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ABSTRACT

ARTICLE INFO

In modern industrial production, electronic component manufacturing impo-
ses increasingly stringent requirements on quality inspection. To address the
susceptibility of traditional detection methods to noise interference, the diffi-
culty of localizing abnormal regions in images, and insufficient feature extra-
ction capability, an improved industrial image anomaly detection method
based on the original AGUR-Net (Attention-Guided Unsupervised Representa-
tion Network) model is proposed. This method enhances the recognition of
abnormal regions by introducing attention gate modules and preactivated
fusion residual blocks, while simultaneously combining stacked sparse de-
noising autoenco-ders to enhance the model's robustness to noise and sup-
press redundant information. The experimental results show that the pro-
posed method achieves an accuracy of 84.26 % in locating abnormal regions
on the MVTecAD dataset after 185 iterations, which is higher than the dual
attention generative adversarial network (79.21 %), long short-term memory
non-destructive testing network (79.31 %), and bidirectional long short-term
memory network (81.63 %). At 400 iterations, the average loss value of this
method for detecting abnormal images of industrial products is 0.016. In
addition, the processing time for single images of Class A, B, and C defects in
the actual factory environment is 372 ms, 329 ms, and 378 ms, respectively,
demonstrating high detection efficiency. Overall, this method can accurately
identify and locate abnormal images in the surface treatment and quality
inspection stages of electronic component production, which helps to im-
prove the quality control level in the manufacturing process and provides
effective technical support for intelligent industrial production.
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1. Introduction

Image anomaly detection is a computer vision technology that meets practical application needs
in industrial quality control, medical diagnosis support, and remote sensing with geographic
information systems [1]. In industrial production, it helps detect appearance defects on prod-
ucts, such as tiny scratches on semiconductor chips, bubbles in glassware, and dents on screws
[2, 3]. By using image anomaly detection for real-time quality monitoring, production efficiency
can be improved. Traditional image detection methods for industrial products include thresh-
old-based and edge-based techniques [4]. These methods can quickly detect shape changes and
cracks in images. However, they are sensitive to noise and often miss surface defects on prod-
ucts with rich textures [5]. To address the difficulty of accurate defect identification, Ullah et al.
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proposed an intelligent defect chip detection framework and introduced an inverse feature
matching mechanism to improve the interpretability of abnormal region localization. Their ex-
periments showed that the method effectively distinguished fine-grained defect details in chips
[6]- To solve the time consumption problem in bearing defect detection, Liu et al. proposed an
integrated unsupervised learning method based on autoencoder and generative adversarial
networks. The results showed high detection efficiency, making the method suitable for real-
time applications [7]. Image anomaly detection also plays an important role in part segmenta-
tion during industrial production. Threshold segmentation divides image pixels into categories
and separates the target from the background to locate abnormal regions effectively [8]. To ad-
dress challenges in detecting complex anomalies, Bergmann et al. proposed a logic-constrained
method for unsupervised anomaly detection and localization. Experimental results confirmed
that the method reduced ambiguity in locating logical anomalies [9]. However, many of these
detection techniques are still highly affected by noise and environmental interference, making
the detection results unstable. A new method is needed to improve feature recognition in indus-
trial product images.

As the scale of industrial production continues to grow, image anomaly detection is expected
to offer higher detection accuracy and more precise localization [10]. In response, researchers
have explored various algorithms. Zhang et al. proposed a deep unsupervised learning method
based on an improved adversarial autoencoder to solve the problem of data imbalance in anom-
aly detection. Their experiments showed that the method detects diseased samples by identify-
ing significant deviations from the normal distribution under unsupervised conditions [11]. Sun
et al. introduced a stochastic anomaly multi-scale feature focusing autoencoder network to re-
duce the missed detection of abnormal samples. The method successfully solved the problem of
blurry image reconstruction [12]. Although these image anomaly detection algorithms can effec-
tively extract abnormal features, they require long inference times and substantial computing
resources, and thus cannot be readily applied to the detection of subtle abnormal areas in indus-
trial commodities from raw material preparation to packaging and transportation [13]. There-
fore, in view of the difficulty in detecting local abnormal image areas at each stage of electronic
component production management, this study proposes an abnormal image detection method
for electronic component production based on the Attention-Guided Unsupervised Representa-
tion Network (AGUR-Net). This method improves the feature extraction ability for abnormal
areas in industrial commodity images. This method can precisely locate abnormal local areas
such as short circuits and open circuits on the circuit board, ensuring that the raw materials put
into production are qualified in the quality inspection of raw materials for electronic component
production. Not only that, using the AGUR-Net industrial image anomaly detection algorithm to
collect images of randomly selected electronic components on the production line and analyze
the internal structure can further ensure that the product quality meets the standards. The con-
cept of "unsupervised" needs to be clearly defined: this method only uses normal sample images
during the training phase and does not rely on any position or category labeling of abnormal
samples, thus belonging to unsupervised learning in terms of method properties. However, in
the performance evaluation stage of the model, in order to quantitatively measure the accuracy
of anomaly localization and classification, the experiment used a standard dataset with category
labels and category-based evaluation indicators. This "unsupervised training, supervised evalua-
tion" model is quite common in the field of industrial anomaly detection and does not change the
unsupervised nature of the model training process. It is expected that this method can reduce
the occurrence of false inspections in industrial quality inspection and provide a more compre-
hensive and intelligent solution for industrial production. Unlike the original AGUR-Net model,
the main contribution of this paper lies in two aspects: first, an improved attention gate module
and a pre-activated fusion residual block are introduced in the U-shaped decoding path, replac-
ing the traditional skip connection method and allowing the network to dynamically focus on
potential abnormal areas rather than uniformly processing all spatial positions [14]. Second, the
stacked sparse denoising autoencoder and multimodal generative adversarial learning module
are embedded into the front-end feature processing flow of AGUR-Net to suppress noise inter-
ference during image acquisition and enhance multimodal feature expression. The above com-
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ponents are all designed for abnormal detection scenarios in electronic component production
in this study, rather than being directly transferred from existing literature. In contrast, the hol-
low space pyramid pooling module and efficient channel attention module used in the model are
based on existing research, and their main function is to provide multi-scale contextual infor-
mation and channel weight calibration for the network. By combining the new and old compo-
nents mentioned above, the proposed method can improve the localization accuracy and detec-
tion robustness of abnormal areas while maintaining computational efficiency.

2. Methods and materials
2.1 Design of the anomaly image detection algorithm based on AGUR-Net

With continued technological progress, image anomaly detection is being applied increasingly
widely in industry, security, and healthcare [15, 16]. This technology can effectively detect prod-
uct defects such as scratches and cracks, and also identify abnormal behaviors and suspicious
objects. Although traditional detection methods can detect abnormalities, they are easily affect-
ed by noise and local changes, and their performance is unsatisfactory [17, 18]. To address the
difficulties of anomaly localization and insufficient feature extraction, an AGUR-Net-based ano-
maly image detection algorithm is proposed to improve detection efficiency. The overall frame-
work of the algorithm is shown in Fig. 1.
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Fig. 1 Image anomaly detection algorithm framework based on AGUR-Net

As shown in Fig. 1, the framework of the AGUR-Net-based anomaly detection algorithm in-
cludes a training phase and an inference phase. In the training phase, the input image is first sent
into the network and adjusted by introducing Gaussian noise. Then, the adjusted image passes
through the encoder to extract features while gradually reducing the size of the feature maps.
Next, the Atrous Spatial Pyramid Pooling (ASPP) module processes the encoded features to ob-
tain multi-scale context information. During this process, attention gates in the residual decoder
are used to enhance key features through weighted fusion. The encoder and attention gates re-
construct the structure and details of the image to optimize training. In the inference phase, the
test image is input into the trained AGUR-Net. A double-threshold segmentation post-processing
method is applied to the reconstruction result to locate and identify anomaly regions. The calcu-
lation of the atrous convolution in the improved ASPP module is shown in Eq. 1.
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In Eq. 1, i and f represent the position and input feature, f'[i] and W [k] represent the output
feature map and kernel convolution, and r denotes the sampling stride of the atrous convolution.
The attention gate coefficient is calculated as shown in Eq. 2 [19].

0‘% =0 (Qétt(xlgugi; Oatt)) (2)

In Eq. 2, gL, is the intermediate variable in the attention module, g; is the gating signal, xil is
the input feature vector of layer [, g, is the Sigmoid activation function, and @, is the set of all
learnable parameters in the attention module. The improved attention gate module and pre-
activation residual block are shown in Fig. 2.

Input a
feature

Fig. 2 Improved attention gate module and pre-activation fusion residual block

As shown in Fig. 2, the attention gate module receives input feature x! and gate feature g.
These features are separately processed through 1x1 convolution layers to adjust dimensions
and are then fused. The fused feature passes through a ReLU activation function to enhance fea-
ture representation. Finally, the Sigmoid function generates the attention coefficient, which is
multiplied with x! to highlight important features. In the pre-activation residual block, channel-
wise concatenation is done through upsampling. Then, the attention gate mechanism adaptively
adjusts feature weights. After that, the convolution output is normalized and passed through the
ReLU function to introduce non-linearity and complete the residual connection. To perform
deeper anomaly detection, the algorithm introduces a deep anomaly scoring network based on
AGUR-Net to further distinguish abnormal image data. This network learns complex features
automatically and adapts well to high-dimensional data [20, 21]. The anomaly score is calculated
as shown in Eq. 3.

L
§(fip0s) = ) W fue + Wi 3)
n=1

In Eq. 3, f;; and 6, are the feature vector and weight, wy, ; is the anomaly score bias term, and
k is the number of terms. The anomaly score mapping is calculated as shown in Equation (4).

W(xij,0) = &(@(xij: 6r); 65) (4)

In Eq. 4, ¥ and 6 represent the anomaly score mapping and weight matrix. The global com-
pression feature in the improved Efficient Channel Attention (ECA) module is calculated as

shown in Eq. 5.
W H
1
y=W><szx(e'r) (5)
v=1b=1

In Eq. 5, H is the height, W is the width of the feature map, x(, 1, is the feature value, and y is
the global compression feature. The improved ECA module first inputs a feature map with height
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H, width W, and channel number C. Then global pooling is applied to compress the spatial di-
mensions, producing an output of size 1 X 1 X C. The globally pooled channel information is
mapped to capture dependencies between channels. The result is passed through the Sigmoid
function ¢ to obtain attention weights with output dimension 1 X 1 X C. These weights are mul-
tiplied with the corresponding channels of the original feature map for channel-wise weighting.
The final output is calculated as shown in Eq. 6.

X=W,-x (6)
In Eq. 6, W, is the important channel weight. W, is calculated as shown in Eq. 7 [22].
W, = o(Dr(»)) (7)

In Eq. 7, r is the kernel size for one-dimensional convolution, and D, is the one-dimensional
convolution result. By calculating the importance of each channel, the overall detection efficien-
cy improves while ensuring parameter sharing. Channel information is calculated as shown in
Eq. 8.

H

1

7 = Faar(R) = =0 Zl ;FC v, b) (8)
V= =

In Eq. 8, z} is the channel information, and F, represents the feature map after channel fusion of
c. In conclusion, the deep anomaly scoring network and AGUR-Net can accurately capture anomaly
data and detect industrial product defects. The improved AGUR-Net structure is shown in Fig. 3.

It can be seen from Fig. 3 that the improved AGUR-Net anomaly image detection algorithm
consists of three modules: front-end feature extraction and processing, deep anomaly scoring
network, and back-end reconstruction and post-processing. The front-end module encodes us-
ing a U-shaped network, receives input features through the attention gate module, combines
1x1 convolution and feature fusion to enhance the feature learning ability, and refines the pro-
cessing through multi-scale feature fusion. The deep anomaly scoring network maps the pro-
cessed features to the anomaly scoring space and calibrates the anomaly scores to determine the
location and degree of anomalies. Finally, the back-end module restores the image features
through the decoder and locates and segments the abnormal areas by using operations such as
double-threshold segmentation. This algorithm can detect abnormalities in real time during pro-
cesses such as the assembly and soldering of electronic components, and promptly issue alerts
to feed back to the production line control system.
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Fig. 3 The improved AGUR-Net abnormal image detection algorithm structure
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2.2 Optimization of the detection method based on AGUR-Net and SSDAE

To address the limitations of the AGUR-Net algorithm in detecting minor defects in electronic
components, as well as the vulnerability of traditional methods to noise interference, this study
proposes an improved method integrating SSDAE. By enhancing the anti-noise ability and ex-
tracting key features, the detection accuracy of micro-defects in industrial scenarios is improved.
SSDAE suppresses redundant information and reduces noise during image collection [23]. The
improved SSDAE network structure is shown in Fig. 4.

Input: layer  Hidden layer 1 Hidden layer 2Hidden layer 3 Output‘layer

Fig. 4 Improved SSDAE network structure

As shown in Fig. 4, the SSDAE structure consists of input, hidden, and output layers. The input
layer includes multiple purple circles, each representing an input neuron. It receives raw data
and sends it to Hidden Layer 1. Hidden Layer 1 neurons are trained with the input neurons to
learn patterns and features. Then, the output of Hidden Layer 1 is used as the input of Hidden
Layer 2 for further processing. Hidden Layer 3 performs deeper extraction on the features from
Hidden Layer 2 to enhance the feature representation for industrial anomaly detection. The final
output layer returns denoised images after training. The compression process is shown in Eq. 9.

n
Ké = fsigmoid(zcl]) =f (Z Wél_l 'xé_l + b(lq_1> 9)
a=1

In Eq. 9, [ and q are the current hidden layer index and number of neurons, a is the number of
neurons in the previous layer, and W is the feature weight coefficient. The sparse autoencoder
loss function is calculated as shown in Eq. 10.

1-p,

A P
Ku(pllpgll) = plog 7+ (1 = p)log (10)
q
In Eq. 10, A, is the average sparse activation value, K, (p||g,l|) is the relative entropy distance,
and p is the sparsity parameter. g, is calculated as shown in Eq. 11.

1 m
ﬁq = EZ[nq (xa)] (11)

In Eq. 11, ng is the activation state of the hidden neurons, and x, is the unlabeled actual
anomaly data. In addition, this study applies the Multimodal Generative Adversarial Learning
Algorithm (MGAN) to improve multimodal training effects such as color and texture. MGAN en-
hances feature expression and reduces missed and false detections [24]. The MGAN structure is
shown in Fig. 5.

As shown in Fig. 5, MGAN takes spatial-domain and frequency-domain samples as input. The
spatial-domain sample is raw data, and the frequency-domain sample is processed through Fou-
rier transform. These samples are sent to corresponding generators for encoding and feature
extraction. Then, the decoders generate images similar to the original spatial and frequency dis-
tributions. The discriminator judges whether the input is an anomaly or a near-normal sample
generated by the generator. The reconstruction error of the spatial branch is calculated as
shown in Eq. 12.
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Leons = Er~p, [I - 15]1 (12)

In Eq. 12, S is the spatial-domain sample and [ is the spatial image. The reconstruction error
of the frequency branch is calculated as shown in Eq. 13 [25].

Leonr = E1~pn [I - iF]l (13)
In Eq. 13, F is the frequency-domain sample. The adversarial loss is calculated as shown in Eq. 14.
Laav = Epy,~p, [D(112)] = Eg,~p, [D(113)] (14)

In Eq. 14, I;, and [, are the pixel values of the frequency and spatial branches, and p, and
D(+) are the probability distribution and discriminator function. The improved Fourier trans-
form is calculated as shown in Eq. 15.

M-1N-1 wx vy
Uy = Y Y f Coy) e ) (15)
x=0 y=0

In Eq. 15, U(u, v) is the pixel value in the frequency domain, and u and v are the frequency

coordinates. In conclusion, MGAN and SSDAE detect fine features such as texture. The frame-
work based on AGUR-Net for industrial anomaly detection is shown in Fig. 6.
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Fig. 6 Workflow of AGUR-Net industrial commodity abnormal image detection method

As can be seen from Fig. 6, the abnormal image detection method for electronic component
production based on AGUR-Net first collects and standardizes multimodal data, such as spatial
domain and frequency domain image data. Then, the local and global features of the image are
extracted using the SSDAE feature extraction module, and adaptive feature fusion is carried out.
Then, images similar to normal parts are generated through MGAN adversarial learning to de-
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termine the authenticity of the images. Finally, AGUR-Net is used to further detect and locate the
abnormal features and output the abnormal score image. This method can regularly inspect the
components in the warehouse management of electronic parts and promptly detect surface ab-
normalities such as discoloration and spots.

3. Results

3.1 Validation of the effectiveness of the AGUR-Net anomaly image detection algorithm

To verify the performance advantages of the AGUR-Net anomaly image detection algorithm, it was
compared with three detection algorithms: Dual-Attention Generative Adversarial Network (DA-
GAN), Long Short-Term Memory-Non-destructive Testing (LSTM-NDT), and Bi-directional Long
Short-Term Memory (BiLSTM). Among them, LSTM-NDT and BiLSTM have been widely applied in
industrial image anomaly detection tasks in recent years. The core idea is to use image pixel se-
quences or feature map sequences as temporal inputs, and utilize the memory ability of recurrent
neural networks to capture long-range dependencies and anomaly patterns in images. Therefore,
these two methods can serve as reasonable comparison baselines for image-based anomaly detec-
tion tasks. DAGAN is an image anomaly detection method based on generative adversarial archi-
tecture, which is closer to the task setting of our research method. By comparing multiple methods
simultaneously, the performance of AGUR-Net in industrial image anomaly detection can be more
comprehensively evaluated. The experiments were conducted on Ubuntu 20.04 with an NVIDIA
Tesla V100 GPU (16 GB memory), and all code was implemented using the PyTorch framework.
The experiments used the MVTecAD and KSDD2 datasets for training and testing. The MVTecAD
dataset contained 5,354 high-resolution color images that covered various industrial anomalies
such as scratches and dents. The KSDD2 dataset included 3,336 high-resolution images with 356
labeled defect images. The morphology and texture of abnormal samples in the MVTecAD dataset
are highly similar to typical defects on the surface of electronic components, and are therefore
used to evaluate the model's ability to locate and detect anomalies related to electronic manufac-
turing. The data in the KSDD2 dataset is directly related to the surface defect detection tasks of
metal and plastic components in electronic component production, and is therefore used to vali-
date the performance of the model on actual electronic manufacturing parts. All test images were
resized to 256x256, and the batch size was set to 16. Four anomaly detection algorithms were
tested for anomaly region localization, and the results are shown in Fig. 7.

As shown in Fig. 7(a), on the MVTecAD dataset, AGUR-Net achieved an anomaly region lo-
calization accuracy of 84.26 % after 185 iterations. At the same iteration count, DAGAN
reached 78.63 %. According to Fig. 7(b), on the KSDD2 dataset, AGUR-Net reached a stable
accuracy range of 82 % to 96 % after 150 iterations. At 150 iterations, LSTM-NDT and
BiLSTM achieved localization accuracies of 77.26 % and 81.96 %, respectively. These results
indicated that AGUR-Net effectively located defect regions in industrial quality inspection
tasks and demonstrated good applicability. To further verify the accuracy of AGUR-Net in
anomaly image detection, it was compared with DAGAN, LSTM-NDT, and BiLSTM on indus-
trial anomaly detection accuracy. The results are shown in Fig. 8.
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Fig. 7 Anomaly region localization accuracy test results
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Fig. 8(a) shows that AGUR-Net achieved an industrial anomaly detection accuracy of 43.69 %
at 150 iterations. After 250 iterations, the accuracy exceeded 75 %, peaking at 97.26 %. Fig. 8(b)
shows that the accuracy of DAGAN fluctuated significantly between 100 and 250 iterations,
reaching 73.12 % at 300 iterations. Fig. 8(c) shows that LSTM-NDT maintained an accuracy
range of 75 % to 82 % between 250 and 350 iterations. Fig. 8(d) shows that BiLSTM achieved a
maximum accuracy of 76.31 % at 275 iterations. Overall, AGUR-Net demonstrated higher detec-
tion accuracy and ensured safety in the manufacturing of critical components such as those in
aerospace. To further evaluate the classification performance, the algorithm was tested along-
side DAGAN, LSTM-NDT, and BiLSTM for anomaly classification, as shown in Fig. 9.

Fig. 9(a) shows that without classification, capsule, screw, leather, and canvas anomaly imag-
es were scattered. Fig. 9(b) shows that after classification by AGUR-Net, canvas anomaly images
clustered around the coordinate (-3, 3). However, a few canvas images were mistakenly classi-
fied into the capsule region. Fig. 9(c) shows that DAGAN struggled with capsule classification,
with some being misclassified as leather. Fig. 9(d) shows that LSTM-NDT achieved good classifi-
cation results for screw and leather anomalies, clustering around (2, -2) and (4, 2), respectively.
Fig. 9(e) shows that BIiLSTM performed well in classifying leather anomalies, with most cluster-
ing around (2, 3). These results indicated that AGUR-Net effectively classified different types of
anomalies, helping users quickly identify defect types. Furthermore, AGUR-Net, DAGAN, LSTM-
NDT, and BiLSTM were evaluated using the Area Under the Curve (AUC) metric. The anomaly
rate in the datasets was set to 10 % to ensure sufficient anomaly samples. To enhance result
diversity, the Fashion-MNIST dataset was added. It contained images from 10 categories of fash-
ion items such as coats and shirts with diverse textures and shapes, making it suitable for classi-
fication tasks. The Fashion-MNIST dataset, although not directly derived from industrial elec-
tronic component production scenarios, has diverse texture, shape, and edge features. The pur-
pose of introducing this dataset is not to simulate the actual detection task of electronic compo-
nents, but to evaluate the generalization ability and feature discrimination ability of various al-
gorithms on a wider range of image distributions. The results are shown in Table 1.
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Fig. 9 Anomaly classification results of different detection algorithms
Table 1 Anomaly detection AUC test results of different data sets
Dataset Correct class AGUR-Net DAGAN LSTM-NDT BiLSTM
MVTecAD Bottle 0.836 0.812 0.769 0.746
Cable 0.923 0.894 0.816 0.836
Hazelnut 0.946 0.832 0.874 0.816
Transistor 0.874 0.798 0.816 0.803
KSDD2 Gear wheel 0.913 0.826 0.813 0.781
lock 0.936 0.864 0.885 0.752
Plastic case 0.904 0.829 0.836 0.811
Chip 0.876 0.864 0.814 0.809
Fashion-MNIST Bag 0.896 0.821 0.838 0.823
Sandal 0.937 0.903 0.726 0.874
Pullover 0.948 0.897 0.798 0.893
Coat 0.968 0.814 0.823 0.846

As shown in Table 1, all four algorithms achieved AUC values above 0.750 on the MVTecAD
dataset. For cable samples, AGUR-Net achieved an AUC of 0.923, which was 0.029 higher than
DAGAN's 0.894. On the KSDD2 dataset, AGUR-Net achieved an AUC of 0.936 for lock samples,
outperforming DAGAN (0.864), LSTM-NDT (0.885), and BiLSTM (0.752). On the Fashion-MNIST
dataset, AGUR-Net, DAGAN, LSTM-NDT, and BiLSTM achieved AUC values of 0.937, 0.903, 0.726,
and 0.874, respectively, for sandal samples. These results demonstrated that AGUR-Net had a
strong ability to distinguish anomalies and maintained high generalization.

3.2 Validation of the AGUR-Net industrial product anomaly image detection method

After verifying the performance of the AGUR-Net anomaly image detection algorithm, the propo-
sed method was further compared with three anomaly image detection methods for electronic
component production, namely DAGAN, LSTM-NDT, and BiLSTM. The experiments were con-
ducted on PyTorch 1.8.1, with an initial learning rate of 0.4, and the network was optimized us-
ing the Adam optimizer. To ensure the authenticity and reliability of the experiments, the YD-
FID-1 and ECD datasets were used. The YDFID-1 dataset contained industrial product data such
as metal sheets and plastic parts, with 15,000 labeled defects and 3,500 training samples. The
data source of the YDFID-1 dataset is relatively close to the raw material and intermediate prod-
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uct detection stages in electronic component production, and is used to test the generalization
performance of the model on different industrial materials and defect types. The ECD dataset is
specifically designed for common electronic components, including high-definition images, and
is suitable for object detection, classification, and defect recognition tasks. It is the most suitable
test set for practical application scenarios. The visualization results of anomaly location for four
abnormal image detection methods of electronic component production are shown in Fig. 10.
Fig. 10(a) shows five abnormal images corresponding to stage 1 (raw material preparation),
stage 2 (processing and manufacturing), stage 3 (surface treatment), stage 4 (quality in-
spection), and stage 5 (packaging and transportation). Fig. 10(b) indicates that the actual ab-
normal defect is located in the central area of the image in the surface treatment stage. Fig. 10(c)
shows that the AGUR-Net-based anomaly image detection method for electronic component
production performs better in localizing anomalies in images from the surface treatment stage,
and the heat-map distribution is relatively concentrated. Fig. 10(e) shows that the LSTM-NDT
abnormal image detection method for electronic component production is not very accurate in
the abnormal location of images in the quality inspection stage, and the defect area below the
image is not detected. Fig. 10(f) shows that the BiLSTM electronic component production anom-
aly image detection method has a less effective anomaly location detection effect on images in
the processing and manufacturing stage, quality inspection stage, and packaging and transporta-
tion stage than the method proposed in the study. Some undamaged areas are detected as ab-
normal areas. In addition, the study also conducted tests on the average loss values of abnormal
electronic component production image detection using four abnormal image detection methods

for electronic component production, namely AGUR-Net, DAGAN, LSTM-NDT, and BiLSTM. The
test results are shown in Fig. 11.

Seclion 1

Section 4 Section 3 Section 2

Section 5

(a) Defect  (b) True defect (c) AGUR-Net (d) DAGAN  (e) LSTM-NDT (f) BiLSTM method
artwork location method abnormal method abnormal method abnormal abnormal location
location effect  location effect  location effect effect

Fig. 10 Comparison of visualization effects of anomaly localization
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Fig. 11 Average loss value test results

Fig. 11(a) shows that AGUR-Net achieved an average loss of 0.016 at 400 iterations. DAGAN
had an average loss ranging from 0.05 to 0.07 between 350 and 400 iterations. Fig. 11(b) shows
that LSTM-NDT's average loss ranged from 0.053 to 0.082 between 200 and 250 iterations.
BiLSTM's loss stabilized after 250 iterations, with a minimum of 0.053. To sum up, the AGUR-Net
abnormal image detection method for electronic component production has good training con-
vergence performance and can better capture abnormal features. To further validate its perfor-
mance, AGUR-Net, DAGAN, LSTM-NDT, and BiLSTM were tested in real-time at Factory X1 and
Factory X2. Two additional methods, Multi-Scale Convolutional Denoising Autoencoder
(MSCDAE) and Conditional Normalizing Flow (CFlow), were included to increase diversity.
These two methods were suitable for tiny defect detection and high-precision anomaly detec-
tion. Results are shown in Fig. 12.
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Fig. 12 Time results of processing a single abnormal image in different data sets

Fig. 12(a) shows that at Factory X1, AGUR-Net processed a single image with type-A, type-B,
and type-C defects in 372 ms, 329 ms, and 378 ms, respectively. Fig. 12(b) shows that at Factory
X2, the processing times for a single type-A defect image using AGUR-Net, DAGAN, LSTM-NDT,
BiLSTM, MSCDAE, and CFlow were 289 ms, 507 ms, 806 ms, 623 ms, 672 ms, and 812 ms, re-
spectively. AGUR-Net achieved faster processing due to its improved attention gate module,
which precisely focused on target regions. Overall, AGUR-Net demonstrated high efficiency in
real applications. In addition, six methods for detecting abnormal images of electronic compo-
nent production, namely AGUR-Net, DAGAN, LSTM-NDT, BiLSTM, MSCDAE and CFlow, were also
used in the study to test the F1 Score (F1) of abnormal images of industrial electronic compo-
nent production. The test results are shown in Table 2.
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Table 2 F1-score test results in different datasets

The number of abnormal samples

Dataset Method
50 100 150 200 250

YDFID-1 AGUR-Net 0971 0.939 0.947 0.927 0.935
DAGAN 0.903 0.893 0.841 0.867 0.836
LSTM-NDT 0.872 0.810 0.726 0.734 0.712
BiLSTM 0.813 0.798 0.836 0.874 0.788
MSCDAE 0.857 0.772 0.802 0.817 0.836
CFlow 0.826 0.813 0.831 0.846 0.814

ECD AGUR-Net 0.974 0.963 0.947 0.922 0917
DAGAN 0.923 0.903 0.896 0.882 0.873
LSTM-NDT 0.902 0.895 0.883 0.862 0.814
BiLSTM 0.877 0.871 0.863 0.763 0.741
MSCDAE 0.891 0.826 0.831 0.846 0.819
CFlow 0.863 0.825 0.817 0.798 0.774

According to Table 2, on the YDFID-1 dataset, AGUR-Net achieved an F1-score of 0.971 when
detecting 50 anomalies, and 0.935 for 250 anomalies. On the ECD dataset, AGUR-Net achieved
F1-scores of 0.974, 0.963, and 0.947 for 50, 100, and 150 anomalies, respectively. When detect-
ing 200 anomalies, the F1-scores of LSTM-NDT, BiLSTM, MSCDAE, and CFlow were 0.862, 0.763,
0.846, and 0.798, all lower than AGUR-Net's 0.922. In summary, the AGUR-Net image detection
method for anomaly detection in electronic component production can reduce the occurrence of
false detections and missed detections and shows good overall performance in inspecting de-
fects in industrial products. To quantify the contribution of each module to the final perfor-
mance, ablation experiments were designed on the ECD dataset. Using the base U-Net, with all
improved modules removed, as the baseline model, SSDAE, MGAN, the improved ECA module,
attention gates, and pre-activated residual blocks were gradually added to test anomaly detec-
tion performance under each configuration. All experiments were repeated 5 times in the same
environment, with different random seeds used to initialize network parameters, and the mean
and standard deviation of each indicator were calculated to reflect the stability of the results.
The evaluation indicators include AUC, F1 score, Precision, Recall, and single image processing
time. The results of the ablation experiment are shown in Table 3.

According to Table 3, after adding SSDAE alone, AUC increased from 0.812 to 0.851, F1 score
increased from 0.834 to 0.869, accuracy and recall increased to 0.874 and 0.864, respectively,
indicating that denoising processing plays an important role in industrial image anomaly detec-
tion. After further adding MGAN, the AUC increased to 0.878, F1 score reached 0.893, accuracy
and recall reached 0.896 and 0.890, respectively, verifying the effectiveness of multimodal fea-
ture expression for texture-related anomaly detection. Improving the ECA module resulted in a
0.013 increase in AUC and a 0.011 increase in F1 score, as well as a 0.011 and 0.011 increase in
accuracy and recall, respectively. At the same time, there was a relatively small increase in pa-
rameter count. After adding attention gates and pre-activated residual blocks, the complete
method achieved an AUC of 0.922, F1 score of 0.931, accuracy of 0.933, and recall of 0.929,
which were improved by 0.110, 0.097, 0.092, and 0.102 respectively compared to the basic U-
Net. In terms of the balance between accuracy and recall, the difference between the two indica-
tors of the complete method is only 0.004, indicating that the model has achieved a good balance
between reducing false positives and reducing missed detections. In terms of processing time,
the complete method takes 378 ms for a single image, which is higher than the 246 ms of the
basic U-Net, but still meets real-time requirements in practical industrial detection. The gradual
increase of each module did not lead to a significant deterioration in processing time. In addi-
tion, the standard deviation of the 5 repeated experiments ranged from 0.005 to 0.012, indicat-
ing that the experimental results under all configurations had good stability, and the impact of
random initialization on the final performance was relatively small. The above results demon-
strate the effectiveness of each proposed module and also indicate that the source of perfor-
mance improvement in the complete method is the collaborative effect of multiple modules ra-
ther than the contribution of a single component.
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Table 3 Results of ablation experiment

Model configuration AUC F1-score Precision Recall Processing time (ms)
Basic U-Net 0.812 +0.011 0.834+0.010 0.841+0.012 0.827 £0.009 246

+ SSDAE 0.851+ 0.009 0.869 +0.008 0.874 +0.010 0.864 +0.007 283

+ SSDAE + MGAN 0.878+0.008 0.893 +0.007 0.896 +0.009 0.890 +0.008 319

+ SSDAE + MGAN + improved 0.891 + 0.007 0.904 + 0.006 0.907 +0.008 0.901 +0.007 337

ECA

Complete method 0.922 +0.006 0.931+0.005 0.933+0.007 0.929 +0.006 378

4, Discussion

The proposed AGUR-Net anomaly image detection algorithm showed excellent performance in
comparison experiments. In terms of anomaly region localization and anomaly image detection
accuracy, AGUR-Net outperformed the LSTM-NDT, BiLSTM, and MSCDAE algorithms. In particular,
on the MVTecAD and KSDD2 datasets, AGUR-Net maintained high localization accuracy and stabil-
ity. This performance mainly resulted from its optimized design and strong image feature extrac-
tion ability. These results were consistent with the findings of Yan et al. and Song et al. in 2023 [26,
27]. AGUR-Net also achieved high anomaly image detection accuracy. After 250 iterations, the ac-
curacy of industrial anomaly image detection remained above 75 %, reaching a maximum of 97.26
%, further confirming the algorithm’s effectiveness. In the AUC test with a 10 % anomaly rate,
AGUR-Net also performed well. Compared with LSTM-NDT, BiLSTM, and MSCDAE, the proposed
algorithm consistently achieved an AUC above 0.850, proving its ability to classify industrial prod-
ucts accurately. On the MVTecAD dataset, AGUR-Net reached the highest AUC of 0.946 for the ha-
zelnut samples, while the AUC values of DAGAN, LSTM-NDT, and BiLSTM were 0.832, 0.874, and
0.816 respectively. This advantage was mainly attributed to the improved attention gate module
and pre-activation fusion residual block in AGUR-Net, which enhanced its responsiveness to defect
regions and its robustness to interference. The results were in agreement with those obtained by
Duan et al. in their evaluation of anomaly detection algorithms [28].

When the recognition performance for different industrial anomaly images was analyzed,
AGUR-Net also demonstrated clear advantages. In the average-loss test for abnormal images from
the processing and manufacturing stage of industrial products, the AGUR-Net-based anomaly ima-
ge detection method for electronic component production achieved an average loss value of 0.016
after 400 iterations. When the number of iterations was between 100 and 200 times, the overall
detection average loss value decreased rapidly. In contrast, after 400 iterations, the average loss of
LSTM-NDT, BiLSTM, and MSCDAE reached 0.058, 0.061, and 0.067 respectively, all higher than
that of the proposed method. This is mainly attributed to the MGAN module in the AGUR-Net-
based anomaly image detection method for electronic component production, which improves
feature representation and enhances anomaly discrimination in images from the processing and
manufacturing stages. Compared with related studies, the anomaly image detection method for
electronic component production proposed in this study showed greatly improved performance.
In real-time single-image detection speed tests at Factory X2, AGUR-Net also outperformed other
methods. It required only 289 ms to process a single image with a type-A defect, while DAGAN,
LSTM-NDT, BiLSTM, MSCDAE, and CFlow took 507 ms, 806 ms, 623 ms, 672 ms, and 812 ms re-
spectively. These results proved the superior detection efficiency of AGUR-Net.

The main contributions of this research are twofold: first, a new AGUR-Net anomaly image
detection algorithm was designed; second, an image detection method for anomaly detection in
electronic component production based on this algorithm was proposed. During the design pro-
cess, the combination of MGAN and SSDAE networks for image location and classification has
improved the accuracy of abnormal target recognition. These contributions have provided new
ideas and effective solutions for complex image defect recognition in the fields of intelligent
manufacturing and electronic component manufacturing.
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5. Conclusion

To address difficulties in identifying defect images and localizing anomalies in the production
process of electronic components such as resistors and capacitors, this study proposes an ano-
maly image detection method for electronic component production based on the AGUR-Net algo-
rithm to improve anomaly detection accuracy in industrial products. The experimental results
show that the AGUR-Net abnormal image detection algorithm has high abnormal location accu-
racy. Furthermore, the empirical results for the proposed anomaly image detection method for
electronic component production show that, in single-image processing tests on industrial pro-
ducts, the method requires less time and achieves higher overall detection efficiency. Moreover,
anomaly localization is carried out on images from the stages of raw material preparation, pro-
cessing and manufacturing, surface treatment, quality inspection, and packaging and transporta-
tion of parts. The AGUR-Net anomaly image detection method for electronic component produc-
tion has a better anomaly localization effect on images in the surface treatment stage, and the
heat-map distribution area is relatively concentrated. Overall, the AGUR-Net-based anomaly
image detection method for electronic component production can not only accurately classify
industrial targets, but also precisely localize anomalies in the production processes of different
industrial products. However, there are still limitations to the research, and its generalization
ability in factory production lines or other industrial scenarios still needs further testing. There
may be significant differences between different factories in terms of image acquisition equip-
ment, lighting conditions, product materials and textures, defect type distribution, etc., all of
which may lead to a decrease in model performance. Therefore, future work can proceed in the
following directions: first, conducting cross-factory transfer learning experiments to verify the
degree of performance degradation when the model is directly applied to a target-domain facto-
ry after training in the source domain. Second, exploring few-sample or unsupervised domain
adaptation methods to enable the model to adapt quickly using only a small number of unlabeled
images from the target factory. Finally, the prototype system should be deployed in the actual
production line and a long-term online evaluation should be conducted, collecting real testing
data from different batches, different lighting conditions, and different product specifications to
comprehensively measure the robustness and deployability of the method.
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