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Abstract

Machine vision based on artificial intelligence technology is being actively utilized to
reduce defect rates in the photovoltaic module production process. This study aims to
propose a machine vision approach using EfficientNet-BO for defective photovoltaic module
detection. In particular, the proposed approach is applied to the electroluminescence (EL)
operation, which identifies microcracks in PV modules by using polarization current. The
proposed approach extracts low-level structures and local brightness variations, such as
busbars, fingers, and cell boundaries, from a single convolutional block. Furthermore, the
mobile inverted bottleneck convolution (MBConv) block progressively transforms defect
patterns—such as microcracks and dark spots—that appear at various shooting angles into
high-level feature representations. The converted image is then processed using global
average pooling (GAP), Dropout, and a final fully connected layer (Dense) to calculate the
probability of a defective module. A sigmoid activation function is then used to determine
whether a PV module is defective. Experiments show that the proposed Efficient-BO-based
methodology can stably achieve defect detection accuracy comparable to AlexNet and
GoogLeNet, despite its relatively small number of parameters and fast processing speed.
Therefore, this study will contribute to increasing the efficiency of EL operation in industrial
fields and improving the productivity of PV modules.

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

1. Introduction

Machine vision is a technology that uses camera sensors installed in manufacturing
facilities and uses artificial intelligence (Al) to assess product quality based on captured
images [1]. It automates the product quality assessment process previously performed by
humans. By automating human quality assessment through machine vision, machine vision
can reduce errors in quality judgments caused by human perception and worker fatigue [2].
With recent advancements in Al technology, demand for machine vision has steadily
increased, and its application fields are expanding to include semiconductors, electric
vehicles, and healthcare [3]. The machine vision market was estimated at approximately
$13.95 billion in 2025 and is projected to reach $19.81 billion by 2030, growing at a compound
annual growth rate (CAGR) of 7.27% during the forecast period (2025-2030) [4].

The production of photovoltaic (PV) modules—devices that directly convert solar
energy into electrical energy using semiconductors—also actively utilizes machine vision
technology, as in semiconductor production. Because solar cells, the core components of PV
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modules, are made primarily of semiconductor materials like silicon, quality inspection of
PV modules is crucial for ensuring excellent photovoltaic performance (the phenomenon of
sunlight striking a semiconductor and generating electricity) [5]. Machine vision is utilized
to accurately verify the alignment and position of PV cells, minimizing errors during
assembly [6]. In 2024, global new solar power generation capacity was expected to reach
approximately 599 GW, and it was projected to increase 17% year-on-year to approximately
700 GW by 2025. Consequently, demand for photovoltaic modules is expected to continue
to grow. PV module manufacturing capacity is projected to steadily increase from 1155 GW
in 2023 to 1546 GW by 2035 [7], implying continued growth in machine vision applications.

According to [6], the PV module manufacturing process typically involves sequential
production operations, including a tapping operation to connect solar cells, a framing
operation to assemble frames onto individual modules, and a junction box mounting
operation to connect busbars and junction box terminals. Because connecting solar cells and
individual PV modules is a key manufacturing step, defects in solar cells and modules can
occur in various ways during the connection process [8]. These defects lead to additional
tasks, such as product disassembly, reassembly, and disposal, which increase production
costs [9]. Therefore, efforts to reduce defects in the PV module manufacturing process
are actively being pursued in major PV module-producing countries (e.g., China [10],
Taiwan [11], and South Korea [12]), including the development of early defect detection
technologies using machine vision.

In particular, because electroluminescence (EL) is an important operation in the PV
module manufacturing process and can be used to obtain images of microcracks, automat-
ing the detection of defective PV modules using machine vision can improve manufacturing
efficiency and reduce defective products. This study aims to improve the machine vision
approach by utilizing EfficientNet-B0 to enhance the production quality of PV modules.
EfficientNet-BO employs a hybrid model scaling strategy that simultaneously expands
network depth, channel width, and input resolution. It is designed with a lightweight
architecture that includes mobile inverted bottleneck convolution (MBConv) and squeeze-
and-excitation (SE) modules [13]. It is designed to have excellent scalability across depth,
width, and resolution, effectively limiting computational load and model size while main-
taining high-resolution input, which makes it suitable for defective PV module inspection
environments during the EL operation. To address the class imbalance problem between
good and bad PV module images, this study uses ImageNet pretrained weights as initial
values and applies data augmentation and hierarchical segmentation strategies in parallel to
stabilize representation learning for the bad class and mitigate overfitting. In experiments,
we compare the performance of the proposed methodology with existing convolutional
neural network (CNN)-based algorithms (e.g., AlexNet, ResNet50, DenseNet121, and
GoogLeNet). We also perform a sensitivity analysis of how performance changes with the
optimal image capture angle and bad detection threshold for the proposed methodology to
achieve optimal performance. As a result, the proposed EfficientNet-B0-based methodology
is a suitable solution for integration with machine vision due to its small model size and
easy deployment on industrial PCs or GPUs.

The contributions of this study are as follows. First, the proposed Efficient-B0O-based
methodology demonstrates superior performance in PV module defect detection compared
to existing CNN-based algorithms (e.g., AlexNet, ResNet50, DenseNet121, and GoogLeNet)
in terms of accuracy, precision, recall, and Fl-score. Compared to existing CNN-based
algorithms, EfficientNet-B0 achieves high expressive power with fewer parameters and
fewer floating-point operations (FLOPs). Second, this study analyzes the performance
sensitivity to the image capture angle, confirming that the proposed Efficient-B0-based
methodology achieves optimal performance. Unlike previous studies that focused solely
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on performance comparisons of Al algorithms, we analyzed performance sensitivity to
the image capture angle, considering that defective component detection performance
can vary depending on the angle of the image sensor used to capture PV modules during
the EL process. Finally, we performed a sensitivity analysis on the performance of the
proposed methodology with respect to the classification threshold settings used to detect
defective PV modules. Since the performance of defect detection varies not only with the
given algorithm but also with the threshold value that serves as the classification criterion,
this analysis reveals which threshold value should be set for more accurate detection of
defective PV modules in the EL process.

This study is structured as follows. Section 2 describes the PV manufacturing process
and a PV module defect detection technique utilizing a machine vision framework and
Efficient-BO technology. Section 3 validates the performance of the proposed Efficient-
B0-based PV module defect detection method using data collected from a PV module
manufacturing facility in Korea. Section 4 presents the results of this study and proposes
future research directions.

2. Materials and Methods
2.1. Machine Vision in Photovoltaic Module Manufacturing

A photovoltaic (PV) system consists of a frame, front and back covers, an encapsulant,
solar cells, and a junction box that converts solar radiant energy into direct current (DC)
through multiple PV modules [14]. It is crucial to manufacture PV modules in which
solar cells can efficiently convert photon energy associated with a specific wavelength into
electrical energy through semiconductors (i.e., p-type and n-type silicon layers) at high
efficiency [15]. That is, when a solar cell receives sunlight, electrons within the silicon layer
are emitted from the n-type silicon layer and move to an external wire through the p-type
silicon layer, generating direct current. Since the final output is determined by the physical
conversion efficiency, research is being conducted on the crystal structure of the solar cell
itself and the utilization of materials such as cadmium telluride (CdTe) and CulnGaSe2
(CIGS) [5].

In terms of the manufacturing process, the focus is on the efficient production of
PV modules, and the production process typically involves seven sequential operations,
including tapping, automatic bussing, EL, laminating, a framing station, and frame and
junction box mounting [14]. The tapping process is the first step in which multiple solar
cells are soldered and connected in series to form string cells, while automatic bussing
is the process of connecting panel strings consisting of multiple solar cells to a board to
manufacture PV modules [16,17]. EL testing utilizes a polarization current to emit EL
radiation from solar cells, which can be used to obtain high-resolution images that can
identify microcracks [18]. Laminating is the process of covering the panel strings with
encapsulating material under high pressure and high temperature conditions; the framing
station manufactures frames for the encapsulated panels, and frame and junction box
mounting is the operation of attaching the encapsulated panel strings to the PV frame
and using sealant or adhesive, attaching the junction box to the back of the frame, which
is connected to the busbar of the solar string and transmits the generated electricity to
external electrical devices [19].

Among these seven operations, the EL operation is the one in which machine vision can
be utilized to detect defective manufactured parts, as it can provide images of microcracks.
Figure 1 shows the machine vision framework for PV manufacturing [6], which monitors
the appearance of PV module components (solar cells, strings, frames, etc.) in real time
via camera sensors. Figure 2 shows examples using acA1920-25gm cameras, Basler AG,
hrensburg, Germany. The images used in this study were acquired at an indoor PV module
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manufacturing facility. RGB images were captured using a machine vision camera fixedly
installed on the production line for the EL and tapping processes. The camera installation
location and shooting geometry were maintained throughout the data collection period
to ensure consistent acquisition conditions. Furthermore, because the experiments were
conducted in an indoor manufacturing environment, external lighting factors such as
sunlight were excluded. To minimize image noise and subtle variations in acquisition
conditions, preprocessing steps such as geometric alignment, region of interest extraction,
and image resizing were applied to standardize the input data before model training
and inference.

User

Manufacturing Process with Vision Interface
. . — Result
Vision Sensors _| Visualization '——>
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Image
Machining data data
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Figure 1. Machine vision framework for PV manufacturing [6].

Figure 2. Machine vision installation examples [6].

By utilizing a camera sensor, five types of EL images, including normal ones, are
collected, as shown in Figure 3. Defective images include ‘crack’, ‘solder dark’, ‘dark spot’,
and ‘dark area’. A crack is a defect in which microcracks occur inside the PV module; it
is observed as a linear pattern along the crack path in the EL image [20]. A dark spot is
a defect in which light emission is reduced locally in the form of a small dot at a specific
location in the EL image [21]. A dark area is a defect in which light emission is reduced
over a wide area in a specific region [22]. Solder dark is observed as a rectangular dark area
in the EL image when current transmission becomes unstable due to a defect in the solder
layer at the connection [23].
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Normal Crack Solder Dark  Dark Spot ~ Dark Area

Figure 3. Defect types and normal images of PV modules are considered in this study.

In this study, criteria considering morphology and location were applied to identify the
defect types in Figure 3. A crack was determined when a continuous linear luminescence
reduction was observed within the module and either crossed the cell region or extended
beyond a certain length. A dark spot was determined when a localized region inside the
module showed a pronounced luminescence reduction compared to normal areas, and
when the candidate region occupied a relatively small area within the region of interest
(ROI) with a sufficient drop in mean intensity. In contrast, a dark area was determined
when a luminescence reduction was similarly observed but appeared as a relatively large
and contiguous region within the ROI, and it was distinguished from a dark spot using
an area-based criterion. Solder dark was determined when a rectangular or band-shaped
luminescence reduction pattern was observed around the busbar interconnection region.

In Figure 1, PV images collected via camera sensors during the EL operation are
transmitted to the data collection module and stored in a database. The stored image data
is used for real-time defect detection and judgment, subsequent Al algorithm training, and
product quality management. During this process, PV module manufacturing environ-
ment information (processing parameters and PLC control information) provided by the
manufacturing equipment is also stored in the database. Image data acquired through
machine vision is transmitted to the data collection module in real time via the Internet
of Things (IoT). Structured and unstructured data are standardized and classified into
specific analysis datasets, and the stored processing and image data are transmitted to
the machine vision platform. During this process, the quality prediction and defect iden-
tification module uses Al to extract defective products. These modules analyze images
to detect defective products that exhibit different patterns from existing products and
predict potential defects [6]. In this study, we aim to improve the detection performance of
defective PV modules by utilizing EfficientNet-BO0, an existing machine vision technology.

2.2. Defective PV Module Detection Using EfficientNet-B0 with Machine Vision

In this study, EfficientNet-B0, a basic model of the EfficientNet series, is selected as
the CNN architecture for PV module EL image classification. EfficientNet-B0 is one of the
CNN-based approaches proposed by Tan et al. (2019) [13]. It uses a compound model
scaling strategy that simultaneously expands network depth, channel width, and input
resolution, and is designed with a lightweight structure that includes mobile inverted
bottleneck convolution (MBConv) and squeeze-and-excitation (SE) modules. This structure
offers the advantage of achieving high representational power with fewer parameters and
fewer floating-point operations (FLOPs) compared to existing CNNs such as the Visual
Geometry Group (VGG), the residual network (ResNet), and GoogLeNet. In EL images of
PV modules, small defects such as microcracks and dark spots directly impact classification
accuracy, making high-resolution image input essential. EfficientNet-B0 is designed to
scale well across depth, width, and resolution, effectively limiting computational load
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and model size while maintaining high-resolution input, which makes it suitable for this
inspection environment [24]. Furthermore, EL images present a class imbalance problem,
with a relatively small number of defective images compared to normal images, and data
distribution varies depending on shooting conditions. In this context, several studies have
applied EfficientNet-BO to detect defective PV modules. Liu et al. (2024) [25] demonstrated
97.81% accuracy on the PVEL dataset by utilizing the contrast-limited adaptive histogram
equalization (CLAHE) algorithm and the EfficientNet-B0 backbone for EL image-based PV
cell defect detection. Furthermore, Joshua et al. (2025) [26] compared VGG16, ResNet50,
DenseNet121, and EfficientNet-BO for solar panel defect and status classification, and found
that EfficientNet-B0 achieved 80.0% accuracy while also offering a small number of param-
eters and fast inference time, making it an advantageous model for an edge computing
environment. This study utilizes ImageNet pretrained weights as initial values and em-
ploys data augmentation and hierarchical segmentation strategies in parallel to stabilize
representation learning for defective classes and mitigate overfitting [27]. Compared with
other backbones such as ResNet-50, EfficientNet-BO has a smaller model size, making it
easy to deploy on industrial PCs or GPUs. For these reasons, EfficientNet-B0 is consid-
ered a suitable model for application to actual PV module EL inspection equipment and
production lines [28].

Figure 4 shows the defective PV module detection structure based on EfficientNet-
B0, which consists of one convolutional block and seven MBConv blocks. First, the PV
module image is converted to an input size of 224*224*3. Then, features are extracted
from the image through convolution operations. The initial 3*3 convolution layer extracts
low-level structures such as busbars, fingers, and cell boundaries, as well as local brightness
variations. By sequentially passing the image through a total of 16 MBConv blocks, defect
patterns such as microcracks and dark spots that appear at various shooting angles are
gradually converted into high-level feature representations. In the final step, global average
pooling (GAP) is applied to obtain a 1280-dimensional feature vector representing a single
module. Dropout is used to mitigate overfitting. The final fully connected layer (Dense) is
then used to output the probability that the input EL image is from a normal or defective
module. The output layer uses the sigmoid activation function in Equation (1) to convert
the final linear output value into a probability value between 0 and 1.

1

Tirer g

Yy
where y is a sigmoid function, and x is a linear output of the final fully connected layer
(Dense). In this model, when x is input, Equation (1) calculates the estimated probability
that the EL image is a defective module. The closer y is to 1, the higher the probability that
the input EL image is defective. For a threshold value (Threshold, ) set in advance, if y is
less than or equal to 6, it is classified as normal, and if y is larger than 6, it is classified as
defective. Since the boundary between normal and defective classification changes when 0
is adjusted, it is important to set an appropriate 6 according to an acceptable level.

2.2.1. Compound Model Scaling

EfficientNet-B0 uses compound model scaling, which adjusts the network depth 4,
width w, and resolution r together with a single scale factor ¢ and constants «, , and +.
The scaling relationship among the three dimensions is as shown in Equation (2).

d=a?, w=p8 r=197 2)

where &, B, and 7y (>1) are constants determined through small-scale exploration, and ¢
is a hyperparameter that adjusts the model scale according to the given computational
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size. Since depth, width, and resolution increase by factors of &, 8, and v, respectively, as ¢
increases by 1, it is possible to control the three dimensions to grow together at a certain
rate, unlike when only a single dimension is expanded.

Iout 1 v " MBConvt Structure \‘\\
Nput 'mage MBConv6, 5 x5 % !
(224 x 224 x 3) OHI 2 R Input i
b : } :

X i .

Conv, 3 x 3 MIELDITE, 9 50 I \ 1 Pointwise Conv 1 x 1 !

| ' : } :
MBConvl, 3 x 3 WIS, 5 ¢ & ! Depthwise Conv K x K i
| i I ! } .
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MBConv6, 5 x 5 % DrOPOT(O'ZS) H Pointwise Conv 1 x 1 i
MBConv6, 3 x 3 X Dense(1, sigmoid) | E
| ' .

Output \\\ Output ,/'

_______________________

Figure 4. Proposed machine vision approach with EfficientNet-B0 for defective photovoltaic module
detection.

While increasing only depth allows for detailed model control as the model grows
deeper, it unnecessarily increases parameters and computational complexity. Increasing
only width can lead to inefficiencies in modeling and utilization due to the increased
number of channels. Increasing only resolution increases the input size, leading to a sharp
increase in computational complexity. Scaling only a single dimension tends to result in
excessive growth in a specific axis. Composite model scaling, a strategy that simultane-
ously scales all three dimensions, offers better accuracy and efficiency within the same
FLOPs range.

In the EL operation during PV module production, lowering the resolution too much
can lead to the disappearance of microcracks and small dark spots, while increasing the
model size excessively can lengthen production line processing times. Using composite
model scaling, resolution, depth, and width can be adjusted simultaneously to secure
sufficient expressiveness to handle high-resolution EL images while enabling real-time
inspection with relatively low computational load.

2.2.2. Pointwise Convolution

Pointwise convolution (1 x 1) remixes the defects (microcracks, dark spots, etc.) ex-
tracted by each channel by depthwise convolution into the combinations required for defect
classification, and reduces or expands them to the required number of channels. Figure 5
shows the operational process of linearly combining the input channel vectors at each spa-
tial coordinate (/1, w) using pointwise convolution to mix information between channels
and convert the dimension. The input feature map in the form of H x W x C;, is rear-
ranged into a matrix of size (H-W) x Cj,, and the 1 x 1 filter weights are rearranged into
a Cj; x Coyt matrix. Afterwards, a general matrix multiplication is performed to calcu-
late the (H-W) X Cyyt output, which is then restored to the (H-W) x C, feature map. At
this time, the multiply-accumulate (MAC) operation amount (Opyintwise) and the number
of parameters (Pyointwise) based on one forward pass are as shown in Equations (3) and
(4), respectively.
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Opointwise = H-W-Ciy-Cout 3)
Ppointwise = Cin-Cout 4)

where H and W represent the height and width of the output feature map, C;;, is the number
of input channels, and C,;; is the number of output channels.

Input 1 x 1 Filter Output
(per-channel feature maps) (channel-mixed feature maps)

Figure 5. Process of pointwise convolution.

In PV module images from the EL operation, each channel contains different filter
results, such as vertical and horizontal edges, cracks in a specific direction, and partial
brightness reduction (dark spots). Pointwise convolution linearly combines these channels
to reconstruct defect-related information, such as cracks and dark spots, into a single,
high-level representation, allowing the classifier to distinguish defect patterns.

2.2.3. Depthwise Convolution

Depthwise convolution is used to independently extract spatial patterns such as cracks
and dark spots for each channel of the input feature map. Figure 6 shows the associative
process of depthwise convolution, which applies different K x K filters to each channel of
the input and performs only spatial convolution without mixing the channels. With the
channel axis fixed, the K x K kernels for each channel slide over all spatial coordinates
(h, w) to calculate the convolution, and the outputs for each channel are stacked again in
the channel direction to form the output feature map in the form of H x W x C;;,. The
number of MAC operations (Odepthwise) and the number of parameters (Paepthwise) based on
one forward pass are shown in Equations (5) and (6), respectively:

Ouepthwise = K*-H-W-Cjy (5)

Pdepthwise - Kz'cz’n (6)

where K represents the size of one side of the kernel. Compared to the computational
complexity of standard convolution with the same kernel size, depthwise convolution
eliminates the C,,; term, significantly reducing computational complexity and the number
of parameters.

In PV module images from the EL operation, each channel can represent different
spatial patterns, such as crack edges, dark spots, and internal cell surface patterns, de-
pending on the direction. Depthwise convolution searches for these patterns across the
module without mixing channels, efficiently extracting spatial defect structures such as
cracks and dark spots from high-resolution images from the EL operation. This method has
a lower computational complexity than standard convolution, making it advantageous for
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maintaining computational speed even in environments where PV module images acquired
from multiple shooting angles are massively processed.

5 convolution
Cin . .
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bt | LG\?
3 +
- i r S s o LG\?
H B
e e
;2 ‘ B SR o D b
Er-1 | v
O T AT ¥k
w w
Input . Output
(per-channel feature maps) Kvalchilter (per-channel feature maps)

Figure 6. Process of depthwise convolution.

3. Results
3.1. Experiment Scenario

Experiments are conducted on three aspects: PV module defect detection performance,
optimal image capture angle selection, and sensitivity analysis of classification thresholds.
First, the PV module defect detection performance of the proposed methodology is mea-
sured and compared with that of existing CNN-based algorithms (e.g., AlexNet, ResNet50,
DenseNet121, and GoogLeNet) based on accuracy, precision, recall, and F1-score. Second,
the performance sensitivity to the image capture angle is compared to ensure that the pro-
posed Efficient-B0-based methodology achieves optimal performance. Finally, a sensitivity
analysis is performed on the performance change of the proposed methodology depending
on the setting of the classification threshold used to detect defective PV modules.

This experiment utilizes a PV module image dataset collected from an actual EL
operation to evaluate PV module defect detection performance. Table 1 describes the
collected images, which consist of 2772 images: 1512 normal PV modules and 1260 defective
PV modules. This dataset contains cracks, dark spots, dark areas, and dark solder defects.
Machine vision systems are installed at various angles to capture PV modules. In this
study, to analyze the variation in defect detection performance with varying image capture
angles, PV module images in the EL operation are collected at 10° intervals from 0° to 80°.
Changes in the image capture angle can physically affect the measured EL signal and defect
visibility. Therefore, this study evaluates performance variations across different capture
angles. Although the emission characteristics of EL may vary with viewing angle, radiance
can be treated as approximately invariant with respect to viewing direction. However,
because practical PV modules have a multilayer structure including glass and encapsulant,
changes in viewing angle can increase reflectance and decrease transmittance as a function
of the incident angle [29]. In addition, variations in viewing angle can change the scattering
components at the surface and interfaces, which may affect brightness uniformity and
defect contrast in the recorded signal. Consequently, the EL intensity reaching the camera
can vary with capture angle. Accordingly, this experiment was designed to quantify the
effect of capture-angle changes on defect classification performance. The final dataset
consists of 168 normal PV modules and 140 defective PV modules for each angle. To
independently evaluate the impact of each angle, 60% of the images collected at each angle
are used for training, 20% for validation, and 20% for testing. To compare performance,
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CNN-based algorithm models are evaluated under the same data segmentation criteria,
and defect detection performance is compared.

Table 1. Dataset composition by photographing angle for the PV module.

Number of Images

Photographing Angle (°)

Normal Abnormal
0 168 140
10 168 140
20 168 140
30 168 140
40 168 140
50 168 140
60 168 140
70 168 140
80 168 140
Total 1512 1260

Accuracy, precision, recall, and Fl-score are used to evaluate the defect detection
performance of each algorithm. Equations (7)—(10) are the formulas for calculating each
performance indicator:

U TP + TN )

U= TP I FP + FN + TN

. TP
Precision = TP - FDP TP 8)
TP
Recall = ——

= TP EN ©)

Precision x Recall
Fl score — 2 % recision X Ikeca (10)

Precision + Recall

where a defect is defined as positive and a normal module as negative. True positive (TP)
refers to a case where an actual defective module is correctly classified as defective, and
true negative (TN) refers to a case where an actual normal module is correctly classified as
normal. False positive (FP) refers to a false detection where an actual normal module is
incorrectly classified as defective, and false negative (FN) refers to a non-detection where
an actual defective module is incorrectly classified as normal. Therefore, precision reflects
the level of suppression of false positive (FP) detections, and recall reflects the ability to
reduce non-detections (FN). F1-score is the harmonic mean of precision and recall, and it
represents the judgment performance without the two indicators being biased to one side.

3.2. PV Module Defective Detection Performance

This experiment uses a baseline dataset of PV module images taken at 0° to compare
the performance of each algorithm. In addition to EfficientNet-B0, experiments are con-
ducted by changing the architecture to Alex Krizhevsky’s Network (AlexNet), the residual
network (ResNet50), the densely connected convolutional network (DenseNet121), and
InceptionV1 (GoogLeNet). To compare performance changes attributable to architectural
differences, all models were trained and evaluated under identical conditions. All models
were trained for 100 epochs, and the weights corresponding to the highest validation accu-
racy during training were selected to compute the final results on the test set. In addition,
the batch size was fixed at 8, the random seed was set to 42, the learning rate was set
to 0.0001, and the Adam optimizer was used consistently across backbones to ensure a
fair comparison. These architectures are widely used in defect classification research of
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PV modules, and since they have different structural characteristics, they are suitable for
comparing performance changes due to structural differences under the same data and
conditions. AlexNet is a relatively early CNN architecture and achieved an accuracy of
99.3% in PV module status classification research [30]. ResNet50, a network architecture
that utilizes residual connections to ensure learning stability, achieves an F1-score of 87.37%
in PV panel crack detection based on EL images [31]. DenseNet121, designed for feature
reuse through dense connectivity between layers, achieved an accuracy of 98% in a study
of PV module defect identification [32]. GoogLeNet, a multi-scale architecture that extracts
features from different receptive fields in parallel, achieved an accuracy of 94.6% in PV
defect detection [33].

Table 2 describes the performance metrics for different CNN-based algorithms used to
detect defects in PV modules. DenseNet121 achieves high performance across all metrics,
with an accuracy of 0.8387, a precision of 0.8750, a recall of 0.7500, and an F1-score of
0.8077. This represents approximately 36.9% higher accuracy and 25.0% higher precision
than AlexNet, which has the lowest classification performance. DenseNet121’s higher
accuracy compared to other algorithms is due to the fact that the defect patterns in the data
include localized and subtle features, such as cracks and black spots. The direct connection
structure of DenseNet50 allows features from previous layers to be accumulated and reused
in subsequent layers, reducing information loss and maintaining a stable representation
of micro-defects. On the other hand, AlexNet has limited depth, and the difficulty of
hierarchically accumulating high-level features makes it difficult to isolate weak signals,
such as micro-defects. The proposed EfficientNet-B0O shows overall stable performance
with an accuracy of 0.7903, a precision of 0.8000, a recall of 0.7143, and an F1-score of 0.7547.
Compared with DenseNet121, which had the highest performance, its accuracy, precision,
and recall are 5.8%, 8.6%, and 4.8% lower, respectively, but it maintains relatively balanced
performance without an excessive decrease in any specific indicator. EfficientNet-BO can
maintain stable performance even with low computational resources because it uses a
convolutional structure that repeats the flow of channel expansion, feature extraction, and
channel reduction in each block. Although its classification performance may be lower
than that of structures that utilize accumulated features, such as DenseNet121, it can
efficiently learn the features necessary for fault determination even with limited model
capacity, thereby achieving stable performance. Meanwhile, compared with ResNet50,
EfficientNet-B0 showed 2.0% and 7.4% lower accuracy and precision, respectively, but 5.3%
higher recall. ResNet50’s residual connections ensure stable learning even in structures
with many layers. However, if the decision boundary is formed conservatively, the failure
rate increases instead of reducing the FP, resulting in a lower recall and defective cases
being classified as normal.

Figure 7 shows the original EL image and the corresponding activation map derived
from the final convolutional feature maps of EfficientNet-B0. The dark area in Figure 7a
was identified as a localized region exhibiting a clear reduction in luminance compared
with surrounding normal regions, appearing as a large, contiguous area within the ROL
The heatmap in Figure 7b highlights regions with high model attention, where red indicates
stronger activation. In other words, the color scale from 0 to 1 represents blue to red, with
values closer to 1 indicating greater differences from normal PV panels. The results show
that the model primarily focused on the surrounding areas rather than the actual dark area
defect in Figure 7a. Therefore, the model relied more on visual patterns in normal regions
than on defect-specific features, leading to a biased feature representation and ultimately
resulting in misclassification.
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Table 2. Detection performance using different types of algorithms.
Detection Evaluation Metrics

Algorithm Accuracy Precision Recall F1-Score
AlexNet 0.6129 0.7000 0.2500 0.3684
ResNet50 0.8065 0.8636 0.6786 0.7600
DenseNet121 0.8387 0.8750 0.7500 0.8077
GoogLeNet 0.7419 0.7143 0.7143 0.7143
Efficient-BO 0.7903 0.8000 0.7143 0.7547

Defect
(Dark Area)

(b)

Figure 7. Heatmaps for misclassified samples: (a) original EL image with defects, (b) heatmap of the

final convolution layer.

In addition to Table 2, model complexity and computational efficiency are also impor-
tant evaluation factors for PV module defect detection, which requires accurate detection
within limited computational resources and a given time. Table 3 compares the com-
putational resource requirements of each algorithm based on the number of parameters
(Parameters), computational load (FLOPs), inference time, peak memory usage, and frames
per second (FPS).

Table 3. Complexity and efficiency comparison of algorithms.

Detection

Model Complexity and Efficiency

Algorithm Parameters FLOPs Inference Time Peak Memory Frames per
M) G) (Millisecond/Image) Usage (MB) Second (FPS)
AlexNet 71.9 2.5341 23.39 4048.06 42.8
ResNet50 23.6 7.7512 89.09 1336.62 11.2
DenseNet121 7.0 5.7004 78.13 1810.23 12.8
GoogLeNet 21.8 5.6934 82.29 1530.07 12.2
EfficientNet-B0 41 0.8008 47.85 1005.38 28.9

Parameters, the total number of weights determined by the model through learning,
determine the model size and the memory requirements for storing weights during infer-
ence. Increasing the number of parameters generally improves expressive power, enabling
the learning of complex features. However, using excessive parameters relative to the data
size can lead to overfitting, which can degrade generalization performance. Furthermore,
increasing model complexity tends to reduce interpretability. Floating-point operations per
second (FLOPs) are used to measure the computational complexity required for a single
inference. As FLOPs increase, the computational burden increases, potentially slowing
down processing speed. Inference time is the actual processing time per image, which
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comprehensively reflects the impact of FLOPs and memory access. Peak memory usage
refers to the maximum amount of memory occupied during the inference process of the
detection algorithm. Finally, frames per second (FPS) denotes the maximum number of
images that can be processed per second and is used to evaluate the real-time performance
of machine vision systems.

DenseNet121, which achieved the highest classification accuracy, had relatively high
FLOPs (5.7004 G) and inference time (78.13 milliseconds/image). This is because, although
the number of parameters itself is small, the dense connectivity structure of DenseNet121
increases memory accesses and feature map size as blocks are repeated and previous feature
maps are repeatedly connected to later layers. While DenseNet121 achieves performance
through feature reuse, the cumulative combination of features increases computational and
memory overhead, leading to increased actual inference time. This can potentially lead to
throughput degradation in environments with limited computational resources. This is
reflected in its high peak memory usage of 1810.23 MB and relatively low throughput of
12.8 FPS. ResNet50 secures learning stability even in structures with many layers through
residual connections, but its structural characteristics of repeated bottleneck blocks result
in high FLOPs, reaching 7.7512 G. Consequently, ResNet50 recorded approximately 33%
higher peak memory usage (1336.62 MB) compared with EfficientNet-B0 (1005.38 MB), as
well as the lowest FPS (11.2) among the evaluated models. In contrast, EfficientNet-BO,
utilized in this study, uses MBConv-based convolution to separate channel mixing and
feature extraction. Designed to construct the same representation with fewer computa-
tions, it exhibits the lowest parameters (4.1 M) and FLOPs (0.8008 G), and its inference
time (47.85 milliseconds/image) is also among the lowest among the compared models.
Notably, EfficientNet-BO demonstrates superior computational efficiency, with a 41.4%
reduction in parameters, an 86.0% reduction in FLOPs, and a 38.8% reduction in inference
time compared with DenseNet121. Moreover, peak memory usage is reduced by 44.4%,
while FPS is approximately 2.3 times higher. PV module production lines are expected to
continue increasing unit production volume, leading to an increase in throughput required
throughout the manufacturing process [34]. Consequently, detection algorithms applied to
inline inspection systems must be satisfied with increasing deployment latency constraints.

Tables 3 and 4 show that while EfficientNet-B0 exhibits lower classification accuracy
than DenseNet121 and ResNet50, considering its defect detection performance, model
complexity, and efficiency, it can secure throughput in limited computational resources,
making it a suitable algorithm for production line applications.

Table 4. Detection performance under different rotation angles.

PV Module Evaluation Metrics
Rotation Angle (%) Accuracy Precision Recall F1-Score
0 0.7903 0.8000 0.7143 0.7547
10 0.8710 1.0000 0.7143 0.8333
20 0.8871 0.9565 0.7857 0.8627
30 0.7742 0.7500 0.7500 0.7500
40 0.8387 0.9500 0.6786 0.7917
50 0.8226 0.7931 0.8214 0.8070
60 0.8065 0.7667 0.8214 0.7931
70 0.9032 0.9231 0.8571 0.8889
80 0.7903 0.8947 0.6071 0.7234

3.3. Selecting the Optimal Image Capturing Angle

In Section 3.2, EfficientNet-B0 is considered the most suitable model when considering
both classification performance and computational resource requirements. Accordingly, this
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experiment is conducted based on EfficientNet-B0, varying the angle of the PV module, and
analyzing the impact of these angle conditions on EL-based defect detection performance.
Through experiments at various angles, we aim to identify the conditions that maximize
performance in PV module defect detection.

Table 4 describes the binary classification performance metrics based on EfficientNet-
BO for EL images captured while rotating the PV module from 0° to 80° in 10° increments.
The angle of capture is set to the relative angle between the camera lens and the PV module.
The dataset for each angle is split into 60% training, 20% validation, and 20% testing to
independently evaluate the impact of angle conditions. The training conditions are fixed at
a batch size of 8 and 100 epochs. During the testing phase, the sigmoid output probability
is used as a threshold of 0.5 to determine whether the image is normal or defective.

Comparing performance by angle in Table 4, the condition with the highest accuracy
was 70°, with an accuracy of 0.9032, precision of 0.9231, recall of 0.8571, and F1-score of
0.8889. This demonstrates a stable defect detection system, maintaining a high level of
precision to suppress false positives while ensuring sufficient recall for identifying defects
as defects. Conversely, the condition with the lowest accuracy was 30°, with a 16.7% higher
accuracy rate than that at 70°, demonstrating a clear difference in classification performance
depending on the shooting angle.

This performance difference is due to the fact that changing the PV module rotation
angle changes the area per pixel on the module surface, altering the contrast and boundary
sharpness of defects. Because PV modules have a multilayer structure, changes in view-
ing angle can modify interface reflection and scattering contributions, which may alter
the effective EL intensity distribution and defect-to-background contrast recorded by the
camera. In addition, oblique viewing changes the projective geometry and pixel-to-surface
correspondence, which can affect the apparent sharpness of fine defect boundaries. These
combined radiometric and geometric effects provide a physical rationale for why defect
patterns can be more separable at 70° than at 0° in this inspection geometry. Therefore, in
machine vision-based PV module inspection, optimizing the shooting angle can impact
defect detection performance. Defect detection on production lines requires stable judg-
ment performance that suppresses unnecessary false positives while ensuring no defects
are missed. Furthermore, performance indicators can vary depending on the shooting
angle, resulting in variable detection reliability even within the same inspection system.
Determining the shooting conditions that ensure the most stable performance and incor-
porating these conditions into the inspection environment is crucial for maintaining high
detection performance.

The test results under 70° conditions are summarized in Table 5 by dividing them
into a confusion matrix. The confusion matrix can be used to determine what type of error
occurred by classifying whether the actual label and the model prediction match as true
positive (TP), true negative (TN), false positive (FP), and false negative (FN). In this study,
a defect is defined as positive and a normal module as negative. Accordingly, TP is a
case where an actual defective module is correctly classified as defective, and TN is a case
where an actual normal module is correctly classified as normal. FP is a Type 1 error, which
corresponds to a false detection in which an actual normal module is incorrectly classified
as defective, and FN is a Type 2 error, which corresponds to a non-detection in which an
actual defective module is incorrectly classified as normal.

Under the 70° condition in Table 5, TP is correctly classified as 32, TN as 24, FP as 2,
and FN as 4. A Type I error (FP) is a false detection of a normal module as defective, which
can lead to unnecessary additional testing, such as retesting. On the other hand, a Type II
error (FN) is a false detection of a defective module as defective, which can increase the
possibility of defect leakage.
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Table 5. Confusion matrix at 70° rotation angle.

Estimated Values

Catego
81y True False
True 32 2
Observed values
False 4 24

To quantitatively evaluate the classification performance at the optimal rotation angle
of 70°, we analyzed the receiver operating characteristic (ROC) curve. Figure 8 shows the
ROC curve derived under the 70° rotation angle condition utilizing EfficientNet-B0. The
ROC curve shows a shape close to the upper left area, which means that it maintains a high
true positive rate (TPR) even at a low false positive rate (FPR). This means that the model
has a low probability of misclassifying normal modules while accurately detecting most
defective modules. In addition, the area under the curve (AUC) value, which indicates the
area under the ROC curve, was 0.9538, which means that the classification model has high
classification performance regardless of the data ratio by class.

1.0

0.8 1

e
o
A

o
'S

True Positive Rate

0.2 1 mmmmmmm : ROC Curve

: Random Classifier

00 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 8. ROC curve of EfficietNet-BO0.

3.4. Sensitivity Analysis of Classification Threshold

In this study, PV module defect detection uses binary classification, applying a thresh-
old based on the sigmoid output probability of EfficientNet-BO to determine whether a
module is normal or defective. While a threshold of 0.5 is commonly used, the dataset in
this study consists of imbalanced data with an uneven distribution of normal and defective
data. Because the majority class dominates in imbalanced data, fixing the threshold to 0.5
could result in the model frequently predicting the majority class, potentially compromis-
ing defect detection performance. Therefore, this study conducts a sensitivity analysis to
examine performance changes as the threshold is varied.

Figure 9 shows the performance indicator trends for each threshold, varying the
threshold-old in 0.05 intervals for the sigmoid output probability of the trained EfficientNet-
B0. Lower thresholds increase the proportion of defective models, leading to higher recall.
However, higher false positives (FPs) lead to lower precision. Conversely, higher thresholds
lead to more conservative defective model judgments, leading to higher precision. However,
higher false negatives (FNs), which are cases where actual defective models are classified as
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normal, lead to lower recall. Thresholds induce trade-offs between precision and recall, and
in imbalanced data environments, this balance point influences optimal model performance.
In this study, we define the optimal threshold (6) as shown in Equation (11) to reduce the
bias of a single metric and reflect the overall classification performance balance.

_Accuracy(0) + F1 score(8)

Score(0) 5

(11)

where Accuracy(0) represents the classification accuracy ratio, and F1 score(0) re-
flects the balance between precision and recall, representing the overall performance of
defect detection.

1.0
09
0.8
0.7
& 0.6 Threshold: 0.35
= 0.5 Accuracy: 0.9032
& .
> F1-score: 0.8966
0.4
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0.0
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Threshold
—F1-score —Recall Precision —Accuracy

Figure 9. Performance indicator trends under different classification threshold values.

Score(0) is defined based on accuracy and the Fl-score for 0 selection, and 6 is chosen
at the operating point that maximizes Score(0). As the threshold directly shifts the decision
boundary for the sigmoid probability, each curve shows different trends. Accuracy changes
as the balance between FP and FN changes, depending on 6. In this dataset, accuracy is
maximized when 6 is around 0.35 because FP and FN are relatively balanced, and then
it decreases as 0 increases due to the increase in FN. In addition, when 0 is 0, almost all
samples are predicted as defective, so FN rarely occurs. As 0 approaches 1.0, almost no
samples are predicted as defective, so TP decreases, FN increases, and recall converges to
0. Precision generally tends to increase as 6 increases because defect judgment becomes
stricter. However, when 0 is 1.0, the number of predicted defects becomes 0, causing
the curve to drop sharply to 0. The F1-score is maximum at the point where the balance
between precision and recall is the best, but as 0 increases, the number of cases classified
as defective decreases, so recall decreases and tends to approach 0. Therefore, at 6 of 0.35,
the accuracy is 0.9032, and the F1-score is 0.8966, demonstrating a higher F1-score than the
commonly used threshold of 0.5. Therefore, a threshold of 0.35 is adopted as the optimal
classification criterion.

4. Conclusions

This study selects EfficientNet-B0, the baseline model of the EfficientNet series, as
the CNN architecture for classifying defective images of PV modules in the EL operation.
EfficientNet-BO employs a hybrid model scaling strategy that simultaneously expands
network depth, channel width, and input resolution. It is designed with a lightweight
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architecture that includes MBConv and SE modules. Compared with existing CNN-based
algorithms (e.g., VGG, ResNet, and GoogLeNet), it achieves high expressiveness with
fewer parameters and FLOPs. These advantages of EfficientNet-B0 allow it to effectively
limit the computational load and model size while maintaining high-resolution inputs for
detecting small defects, such as microcracks or black spots, on PV modules during the
EL process. Furthermore, to address the class imbalance between normal and defective
PV module images, this study uses ImageNet pretrained weights as initial values and
applies data augmentation and hierarchical segmentation strategies in parallel to stabilize
representation learning for defective classes and mitigate overfitting. Experimental results
show that DenseNet121 achieves the highest classification accuracy (FLOPs (5.7004 G)
and inference time (78.13 milliseconds per image). However, the EfficientNet-BO method
proposed in this study shows superior computational efficiency with a 41.4% reduction in
the number of parameters, an 86.0% reduction in FLOPs, and a 38.8% reduction in inference
time compared with DenseNet121, while showing similar accuracy to DenseNet121 and
ResNet50, making it more suitable for the EL process that produces a large number of
PV modules. In particular, EfficientNet-BO has the advantage of being easy to deploy
on industrial PCs or GPUs due to its small model size, making it a suitable model for
application to actual PV module EL inspection equipment and production lines that utilize
machine vision.

However, this study has several limitations. Because of the class imbalance between
defect data and normal parts, more defect data collection is necessary to overcome this.
Although this study attempted to stabilize representation learning for defect classes by
applying data augmentation and hierarchical segmentation strategies in parallel, continued
efforts are needed to collect more data, as higher-performance models are possible with
more data. In addition, since cross-validation using external datasets was not conducted,
further verification is required to establish the proposed approach as a generalized al-
gorithm. Accordingly, future work will focus on collecting additional external datasets
and deploying the system across different PV module manufacturing facilities to enhance
generalizability. Furthermore, this study simplified the defect categories by considering
multiple defect types as a single defective class in a binary classification setting. Future
work will investigate multi-class defect classification, allowing more precise identification
of defect types.
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