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Abstract

Photovoltaic systems have recently attracted significant attention for the free, clean, and
sustainable energy they generate. In this work, thermal image processing techniques were
developed and utilized to classify hot spots on solar photovoltaic panels. Thermal images
were classified into three categories: (a) ideal images, where images do not contain hot
spots; (b) images affected by shadow; and (c) images affected by bird drops. The proposed
classification was developed using image processing techniques, including histogram
analysis, contrast enhancement, and filtering tools. The attained classes are then matched
to the decrease in electrical power output. The proposed method was applied to thermal
images to detect and classify the target hot spot. Experimental results showed that the
estimated error was approximately 6.3% of the total number of images used in the research,
with error rates of 6.57% for the shadow hot spot type and 6.67% for the bird drops
(mud-like class). Moreover, the accuracy of the proposed method was around 93.7%.

Keywords: hot spot detection; PV panels; thermal image processing

1. Introduction

In light of the prevailing global environmental challenges, such as global warming
and the depletion of the ozone layer, coupled with the finite nature of fossil fuel reserves,
there has been a recent and significant focus on identifying alternative energy sources.
These alternatives are characterized by their cleanliness, sustainability, inexhaustibility,
and widespread availability [1]. Globally, demand for renewable energy has surged. For
instance, in Spain, renewable sources accounted for 40% of the nation’s electricity needs in
2016. By 2024, this figure had risen to 50.8% [2].

The third most common renewable energy source for electricity generation after
hydropower and wind power is solar power, which accounted for 11% of global renewable
electricity in 2022. Photovoltaic cells (PV) convert light into electricity using the photovoltaic
effect. They are made of semiconductor materials that absorb photons and release electrons.
The electrons are then collected by metal contacts, forming an electric current. PV cells are
the main components of solar panels, which generate renewable energy from sunlight.

A hot spot is a local thermal overload or poor electrical connection that often appears
as localized thermal spots in energized electrical equipment [3-6]. Hot spotting in PV
panels causes severe degradation in output power because mismatched cells generate
heat, thereby reducing the PV panel’s output power [4]. Reasons can be either internal
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(such as soiling points, cracks, etc.) or external (such as shadowing, bird drops, etc.) [5].
An electrical or insulation failure leads to energy dissipation, resulting in localized heat
production, commonly referred to as hot spots [6]. Hot spot heating occurs in a module
when its operating current exceeds the reduced short-circuit current of a cell or a group
of cells. So, hot spots are abnormal conditions of temperature increase or decrease that
result in output power below expectations, thereby shortening the panel’s service life and
increasing dissipated power, reducing overall system efficiency.

Roughly speaking, most of the failures in devices and elements can be detected using
various methods, including optical techniques [7], infrared emission microscopy [8], liquid
crystals [9], optical beam-induced current [10], light-induced voltage alteration [11], and
atomic force microscopy [12]. Recently, methods based on thermal imaging concepts have
been introduced as efficient tools for hot spot detection. Indeed, thermal imaging can detect
the temperature differences distributed across the PV panel surface. Thermal imaging is
used for detecting faults in the distribution apparatus of the power system [13-15].

Despite the revolution in PV systems, thermal imaging techniques are still used as a
preliminary step [16]. The studies on thermal imaging for PV are rare, but interest in these
topics has been increasing, and related research is also growing, with results improving
each time. Many gaps may be encountered at the start of any research or study on thermal
imaging techniques with PV systems [17,18].

e There is a lack of thermal imaging tools for PV systems. There are not enough
databases; most thermal images used in previous studies did not include all the
types of hot spots mentioned previously.

e Previous studies have been unable to investigate the types of hot spots and their
effects because they could not classify them by type as a primary step before designing
appropriate techniques for each class.

e To our knowledge, no existing study can automatically detect a problem in a PV
system or PV module and simultaneously identify or predict its type.

The main objectives of this paper are to

1.  Develop proper approaches to detect and localize hot spots using thermal imaging
tools and applications.

2. Propose and develop a hot spot classification method to simplify hot spot detection
and localization.

3. Attempt to link the achieved image-processing results with the actual electrical output
power performance in the presence of various hot spots.

This research helps provide the hot spot detection and classification to facilitate future
work on this topic; on the other hand, this research presents an automatic program that
classifies the type of hot spot that affects the photovoltaic panel and a program that finds
the total power of losses in the PV panel caused by hot spots. The scope of this study is
limited to hot spot detection and classification for ideal, shadow, and bird-drop hot spots.
Other hot spot mechanisms, such as microcracks, bypass diode failures, and manufacturing
defects, were not considered due to the lack of corresponding thermal-image datasets and
remain the subject of future investigation.

This paper is organized as follows: Section 2 summarizes related work; Section 3
presents the experimental setup; Section 4 outlines the methodology of the proposed
method; and Section 5 illustrates the results. Finally, Section 6 investigates the conclusion,
contribution, and future work.
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2. Previous Related Works

Infrared images are used in power system plants to identify issues and potential
problems in high-voltage power equipment [13]. Thermal imaging was used in power
plants to detect failures and hot devices and equipment, thereby protecting transformers
from hot spots [6]. Thermal imaging, combined with image processing techniques, is used
to detect various types of hot spots, identify shadowing effects, and trigger necessary
actions by the control unit [15-17].

Several image processing techniques use the thermal image of the PV panel to detect
hot spots by converting it to the red—green-blue (RGB) color model. Converting it to a
greyscale level revealed the hot spot on the PV module, which was then enhanced using
filters to remove noise and determine the percentage of hot pixels in the panel, thereby
protecting it from failure [18].

In [15], the thermal image is converted to Hue, Saturation, Value (HSV) level to capture
the first frame, the hue layer, and apply Canny edge detection to find the boundary of the
PV panel, determining the percentage of shadowing based on the number of black pixels in
the image.

In [19], authors applied image processing techniques—such as gray histogram curve
fitting—to detect hot spots on connector fuses. They employed two techniques: the valley
emphasis technique and the thermal thresholding technique; the latter was used to find
the pixel that is bigger or smaller than the threshold value in the binary form, then detect
hot spots.

Authors in [17] proposed a method in which the foreground and background are
separated from the thermal image, the panel edges are found using minimum standard
deviation, and hot spots in the foreground frame are detected.

Using a spatial detection image-processing technique [20], PV module surfaces were
analyzed to detect dust accumulation based on the percentage of accumulated dust. In [21],
the authors used the K-means clustering technique on thermal images to detect hot spots.

In [22], the simple linear iterative clustering SLIC technique was used, which reduced
image complexity and detected hot spots on PV. It claims this method is more accurate than
others, but lacks information on fault type and power loss. In [23], the quality of thermal
images was improved using enhancement, histogram equalization, and segmentation
techniques to detect hot spots affecting electrical equipment.

Segmentation techniques were employed to identify hot spots in infrared images,
enabling their localization and separating the affected PV panel [24]. The cumulative
density function algorithm was employed to identify hot spots that impact PV systems
and correlate the results with power losses [25]. Hot spots affecting the PV system were
detected using the system’s data-driven analysis, based on a current-voltage curve [26].
Thermal cameras and drones were used to capture and analyze thermal images using red,
green, and blue filters to detect faults in photovoltaic systems [27]. A fuzzy interference
system (FIS) was employed to identify hot spots affecting the PV system [28].

In [29], a support vector machine (SVM) algorithm was used to identify the faulted
thermal images of PV panels. In [30], the classification of PV into hot spot or non-hot spot
was investigated using various deep learning methods. The faulty PV panel was automati-
cally detected using thermal, drone, and RGB cameras [31]. Using low-rank decomposition,
the PV modules automatically segment thermal images into spotted and non-spotted ar-
eas [32]. The hot spot on the PV system was detected using the hue, saturation, and value
(HSV) color space [33]. Using artificial intelligence (AI) and the Internet of Things (IoT),
the hot spot of PV systems was identified [34,35].

https://doi.org/10.3390/signals7040061


https://doi.org/10.3390/signals7040061

Signals 2026, 7, 61

40f21

A study conducted by [36] presents a hybrid approach for monitoring PV systems
using infrared thermographs. The approach achieves high accuracy and efficiency by subdi-
viding thermographs, extracting hybrid local features, and using unsupervised clustering.

3. The Experimental Setup

In this work, the PV panel used was a Sunmodule Plus SW 270 mono solar panel
from Solarworld. In a single panel, there were 60 cells (156 mm X 156 mm) with operating
temperatures ranging from —40 °C to 85 °C, and three bypass diodes protected the panel
from hot spots. Three hot spot types were considered: ideal, shadow, and bird drops, with
cases where coverage included a single cell or the module.

The thermal camera used in this research was the Fluke Thermal Imager Ti32; the
temperature range was —20 °C to +600 °C. This thermal camera offers multiple color
modes, supports various spaces, and is compatible with a storage card. The imager can
be linked to the SmartView program for reviewing images. Figure 1 illustrates cases of
thermal images used in this research.

(a) Ideal (b) Bird drops

(c) Shadow

Figure 1. Thermal images for different types of hot spots.

A digital clamp meter (DCM) from GwINSTEK, model GCM-403, was also used;
it measures both direct and alternating current and voltage. The FLUKE Ti32 thermal
camera, with an emissivity setting of 0.9, was positioned approximately 2 m in front of
the PV module. Thermal measurements were conducted in Irbid, northern Jordan, on two
separate occasions, in July (summer) and December (winter), around noon under clear-sky
conditions. During the summer measurements, the ambient temperature ranged from
35 °C to 37 °C, while the solar irradiance ranged from 900 to 1000 W/ m?2. During the
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winter measurements, the ambient temperature ranged from 22 °C to 25 °C, and the solar
irradiance ranged from 700 to 750 W/m?. These environmental conditions were recorded
to ensure a representative comparison between the two seasons.

4. Methodology

The proposed flowchart method for hot spot detection and classification is depicted in
Figure 2. Firstly, the captured thermal image was imported and underwent several steps,
including enhancement, filtering, and detection, after which a decision was made.

Start

Input theimage I (m, n)

!

Enhancement

:

Filtering

:

Detection

!

Decision

End

Figure 2. Detection and classification steps.

Enhancement Process

Several approaches can be used to enhance the process; we have adopted the contrast
stretching technique in this paper. Contrast stretching enhances the clarity of the thermal
image by increasing the range of brightness values, allowing a clearer view of more details
and features. It also helps reduce the spread of thermal radiation, resulting in a lower-
contrast thermal image [24].

Filtering Process

The primary purpose of using filters is to highlight essential details in an image while
minimizing the impact of other details. Sometimes, filters are used to reduce image noise
for several reasons, such as malfunctioning pixel elements in the camera sensor and faulty
memory locations. Noise could be due to the channel (channel noise) or due to device
failure (like low-quality lenses) [37,38]. In this research, two types of filters were used: the
dithering filter and the morphological filter. For detection, the thermal image is segmented
into three layers by converting it to the Hue, Saturation, and Value (HSV) model. It was
found that the hue layer was more suitable compared to other layers.

It is challenging to position the thermal camera perpendicular to the panel, as this
creates a shadow on the panel; therefore, the image will include parts of the medium and
surroundings, which must be removed first, since the camera is fixed and provides full
coverage of the module. For each segment, the image is scaled to minimize the surrounding
and other parts of the module. The remaining parts of the surrounding area and the module
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were removed through thresholding using MATLAB 2023b code; the threshold value was
determined empirically and set to 0.4.

The threshold value used in this work was determined through a performance-based
evaluation process. A range of candidate threshold values between 0 and 1 was examined
with an increment of 0.05. For each threshold value, the complete thermal-image dataset of
111 images was processed using the proposed hot spot detection algorithm. The number of
correctly classified images was then recorded and used as a performance metric.

Figure 3 illustrates the relationship between the threshold value and the number of
correctly detected images. As shown, the detection performance initially increases with the
threshold, reaches a maximum near 0.4, and then gradually decreases for higher thresholds.

100

60 [
ul

correct image

40

oo L L L L & L L L L )
o 041 02 0.3 0.4 0.5 0.6 0.7 0.8 09 1

threshold value

Figure 3. Finding the best thresholding value.

The highest detection performance was achieved at a threshold of 0.4, where 104 of
the 111 tested images were correctly classified. This corresponds to an overall classification
accuracy of approximately 93.7% and an error rate of 6.3%. Therefore, a threshold value of
0.4 was selected as the optimal operating point for the proposed algorithm.

It should be noted that the selected threshold was obtained using the thermal-image
dataset considered in this study. Consequently, different thermal cameras, image resolu-
tions, environmental conditions, or photovoltaic module types may require recalibration of
the threshold value. Future work will investigate adaptive threshold-selection methods
to improve the robustness and generalizability of the proposed approach under varying
operating conditions.

To determine the most suitable preprocessing filter, three filtering techniques were
investigated: median, Gaussian, and dithering filters. As shown in Table 1, the classification
accuracy without filtering was 73.0%. Applying the median filter increased the classification
accuracy to 76.6%, while the Gaussian filter further improved it to 78.4%. The dithering filter
achieved the highest classification accuracy (81.1%), demonstrating superior performance
among the evaluated filters. Consequently, the dithering filter was selected for use in
this study.

Table 1. Classification accuracy obtained using different image preprocessing filters.

Correct Detection = Error Detection Percentage Error  Accuracy

Without any filter 81 images 30 images 27% 73%
With the median filter 85 images 26 images 23.4% 76.6%
With Gaussian filtering 87 images 24 images 21.6% 78.4%.
With a dithering filter 90 images 21 images 18.9% 81.1%

https://doi.org/10.3390/signals7040061


https://doi.org/10.3390/signals7040061

Signals 2026, 7, 61

7 of 21

Detection and Decision Process

After the filtering step, the image boundary is determined. Detection is performed
by identifying whether a hot spot exists in the thermal image by calculating the difference
between the ideal and the hot images. At that time, the type of the hot spot is defined.

The process of defining the type of hot spot based on the thermal image output was
performed using MATLAB code. We defined these regions as Regions of Interest (ROIs);
they exhibit abnormal temperature differences relative to their surroundings. The ROI
boundaries are estimated using the Moore-neighbor tracing algorithm with Jacob’s stop
criteria. Figure 4 illustrates the process of determining the ROL The flow chart will be
analyzed and explained in detail in the following subsections.

Start

Apply Moore neighbor tracing algorithm with Jacob

stop criteria to find the boundary of object in images

¥
‘ Resize the matrix of image in one vector ‘
v
‘ Calculate the centroid of image ‘
¥
Obtain (x, v) coordinate for boundary
v
Compute a simple estimate of the object in

k4

boundary parameter
¥

Obtain the area calculation and compute the

roundness metric of each boundary

If there are
another No

boundary in

Yes

Display image

the image

End
Figure 4. The flow chart is used for detecting the boundaries.

Once the ROI boundaries are determined, the type of hot spots is selected based on
the ROI’s radius and area. As mentioned earlier, the types of spots that were detected were
ideal; others included a bird drop (mud) and a shadow. The entire object in the image
was determined and marked with radius and area. A suitable way to distinguish between
these objects is to find the distance between them. Here, the Euclidean distance is used
to calculate the distance between each detected object, as outlined in the steps shown in
Figure 4.

Deciding on the type of hot spot depends on the Euclidean distance of shadow and
bird drops, where the Euclidean distance of shadow is named according to the value of
Euclidean distance measured in the first stage; if it is greater than 80, then its Euclidean
shadow and another value become Euclidean bird drops (mud). Each Euclidean distance
should measure the length of the Euclidean line for shadow and bird drops, respectively.
Defects are designated as shadows when the shadow Euclidean distance is >425, and the
bird dropping distance is within 3-8; all other instances are classified as bird droppings. If
the Euclidean distance shadow is greater than 425 and the length of the Euclidean line bird
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drops less than three and greater than 8, then it is an ideal type; if not, it will be in a bird
drop type, as shown in Figure 5.

| W=k the object that detect in previouns step |
¥
| Trite asch metric size and area clloulated |
¥
Caloulate the Evcleadisn distancs fior aach
mstric

Itz Euclaadisn distance bird

Itz Eucleadian distance shadow

L ]

¥
Calculats Encleadian distance Calculats Encleadian
locata on middls betwasn diztamcs locata on middls
ohjact batwaom objact
¥ ¥
Calculata tha langth of Calculate the langth of
Euclidean lins shadow Encliden lins birds

Thar= iz shadow of birds
¥

If tha lenzth of
Encleadisn
lin= bird less 3
and graater
than B

Figure 5. Taking a decision step flow chart.

The threshold values used in the decision stage were determined empirically from
the collected thermal-image dataset. Several candidate thresholds were evaluated, and
the selected values provided the best separation between shadow and bird-drop classes.
These thresholds are therefore dataset-dependent and may require recalibration when
different thermal cameras, image resolutions, environmental conditions, or PV module
types are used.

The difference determined for two known points is called the Euclidean distance; if
p =1, P2, .. pu) and q = (41, 42,- . ., qu) are two different points indicated in Euclidean
n-space, then the Euclidean distance is determined using the form [23,24]

d(p,q) =

-

(qi —p)? 1)

i=1

Another MATLAB code was created to estimate power losses; the code is linked to the
output of the first MATLAB code. The ROl is extracted for image processing. As mentioned,
the PV panel has six rows of cells; each pair of rows is linked to a diode; therefore, the
image is segmented into three parts. Each image segment should be processed by first
identifying the object within the ROI and its boundaries, then defining its area. A threshold
value is determined to classify hot spots. The search process is performed by dividing
each pixel into 5 x 5 subpixels; the hue layer value is compared between every two
consecutive subpixels.
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Once a difference is detected, it indicates a hot spot, and the surrounding subpixels are
searched for differences in hau layer values to determine the hot spot’s boundaries. Then,
the MATLAB code estimates the hot spot’s size and classifies it according to its type. Power
losses depend on the type and number of hot spots. In the worst-case scenario, power loss
depends on the hot spot location, the affected area, the PV module’s electrical configuration,
and the bypass diode’s operation. Therefore, the relationship between hot spot coverage
and power loss is not necessarily linear and was evaluated experimentally in this work.

5. Results and Discussions

(a)  Detection and classification

MATLAB code was used to process the recorded thermal images, enabling the de-
tection and classification of hot spot types. In our analysis, 111 images were tested. In
Appendix A, examples of the process for detecting ideal, shadow, and bird hot spots
are displayed.

Table 2 presents the detection error percentage in the images. As seen, there were no
false detections (i.e., classifying the ideal image as a shadow or bird drops). However, the
weighted detection error was around 6.57% and 6.67% for images with shadow hot spots
and bird drops, respectively. Both contrast stretching and dithering filters are applied.

Table 2. Percentage error for detection images.

Image Type Image Detection Correct Detection  Percentage Error
Ideal 5 images 5 images 0%

Shadow 76 images 71 images 6.57%

Bird drops (mud) 30 images 28 images 6.67%

Total 111 images 104 images 6.3%

The detection error values for shadow and bird drops are weighted to provide more
insight. Figures 6 and 7 present the detection error for different shadow sizes and different
bird drop types, respectively.

11:54%

12.00% -
o 10.00% -
Y
g 8.00% - 6.57% m ] cell
-5}
E . 4% 40, m 2 cells
t ) 3 cells
E 4.00% - average
=

2.00% -

0.00%

Shadow

Figure 6. Effect of shadow size on detection.
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Figure 7. Results of detection and classification of bird drop hot spots.

Figure 6 shows the detection error for shadow coverage of one, two, and three cells.
As shown, the detection error probability increases when the shadow covers a single cell.
The probability decreases as the shadow covers a larger area, as expected. The weighted
average error is found to be 6.57%.

The effect of the number of bird drops on detection is presented in Figure 7; as seen,
for bird < 10 drops, the error detection percentage is 12.5%; however, for >10 and <30, and
>30 drops, the error detection is reduced to 10% and 0%, respectively, which is expected as
increasing the number of drops will make it easier to be detected. The weighted average
error in detecting and classifying the bird drops using the proposed method is 6.67%.

In the case of relatively close drops, the effect of bird drops on power losses be-
comes similar to the effect of shadow. However, the detection process can still distinguish
each case.

(b) Power losses

Figure 8 illustrates how shadowing with different scenarios affects the generated
power. When the shadow on the module covers fewer than one cell, the output power is
nearly ideal. The output power is reduced by 13% to 19.8% at low loads. When the module
is affected by a shadow on one cell, the power is reduced by 30-33.2%. When shadow
covers fewer than 2 cells, the power is reduced by 49.8-58.3%. The more shadow covers a
larger area, the lower the generated power efficiency, as seen when the module affected by
shadow covered two cells, more than two cells, and three cells; the power produced was
reduced, respectively, by about 58.9-68.2%, 91.6-93.4%, and 97.5-98.7%.

The bird drops have three types; as seen in Figure 9, the small bird drops do not
significantly affect power output, with a power reduction of approximately 0.0022% to
0.01%. For medium bird drops, the power drop was around 10.7-18.5% of the total power
produced. The last case studied in this section is the large bird drop, which significantly
increases power losses, reducing power by 21-29.7%. According to the above-measuring
data, the bird drop’s effect on output power is less than the shadow effect.

(c) Comparative Study of Image Detection

The proposed method, which was illustrated in research to detect and classify the hot
spot effect on PV, was applied to external thermal images from various references [39—-46].
Figure 10 represents some of the thermal images used in the comparison study.
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Figure 8. Power (watts) vs. load (ohms) curve for a PV module affected by shadow.
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Figure 9. Power (watts) vs. load (ohms) curve for a PV module affected by all types of birds.

and classification under different operating conditions.

The proposed method was applied to external samples to evaluate its generalization
capability. The classification accuracy for ideal images was 100%, while the identification
accuracy for shadow hot spots and bird drop hot spots were 90% and 92%, respectively.
These results demonstrate the effectiveness of the proposed method for hot spot detection
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(a) Ideal (b) bird drops (mud)

(c) Shadow

Figure 10. Thermal images from the external database: (a) ideal, (b) bird drops (mud), and (c) shadow.
Figure 10 (a-b) Reproduced from [41] under the Creative Commons CC BY license. (c) Reproduced
from [42] under the CC BY 4 license.

6. Conclusions

In this paper, we propose a method for detecting and classifying thermal images into
ideal, shadow, and bird-drop (mud) categories using image processing techniques. The
method was applied to 110 thermal images, yielding an overall error rate of 6.3%, with rates
of 6.57% for shadow hot spots and 6.67% for bird drop hot spots. The method quantifies
the relationship between hot spots and power losses by calculating the maximum power
loss for each hot spot type and coverage area. For PV modules affected by shadows, the
power loss is proportional to the size of the shadow. The extent of power loss due to
shadows depends on the area covered and the duration of shadowing. The detection of
bird droplets improves with increasing droplet count, but the generated power decreases
correspondingly. When applied to external thermal image samples, the proposed method
demonstrated an error rate of 0.18%, confirming its applicability.
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Appendix A

Detection of ideal images, shadow and bird hot spots:
Figures A1-A3 illustrate a sample of detecting the type of hot spot in thermal images.

(a) Ideal (original image)

(c) Dithering filter (d) Eliminate color
e ‘_ p i g
L
L |
]
4
L!
o
. .
(e) Image dilating and closing (f) HSV mode
L e R R

(g) Thresholding (h) Boundary for ROI

Figure Al. Cont.
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(i) Radius for the object in ROI (j) Decision

Figure A1. Steps for detecting the thermal image in the ideal case.

(a) Bird drops (original image) (b) Contrast stretchin;

(c) Dithering filter (d) Eliminate color
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(e) Image closing I I I (f) HSV mode

Figure A2. Cont.
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Figure A2. Steps for detecting thermal images in the bird drops case.
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Figure A3. Steps for detecting the thermal image for the shadow case.

Appendix B

Detecting Power Losses

Figures A4-A6 illustrate a sample method for determining power losses from thermal
images.
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Figure A4. Steps for detecting power losses in the ideal case.
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Figure A5. Steps for detecting power losses in the bird drops case.
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Figure A6. Steps for detecting power losses in the shadow case.
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