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Abstract: The occurrence of hotspots in photovoltaic
panels is one of the most common problems of solar power
plants, which reduces the output power of photovoltaic
arrays and can also cause irreparable damage to the solar
cells. There are several ways to identify hotspots, including
using custom datasets using thermographic camera images,
which will be later used to teach YOLO and Faster R-CNN
computer vision algorithms. In practice, it is observed that
the YOLO algorithm is many times faster than the Faster
R-CNN in high-density solar panels. Therefore, the applied
method is the safest choice for automatic hotspot detection
in large-scale photovoltaic power plants to improve overall
efficiency. In this paper, by comparing the performance of
methods such as Faster R-CNN with YOLO, we concluded
that the YOLO algorithm has far better advantages in terms
of quality of detection, and speed. Therefore, this factor
makes the use of YOLO significantly helps to speed up the
troubleshooting of solar modules caused by hotspots, and
this factor improves the efficiency of solar power plants in
the long run. Meanwhile, in the studies for this paper, the
results extracted by Python have been optimized as an al-
gorithm to be used for hotspot detection.

Keywords: automatic hot spot detection; faster-RCNN; hot
spot; YOLO.

Introduction

Hot spot heating occurs when many photovoltaic cells
are connected in series, and one cell produces a lower
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current than the rest of the cells for reasons such as
defects in production, degradation, shading, or bad
connections and junction failures. In such a situation,
the output current of the solar panel is limited to that of
the faulty cell (Kim et al. 2019; Moretdén, Lorenzo, and
Narvarte 2015).

HOT SPOTTING is a reliability problem in photovol-
taic (PV) modules; this phenomenon is well-identified
when a mismatched solar cell heats significantly and
reduces the PV module output power (Ghanbari 2017). The
hot spots are also the main cause of accelerated PV aging
and sometimes irreversible damage to entire PV panels
(Dhimish et al. 2018).

Production of current in healthy photovoltaic cells
causes them to be forward biased and because in the short
circuit, the terminal voltage is zero, the hot spotted
cell is reverse biased. This causes the hot spotted cells to
act as power loads that dissipate heat instead of produc-
ing power. There are several other reliability issues
affecting PV modules, such as PV module disconnection
(Moon, Blaauw, and Phillips 2017).

Hot spot phenomenon in solar
arrays

In photovoltaic power plants, large solar arrays consist
of parallel-series connections of a large number of
photovoltaic cells. A combination of series and parallel
connections may cause several issues in the array. For
example, one array might be open-circuited. In this case,
the corresponding current from the sum of strings in a
hot spotted block will be less than the rest of the blocks.
From an electrical point of view, this is the same as a
mismatch between the cells in series. Therefore, even if the
characteristics of all cells are the same and there is no
shading on the panel, there is still a chance for the
formation of hot spots (http://pvcdrom.pveducation.org/
MODULE/HotSpot, 2020, validation data2).
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Affecting factors in the formation of
hot spots

Defects in production

Photovoltaic cells with defects might have a non-uniform
density of current. This may occur because of defects in
the material itself or errors during manufacturing (Deng et
al. 2017). This causes a mismatch between currents in cells
that results in decreased output power. Because the cells
are in series, the total current is limited to the current of
the cell producing the least amount. During the operation,
the cells with defects heat and are prone to irreversible
damage (Waqgar Akram et al. 2020).

Degradation

With the increasing tendency towards thinner panels,
silicon wafers are more prone to crack development. These
cracks may develop at any time during the panel’s lifetime
(Akram et al. 2019). They mostly start during the water
production and develop further during the operation of the
photovoltaic panel. These cracks cause a mismatch in
the produced current of the cells and in return cause
dissipation of the power produced by healthy cells (Li et al.
2018).

Shading

Hot spots resulting from external agents such as shading of
trees or birds, etc., and soiling are usually temporary,
because the source of the hot spots may be removed after a
while. For example, the shadow of a tree moves at different
hours of the day. Shading is one of the most common
causes of hot spots (Hanifi, Schneider, and Bagdahn 2015).

Junction failures and bad connections

Junction boxes connect the strings of photovoltaic cells
and the output terminals. Also, junction boxes contain a
diode for each string of photovoltaic cells. Bad connec-
tions and soldering can cause high resistance between the
terminals, diodes, and cells. This high resistance can
cause heat and, in turn, Hot spots.
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Consequences of hot spots

Since hot-spotted cells are reverse biased, they dissipate
the power produced by the healthy cells (Moret6n et al.
2014; Wagar Akram et al. 2019). This reduces the efficiency
and the output power of photovoltaic cells. It also
accelerates the degradation process of the hot spotted
cells. The damages are usually irreversible and can even
lead to the complete replacement of the solar panels.

Methods of diagnosing and
managing hot spots

Bypass diodes

Most photovoltaic cell brands use a bypass diode with
opposite polarity for the cells and parallel to the cell
modules. Hence if a cell is shaded, it will be cut off from the
circuit.

In Figure 1 the reverse current of a photovoltaic cell is
shown. When the saturation current of the diode is
increased, the Ry, is reduced (Yang et al. 2010). Normally
the photovoltaic cells are forward biased, and the bypass
diode is reverse biased and no current flows through the
diode. When a cell has an issue and its output current is
reduced, it will become reverse biased, which in turn
causes the bypass diode to be forward biased. The current
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Figure 1: Reveres bias in a photovoltaic cell (Yang, Wang, and Wang
2012).
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produced by healthy modules flows through the bypass,
diode and the hot spotted region is cut off (Figure 2).

The heat effect

Photovoltaic panels have a better performance at lower
temperatures. Their output power is much higher in
lower temperatures rather than in higher degrees. When
a photovoltaic panel is subjected to sun rays, it heats up.
Most of this heat is due to the absorption of infrared
radiation. This increase in the panel’s temperature is
significant. We know from experience that the surface
temperature of photovoltaic panels can reach up to
100°C. Most manufacturers of photovoltaic panels
accommodate users with information about the heat
effect on the performance of the photo-voltaic panel. In
this information, a factor is introduced that is known as
the temperature coefficient of the nominal output power
of a photovoltaic cell. It is reported as a percentage of
power reduction per each centigrade degree of temper-
ature increase. In Figure 3, the effect of the increase of
ambient temperature on the V-I characteristics of a
panel is shown. As demonstrated, with temperature in-
crease, the current increases as well but by such a small
amount that it can be neglected. However, with the
temperature increase, the output voltage is dropped
significantly. The output power is the product of voltage
and current, and as seen in Figure 3, with an increase in
temperature, the output power is decreased (Moshtagh
Dezfoli and Roshandel 2015). Evaluation of the output
power can also be a useful method for the identifying of
hot spots.

There are several methods in the identification of
hot spots, such as identification by AC signal injection,
light projection, and by infrared imaging with thermo-
vision. Currently, the best method for identifying hot
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Figure 2: Function of the bypass diode during the occurrence of hot
spot (https://www.alternative-energytutorials.com/photovoltaics/
bypass-diode.html/, 2021, validation data3).
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Figure 3: The effect of temperature increase on panel performance
(Moshtagh Dezfoli and Roshandel 2015).

spots is infrared thermal imaging which is usually su-
pervised by operators to detect possible defects in the
panels.

Methods of hot spot imaging

Image processing is the processing of implementing
different algorithms on an image to obtain the required
information. One of the most significant problems we
face while detecting hot spots in large-scale power plants
is a large number of images; because, there is plenty of
panels in the power plant, we need a large number of
pictures from different panels. Therefore, several cameras
are needed, which increases the cost of the project. To
lower the costs, several methods are introduced, such as
hot spot detection by projector (Wang et al. 2017) and
thermal imaging by drone (Henry et al. 2020).

YOLO! algorithm

First, let us start with the word YOLO. YOLO means that
humans can easily understand what objects are in a
picture, where they are, and how they relate to each other,
but this process is very difficult for a computer (Redmon
etal. 2016). In this research, after receiving the pictures and
applying the required graphical processing, it is revealed
that with the help of the YOLO algorithm, unified and
automated monitoring can be conducted. Because in
power plants with a high density of photovoltaic panels,
high accuracy and low error are required, it is hard for a
human operator to detect and distinguish errors quickly.

1 You look only once.
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Figure 4: Overview of the layers of YOLO architecture (Redmon et al. 2016).

For the task of image processing, a few basic functions
were first selected that are commonly used in graphic
programs on PC and sometimes in features of commercial
electronics (Kotyza and Kasik 2016).

YOLO employs a 24-layer Convolutional Neural
Network for feature extraction and two fully connected
layers for predicting items and their coordinates on the
image. Figure 4 shows the architecture of the YOLO
algorithm.

The use of convolutional neural networks (CNN,
CONVnet) instead of standard classification algorithms is
atrend in the research area of human detection, regardless
of whether the task is nighttime detection using thermal
imaging cameras or daytime detection using standard
optical cameras. Thermal images are mainly used to detect
the presence of people at night or in bad lighting condi-
tions. However, they can perform poorly in the daytime
when there is insufficient thermal contrast between the
people and their surroundings (Ghose et al. 2019).

The development of CNNs helped move surveillance
systems to embedded devices like the Raspberry Pi.
Khalifa, Badr, and Elmahdy (2019).

Super-pixel refers to an irregular pixel block with a
certain visual representation which consists of adjacent
pixels with similar characteristics such as texture color,
brightness, and so on (Achanta et al. 2012).

Loss function of YOLO algorithm

With the increase in panel density in photovoltaic power
plants, the Mean Squared Error (MSE) Function of the

YOLO algorithm can be utilized. Because optimizing
this loss function is easy and compatible with the
regression problem in the YOLO algorithm. However,
some changes need to be made to the MSE before it can be
used in object detection according to the requirements,

see equation (1);
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In this function X;, ¥;, w;, and E,- are the coordinates
of the object located in the image that is already given to
the algorithm, and the algorithm must be trained
accordingly; X; and y; are the coordinates of the center of
the object in the cell i.

w; and h; are the width and height of the bounding box
that contains the object. C; is the confidence of an object
existing in cell i. p;(c) is the existence probability of the
object belonging to class ¢ in cell i. The values without (*)
are the values extracted by the algorithm during each
repetition in the training phase that is compared to the
values given to the algorithm (also known as ground

truths) and result in the loss function.

liObi 1 ..Obj

shows if there is an object in cell i, and 1;”” shows
that the predictor box j is responsible for the prediction.
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Figure5: Comparison of a variable and the square root of a variable
(https://howsam.org/yolo-algorithm/, 2021, validation data4).

However, there are some problems with this function. In
the MSE loss function, the loss from localization and
classification error has the same weight, which reduces
the accuracy. Also, in every picture, most cells do not
contain any objects. This causes the confidence score of
these boxes to be zero and overwhelm the cells that
contain an object and leave them neglected. This causes
model instability. This also means that instead of
converging the amount of error, which suggests the end of
the training, the error values diverge and disrupt the
learning of the neural network. To solve this issue, we
increase the loss of localization while reducing the loss of
confidence rating, and to realize this, we set (Acoora = 5)
and (Ayoonj = 0.5).

Also, in MSE, the weight of the error is the same in
large and small boxes. At the same time, small errors in
larger boxes should be reflected in less than the same
number of errors in small boxes. In other words, a minor
error in a large box should be less punishable than the
same error in a smaller box. That is why we used the
square root for the width and height of the bounding
boxes, as seen in Figure 5.
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Figure 7: Flowchart of the automated hot spot detection process.

YOLO network is trained with Train and Validation
data from PASCAL VOC 2007 and 2012 database (Figure 6).
While testing on PASCAL VOC 2012 database, PASCAL
VOC 2007 test data is also used for training (http://host.
robots.ox.ac.uk/pascal/VOC/voc2007, 2007, Validation
datal).
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1mage proposals (~2k) CNN features regions of R-CNN algorithm (Girshick et al. 2014).
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R-CNN? algorithm

R-CNN is a relatively older method of object detection. In
this algorithm, around 2000 regions are proposed. Each of
these regions passes the convolutional neural network and
is classified. This means that to detect the objects in a
picture, the picture has to pass through the neural network
2000 times (Girshick et al. 2014).

Materials and methods

In this study, by using thermographic pictures obtained from the
photovoltaic power plant, we try to detect hotspot events on solar panels
in a large power plant complex. We can also determine the number of hot
spots in real-time on the videos captured by FLIR E75 cameras which
allows the operator to find the location and number of hot spots easily.
The flowchart of the processing steps in this study is as follows (Figure 7):

As shown in Figure 7, in this innovative method, in order to detect
the hot spot, the thermo-vision image is first entered into the system
from thermal cameras. Then the image is entered into YOLO after
edging. One of the reasons for taking the edge of the image and
separating the parameters in the image in two colors, black and white,
is to increase the processing speed; and after that, the number of
hotspots is counted, and this step is repeated in two cycles to check the
accuracy of operations. The important point, however, is that in this
algorithm, you cannot use edge editing. Instead, it is possible to
process the images in color in YOLO, which is suitable for power plants
with a low number of solar panels. To edit the image, as shown in
Figure 8, the first feature measures the difference in the light intensity
between the hotspot area and the black area. The value of this property
is obtained by adding the pixels in the upper black area and sub-
tracting it from the pixel values in the white area.

According to Equation (2), the first feature measures the differ-
ence in light intensity between the hotspot area and the black area.

Figure 8: An example image of a hotspot area.

2 Region-Based Convolutional Neural Networks.
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The value of this property is obtained by adding the pixels in the upper
black area and subtracting it from the pixel values in the white area.

Rectangle Feature = ) (PixelSpjackarea) — 2. (PiX€lSyhitearea) @)

One of the most useful tools in image processing is the Python
programming language. The flexibility and portability of Python allow
you to use this language on a variety of platforms in the industry, such
as Windows, Linux, Macintosh, Solaris, etc.

10U benchmark review

This criterion measures the degree of overlap between two “regions”;
This value is equal to the area resulting from the overlap of these two
areas, divided by the area resulting from the union of these two areas.
This criterion shows the quality of the predictions produced by the
object detection system compared to the correct answers of the
ground truth. It compares them with each other, which is extracted
according to relationship number (3).

_ Areaof overlap

IoU=———1———
0 Area of Union

€)

Benchmark relationship 10U

The accuracy measure calculates the percentage of positive pre-
dictions that are correctly predicted as positive. The accuracy measure
also calculates the ratio of “True Positives” to all possible outputs. The
values of the precision and recall criteria are included in equations
number (4) and (5), which are based on the predicted classes of false
positives and true positives. It is that in Figure 9, the accuracy criterion
function is drawn in a classified manner, which includes the final
result of the performance accuracy for us, based on the final F1 rela-
tionship (equation number (6)), which is embedded in the Yolo pro-
cessing algorithm. These two criteria have an inverse relationship with
each other, which is shown in Figure 9.

TP
Recall = TP+ TN 4
. . TP
Precision = TP+ P 5)
.
Flo o Precision*Recall ©)

~ “ Precision + Recall

Validation and validation of accuracy: data related to checking the
correctness of the performance of the YOLO-based machine vision
algorithm with Train and Validation data from the PASCAL VOC 2007

Unpredicted Class

Real Class Positive Negative
Positive True Positive False Negative
Negative False Positive True Negative

Figure 9: Anticipated classes.

3 Intersection over Union.
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Figure 10: The average precision simulated function with YOLO
version 3.

and 2012 database and thermo-vision images of real defective panels
for simulation in MATLAB to implement object detector evaluation
functions to measure common criteria. Such as the average precision
(valuateDetectionPrecision) and the average error rates (eval-
uateDetectionMissRate) of the presentation are used. Average accuracy
provides a single number that combines the detector’s ability to classify
(precision) correctly and the detector’s ability to find all relevant objects
(recall). Figure 10 is the average precision simulated function.

In this study, we compared two object detection methods in
detect hotspots accurately. The first method is Faster-R-CNN, which
is a slower method but, according to the articles, is more accurate at
low density. The second method is the YOLO algorithm, which is
faster but slightly less accurate at low densities.

In this study, we investigate the speed and accuracy of these two
algorithms with the data set related to solar panel hot spots. It is worth
noting that the same data set was used to train both algorithms, and the
image file format was JPEG in the training and testing phases.

To utilize these algorithms, we must first train the convolutional
neural network and obtain certain weight and configuration files
that contain the information required by the network to detect a certain
object. Then by employing these files, we use the neural networks to
detect hot spots in pictures the networks have never seen before.

Comparison of YOLO and faster R-CNN

This algorithm also needs high processing power for its training, and
the convolutional neural network of this algorithm is known as the
darknet. In the Google Colab environment, we implemented the code
related to learning this algorithm and started training the algorithm.
The algorithm reached proper accuracy in the training phase after
2220 repetitions, which took about 6 h.

It can be seen in Figure 14 that the input picture includes 10 hot
spots. While YOLO did not detect one hot spot, it reported nine.
However, Faster-R-CNN has reported eight hot spots because it
counted three hot spots as one.

However, the Faster-R-CNN has serious problems in this regard. It
is observed in Figure 15 that the Faster-R-CNN has performed badly in
detecting small hot spots while the YOLO has detected them very well.
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Figure 11: Comparison of the accuracy of the algorithms.
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Figure 12: Comparing the detection speed of the algorithms.

Furthermore, the Faster-R-CNN’s error in detecting the frame instead of
the hot spot is very obvious. However, the YOLO has done it flawlessly.
Figure 11 shows a comparison of these algorithms in accuracy.

In the training phase, using Google Colab’s Tesla T4 graphics
card, Faster-R-CNN took less time to train, about 3 h. However, YOLO
needed 6 h for it to be trained. The speed results are shown in Figure 12.
It is worth noting that the detection speed of the algorithms is not
dependent on the input image. It means that it takes the same amount
of time to perform detection on an image with four hot spots as it takes
on an image with 10 hot spots or even no hot spots. This is why the
speed is reported in a column chart.

Results

As demonstrated, the YOLO algorithm with the hot spot
data set possesses better precision and higher speed
compared to the Faster-R-CNN. YOLO is more than four
times faster than Faster-R-CNN. It would appear that YOLO
is a suitable algorithm for deploying the automated
identification of hot spots. While being faster and more
accurate, YOLO requires less processing power which can
reduce the project’s costs.
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The use of such algorithms in the automation of
mundane and repetitive processes can be beneficial to both
workers and the owners of photovoltaic power plants since
almost no human supervision is required during the
detection.

According to Table 1, the results of this research on
hotspot diagnosis were evaluated by two different methods
with 1500 images. Table 1 also illustrates the speed and
accuracy of YOLO compared to FASTER-R-CNN and shows
that in the improved method with YOLO, you can detect the
hot spot defect with higher accuracy in addition to speed in
high-density solar panels (Figure 13).

Table 1: Comparison results of hotspot detection performance in
YOLO and Faster-R-CNN methods.

Number of input im- The output accuracy The output accu-

ages for processing rate of faster-RCNN  racy rate of YOLO
5 91% 90%
15 87% 89%
150 64% 87%
1500 57% 89%
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Discussion

The use of Python programming language for program-
ming chips such as FPGA and Raspberry Pi is encouraged
for deploying the results of computer vision for detecting
hot spots in photovoltaic power plants. Because by
simplifying the design process, it enables embedded
system developers to take full advantage of the unique
benefits of this algorithm in their applications.

Conclusions

In this research, by introducing the hot spot phenomenon
and evaluating the outcomes, we suggested different
methods for identifying the hot spots, specifically the
methods for automated detection by using computer
vision. Furthermore, a detailed comparison of two of the
most advanced object detection algorithms was presented,
and it was shown that the YOLO algorithm, while being
more accurate, also, is more than four times faster. Addi-
tionally, because the comparison was based on hot spots

Figure 14: From left to right the input picture given to the YOLO algorithm’s output, Faster R-CNN algorithm’s output.
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Figure 15: From left to right the input picture given to the YOLO algorithm’s output, Faster R-CNN algorithm’s output.

and not general objects such as cats or bicycles, it can help
the designers and engineers working in this field to
have a decent understanding of the subject since there is
an increasing demand for photovoltaic power plants,
maintaining these power plants take high priority. Specif-
ically, the current project makes it possible for system
architects, design engineers, and embedded systems pro-
grammers to implement a unified and integrated hot spot
identification using the algorithms and methods discussed
in this research.
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