ISSN 1330-3651 (Print), ISSN 1848-6339 (Online)

https://doi.org/10.17559/TV-20250320002496
Original scientific paper

Solar Cell Anomaly Detection by ResNet Work with SE Attention Module

Tianyi REN, Yatong ZHOU*

Abstract: Aiming at the limitations of low detection accuracy and low detection efficiency of current anomaly detection methods for solar cells, especially the insufficient
detection of subtle defects such as cracks and finger failures, an anomaly detection model SE-PatchCore is proposed for anomaly detection of solar cells in
electroluminescence (EL) images by adding attention module in ResNet. Firstly, the SE (Squeeze and Excitation) attention mechanism is introduced into ResNet, and the
network is applied to the advanced local anomaly detection model PatchCore. Finally, the Fair k-Centers method is used for coreset subsampling. Through testing on ELPV
dataset, the score of SE-PatchCore in image-level AUROC is up to 98.7%, and the score of pixel-level AUROC is up to 98.5%, which has an improvement of 0.2% and 0.6%
compared with PatchCore. And it has higher improvement over other methods such as SPADE and PaDiM. A higher AUROC score means the model can more accurately
distinguish defective solar cells from normal ones and reduce false positives and false negatives. This helps to cut down on unnecessary rework, lower production costs,
and ensure that more high-quality solar cells reach the market, meeting the increasing demand for reliable renewable energy products. The above results show that the
introduction of SE attention module and the Fair k-Centers method can effectively improve the accuracy of anomaly detection of solar cells in EL images, which provides

strong technical support for solving problems in this field.
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1 INTRODUCTION

In today's world, new energy technologies are
developing rapidly, with new energy products such as solar
cells expanding their application fields and permeating
various aspects of production and life. It is inevitable that
a certain proportion of defects will occur in the production
process of solar cells, such as cracks, dark areas and finger
failures. Implementing defect detection through technical
means to identify surface defects is an important procedure
to ensure the quality of solar cell production and meet
customers' requirements. Among various defect detection
techniques, analyzing electroluminescence (EL) images is
an effective method for identifying defects such as cracks
and finger failures. Generally, the detection of defects
involves visually inspecting the EL images, which are
inefficient, costly, and have a detection accuracy that is
significantly influenced by human factors, making it
difficult to meet the requirements of large-scale and
high-precision quality inspection. Therefore, the
automation of visual inspection through the use of image
recognition technology is anticipated to mitigate these
challenges. Although numerous automated methods [1-7]
have been developed for the defect detection of solar cells,
existing methods inadequately detect subtle defects like
cracks or finger failures due to insufficient attention to
local features, limiting both detection accuracy and
efficiency.

Recently, deep learning has enabled notable
breakthroughs in the area of image recognition. The use of
deep learning in anomaly detection has led to models with
superior performance, solving various complex pattern
recognition problems that were previously difficult to
address. Not only does this hold incredible significant
research value, but it also shows a broad application prospect,
gradually becoming one of the important directions for both
foundational research and practical application in the field of
smart manufacturing. Bartler et al. [8] were the first to apply
Convolutional Neural Networks (CNN) to the detection of
solar cells in EL images. Hussain et al. [9] proposed Gradient
Guided Filter Tuning (GGFT) and Filter Fused Data Scaling
(FFDS) mechanisms, which are integrated with a CNN for

the detection of surface cracks in solar cells. Korovin et al.
[10] introduced a deep learning-driven automated detection
framework named SeMaCNN, which is designed for the
classification and anomaly detection of EL images to assess
solar cell quality. Hassan et al. [11] introduced a deep
learning network-based architecture (DSMP-CNN) for
defect segmentation in polycrystalline solar cells. By
incorporating a dual spin pooling mechanism, DSMP-CNN
effectively unites the positive attributes of mean pooling and
max pooling, which improved accuracy in crack detection.
Beyond CNN-based methods for solar cell inspection,
Generative Adversarial Network (GAN) [12, 13], YOLO
series models [14, 15], unsupervised adversarial training
framework [16] and Large-Scale Visual Language Model
[17] are used to detect solar cell anomality.

Notably, the human visual system is characterized by its
ability to focus on parts of a scene without trying to process
the entire image at one time. Instead, humans use a sequence
of partial glances and concentrate on key regions in a
selective manner to enhance the understanding of visual
structure [18]. Therefore, employing attention mechanisms
in image recognition serves as an effective method to select
or emphasize weak features of objects while suppressing
noise information in the image. In the context of solar cell
EL images, with their complex and non-uniform
backgrounds, attention mechanisms offer great potential for
improving anomaly detection. Several studies have
integrated attention mechanisms into solar cell inspection
models [19-21], but there is still room for enhancing their
ability to handle subtle defects and improve overall detection
performance.

To address these gaps, we propose an EL image
inspection method for solar cells called SE-PatchCore,
which integrates the Squeeze-and-Excitation (SE) attention
module [22] into the ResNet architecture. Simultaneously,
this network is incorporated into the detection pipeline of
PatchCore [23], employing the approach of constructing a
coreset by extracting features from defect-free image
patches to achieve efficient anomaly detection in products.
Furthermore, we use a more effective coreset subsampling
method, the Fair k-Centers as suggested in [24], to replace
the original iterative greedy approximation [25]. Our
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research aims to develop a more accurate and efficient model
for detecting cracks, dark areas, and finger failures in solar
cell EL images, thereby making a significant contribution to
the field of solar cell quality inspection. The contributions of
this article are as follows.

1) The SE attention module is integrated into PatchCore
[23], leveraging global information to selectively emphasize
informative features and suppress less useful information.
2) SE-PatchCore is capable of computing relationships
among features without associating training processes,
which are typically found in traditional self-attention models.
3) The more efficient Fair k-Centers method was used to
replace the original iterative greedy approximation for
solving the coreset subsampling problem.

2 RELATED WORKS
2.1 Reconstruction-Based Method

The reconstruction-based methods for deep learning
anomaly detection involve training models, such as
autoencoders [26] and GANs, to learn the feature
representations of normal data. These learned
representations are then used to reconstruct new data. If the
new data is anomalous, it will not be accurately
reconstructed by the model, and thus anomalies can be
identified through reconstruction error. In the scenario
utilizing autoencoders, Chen et al. [27] proposed an
Autoencoder-based network anomaly detection method
that leverages the ability of Autoencoders to capture
nonlinear correlations between features, thereby enhancing
detection accuracy. Zhou et al. [28] introduced a new deep
autoencoder that not only retains the capability of
discovering high-quality nonlinear features but also
removes outliers and noise without requiring normal
training data. In the case based on GAN, Tang et al. [29]
developed a neural network for anomaly detection called
Dual Autoencoder Generative Adversarial Network
(DAGAN), which addresses the issue of sample imbalance.
Song et al. [30] proposed a new anomaly segmentation
network (AnoSeg) that can generate accurate anomaly
maps directly through self-supervised learning.

2.2 Representation-Based Method

The representation-based anomaly detection involves
training deep learning models on normal data to capture the
intrinsic characteristics of such data within a learned
feature space. Once this representation is established, the
system can assess new incoming data points by measuring
how well they fit into the established pattern of normalcy.
If a data point significantly deviates from what is
considered normal based on its position in the feature
space, it is flagged as an anomaly. This approach leverages
various deep learning architectures, including but not
limited to autoencoders for reconstructing input data [31],
GANs for generating and distinguishing between real and
fake samples [32, 33], and manifold learning algorithms for
uncovering the underlying structure of the data [34, 35].

Recently, there has been significant encouragement
towards using pre-trained models on large-scale external
datasets for anomaly detection. Deep feature extraction [36]
involves leveraging pre-trained deep neural networks to
extract high-level feature representations of the data.

However, while these methods have shown promise, they
come with their own set of limitations. For instance,
CS-Flow [37] and FastFlow [38] employ normalizing
flows as a representation technique for the task of anomaly
detection. From multiple levels of the network, SPADE [39]
uses feature maps to implement detailed anomaly detection
and visualization of anomaly locations based on the
k-Nearest Neighbors (k-NN) method. A notable limitation
of SPADE is its relatively low sensitivity to fine-grained
anomalies. The reliance on k-NN for anomaly scoring
might lead to overlooking subtle changes in data patterns,
as it treats all features equally without considering their
discriminative power. As a result, it may fail to detect
anomalies that are characterized by minute variations in
local regions of the data. PaDiM [40] implements this
method on a per-patch basis across multiple level feature
maps. Some compositions within them bear similarities to
those in PatchCore [23]. However, PaDiM struggles with
emphasizing subtle local anomalies effectively. Due to the
limited feature weighting mechanism, it tends to average
out the importance of different features within a patch.
Consequently, anomalies that manifest minor but critical
deviations in specific features can be easily missed, which
reduces the effectiveness in detecting fine defects in
products or intricate data irregularities.

As one of the state-of-the-art anomaly detection
methods today, PatchCore [23] uses a WideResNet50 [41],
which has been pre-trained on ImageNet, as its feature
extraction component. It uses average pooling to
consolidate the feature maps derived from the intermediate
layers of the WideResNet50, thereby computing features
for each patch. During the training phase, features
computed from normal sample data are stored in a memory
bank. In the testing phase, the k-NN method is used to
obtain features from the test data that have smaller
distances to those in the memory bank within the feature
space. This distance serves as the anomaly score, and the
highest one constitutes the anomaly score of the image.
PatchCore [23] reduces the loss associated with normal
samples and anomalous information by considering
adjacent pixels of patches and employs an iterative greedy
approximation to build the core set, which lowers
computational expenses. Although its strong performance
on the MVTec AD benchmark, PatchCore is less sensitive
to minute defects in products. Its averaging-based feature
aggregation and reliance on global similarity metrics may
smooth out local anomalies and fail to capture the fine
details that are crucial for detecting small-scale anomalies.

We propose SE-PatchCore to address these issues by
introducing attention mechanisms to the extracted features.
Unlike SPADE, which treats all features equally,
SE-PatchCore uses the attention mechanism to emphasize
anomaly features, enabling it to capture fine-grained
anomalies more effectively. By selectively highlighting the
most discriminative features, it can identify subtle changes
in data patterns that SPADE might overlook. Compared to
PaDiM, SE-PatchCore provides a more refined feature
weighting, ensuring that minor but critical anomalies
within patches are not overshadowed by other less relevant
features. For PatchCore's limitation in detecting
small-scale defects, SE-PatchCore suppresses less useful
information through the attention mechanism, enhancing
its sensitivity to small-scale anomalies. This allows the
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model to focus on the local details that are indicative of
anomalies, making it more suitable for applications where
detecting minute defects in products is essential.

2.3 SE Attention Module

The SE attention module enhances the network's
representational power by adaptively adjusting the
importance of channel features, and it consists of two
primary components: the Squeeze stage and the Excitation
stage. In the Squeeze stage, the module obtains a global
feature descriptor for each channel by applying global
average pooling across the spatial dimensions of the input
feature maps. This global statistical feature is termed the
Squeeze feature. The Squeeze feature is then processed
through a fully connected layer to reduce the number of
channels, followed by a non-linear transformation via a
ReLU activation function. In the Excitation stage, the
module passes the reduced features through another fully
connected layer to restore the original dimensionality and
outputs them, followed by a sigmoid normalization to learn
the weights for each channel. These weights are used to
scale each channel of the input feature maps, thereby
adjusting the importance of channel-wise features. Finally,
the adjusted channel features are multiplied pixel-wise
with the input features, resulting in feature maps with
adaptive weights that reflect the refined importance of each
channel.

The SE attention module consists of three steps:
Squeeze, Excitation and Scale. Firstly, in the Squeeze stage,
global pooling is used to compress a feature map of size H
x Wx Cintoal x 1 x C feature map along the channel
dimension. According to the calculation method described
in Eq. (1), each two-dimensional feature map is
transformed into a scala Z., which represents a global
receptive field across the entire spatial extent of the input
feature map.

1 H W o
Z,=Fy(u.) ZW;:;”C(’sJ) (1)

In Eq. (1), H and W are the height and the weight of
the feature map, u. is the feature value at position (7, j).The
Squeeze operation transforms high-dimensional spatial
features into a compact and channel-aware representation.
This lays the foundation for the SE module to dynamically
reweight channels and focus on discriminative features.

The function Fe(, W)represents the Excitation step in
the SE module, where W refers to the learnable parameters
of the fully connected layers. This operation models the
inter-channel relationships by processing the squeezed
feature vector through two fully connected layers,
ultimately producing a set of scaling coefficients that will
be applied to each channel of the input feature map. The
equation for the computation is as follows:

s=Fy (2. W)=a(m5(Wz)) @)

In Eq. (2), W\ and W, are the parameters learned of the
two fully connected layers, where J denotes the ReLu

function, o denotes the Sigmoid function, and z is the 1 x 1
x (C feature vector obtained from the previous step.

The final stage is the scaling of weights, where s
represents the importance of different channels. Ficaie(:, ©)
denotes the operation that scales the original feature maps
using the weights generated from the Excitation step.
Throug Fiae(s, °), these weights are applied to the
previously obtained feature maps by multiplying each
feature map in u with its corresponding weight. This results
in the final output of the SE module. The equation for this
computation is as follows:

F;cale (Scﬂ I/lc) =S MU, (3)

In Eq. (3), sc is the scaling coefficient for the C-th
channel, and u. is the feature map of theC-th channel. The
structure of the SE module is shown in Fig. 1.

The SE attention module boosts the representational
capabilities of a CNN without adding to the model's
complexity. It allows the network to adaptively reweight
the feature responses on a per-channel basis, thereby
enhancing its comprehension of the input data.
Furthermore, by permitting the model to concentrate on
features that are particularly significant for certain tasks,
the SE module can emphasize critical aspects of the target
objects, leading to improved accuracy in the detection of
anomalies of solar cells in EL images.

Figure 1 Structure of SE model
3 RESEARCH PROPOSED MODEL

Our proposed model builds upon PatchCore [23] and
introduces the SE attention module, which is called
SE-PatchCore. SE-PatchCore maintains the superior
anomaly detection capability in anomaly detection,
especially for localized anomalies, as seen in PatchCore.
By introducing the SE attention module, SE-PatchCore has
better anomaly detection performance in EL images of
solar cells. In coreset subsampling, we introduce Fair
k-Centers method, a k-center method that incorporates
fairness constraints to ensure equitable representation in
the selection of centers. Fig. 2 illustrates the constructure
of the SE-PatchCore model.

3.1 Feature Extraction

We use Xy to denote the set of all nominal images (x €
Xv, yx=0), where y € {0, 1} indicates whether image x is a
nominal image (y = 0) or an anomaly image(y = 1).
According to this rule, we use X7 to denote the test sample
dataset (Vxe X;,y, e{0,1}) . SE-PatchCore uses a

WideResNet50 network pre-trained on ImageNet to extract
features from the input images. We use ¢; ; = ¢;(x)) to
denote the features extracted by the pre-trained network ¢,
where x; represents an image from the dataset, and j
indicates the layer level within the network architecture.
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Each layer's final output within the convolutional network
is utilized to generate feature maps for anomaly detection.
Since shallow features of solar cells in EL images are more
beneficial for effective defect detection, SE-PatchCore
uses the feature maps from Layerl and Layer2 of
WideResNet50. We extract features by performing feature
aggregation over local neighborhoods. It also extends the
features from the pre-trained network ¢ to ¢;, (H, W) to
account for uneven patch sizes p.The extended feature
vectors are expressed as follows:

N;H’ W) _ (a, b)|ae[H—|_p/2J, ...,H+|_p/2ﬂ, @
be[W—|p/2],.W+|p/2]]

Compared to Layer 2, Layer 1 contains richer local
feature representations. Therefore, the feature aggregation
method of PatchCore is used to Layer 1 for the detection of
local anomalies. Let ¢i(H, W, C) be the feature of Layerl,
where H denotes the height, I denotes the channel width,
and C denotes the number of channels. The patch-level
features that aggregate local features in the neighborhood
are expressed as follows:

Pl :fagg (401) (5)

Train input/ Test inpu

224

64 256

/ Wide ResNet50 pretrained in ImageNet

In Eq. (5), fage denotes the aggregation function that
operates on the neighborhood. In SE-PatchCore, average
pooling is applied with a kernel size of 3, a stride of 1, and
padding of 1.

Because Layer 2 offers a more global representation of
features compared to Layerl, the features from Layer 2 are
used as input to the SE attention module. Let the feature
map of Layer2 be denoted as ¢x(H, W, C) and let fsg
represent the process of passing the input features through
the SE attention module. The features that account for
relationships derived from Layer 2 can be represented as
follows:

P = fse (02) (6)

P, focuses on local features to detect local anomalies,
while P, recalibrates global features through the attention
mechanism, extracting features that are more useful for
anomaly detection. The SE module recalibrates global
features from Layer2 via channel attention, enhancing the
extraction of discriminative features for anomaly regions.
After extracting the output features from Layer 1 and Layer
2, bilinear interpolation is applied to the features from
Layer 2 to match the output dimensions of Layer 1.

D ConvolutiontReLu

D Max Pooling

Concat Layer] and Layer2 feature

Join Fair k-Centers method

y 56! Aver: 56
Join SE Attention Moudle 3 verage
— Pooling
256 256
28 SE Attention |2
Moudle [|

[_J

Memory
Bank

Fair k-Centers

good feature
good and bad feature

Search for the closet
vector to each vector

in coreset by k-NN

Concat

Result

Figure 2 Anomaly detection process for solar cells in EL images

3.2 Core Set Subsampling

With an increase in the number of training input
images, there is a corresponding growth in the memory
bank's required size, which can result in substantially
longer inference times. To reduce the time required for
anomaly detection and improve detection efficiency, it is

necessary to decrease the number of parameters in the
memory bank while preserving the features stored within it
as much as possible. Consequently, we use coreset
subsampling to identify a subset S € A, where the solution
for sample S most closely approximates the solution for the
entire sample set 4. The corset M. selected from the
memory bank M is designed where by the representational
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span of M, mirrors that of the original memory bank M [25,
42]. We use the Fair k-Centers method [24], which satisfies
fairness constraints, to replace the iterative greedy
approximation method for coreset subsampling used in
PatchCore [23]. The process for Fair k-Centers method is
shown in Fig. 3.To satisfy the fairness constraints and find
an optimal solution, this method leverages maximum
matching techniques to adjust the initially selected center
positions. This ensures that the final selection of k centers
adheres to the predefined proportion requirements for each
group and better minimizes the distance from the farthest
point to its nearest center. The coreset subsampling
procedure is in Tab. 1.

T e

Igorith

alg Initial center
Input——m>

sequence

Prefix length h satisfied by the
maximum fair movement constraint

Binary search

Fing

Maximum flow algorithm i ints

Seq algorithm

Select remaining Replace the first h centers to meet

center fairness
Heuristic algorithm

Output ¢———

Figure 3 Process for Fair k-Centers method
3.3 Anomaly Detection

During the testing phase, when a test image is input,
feature extraction is performed in the same manner as
during the training phase. Using the coreset subsampled by
training, we use m™" to denote the feature of test data and
m” to denote the nearest neighbor feature of m'. The
method then evaluates the anomaly score s for the test
image X" based on the distance between m'*' and its
nearest neighbor m”. The anomaly score of the image s is
determined by taking the highest anomaly score from all
patches obtained from the test image. Through calculating
the distance between test features and the nearest normal
features in the memory bank, we take the maximum
distance from all patches as the initial anomaly score to
highlight local abnormal regions.

* . test
,m = argmax argmin "m st — m" (7
mtestEP(Xtest) meM 2

* test *
S = "m —m

(®)

2

Table 1 The coreset subsampling procedure

Method: Coreset subsampling
Input: Pretrained network ¢, nominal data Xy
Output: Patch-level memory bank M
Method:
for x; € Xy

M=P,+P,
end
Apply Fair k-Centers method
Ml? — {}
Fori€[0,...,L—1]
using Fair k-Centers method to find m;
m; makes up M.
end
M— M,

To derive the anomaly score s, adjustments are applied
to the raw anomaly scores. In SE-PatchCore, this involves
reweighting s* based on the behavior of the nearest
neighbor features to better distinguish anomalies.

Specifically, the anomaly score is calculated using a
formula that considers the distance between test features
and their nearest normal features in the memory bank, as
well as the distribution of surrounding neighbor features.
This approach enhances the model's ability to discriminate
anomalies effectively.

test

*
expl™ -]

*
-—m
2

&)

s=|1-
test

S

Where Njy(m") denotes the b nearest patch-level
features in the memory bank M to the test feature m”. This
reweighting of anomaly detection scores is more precise
and robust compared to simply calculating the distance
between features. Finally, the module's anomaly scores are
recalculated according to their respective spatial positions.
To match the resolution of the original input, the results are
upscaled using bilinear interpolation. Additionally, the
method applies a Gaussian kernel with width ¢ = 4 to
smooth the results, optimizing the final anomaly
segmentation map to be smoother and more natural,
reducing false positives or false negatives that might arise
from minor fluctuations during the anomaly detection
process.

4 EXPERIMENTS
4.1 Solar Cells in Electroluminescence Image Anomaly
Detection Dataset

We experiment using SE-PatchCore to detect
anomalies in one public dataset for EL images of
photovoltaic cells (ELPV) [43-45]. In the ELPV dataset,
this paper selects monocrystalline solar cell images for
anomaly detection and defines five types of defects: dark
area, crack, finger failure on two types of solar cells (finger
failurel and finger failure2), and a mixed anomaly of crack
and finger failure on one type of solar cell (mixture). For
this experiment, a total of 382 solar cells in EL images are
selected, with 180 normal images used for training and
constructing the core subset, and 202 images, including
both normal and defective samples, used for testing.

4.2 Experimental Condition

The experimental environment is based on the
Windows 10 operating system, with programming
conducted in the Python language. The CPU model is Intel
Core 17-1065G7, and the system has 16GB of RAM. The
batch size is set to 1, and the Coreset Subsampling
sampling rates are 10% and 1%. SPADE [39], PaDiM [40],
and PatchCore [23] are used as comparison methods.

4.3 Evaluation Metrics

For evaluating our test images, we use both AUROC
and pixel-wise AUROC metrics. A positive finding is
indicative of solar cells anomalies, while a negative result
points to normal status. AUROC quantifies the model's
anomaly detection effectiveness by mapping the true
positive rate against the false positive rate and evaluating
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the area under the curve. Meanwhile, the pixel-wise
AUROC assesses anomaly segmentation accuracy by
mapping the changes in precision relative to recall across
the test data, again using the area under the curve as a
measure.

The values for both AUROC and pixel-wise AUROC
span from 0 to 1, with higher scores reflecting a greater
capacity to differentiate. As these metrics get closer to 1,
they demonstrate an increased proficiency of the model in

discerning between anomalous and normal solar cells in EL
images.

4.4 Detection Results

The results for AUROC and pixel-wise AUROC on
ELPV dataset are shown in Tab. 2. For SE-PatchCore and
PatchCore we list two levels of core set subsampling (10%
and 1%). The results are averages of the five defect types.

Table 2 AUROC and pixel-wise AUROC on ELPV dataset

Method SPADE PaDiM PatchCore-1% PatchCore-10% SE-PatchCore-1% SE-PatchCore-10%
AUROC 86.4 98.3 98.3 98.5 98.6 98.7
pwAUROC 78.7 98.2 97.6 97.9 98.3 98.5

The experimental results in Tab. 2 demonstrate that
SE-PatchCore achieves higher anomaly detection and
segmentation performance across different scales of
coreset subsampling. Even with a coreset subsampling rate
of 1%, SE-PatchCore delivers high performance.
Compared to SPADE, SE-PatchCore realizes a significant
performance improvement in anomaly detection on solar
cells in EL images. Notably, when compared to PaDiM,
which also exhibits high detection performance,
SE-PatchCore-10% reduces the image-level error from
1.7% to 1.4%, representing a 24% reduction in error. And
SE-PatchCore-1% reduces the image-level error from
1.7% to 1.3%, representing an 18% reduction in error.
Although the reduction in pixel-level error is modest, the
score of SE-PatchCore-10% in pixel-level AUROC is up

to 98.5% and the score of SE-PatchCore-1% in pixel-level
is up to 98.3%, which still shows the excellent anomaly
segmentation performance in SE-PatchCore.

The results for AUROC and pixel-wise AUROC on
ELPV dataset are shown in Tab. 3 and Tab. 4. In this
section, we detail the AUROC and pixel-wise AUROC for
each type of solar cells in EL images, comparing
SE-PatchCore and PatchCore with coreset subsampling
rates of 10% and 1%. The aim is to investigate the impact
of the SE attention module on image anomaly detection
and segmentation performance under the same sampling
ratio. Additionally, we conduct anomaly detection using
SE-PatchCore without the Fair k-Centers method (denoted
as SE-PatchCore*) to explore the effect of employing the
Fair k-Centers method for coreset subsampling.

Table 3 AUROC on ELPV dataset (compared with PatchCore)

Types Crack Dark area Finger failurel Finger failure2 Mixture Average
SE-PatchCore-10% 99.7 97.0 99.4 98.9 98.4 98.7
SE-PatchCore-1% 99.7 96.9 99.2 98.9 98.1 98.6
SE-PatchCore*-10% 99.2 96.7 99.6 98.7 98.6 98.5
SE-PatchCore*-1% 99.2 96.5 99.6 98.4 98.2 98.4
PatchCore-10% 99.0 99.1 98.4 98.1 98.1 98.5
PatchCore-1% 98.7 98.9 98.2 97.8 97.9 98.3

Table 4 Pixel-wise AUROC on ELPV dataset (compared with PatchCore)

Types Crack Dark area Finger failurel Finger failure2 Mixture Average
SE-PatchCore-10% 97.8 97.9 99.7 98.9 97.9 98.5
SE-PatchCore-1% 97.4 97.8 99.7 98.7 97.8 98.3
SE-PatchCore*-10% 97.3 97.8 99.4 98.9 98.0 98.3
SE-PatchCore*-1% 97.2 97.5 99.4 98.9 97.8 98.2
PatchCore-10% 95.2 98.7 99.0 98.6 97.8 97.9
PatchCore-1% 94.6 98.6 98.6 98.4 97.7 97.6

The experimental results in Tab. 3 and Tab. 4 indicate
that, under the same coreset subsampling ratio,
SE-PatchCore generally outperforms PatchCore. Although
the AUROC and pixel-wise AUROC for dark area
decreased by 2.1% and 0.9% at 10% sampling, and by
2.0% and 0.8% at 1% sampling, there were improvements
across the other four types of anomalies. Specifically, the
average AUROC and pixel-wise AUROC at 10% coreset
subsampling increased by 0.2% and 0.6%, respectively,
while at 1% coreset subsampling, they increased by 0.3%
and 0.7%, respectively. Notably, for crack detection, the
pixel-wise AUROC of SE-PatchCore improved by 2.6% at
10% sampling and by 2.8% at 1% sampling compared to
PatchCore. These results highlight that for fine defects
such as cracks, SE-PatchCore exhibits superior anomaly
segmentation performance. This underscores the
advantage of the SE attention module in enhancing primary

features while suppressing less important ones, thereby
improving the detection of subtle anomalies.

Additionally, Tab. 3 and Tab. 4 compare the model
using only the SE attention module without employing the
Fair k-Centers method for coreset subsampling against
SE-PatchCore. Using the Fair k-Centers method for coreset
subsampling can provide an increase of 0.2% in AUROC
and 0.1% in pixel-level AUROC for SE-PatchCore-1%.
For SE-PatchCore-10%, it can provide a 0.2% increase in
both AUROC and pixel-level AUROC. The results show
that using the Fair k-Centers method yields better anomaly
detection and segmentation performance compared to
using the iterative greedy approximation method for
coreset subsampling. This highlights the effectiveness and
superiority of the Fair k-Centers method in constructing the
coreset. These numerical improvements carry significant
practical implications for quality control in solar cell
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manufacturing. A 0.2% increase in AUROC indicates a
more refined ability to distinguish between normal and
anomalous solar cells, which can translate into a notable
reduction in false negatives.

However, it is also important to note that the type of
dark area defects have experienced performance decreases.
One possible reason for this could be the limited
representative data available for these specific defect types
during the training phase. The other possible reason is that

SE-Patchcore focuses on detecting small-scale defects and
has certain limitations for defects of the dark area type.

Tab. 5 and Tab. 6 provide a comparison of anomaly
localization results for the crack type and finger failure
type anomalies, respectively, on SE-PatchCore,
SE-PatchCore* (without the Fair k-Centers method),
PatchCore and PaDiM, with coreset subsampling at 10%
and 1%.

Table 5 Localization of anomaly areas onCrack

Input image

SE-PatchCore-10% SE-PatchCore-1%

Yo e

SE PatchCore* 10%

SE-PatchCore*-1%

Tab. 5 and Tab. 6 demonstrate the effectiveness and
superiority of SE-PatchCore in anomaly localization,
showing more precise positioning of defect locations. The
PaDiM and Patchcore divide some normal areas into defect
areas, and the positioning of the defect areas is not precise.
Moreover, for some small-scale defects in finger failure,
there are some missed detections in PaDiM. When using
coreset subsampling at merely 1%, SE-PatchCore can
precisely localize anomaly positions. SE-PatchCore with
10% coreset subsampling not only achieves precise
localization of anomalies but also provides superior
prediction scores for defect locations compared to
SE-PatchCore-1%. When the Fair k-Centers method is
used for coreset subsampling, the anomaly localization of

anomalous areas is notably more pronounced, and the
prediction scores at the locations of anomalies are also
higher according to the heatmap. This indicates that,
compared to the iterative greedy approximation method,
the coreset subsampled using the Fair k-Centers method
more closely approximates the memory bank formed by the
training set.

5 CONCLUSIONS

We proposed a SE-PatchCore method which extends
the PatchCoreto detect anomalies in solar cells in ELimage
by introducing SE attention module. The experimental
results validated on the ELPV dataset show that
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SE-PatchCore achieves performances of 98.7% in AUROC
and 98.5% in pixel-wise AUROC, representing
improvements of 0.2% and 0.6%, respectively, over
PatchCore. Although its performance on cracks is slightly
lower than that of PatchCore, SE-PatchCore demonstrates
a clear advantage in the other four types of defect test sets.
This highlights the effectiveness of the SE attention
module in emphasizing key features while suppressing
irrelevant ones. Moreover, by comparing SE-PatchCore
using the Fair k-Centers method with the original iterative
greedy approximation method for coreset subsampling, we
found that employing the Fair k-Centers method to
construct the core subset resulted in a 0.2% improvement
in both AUROC and pixel-wise AUROC. This indicates
that the Fair k-Centers method has ability to select a more
representative subset of normal patterns while maintaining
fairness across feature distributions, which contributes to
enhancing anomaly detection and segmentation
performance. Our work establishes a robust benchmark for
solar cell defect detection in EL images, demonstrating the
synergistic benefits of attention-guided feature extraction
and optimized coreset selection.

Future research directions could explore how to
improve the anomaly detection performance for "dark
area" types, which can join targeted data augmentation,
multi-scale feature fusion or hybrid approaches combining
pixel-level and region-based analysis. Moreover, based on
further optimizing the attention mechanism or using other
attention modules, we will try to reduce detection time
through methods such as simplifying the neural network
architecture and decreasing computational complexity.
This would aim to achieve precise and efficient detection
of anomalies in solar cells in EL images.
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