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Abstract: As renewable energy production grows, the photovoltaic (PV) module manufac-
turing process has received worldwide attention. In 2019, the total sales of PV modules
were 1.7 billion U.S. dollars, and 78.7% of PV modules were made in South Korea. However,
Korean manufacturers are facing high production costs due to high domestic labor costs and
long-distance raw material procurement, making it difficult to produce price-competitive
PV modules. In this situation, the best alternative for Korean manufacturers to gain a
competitive edge is to produce high-quality PV modules. To this end, this study is going
to propose a novel data-driven machine vision framework for the quality management of
a PV manufacturing process consisting of seven stages, including tabbing, auto bussing,
electro luminescence (EL), laminating, fame station, frame, and junction box. Particularly,
the framework uses machine vision to analyze image data collected from an actual PV
module manufacturing facility in South Korea. Autonomous decision-making algorithms
are devised to recognize incorrect patterns of PV modules in terms of product quality. This
experiment shows that the proposed framework enables the detection of PV module defects
in electroluminescence (EL) and tabbing operations with a fault detection accuracy of over
95%. Therefore, the proposed framework enables a reduction in the number of defects, and
this helps to improve quality loss during the PV module manufacturing process.

Keywords: renewable energy; machine vision; artificial intelligence; photovoltaic module

1. Introduction
Recently, there has been worldwide attention on the establishment of a new policy on

carbon neutrality. For example, twenty leaders of the biggest countries in terms of economy
have agreed to carbon neutrality at the G20 summit in Rome [1]. In addition, the United
Nations (UN) set the goal of affordable and clean energy use and tries to investigate clean
energy resources involving solar, wind, and thermal for the sustainable life of humans [2].
As a result of these global efforts to use renewable energy, the global solar power generation
capacity has increased from 83.3 GW in 2016 to 228.4 GW in 2022, at an average annual
growth rate of 20.73% [3]. The global solar power generation market has expanded from
USD 86 billion in 2015 to USD 422 billion in 2022, and it has grown on average by USD
42 billion over 8 years [4]. Considering that the global solar power market is continuously
growing at a compound annual growth rate (CAGR) of 12.17%, the market size is expected
to reach approximately USD 460.5 billion by 2030 [5]. In South Korea, the solar power
generation market is expected to grow from USD 2.8 billion in 2020 to USD 3.7 billion in
2025 at a CAGR of 5.8%. The solar power generation market is classified into a balance of
system (BOS), modules, and inverters by components; moreover, among them, modules are
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expected to grow from USD 33.3 billion in 2020 to USD 49.8 billion in 2025 with a CAGR of
8.3% [6].

In response to the global increase in demand for solar energy, the Korean government
is also announcing various policies to expand solar energy power generation facilities
and manufacturing equipment. In 2022, the Korean government selected the solar power
technology sector as one of the 10 carbon-neutral technology innovation sectors in the 2050
carbon neutrality promotion strategy [7]. The announced technology innovation policy uses
the fourth industrial revolution as a keyword, and this is being shown in the innovation of
manufacturing processes and reduction in production costs using artificial intelligence (AI)
technology in the solar module manufacturing industry. In other words, the need to secure
price competitiveness in the domestic solar power manufacturing sector is increasing by
introducing operational automation equipment to solar power manufacturing lines or
next-generation production facilities based on AI and big data in South Korea [8].

In general, the PV module manufacturing process has a sequential manufacturing
process structure, including the tabbing process for connecting solar cells, the frame process
for assembling frames to the manufactured individual modules, and the junction box
mounting for connecting busbars and junction box terminals [9]. In other words, since the
connection between individual PV modules is the main task of the PV module manufactur-
ing process, defects in each solar cell and module ultimately affect the power generation
performance of the PV system [10,11]. In addition, the occurrence of defects results in
additional work and increased production costs [12]. In order to improve the productivity
of the PV manufacturing market and develop new technologies such as high-efficiency PV
cells, research and development (R&D) is being actively conducted by the government,
industries, and research institutes in multiple countries involving China [13], Taiwan [14],
and South Korea [15].

This study aims to propose a data-driven machine vision framework for the quality
control of the PV module manufacturing process to improve PV system performance and
reduce manufacturing costs. The advantage of machine vision is that it can detect defective
products using the latest artificial intelligence technology (or computer vision technology
such as convolution neural network (CNN)) by installing monitoring sensors and equip-
ment without changing the existing manufacturing process. This is a practical approach
that can be used to improve quality in small and medium-sized manufacturing environ-
ments that use old machines due to investment cost issues. To this end, operational data
and electroluminescence (EL) image data from the manufacturing process and equipment
are collected and analyzed using the proposed machine vision technology. In addition, the
impact of machine vision analysis on quality and productivity improvement in the main
process of PV module manufacturing is investigated. Experiments are conducted at the PV
module manufacturing facility in South Korea, and the proposed framework is utilized to
detect PV module defects in electroluminescence (EL) and tabbing operations. As a result,
the proposed framework can contribute to improving the quality of PV modules and the
profitability of manufacturing facilities by reducing the number of defects.

2. Materials and Methods
2.1. Manufacturing Process for Photovoltaic Modules

The photovoltaic (PV) system utilizes a methodology to transform solar radiation to
direct current via multiple PV modules [16]. Generally, the PV module consists of a frame,
front and back covers, encapsulant, solar cells, and a junction box [17,18]. Among the
components, the solar cell is the most important component because it transforms photon
energy (Eλ), which is associated with a certain wavelength to electricity via semiconductors
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(i.e., p-type and n-type silicon layers). Equation (1) denotes the photon energy formula
associated with wavelength λ, Plank’s constant h, and speed of light c [19].

Eλ = hc/λ (1)

Note that an electron-hole pair with a photon that has greater energy than a bandgap
between the p-type and n-type silicon layers can generate electricity. In other words, if
a solar cell receives sufficient sunlight, electrons in the silicon layers are ejected from the
n-type silicon layer and moved to the external wire via the p-type silicon layer. This results
in the generation of a direct current. These physical reactions produce electricity, and
the resulting power output varies depending on how efficiently the solar radiation input
from the outside is absorbed. The efficiency of the power generation varies depending
on whether the crystal structure or materials such as Cadmium Telleride (CdTe) and
CuInGaSe2 (CIGS) are used.

For efficient production of PV modules, the manufacturing process generally has
a sequential manufacturing process structure [17,18], which is shown in Figure 1 along
with seven operation stages, including tabbing, auto bussing, electroluminescence (EL),
laminating, frame station, frame, and junction box mounting.
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As shown in Figure 1, the tabbing operation is the first operation to connect multiple
solar cells in a row by soldering so that it generates a string cell [20]. Either infrared
soldering or a heat gun is used in this operation to complete the task within a few seconds
with enough adhesive strength between the ribbon and solar cells. Auto bussing is the
operation employed to produce a solar module by connecting a panel string with multiple
solar cells to a board [21]. Since the panel string has the input and output nodes, the
solar module can have different connection shapes (e.g., a single string or parallel string)
according to solar module design. EL is used to conduct a test to identify microcracks on a
solar module by using a polarization current, which makes a solar cell emit EL radiation [22].
From this electrical stimulation, engineers are able to acquire a high-resolution image with
which to detect the microcracks. In the laminating operation, the panel string is covered
by an encapsulant under high pressure and temperature. The machining parameters
(i.e., pressure level and temperature) are determined using a type of an Ethylene Vinyl
Acetate (EVA) sheet and its curing condition [23]. The frame station makes a frame for the
encapsulated panel, and the frame operation involves attaching the encapsulated panel
string to a PV frame. Junction box mounting is the last operation and involves attaching the
junction box to the rear side of the frame via sealant or adhesive. The junction box should
be linked to a busbar of the solar string so that generated electricity can be transferred to
an external electrical device [24].

2.2. Quality Management in Photovoltaic Module Production

Quality management in PV module production is needed to manufacture a PV module
with long-term reliability [11]. To this end, cause and effect analysis is conducted to identify
the factors of the electricity generation efficiency loss of a PV module based on data collected
from seamless monitoring of the manufacturing process [25]. As mentioned in Section 2.1,
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the manufacturing process consists of seven major sequential operations so that loss from a
former operation is additive to the next operation. Five major defects occur throughout
the seven operations as follows: (1) 36% are related to the connections between solar cells
or other internal electrical components; (2) 32% of the defects are caused by cracks in the
front cover or encapsulant; (3) 12% of the defects are related to the junction box installation
or cabling; (4) 10% are caused by failures in the solar cell itself; and (5) 10% are caused by
failures in the back panel connections [26]. Although these figures may vary depending
on individual manufacturing environments, it is true that failures are relatively frequent
because solar cells and other small components are connected by small welds [27,28].

As an example of the tabbing operation, there exists either an unsoldered wire issue
or a wire breakout issue while multiple solar cells are connected in a row by soldering
under various manufacturing conditions such as solar cell property and temperature [29].
In the laminating operation, air bubbles between an Ethylene Vinyl Acetate (EVA) sheet
and the panel string can be infiltrated, which results in a reduction in the solar radiation
absorption of the PV module [30]. Another defect is associated with micro-cracks on a
silicon wafer, causing the failure of an entire PV module [31]. Since a silicon wafer (i.e., n-
type silicon layer or p-type silicon layer) is a thin component, its internal micro-crack can
be extended to damage the PV module by continuous vibration or tiny shocks. To avoid
this defect, the micro-crack on a silicon wafer is generally inspected via infrared light at the
electroluminescence (EL) operation stage. In the case of silicon wafers, they have relatively
high transmission characteristics for wavelengths of about 1 µm. Using this principle, by
illuminating the wafer with near-infrared light and obtaining an image from the opposite
side, an image can be obtained that can identify micro-cracks that exist inside the wafer
and cannot be detected under normal lighting conditions [32].

2.3. Quality Management Framework Using Data-Driven Machine Vision

The data-based machine vision framework for quality management of the PV module
manufacturing process proposed in this study is illustrated in Figure 2. Machine vision
refers to a solution that automatically detects defects in the product appearance using a
machine learning model and takes appropriate measures for the manufacturing line based
on the results. As shown in Figure 2, the proposed machine vision framework consists of
three main modules.
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In Figure 2, the proposed framework monitors the appearance of PV module compo-
nents (solar cells, strings, frames, etc.), particularly in electroluminescence (EL) and tabbing
operations, via camera sensors (or vision sensors) in real time. GE34GC Monochrome and
GE50GC Monochrome cameras supporting 100-m transmission and hardware image pro-
cessing acceleration are used in the framework. Table 1 describes in detail the specification
of the machine vision camera sensors.

Table 1. Specification of machine vision camera sensors.

Criteria GE34GC Monochrome GE50GC Monochrome

Sensor type CMOS CMOS
Shutter Global Global

Max resolution 752 × 480 800 × 600
Pixel size (um) 6.0 4.8

Max frames per second 108 119
Sensor size (inch) 1/3 1/3.6

Min exposure time (ms) 0.065 0.009

Figures 3 and 4 show the machine vision installed in EL and tabbing operations.
The proposed framework has the advantage of being able to detect product defects by
installing only camera sensors and monitoring equipment without changing the existing
manufacturing equipment.
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The PV module images collected by the vision sensors are transmitted to the data
collection module through the interface and stored in the database for real-time defective
product detection and judgment, subsequent artificial intelligence algorithm learning,
and product quality management. During this process, the PV module manufacturing
environment information (machining parameters and PLC control information) provided
by the manufacturing equipment is also stored in the database. Image data acquired
through the machine vision are transmitted to the data collection module in real time
through IoT (Internet of Things). In particular, the IoT is developed as an appliance
consisting of manufacturing analysis data collection and protocol standardization functions
by utilizing the Edge box gateway. This appliance standardizes structured and unstructured
data generated in the module manufacturing process and classifies them into a specific
type of analysis dataset. In addition, it includes a middleware operating system for
storing relational databases (RDBMSs), time series databases (TSDBs), and file systems
(File DBs) depending on the data characteristics. The stored machining and image data
are transferred to the machine vision platform, and in this process, the Quality Estimation
and Defect Identification modules are responsible for extracting defective products using
artificial intelligence. These modules analyze images to detect defective products with
different patterns from existing products and make predictions about possible defective
products. It utilizes the real-time inference function, which is a key function that can quickly
discover the effects of introduction by applying artificial intelligence to the manufacturing
site [33]. By combining real-time process data and inspection (image) data, a big data-based
learning model is created, and the convolutional neural network (CNN)-based inference
engine functions to enable immediate anomaly detection and quality prediction in the
manufacturing field (see Sections 2.3.1 and 2.3.2 for details). This field data inference
framework is used as a tool for rapid problem-solving by detecting various and complex
causes of defects that interfere with production in advance. Ultimately, the machine vision
platform has the function of checking the PV module components and detecting defective
products by comparing their characteristics with normal products.

2.3.1. Defect Detection in the EL (Electroluminescence) Operation

In EL operation, a three-step machine learning model is applied to detect defects.
First, in the pre-processing stage, an original image is subjected to geometric image trans-
formation operations such as centering and data augmentation to ensure that only the
regions with cells are selected. Second, the unsupervised anomaly segmentation technique
is used to detect cells that are different from the normal PV cells [34]. Third comes the
classification of defected PV cells into four categories, such as crack, dark spot and dark
area, and solder dark defects. The purpose of anomaly detection (or one-class learning) is
to learn the distribution of normal samples so that when abnormal samples come in, they
can be classified outside the learned distribution (i.e., outlier or anomaly detection) [35].
One characteristic of this is that it can significantly improve classification performance
by combining a small number of abnormal data during the model learning process. In
order to learn about the characteristics of normal cells at position (i, j) in an image, let
Xij =

{
xk

ij, k ∈ J1, N K
}

be the set of embedding vectors for position (i, j) learned through

N normal cell images [36]. If Xij follows a multivariate Gaussian distribution N
(
µij , Σij

)
with sample mean µij and sample covariance Σij, the set of embedding vectors for location
(i, j) can be summarized as shown in Equation (2). Notice that ϵI serves as a normalization
term to make Σij full rank and invertible.

Σij =
1

N − 1∑N
k=1

(
xk

ij − µij

)(
xk

ij − µij

)T
+ ϵI (2)
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Figure 5 represents the anomaly detection of a PV cell. If M(·), which is the Maha-
lanobis distance described in Equation (3), is greater than the threshold (θ), it is considered
an outlier (i.e., abnormal PV cell).
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In general, the Mahalanobis distance is an unsupervised method that is used to
calculate the distance between two points, similar to the Euclidean distance, but it calculates
it by finding the inverse matrix of the covariance calculated from collected data. M

(
xij

)
refers to the distance in the probability distribution of how far the observed value (xij) is
from the original mean (µij) at (i, j). Since high scores on this map indicate anomalous areas,
the final anomaly score for the entire image is the maximum value of the anomaly map,
with defective components having high values.

M
(
xij

)
=

√(
xij − µij

)
Σ−1

ij
(
xij − µij

)T (3)

Figure 6 shows the average distribution of grayscale image values for 84 normal
product images and 74 defective product images collected in the EL process. It can be seen
that the abnormal products have a larger observation probability value from 180 to 210 on
average, showing a difference in distribution from the normal products. The Mahalanobis
distance calculation result, according to Equation (3), shows that the defective product
images have a value greater than 0.00022. Based on this threshold (θ = 0.00022), defective
products can be differentiated from normal products.
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For the classification of abnormal PV cell images, ResNet50, which is a well-known
deep learning model used in computer vision tasks [34], is adopted. As shown in Figure 7,
defective components are classified into cracks, dark spots and dark areas, and solder dark
defects. The sky blue color indicates a healthy part, while the orange color indicates where
a defect has occurred in the part.
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2.3.2. Defect Detection in the Tabbing Operation

Similar to the EL operation in Section 2.3.1, in the pre-processing stage, geometric
image transformation operations such as centering and data augmentation are applied to
the original image so that only the region of interest (RoI) is extracted. Additionally, the
wire shape and number of lines are extracted to conduct a rule-based defect classification.
The rule-based classifier continuously receives new information and processes it according
to features they have already learned; particularly, the deep neural network model enables
them to efficiently conduct the classification [37]. As shown in Figure 8, in the tabbing
operation, the attachment of wires, separation of solar cells, and classification of normal PV
panels are determined. The red box indicates the location where the defect is detected in
Figure 8.
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For the anomaly detection, class-imbalance learning is conducted to consider cases
with different numbers of data samples. In fact, most machine learning models are estab-
lished on the assumption that the ratio of data volume between classes is similar. However,
if the imbalance is large during model learning, the learning is biased toward the class
with a large number of data samples. For example, in binary classification such as vision
images, when there are 90% of samples in the good class and 10% of samples in the bad
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class, classification performance can be improved by learning by balancing the number of
data between classes. The random oversampling technique [38] is used with Equation (4)
to add samples to the minority class by copying existing samples at random. Radd is the
ratio of adding samples; Nadd is the number of added samples; Nnormal is the number of
images of normal products; and Nabnormal is the number of images of abnormal products
(i.e., defects). This cluster-based over-sampling (CBO) can deal with between-class and
within-class imbalance simultaneously so that the detection performance for defective
products can be improved even though the over-fitting issue may happen [39].

Radd = Nadd/(Nnormal − Nabnormal) (4)

Based on the balanced classes, the proposed machine vision platform performs the
object detection using a convolutional neural network (CNN), which consists of an input
layer, a hidden layer, and an output layer [40]. In order to configure the model, the dataset
was first divided into a training set and a test set. The ratio of the training set and the test
set was 7:3. The total number of images used for the model train was 110, and the total
number of test images was 48 (see Table 2).

Table 2. Dataset configuration.

Category Total
Number of Sample Images

Train Data Test Data

Normal products 84 59 25

Defective products 74 51 23

The image in the process has too large a pixel size; thus, if we use the image to construct
a general CNN model, the computer memory will overflow. Therefore, the task of reducing
the image size is performed first. The original size of the image is 5770 × 2912 pixels;
however, the image was reduced to 600 × 300 pixels in order to train while maintaining
the ratio of the image.

Next, the CNN structure was constructed. Keras was used as the deep learning
library for constructing the CNN model. The model used a simple CNN model structure.
First, three Conv2D layers were constructed, through which the image features were
extracted without losing the spatial information of the image. Then, a max_pooling2d
layer, which is a pooling layer, was added between each convolutional neural network, and
the image features were reduced in size while being maintained. After this process, the
multidimensional array was converted into a one-dimensional array through the flatten
process, and classification was performed through the dense layer. The activation function
used for the final classification is the sigmoid function.

y =
1

1 + e−x (5)

Equation (5) has a value between 0 and 1. When the x value learned in the proposed
model is input, Equation (5) provides the y value, which is the classification result. This
model is classified into two types of labels: normal product and defective product. There-
fore, according to the classification criteria, if the y value is 0.5 or more, it is classified
as label 1 (defective product), and if the y value is less than 0.5, it is classified as label 0
(normal product).

The model is trained through a total of 60 iterations with parameters described in
Table 3. The optimizer uses Adaptive Moment Estimation (Adam), and the model loss is
calculated using binary cross entropy (see Equation (6)). Binary cross entropy (BCE) is a
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loss function specialized for binary classification problems, and it is a method that imposes
a large penalty on the model for making incorrect predictions. The calculation is calculated
as follows, where y is the actual label, and p is the predicted probability that the data point
belongs to a specific label class. For reference, the model training time is 3 min and 36 s.

BCE = − 1
N ∑N

i=1 yilog(p(yi)) + (1 − yi)log(1 − p(yi)) (6)

Table 3. Parameters.

Layer (Type) Output Shape Number of Parameters

Conv2d (Conv2D) (None, 298, 598, 32) 896
Max_pooling2d (MaxPooling2D) (None, 149, 299, 32) 0

Conv2d_1 (Conv2D) (None, 147, 297, 64) 18,496
Max_pooling2d_1 (MaxPooling2D) (None, 73, 148, 64) 0

Conv2d_2 (Conv2D) (None, 71, 146, 128) 73,856
Max_pooling2d_2 (MaxPooling2D) (None, 35, 73, 128) 0

Flatten (Flatten) (None, 327040) 0
Dense (Dense) (None, 128) 41,861,248

Dropout (Dropout) (None, 128) 0
Dense_1 (Dense) (None, 1) 129

The learned model is used to make predictions on the test dataset. The test set consists
of a total of 48 images, of which 25 images are normal data and 23 images are abnormal
data. It takes less than 1 s to predict all 48 images. The accuracy and loss values according
to learning are as shown in Figure 9.
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Accuracy increases from 42% at the beginning to 94% through 60 repetitions. Loss
shows a value below 0.2 after 51 repetitions through 60 repetitions. The learning results are
as described in Table 4.

Table 4. Defective product detection performance.

Category
Estimated Values

True False

Observed values
True 25 8

False 0 15
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Based on the experimental results in Table 4, the model is evaluated in terms of
accuracy, precision, recall, and F1-score.

Accuracy =
TP + TN

TP + FP + FN + TN
(7)

Precision =
TP

TP + FP
(8)

Recall =
TP

TP + FN
(9)

F1 score = 2 × Precision × recall
Precision + recall

(10)

TP means true positive, which means that something that is actually True is predicted
as True, FP means false positive, which means that something that is actually False is
predicted as True, FN means false negative, which means that something that is actually
True is predicted as False, and TN means true negative, which means that something that
is actually False is predicted as False.

Accuracy is the ratio of correct answers predicted in the entire sample, and in this
model, 40 out of 48 data were correct; therefore, the accuracy is 83%. Precision is the ratio of
things that the model predicted as True to things that were actually True, and the precision
of this model is 100%. Recall is the ratio of things that the classification model judged as
True among the samples that were actually True, and the recall of this model is 76%. The f1
score calculated through the calculated precision and recall values is 86.17%. Meanwhile,
these results show that performance improves when the threshold of the sigmoid function
is changed. Looking at the prediction results, the function value of abnormal images ranges
from a minimum of 0.11 to a maximum of 1, and the function value of normal images
ranges from a maximum of 0.016. In other words, when the classification threshold is
set to a value between 0.02 and 0.11, it can be confirmed that all 48 images are classified
accurately. At this time, accuracy, precision, recall, and F1 score values are all 1.

Wire-unit RGB images (R/B channels: defect scores, G channel: original image) are
generated through unsupervised anomaly detection (unsupervised anomaly segmentation).
Figure 10 represents example results of the unsupervised anomaly detection, respectively.
The red box indicates the location where the defect is detected.
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3. Results
3.1. Experiment Scenario

In this study, experiments are performed using the machine vision framework pro-
posed for quality control of the main PV module manufacturing processes. The target
processes are (1) tabbing, a process of connecting multiple solar cells by soldering them in
a row, and (2) electroluminescence (EL), a process of measuring and detecting microcracks
on the surface of solar cells. The image data utilized in the machine vision are EL 13M
(5162 × 2615) and Tabber 8M (4096 × 2043) images, and the defect items of EL and Tabber
that were classified are as follows:

• EL (electroluminescence) defects: cracks, dark spots and dark areas, and solder dark defects.
• Tabber defects: cell-to-cell and wire breakaway defects.

The performance requirements of the proposed framework are described in Table 5.
Since the PV module manufacturing adopts a mass production process with a small va-
riety of products, the requirements have been set to meet the characteristics of the mass
production process. To be more specific, the goal is for the proposed approach to be able
to determine a reliability verification model accuracy of 95% or higher and a defect rate
of less than 1% within 2 s. The EL (electroluminescence) and tabber defect data collection
process and experimental results will be described in more detail in Sections 3.2 and 3.3.

Table 5. Key performance indicator of the proposed framework.

Criteria Goal Unit

Defect detection rate 95 %
Storage speed of collected time series data <0.3 Second
Evaluation speed of machine vision model <2.0 Second

Model accuracy (reliability) 95 %
PV module defect rate 1 %

3.2. Detection Performance of EL (Electroluminescence) Defects

As mentioned in Section 2.3.1, for the defect detection of EL (electroluminescence),
three stages of machine learning algorithms are implemented in the proposed frame-
work: (1) pre-processing, (2) unsupervised anomaly segmentation, and (3) semi-supervised
learning. Random sampling is performed on 943 images of products produced from the
electroluminescence (EL) operation for 30 days from 1 October to 30 October 2022, and the
performance of the proposed framework is measured to determine whether the 943 images
are properly evaluated. Dark spots and dark areas in solar modules, which show similar
features to the naked eye, are also in the same category, and the detection accuracy for four
classes (normal product, crack, dark spot and dark area, and solder dark) is evaluated as
shown in Table 6.

Table 6. Defective product detection results in the electroluminescence (EL) operation.

Category
Observed

Values

Estimated Values

Normal Products Crack Dark Spot and
Dark Area Solder Dark

Normal products 899 899 0 0 0

Defective
products

Crack 7 3 2 1 1

Dark spot and
dark area 3 1 1 1 0

Solder dark 34 0 1 2 31
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In Table 6, among the 943 products, 899 are defect-free, and the remaining 44 have
defects (7 crack defects, 3 dark spot and dark area defects, and 34 solder dark defects).
On the other hand, 903 products are predicted to be normal by the proposed framework,
and 40 products are predicted to be defects (4 crack defects, 4 dark spot and dark area
defects, and 32 solder dark defects). Among 943 products, 933 products are predicted to
be in the exact same category as the observed category, and the remaining 10 products are
predicted to be in the wrong category. This shows that the proposed methodology has a
detection accuracy of 98.94% (=933/943). Looking at the detection accuracy by category,
detection accuracy of normal products, crack defects, dark spot and dark area defects, and
solder dark defects are 100.00% (=899/899), 28.57% (=2/7), 33.33% (=1/3), and 91.18%
(=31/34), respectively. Through these results, we can find that the higher the frequency of
occurrence of a category, the higher the detection accuracy. This is because the higher the
frequency of occurrence of a category, the more data there a to train the machine vision
algorithms utilized in the proposed framework. In addition, it can be confirmed from
Table 6 that the Type-I error (α) that judges a normal product as a defective product is
0.00%, and the Type-2 error (β) that judges a defective product as a normal product is 9.09%.
Therefore, it can be seen that the proposed framework is appropriate for detecting normal
and defective products in EL operation at a confidence level (1 − α) of 95%. However, for
crack defects or dark spot and dark area defects, which are defects that occur relatively
rarely, it is necessary to collect more learning data to continuously improve the detection
accuracy of the proposed framework.

3.3. Detection Performance of Tabber Defects

Similar to Section 3.3, the rule-based classification is conducted based on the data
collected for 30 days from 1 October to 30 October 2022. Since the tabbing operation is an
independent operation from the EL operation and has different judgment criteria, sampling
is performed independently from the EL operation. As mentioned in Section 2.3.2, based
on computer vision, the region of interest (RoI) is cropped, and additionally, unsupervised
anomaly detection (unsupervised anomaly segmentation) is conducted. A total of 482 im-
ages was collected from the process, and 367 images (367 × 36 = 13,212 wires), which is
78.14%, were used to learn about the normal products. One-hundred and fifteen images
(21.86% of product images) were used for the test set.

In Table 7, among the 115 products, 105 are defect-free, and the remaining 10 have
defects (six cell-to-cell defects and four wire breakaway defects). On the other hand,
107 products are predicted to be normal by the proposed framework, and eight products
are predicted to be defects (five cell-to-cell defects and three wire breakaway defects).
Among 115 products, 111 products are predicted to be in the exact same category as the
observed category, and the remaining four products are predicted to be in the wrong
category. This shows that the proposed methodology has a detection accuracy of 96.52%
(=111/115). Looking at the detection accuracy by category, the detection accuracy of normal
products, cell-to-cell defects, and wire breakaway defects are 100.00% (=105/105), 66.67%
(=4/6), and 25.00% (=1/4), respectively. Similar to Section 3.3, we can find that the higher
the frequency of occurrence of a category, the higher the detection accuracy. It can be
confirmed from Table 7 that the Type-I error (α) that judges a normal product as a defective
product is 0.00%, and the Type-2 error (β) that judges a defective product as a normal
product is 20.00%. Although there is a high value issue of Type-2 errors (β) due to the low
occurrence frequency of defects in the operation, it can be seen that the proposed framework
is appropriate for detecting normal products in the tabbing operation at a confidence level
(1 − α) of 95%. Table 8 describes the comparison results between EL and tabbing operations.
The proposed machine vision method is helpful for practical use because it showed low
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Type-1 errors in both operations. However, considering that the Type-2 error rate is 9% in
the EL operation and 25% in the tabbing operation, additional inspection seems necessary
in the subsequent operations. Nevertheless, the proposed machine vision method has the
advantage of being able to perform inspection tasks quickly compared to conventional
manual inspection.

Table 7. Accuracy of the unsupervised anomaly detection.

Category
Observed

Values

Estimated Values

Normal
Products Cell-to-Cell Wire

Breakaway

Normal products 105 105 0 0

Defective
products

Cell-to-cell 6 1 4 1

Wire breakaway 4 1 1 2

Table 8. Summary of experiment results in EL (electroluminescence) and tabbing operations.

Category
EL Operation Tabbing Operation

True False True False

Observed
value

True 899 0 105 0

False 4 40 2 8

4. Discussion
The proposed machine vision framework is applied to two major operations in the PV

manufacturing process. Although the PV manufacturing process includes seven operations,
namely, tabbing, auto bussing, electro luminescence (EL), laminating, frame station, frame,
and junction box mounting (see Section 2.1 for more information), EL and tabbing oper-
ations are major operations that cause defective items. In EL, the images of PV modules
being produced are pre-processed on a cell-by-cell basis to primarily inspect each PV cell
for defects.

Because photovoltaic (PV) cells are made of semiconductors, which are materials
with properties between conductors and insulators, unsupervised anomaly segmentation
techniques, which are widely used to detect defects in existing semiconductors, are widely
used [41]. For example, the alignment of semiconductor chips is checked in collected
wafer images using clustering or deep learning-based unsupervised learning algorithms,
and the presence or absence of defects in individual semiconductors is identified [42].
Unlike previous semiconductor wafer defect detection studies [42], this study uses an
unsupervised learning algorithm based on deep learning to determine whether PV cells
are defective and further classifies defective cells into cracks, dark spots and dark areas,
and solder dark defects. In this process, the detection accuracy for normal PV cells and
defective PV cells is 98.94%. Despite the high detection accuracy, the classification of crack
defects and dark spot and dark area defects is low at 28.57% (=2/7) and 33.33% (=1/3),
respectively. It seems that the biggest problem is the difficulty in collecting training data,
as the occurrence probability of crack defects and dark spot and dark area defects is low
at 0.73% (=7/943) and 0.32% (=3/943), respectively. Nevertheless, the most important
thing in the PV manufacturing process is the classification between defective products
and normal products, and since defective products are inspected and repaired during the
rework process regardless of the type of defect [43], the proposed framework can be used
to effectively reduce defective products.
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Although the tabbing operation also shows a high defect detection accuracy of 96.52%
(=111/115), the classification accuracy of cell-to-cell defects and wire breakaway defects
is low at 66.67% (=4/6) and 25.00% (=1/4), respectively. Similar to the EL operation, it is
difficult to collect learning data because the occurrence frequencies of cell-to-cell defects and
wire breakaway defects are low at 5.22% and 3.48%, respectively. However, since the most
important thing in manufacturing and producing PV modules is the production of normal
products, the proposed framework seems to be usable at a confidence level (1−α) of 95%.
In addition, the reduction in the production of defective PV modules through the proposed
machine vision framework will not only increase product reliability by preventing failures
that may occur during consumer use but also greatly contribute to reducing the cost of
reverse logistics, which means returning products from consumers to manufacturers.

5. Conclusions
This study proposes a state-of-the-art machine vision framework that utilizes image

data collected in real time for the quality control of products manufactured in the PV manu-
facturing process. In particular, the machine vision framework is applied to EL and tabbing
operations, which potentially cause the most product defects in the PV manufacturing
process, involving seven operations, including tabbing, auto bussing, electro luminescence
(EL), laminating, fame station, frame, and junction box mounting. In EL and tabbing opera-
tions, the shape of PV module components (solar cells, strings, frames, etc.) is monitored
in real time via a camera sensor (or vision sensor). The PV module images collected by
the machine vision sensors are transmitted to the data acquisition module through the
interface and stored in the database for real-time defective product detection and judg-
ment, future artificial intelligence algorithm learning, and product quality management.
For defect detection in the EL operation, pre-processing, unsupervised anomaly segmen-
tation, and defect classification are performed for the collected images. In the tabbing
process, pre-processing, rule-based defect classification for the non-attachment of wires and
non-detached PV cells, and unsupervised anomaly segmentation for cell-to-cell and wire
breakaway defects are performed. In the electroluminescence (EL) operation, learning and
testing are performed using 943 product photos, and the detection accuracy was 98.94% for
normal products and three types of defects (cracks, dark spots and dark areas, and solder
dark defects). In the tabbing operation, tabber defect detection involving rule-based defect
detection and unsupervised anomaly detection functions is performed. The rule-based
defect detection enabled 100% classification accuracy on the identification of cell separation
and wire separation. The unsupervised anomaly detection showed a detection accuracy of
96.52% on 115 image samples with a wire deviation issue (i.e., cell-to-cell or wire break-
away defects). Compared to the rule-based approach, the fault judgment accuracy of the
unsupervised learning method is slightly lower. This seems to be because the types of
faults handled by the two methods are different. Although the fault judgment accuracy
of the proposed methodology shows differences depending on the artificial intelligence
algorithm used, considering that all of them show a fault detection accuracy of over 95%,
it can be seen that the proposed framework can contribute to the quality improvement of
the PV process in the future. In particular, for small and medium-sized enterprises that
have difficulty introducing expensive equipment due to its high investment cost, or for
manufacturing companies that have difficulty modifying the process itself, quality can be
improved relatively inexpensively by introducing the proposed machine vision technology,
including monitoring sensors.

However, despite these advantages, the proposed framework has limitations. In
particular, due to the difficulty in collecting data on defects, it shows a low accuracy of
about 20–30% in recognizing and classifying each defect type, even though class-imbalance
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learning is performed. Therefore, the proposed framework has a function more suitable for
distinguishing between normal and defective products, and expert judgment is required
to identify the type of defect. In the future, research should be conducted to improve
detection accuracy by securing more image data on defective products. Moreover, it is
necessary to consider adding the ability to simultaneously measure various performance
metrics, such as power loss in EL and tabbing operations according to the IEC TS 60904-13
standard [44]. Additional experiments are needed to evaluate the performance of machine
vision algorithms because the manufacturing environment conditions can affect them.
Nevertheless, the proposed machine vision can be applied to improve performance when
new image processing algorithms are released in the future, and it is necessary to develop
a machine vision system that can show the best performance through comparison with
various algorithms.
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