustrate the end-to-end performance of the system, Fig. 12 presents a final output where each
detected panel in a sample image has been classified and annotated. Panels that contain a hot-spot defect
are enclosed in red boxes labeled “Defect”, and panels without any issues are enclosed in blue boxes labeled
“No Defect”, each accompanied by the model’s confidence percentage. As shown, the model identifies the
defective panels with near absolute certainty (in many cases 99.9% confidence) and clearly marks them,
thereby successfully completing the hot-spot detection process.

Figure 12: Detection and classification of defective and non-defective solar panels

Red bounding boxes indicate panels with hot-spot defects (“Faulty”), and blue boxes indicate healthy
panels (“Healthy”), each with the model’s confidence score.

Finally, the Fig. 13 demonstrates a scenario containing both a true defect and a strong reflection on
different panels. The center-right panel in Fig. 13 has an actual hot-spot defect, while a neighboring panel
shows a bright reflection from the sun.

The trained GoogleNet classifier correctly distinguishes between the two: the hot-spot defect is identi-
fied and labeled in red (with a high confidence score), whereas the reflected glare is correctly ignored, and
that panel is labeled as “No Defect”. The confidence for the reflection panel being healthy is also very high,
indicating the model’s strong certainty that the bright reflection is not a fault. This result confirms that the
cascaded system can overcome one of the main challenges noted in the state of the art. It can reliably tell
apart genuine panel faults from false positives caused by reflections, thereby minimizing false alarms and
ensuring that maintenance efforts are directed only at panels that truly require attention.



3382 Comput Model Eng Sci. 2025;144(3)

Figure 13: Correct rejection of false positives caused by reflections. The model identifies a true hot-spot defect (red
box) and correctly classifies a neighboring panel affected by sunlight reflection as healthy (blue box), avoiding a false
positive thanks to spatial context analysis

6 Conclusions

This research successfully demonstrates an innovative approach to the autonomous detection and
classification of defects in photovoltaic panels using convolutional neural networks (CNNs). The main
contributions and achievements of this study are summarized as follows:

o An effective hybrid CNN-based system was developed for autonomous detection of solar panels,
demonstrating high accuracy in identifying panels within aerial images.

o A robust defect classification model utilizing a fine-tuned GoogleNet architecture was successfully
trained, achieving a validation accuracy of 99.89%. This model reliably distinguishes between healthy
panels and those exhibiting thermal anomalies or hot spots.

o The integration of the two specialized neural networks into a comprehensive software solution provides
an efficient and scalable system capable of accurately identifying and classifying defects, significantly
streamlining the monitoring and maintenance processes.

« The proposed system is versatile, using a Fast R-CNN architecture that can process images of varying
resolutions and sizes, facilitating the analysis of large-area images captured at higher altitudes. This
capability greatly optimizes the image acquisition process, enabling coverage of extensive solar farms in
a shorter timeframe.

o The automation provided by the developed solution significantly reduces the time, costs, and operational
complexity associated with traditional manual inspection methods. By employing drones equipped with
advanced thermal imaging cameras, inspections can now be conducted rapidly, safely, and economically,
greatly enhancing the overall competitiveness and sustainability of solar power plants.

However, this study presents certain limitations. The system’s performance has been validated on a
specific dataset collected under particular environmental and lighting conditions, which may not fully
represent the diversity of operational scenarios in other geographic locations or seasons. Additionally,
although the classifier demonstrated excellent accuracy, when applied to a new dataset, the model must be
retrained in two stages: first, to detect the new panel types present in the images; and second, to classify
potential defects, accounting for false positives that may arise due to specific features of the new panels,
particularly their frames or edges.

Future research directions include the analysis of motion patterns in aerial video footage captured
during drone flights, with the aim of distinguishing transient reflections from true hot spots. Reflections
tend to shift across frames due to changes in viewing angle and sunlight position, whereas actual defects
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remain fixed in the same region of the panel. Optimizing drone flight paths to maintain consistent
imaging angles, along with incorporating real-time GPS coordinates into the inspection data, would further
enhance detection precision and localization accuracy. Additionally, Vision Transformer architectures will
be explored to improve feature representation and increase the model’s ability to generalize across diverse
inspection scenarios. These improvements would enable solar plant operators to quickly obtain precise
locations of defective panels, reducing response time and maintenance efforts. Ultimately, these advances
aim to create a fully automated, remotely manageable solar panel inspection system, significantly improving
reliability, maintenance efficiency, and economic viability.
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