Unsupervised Crack Detection in Large
Stamped Metal Products Via Spatial
Transformer and U2-Net with Masked
Attention and Patch Positional Encoding

PENGHUA ZHANG, YESEUL KONG and GYUHAE PARK

ABSTRACT

Crack detection is crucial for the quality assessment of metal products. While
supervised learning methods are commonly employed to automate this process, their
performance is constrained by the limited availability of large and diverse crack
datasets. Unsupervised learning has shown exceptional performance in anomaly
detection by relying solely on healthy data during training. For large products, cracks
are small in size compared to the entire object, making image patches a more suitable
representation. However, the large diversity of image patches introduces significant
challenges for unsupervised learning methods. This study proposes a spatial transformer
network utilizing binary masks from Segment Anything Model to reduce the complexity
of image patches. To perform crack detection, we propose a U2Net- based model with
neighbor masked attention at different scales to learn the distribution of healthy data
from discrete representations extracted by Vector Quantized Variational Autoencoder
(VQ-VAE). Additionally, patch positional encoding is incorporated to enhance the
model’s ability to match patches and the distribution. Features that deviate from the
learned distribution are identified as cracks. We resemble a real manufacturing setting
and capture images from large stamped metal panels. Comprehensive experiments are
conducted, and results indicate the effectiveness of the proposed method and individual
modules.

INTRODUCTION

Stamping is a widely used manufacturing process that transforms metal sheets into
various products. When producing products with complex geometries, cracks
occasionally occur due to the characteristics of stamping machines[1]. The presence of
cracks can result in significant issues, such as safety and structural integrity[2]. However,
inspections are currently carried out by human inspectors, which cannot ensure
consistent reliability and efficiency over time. Therefore, it is necessary to develop an
automated crack detection system.

Supervised deep learning approaches[3—7] have been extensively employed to
inspect metal surfaces. However, these approaches require a large number of labeled
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and balanced data to achieve reliable performance. Moreover, these models struggle to
detect unseen types of cracks, posing a significant challenge for generalization.

Unsupervised deep learning methods, which rely solely on healthy data during
training, are commonly used in anomaly detection scenarios where the number of
anomalous samples is significantly smaller than that of healthy ones. These methods
can be divided into two categories: feature-based and reconstruction-based approaches.
The feature-based methods use pretrained encoders to extract features from healthy data
and detect anomalies by identifying deviations, for example, a teacher-student
framework([8] compares output from a generalized teacher network and a distilled
student network, while another approach[9] measures the similarity between test feature
vectors and those vectors stored in a memory bank during training. However, these
approaches are computationally expensive, particularly when applied to large datasets
such as our case. When inspecting large stamped products, cracks are relatively small,
so high-resolution images are captured and cropped into smaller patches to facilitate the
detection. The resulting large number of patches imposes a huge demand for
computational resources. Moreover, crack-like features such as holes and shadows
further complicate detection using these methods. Reconstruction-based
approaches[10-12] assume that models trained only on healthy data will fail to
reconstruct anomalous patterns. These methods typically adopt an encoder-decoder
architecture to reconstruct the original input and identify anomalies based on
reconstruction errors. Despite their effectiveness in some situations, these methods face
limitations in crack detection on large stamped panels. Cracks are sometimes finely
reconstructed, leading to missing detections and all pixels are reconstructed based on an
input image, resulting in crack indications outside the actual crack area.

To address the above issues, we proposed an unsupervised deep learning framework
tailored to detect cracks in large stamped products. First, to reduce the complexity of
image patches, we employed a Spatial Transformer Network (STN)[13] to align the
product positions in images. We used masks of the target object as input, which can
avoid the influence of surface textures and varying light conditions. Second, we
optimized a Vector Quantized Variational Autoencoder (VQVAE)[14] by incorporating
an additional perceptual loss to obtain reconstructions with high fidelity. Cracks were
allowed to be reconstructed. Third, we proposed a segmentation model with neighbor-
masked attention to estimate the distribution of the extracted features from healthy data
and resampled those that deviated from the distribution during test. Instead of
comparing the reconstruction with the original input, we compared it with the decoded
image obtained after resampling to generate a cleaner crack indication.

METHODOLOGY

Image Alignment

Product positions may vary slightly in the production line. Cropping the original
high-resolution images into smaller patches can result in an excessive number of patch
variations. To reduce the complexity of these patches, we employed a Spatial
Transformer Network (STN) to align product positions in images as shown in Figure 1.
Surface textures and varying light conditions present challenges for reliable image
alignment. To avoid these influences, we employed Segment Anything Model
(SAM)[15] to extract masks of products and use these masks as input to STN. However,
the generalized SAM often fails to segment the products precisely, particularly in
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Figure 1 Image alignment using a spatial transformer network

handling inner features. Therefore, we refined the predicted masks by filling in inner
features before inputting them to the STN. To further reduce segmentation bias across
different samples, we downsampled the masks. The STN was then trained to learn an
affine transformation matrix that aligns each mask to a selected reference template. The
network was optimized by minimizing the difference between the downsampled
template and the aligned mask produced after applying the transformation matrix. The
loss function is defined as:
L=lly -5l (1)

where y is the downsampled template mask and y is the aligned mask

The small mask shares the same spatial transformation as the original input image.
Therefore, the original input image can be aligned by the same transformation matrix of
the mask.

Image Reconstruction and Distribution Estimation

The mainstream reconstruction-based methods aim to suppress crack patterns and
identify cracks by the reconstruction errors. In contrast, our approach allowed the model
to reconstruct cracks explicitly. We utilized a segmentation network to model the
distribution of healthy data and resample features that deviate from this distribution in
the latent feature space. Cracks were then detected by comparing the original
reconstruction and the decoded image after resampling. Compared to most of the
reconstruction-based methods, our approach produced a cleaner and more precise crack
indication map.

We employed the VQ-VAE architecture for image reconstruction, as illustrated in
Figure 2. Image patches were first passed through an encoder to obtain latent features,
denote as z,.Then a codebook was used to quantize these latent features into discrete
representations by selecting vectors in the codebook with the smallest Euclidean
distance as new representations. However, the original model often generates blurred
reconstructions with small cracks missing, especially when handling high-resolution
inputs. To improve the reconstruction quality and reduce the redundancy in codebook
vectors, VQGAN][16] incorporated a discriminator and perceptual loss. The
discriminator was employed to distinguish between real and reconstructed images,
encouraging the model to generate outputs that appear more realistic. The perceptual
loss was leveraged to optimize the distance between extracted features from the input
and those from the reconstruction. However, in our experiments, we observed that the
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Figure 2 Image reconstruction

discriminator introduced undesirable effects such as spatial shift in patterns, pattern
diversity, and failures in reconstructing cracks. Therefore, we trained the VQ-VAE
using the following loss function:

L= |x— 55\”% + allsgle] — z, ”% + ﬁLpercptual(f(x)'f(f)) ()
where x is the input, X is the reconstruction, sg[ ] denotes the stop-gradient operator that
passes zero gradient during the backpropagation, e represents vectors in the codebook,
Z, denotes encoder-extracted features. The function f represents layers of the model
used for the perceptual loss. Coefficients @ and f were employed to balance the
contributions of each term. The codebook was updated by the exponential moving
average[17].

After obtaining discrete representations from the encoder, we modeled their
distribution using maximum likelihood estimation, depicted as follows:

p(clzy) 3)
where the ¢ € {1, 2, ..., n} is the index of vectors in the codebook.

The model was designed to output, at each spatial position j, a probability
distribution over all codebook entries. Rather than using autoregressive models that use
preceding information to determine the current feature, we proposed an assumption that
all pixels can contribute to the probability of the current pixel:

p(c;) = p(ci|zq1, 22 -0 2gjs o r Zqic) “4)
where k= HxW is the total number of spatial locations in the quantized latent map.
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Figure 4 Distribution estimation model

However, since the input z, is discrete, the model can easily match the input and its
corresponding index. If the input and index are both accessible, the model may trivially
learn a mapping function that assigns a high probability to the matching entry even if it
represents a crack:

(s = klzgs =€) ~ 1 ®

To address this issue, we proposed a multi-scale neighbor-masked attention (MNA)
to prevent the model from accessing the content of the current pixel and its neighboring
regions are also masked because they share big similarities. As illustrated in Figure 3,
Contextual features after applying the mask mechanism in different scales were
concatenated and passed through a channel attention module to obtain different weights
for each channel based on their importance.

To further enhance the distribution estimation, patch positional information was
added to the extracted discrete representation as shown in Figure 4. U2net[18], a
powerful segmentation model, was employed as the backbone of our framework. The
proposed MNA module was inserted into skip connection layers between the
downsampling and upsampling process.

Crack detection

During testing, crack candidates in the latent space were identified by analyzing
whether features deviate from the learned distribution of healthy data. These candidates
were resampled by the most dissimilar vectors in the codebook. By passing the original
features and the resampled features to the same decoder, we obtained the original
reconstruction and the resampled reconstruction. Since only several specific vectors
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Figure 5 Crack detection

were altered during resampling, a clean crack indication map could be obtained by
comparing the two reconstructions as illustrated in Figure 5.

EXPERIMENT

Real stamped products were used to evaluate the effectiveness of the proposed
method. Images were captured at a resolution of 3x3840%2160. These high-resolution
images were then cropped into 256x256 patches. Crack detection performance was
compared with our previous work[2]. We used Area under the Receiver Operating
Characteristic Curve (AUROC) and Precision-Recall Area under the Curve (PR-AUC)
to evaluate classification performance and Intersection over Union (IoU) to assess
localization accuracy. Table 1 presents the crack detection performance comparison
between our proposed method and the previous approach. The proposed method
achieved substantial improvements across all evaluation metrics. Specifically, the
proposed framework achieved an AUROC of 95.25%, significantly higher than the
87.99%. In terms of PR-AUC, which is more appropriate under class imbalance, our
method reached 75.30%, showing a notable improvement over the previous result of
47.44%. For the localization performance, our approach yielded 28.28%, which is much
higher than that of the previous work. As illustrated in Figure 6, our proposed methods
achieved more accurate crack detection while suppressing false positives.

Table 1 Crack detection performance comparison
Model name Image AUROC Image PR-AUC IoU

VQ-VAE2-PixelSNAIL[2] 87.99% 47.44%, 9.42%
Ous 93.67%% 78.06% 26.64%
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Figure 6 Detection result comparison

CONCLUSION

In this study, we proposed an unsupervised deep learning framework to detect
cracks in large stamped products. We employed a spatial transformer network to reduce
the complexity of cropped image patches. To improve reconstruction quality, we
incorporated the perceptual loss to VQ-VAE. In addition, we proposed the multi-scale
neighbor-masked attention module to prevent the model collapse and integrate it with
U2Net as the backbone to explicitly estimate the distribution of healthy data. Cracks
were identified by analyzing whether features deviate from the learned distribution.
Through experiments and comparison with the other model, it was shown that the
proposed framework achieved high crack detection performance.
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