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Summary

This thesis explores a novel approach to inspecting IC substrates by integrating twin
and single network architectures for fast and accurate defect detection. For inspecting IC
substrates, the repetitive nature of the substrates allows comparison-based inspection
approaches that detect changed regions between test and reference images. One deep
learning-based approach for change detection is the twin network structure, which
processes two inputs using two identical encoders to extract features consistently, and then
compares these features to identify changes. However, the twin network is vulnerable to
errors caused by pseudo changes and mis-registration, which complicates the detection of
micro defects crucial for accurate inspections. To address these challenges, this research
proposes a hybrid approach of Combined Twin and Single Network (abbreviated by C-
TSNet). We incorporate a single network that is not affected by misalignments and color
variations with a twin network, the proposed network achieves robustness to mis-
registration while maintaining low computational latency. Additionally, we introduce CC-
TSNet, which is extended version of C-TSNet by adding a channel co-attention module to
further improve robustness against characteristic differences. The proposed methods were
validated on a real-world IC substrate dataset, showing significantly better performance
compared to traditional deep-learning approaches such as U-Net and Base-Twin network.
The integration of the channel co-attention module improved the system's ability to handle

pseudo-changes due to characteristic differences, as resulting in higher Fl-scores and



reduced false positives. Moreover, the proposed methods achieved accuracy comparable to
the module-based method but with only one-third of computational latency, making them
highly suitable for real-time manufacturing processes. Overall, this thesis presents a
comprehensive solution for IC substrate inspection, combining the strengths of both twin

and single network architecture to deliver fast, accurate, and robust defect detection.



I. Introduction

Deep-learning based inspection methods have gained significant prominence in recent
years for quality control in manufacturing process. During the early days of manufacturing,
product inspection in manufacturing was primarily a manual task performed by human
inspectors [1]. However, manual inspection has limitations in terms of precision, speed and
consistency among different inspectors [2]. Consequently, the adoption of automated
defect detection using deep learning networks in manufacturing has become essential to
meet the increasing demands for high product quality [3].

Particularly in the semiconductor industry, inspecting products such as integrated
circuit (IC) chips or wafers is crucial for ensuring product quality and detecting micro
defects that could impact performance of the final products [4]. Defect inspection
techniques for semiconductor products can be broadly classified into non-referential and
referential methods. Non-referential deep-learning approaches, such as segmentation [5-8]
or object detection networks [9-15], learn the characteristics of defects during the training
process and inference test images without reference. However, these single-image methods
face limitations in identifying defects that are not present in the training datasets, leading
to potential errors [3]. Conversely, referential inspection methods detect changes by
comparing test images with reference images. This approach is more adaptable for
identifying defects in complex patterns, even with relatively few samples [16]. Leveraging
these advantages, change detection (CD) techniques can be effectively applied in

semiconductor manufacturing by utilizing the repetitive substrates of products [17].



Change detection is defined as the task recognizing differences between two images
captured at different times or under varying conditions [18]. This technique acts a crucial
role in a variety of applications, including remote sensing [19-26], medical imaging [27-
29], and industrial inspection [17, 30, 31]. For CD tasks, twin network (also called as a
Siamese network [32]), consists of two weighted-shared subnetworks that process two
input images and compare their outputs, is widely used for various applications [17, 19, 20,
22, 24, 29, 31, 33-35]. However, twin networks may face significant challenges such mis-
registration and pseudo-changes due to different lightning conditions and unwilling
changes while processing images [17, 34]. These examples of challenged paired images
are illustrated in Figure 1, which are examples of the IC substrate dataset with

misalignments and color changes due to variation in illumination.

(a) (b)

Figure 1. Example of IC substrate dataset with pseudo-changes: (a) paired images with
misregistered and (b) paired images with characteristic differences
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To address these problems, several CD methods incorporated attention modules [17,
19, 20, 22, 34], primarily focusing on remote sensing applications. In the context of
semiconductor inspection, a few studies have been conducted. Unlike remote sensing
applications, which are less vulnerable to certain issues, semiconductor inspections are
crucial for detecting micro defects and therefore demand higher accuracy and precision.
Choi et al. [17] tackled issues arising from misalignment and characteristic differences by
utilizing a co-attention module that considers both spatial and channel dimensions. Despite
its effectiveness, this module requires extra computation time for calculating correlations
between feature vectors, which could be a notable drawback for real-world applications
[36].

We focused on the fact that although attention mechanisms can address the issues
raised in twin networks, they significantly increase computation time, especially when
correcting registration errors [17]. This prompted us to consider alternative strategies to
resolve the issues by leveraging the benefits of both referential and non-referential methods.
Considering the challenges, we propose the Combined Twin and Single Network (C-
TSNet), which offers fast and robust inspection of IC substrates. The single network can
avoid the drawbacks of the twin network such as pseudo-changes and alignment errors,
thus this integrating can be an alternative to spatial attention modules. By combining these
two architectures, C-TSNet aims to overcome the limitations of each individual approach,
providing a more robust solution without extra module. Additionally, we introduce Channel
co-attention attached C-TSNet (abbreviated by CC-TSNet), an extension of C-TSNet that

utilizes a channel co-attention module [34] to enhance robustness to characteristic



differences. We validate the proposed methods on a real-world IC substrate dataset. In the
experiments, we present both qualitative and visualization results showing that our
proposed methods achieved competitive performance compared to existing methods while

ensuring computational efficiency.



Il. Related works

In this section, we provide a comprehensive review of the previous literatures relevant
to our study. We begin with a discussion on inspection methods using deep learning. And
we explain about twin networks, followed by an exploration of change detection techniques

utilizing twin networks, and examination of twin network-based inspection methods.

A. Deep learning-based inspection

With the advancement of deep learning-based computer vision technologies, various
techniques such as classification [37-39], image segmentation. [5-8, 25, 31], and object
detection [9-15], have been adopted for inspection in manufacturing fields. Inspection
techniques can be broadly categorized into non-referential and referential methods. The
primary difference between these two approaches is whether the input consists of a single
image or a pair of images (test image and reference image). Referential inspection methods
require reference images that are assumed to be flawless [40]. In situations where a
reference image is not available, non-referential inspection methods need to be used. For
example, Yang et al. [41] modified the U-Net architecture [42], which is widely used for
image segmentation tasks, to inspect concrete surfaces. Similarly, many researchers have
employed U-Net for various inspection tasks [8, 43, 44]. On the other hand, You Only Look
Once (YOLO) [45], a network designed for object detection tasks, has also been

extensively utilized for localizing defects and identifying their types. Zou et al. [15]



adapted the YOLO architecture for metal surface inspection, while Lin et al. [14] used
YOLO to detect PCB defect types to verify assembly processes. Although non-referential
inspection methods showed impressive quality of inspection, we believe that referential
methods are more effective when available. Given that IC substrates which we want to
inspect have repetitive characteristics, we use referential methods as our baseline. Detailed
explanations review of previous studies on referential methods is provided in the following

sections.

B. Twin network architecture

The concept of twin network architecture (also known as Siamese network) was
initially introduced by Bromley et al. [46] in 1993 to address the problem of signature
verification by treating it as an image matching problem. This architecture consisted of two
identical sub-networks that process two input images and then compare their outputs to
determine their similarity. These sub-networks extract features from the two signatures, and
the angle between two feature vectors is computed to determine a distance value, indicating
the degree of similarity between the signatures. This weight-shared encoder structure of
twin networks ensures that both sub-networks process the input data in the same way,
extracting features using the identical weights. This ability of learning similarity provides
a powerful tool for various similarity-based tasks across different domains. Koch et al. [32]
adapted Siamese neural networks with a convolutional architecture to rank the similarity
between inputs for one-shot learning. This approach involves training with just a single

example per class and then identifying the class that most closely matches the input test



image. Moreover, this network structure has found extensive application in object tracking,
where it measures the similarity between a template image, which is the object to be tracked,

and a larger search image to locate the object’s position [47-50].

C. Twin network-based change detection methods

Change detection (CD), the task of recognizing changed areas between two images, is
widely utilized in remote sensing, medical imaging, and quality inspection. Traditional CD
methods typically rely on statistical and mathematical techniques to identify changes [18,
51, 52] but are less robust compared to deep-learning approaches which enables automatic
feature learning without complex feature design [53]. In this point of view, twin networks
have found significant use in change detection tasks as a deep-learning approach. Daudt et
al. [35] were among the first to apply twin networks to CD, using a weight-shared encoder
to extract features from paired input images, which were then passed to a decoder using
fusion strategies like concatenation or difference. However, this method was vulnerable to
pseudo-changes, such as color variations, and registration errors [53].

Recent advancements in twin networks include the integration of attention
mechanisms to improve robustness [19, 20, 22, 34, 53, 54]. These mechanisms enhance the
network’s ability to concentrate on relevant parts of the input images and reduce the impact
of less important features. Chen et al. [20] introduced a dual attention mechanism to
recognize features of objects that belong to the same category but have different
appearances. However, this mechanism was applied within a single image, thus it is crucial

to account for feature relationships between paired images for improved robustness. The



Spatial-Temporal Attention neural Network (STANet) [19] was developed to account for
feature dependencies along the spatial dimension between image pairs. Although STANet
is resilient to registration errors, it remains sensitive to characteristic differences such as
environmental changes. Choi ef al. [34] introduced the channel-wise co-attention module,
making the twin network more robust to pseudo-changes. This attention module computes
correlations between each channel to find similar feature maps in the other image, reducing
false positives by comparing one set of feature maps with the similar feature maps
identified by the co-attention module. Recently, with the rise of transformer architectures
in computer vision tasks [55], several research has focused on replacing convolutional
layers in twin networks with self-attention and cross-attention mechanisms to enhance
performance [53, 56, 57]. However, this shift has led to a significant increase in

computational complexity [53].



D. Twin network-based inspection methods

Detecting defects in industrial products is a crucial component of quality control in
manufacturing processes. To enhance the accuracy and efficiency of these inspections, twin
networks can be employed. These networks are particularly useful in various domains
where referential images are available for comparison, ensuring that even subtle defects are
identified and addressed. Wu et al. [58] utilized twin networks for button surface defect
detection, while Deshpande et al. [59] applied them to steel surfaces. Feng et al. [60]
applied twin network-based spatial correlation attention mechanism in CNN classification
network for armature defect detection.

In the context of semiconductor inspection, twin networks can be effectively used to
inspect products like integrated circuit (IC) chips and printed circuit boards (PCBs) due to
their repetitive characteristics. For instance, Miao et al. [61] applied this architecture to
classify PCB’s real defects from pseudo-defects. One characteristic of semiconductor
inspection is that it is essential to inspect products to ensure product quality and identify
micro defects that could affect the performance of the final products. To meet these
demands for detailed inspection without false positives, research has concentrated on
addressing issues caused by unintended alterations during the inspection process, such as
slight shifts between test and reference images or changes in lighting conditions when
capturing product images. Ding et al. [62] integrated the spatial pyramid pooling network
to enhance feature representation, improving robustness to variations in input images. Ling
et al. [31] proposed a system for detecting welding defects on PCBs using a twin network

with skip connections, introducing a correlation module that computes similarity between



the input image and the template image. To reduce errors from mis-registration, they
applied a global pooling operation to features before entering the correlation module.
Despite its benefits, this pooling operation may potentially compromise spatial information.
Choi et al. [17] proposed a twin-network based system incorporating a co-attention module
that simultaneously accounts for spatial and channel-wise dependencies between image
pairs for IC substrate inspection. This attention mechanism improved robustness to
registration errors and characteristic differences. Nevertheless, the increased computational
demand of this approach may limit its practicality in real-time manufacturing environments
[36]. Considering these observations, we propose CD method that reduces errors arising
from registration errors and color variations while remaining low computational

complexity for inspecting semiconductor products.
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I11.  Proposed methods

In this section, we begin by describing the architecture of the proposed network,
followed by an introduction to the method with the channel co-attention module and the
loss function. For clarity, we refer to the auto-encoder structure that processes a single
image as a single network, in contrast to the twin network which takes two images as input.
The proposed methods are named as C-TSNet (Combined-Twin and Single Network) and

CC-TSNet (C-TSNet with channel co-attention module).

A. C-TSNet

We introduce a Combined structure of a Twin network and a Single network
(abbreviated by C-TSNet) for IC substrate inspection system that is robust to mis-
registration. The proposed network’s overall architecture is depicted in Figure 2. In the
illustration, the “Conv Block™ consists of a convolution, batch normalization, and ReLU
layers, and “T_Conv Block” comprises a transposed convolution, batch normalization, and
ReLU layers. For the final layers of each decoder, only a convolution layer is employed to
classify each pixel into two classes, that are defect or defect-free.

In this network, pairs of images (i.e., X, and Xj) are processed through a weight-
shared encoder to extract feature maps in the same manner. After processing inputs, the
resulting feature maps are concatenated and passed into a twin decoder for comparing
differences, while only the feature maps of X, are used as the input of the single decoder.

The final prediction maps are obtained by averaging the outputs of the twin and single

11



decoders. These maps are then passed through a softmax function, and thresholds are

adjusted to generate binary masks, optimizing recall, precision, and F1 score.
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Figure 2. Overall network architecture of the proposed C-TSNet

For the twin decoder, the outputs of the 2™¢ and 4" convolutional blocks of the
encoder are passed as a form of skip connection, involving absolute difference operations
between the feature maps of X, and X,. This setup allows the decoder to directly receive
information about the differences between the two input images. However, if registration
errors and pseudo-changes exit in the image pairs, the absolute difference operation may
cause errors because the intensity values for these areas can be significantly different.

To address this issue, we merge a single decoder with the twin network, using the
output feature maps of X, as input of single decoder. The intuition beneath this is that
single auto-encoder structure only takes one image as an input, making it free from pseudo-

change issues or mis-registration. By combining the single auto-encoder structure with the

12



twin network, we aim to improve the ability to reduce false positives and enhance its overall

robustness without attention modules.
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B. CC-TSNet

Inspired by previous work [34], we incorporate a channel co-attention module, which
is introduced by Choi et al. [34], into the C-TSNet to address errors arising from
characteristic differences. The aim is to enhance the robustness of the network in detecting
changes accurately in the presence of pseudo-changes and registration errors. As depicted
in Figure 3 the overall architecture of the CC-TSNet integrates the channel co-attention
module into the feature maps from the last convolutional block. “Conv Block” and
“T_Conv Block” shown in Figure 3 are made up of same layers that are described in the

previous section.
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Figure 3. Overall network architecture of the proposed CC-TSNet

The structure of the channel co-attention module that we utilized is illustrated in

Figure 4 [34]. Here, h,w and c denotes the shape of feature maps comes from the

14



module. The module computes the cosine similarity between F, and Fj, the feature maps
of images X, and X, respectively. This process generates an affinity matrix S¢ that
identifies similar feature maps between the two images. For instance, if the j* feature
map of F, is similar to the i*" feature map of F,, the value S fj, indicating the degree of

similarity, will be high.

Transpose refined X,
X, feature map | feature map
Reshape
Transpose 'NT Reshape
(F a ) 1 Affinity matrix ~
E, Se Feq
hxwXxc ¢ X hw 1XwXc

X -

X, feature map

cXc
Reshape F, Reshape
_— —
b ~
Fb FCb
hXxwXxC hXxXwXc
hw x ¢ refined X,,
I feature map
Transpose

® : Matrix multiplication

Figure 4. Overview of a channel co-attention module

The refined feature maps F., and F., are produced by multiplying the reshaped
feature maps with the channel-wise correlations calculated as S€. These refined feature
maps are then concatenated with original feature maps and pass through a 1X1

convolutional layer. The differences between the feature maps are obtained as follows:
Dgtr = abs (fg([Fa;F;:a]) _fg([Fb;ﬁcb]))' (D
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where [;] represents the concatenate operation, and f; denotes a 1X1 convolutional layer.

To ensure defects are not missed, the absolute difference of F, and Fj, is

concatenated with D, generating the combined difference map D,,; as follows:

Doyt = fn([Date; abs(Fy — Fp))), (2)

where f; indicates a 1X1 convolutional layer. Finally, D,,; is passed to the twin decoder
in the form of a skip connection.

The integration of C-TSNet and the channel co-attention moduel ensures the network
effectively manages both registration errors and pseudo-changes, resulting in more accurate
change detection in IC substrate inspections. This hybrid approach leverages the strengths
of both twin and single networks, providing a comprehensive and robust solution for the

defect detection.

16



C. Loss function

The number of pixels in defect class is much smaller than normal classes for this pixel-
wise classification. Therefore, we utilized a weighted cross-entropy loss function to address
the class imbalance by assigning different weights w; and w, to each class [17]. The

weighted cross-entropy loss that we employ is defined as follows:

M=

wyyiilogpi; +wy(1 — yi;) log(1 — pij) 3)

|~

H
LWC@
=1

i j=1

-
I

Here, y;; and p;; denotes the ground truth where 1 indicates a defect and 0 indicate
a defect-free pixel, and the predicted probability of being a defect for a pixel at position
(i,J), respectively. H is height of the output images and W is the width of the output
image. And D is the total number of pixels in the images (i.e., H X W). In this study, we
set wy, weights for the defect class to 0.6 and w,, weights for the defect-free class to 0.4.
By assigning higher weights to the defective pixels, the networks are better equipped to

learn and detect defects.
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IV. Experiment

In this section, we begin by describing the dataset used to verify the performance of
our proposed methods and detail the experimental setup. Finally, we outline the evaluation
metrics and present the experimental results. For comparison, we employed U-Net as a
non-referential method, and Base-Twin (an encoder-decoder based twin network with skip-

connections) and Twin-Comb-Co-Att [17] as referential methods.

A. Dataset

To validate the performance of our proposed methods, we conducted experiments on
a real-world IC substrate dataset. The dataset is consisted of 88 full-size image pairs sized
4,040X5,036 pixels and 16 full-size image pairs sized 3,280X 1,900 pixels. We cropped the
same positions from the full-size image pairs into patches sized 200X200 pixels. This
process yielded a dataset of 22,432 image pairs for training, including 7,264 defective
image pairs and 15,168 defect-free image pairs with horizontal and vertical flip
augmentation. For testing, we created 6,352 image pairs consist of 823 defective and 5,529
defect-free pairs The test set contains 838 defect segments. Figure 5 shows examples of the
cropped dataset with ground truth annotations. We randomly selected 20% of the training

dataset for validation to monitor over-fitting during training.
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Figure 5. Examples of IC substrate dataset with ground truth
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B. Implementation details

We conducted experiments using the TensorFlow 2 framework on an NVIDIA
GeForce RTX 3090 graphics card (Nvidia corporation, USA). The networks were trained
using the Adam optimizer with step learning rate scheduling. We set initial learning rate to
1 x 10~* with a decay rate of 0.1. To prevent overfitting, we employed early stopping
technique, executing training when the validation loss did not decrease for a specified
number of epochs. Table 1 outlines the training options for each method, where B, Ep, D-

ep, and P indicate batch size, maximum epoch, decay epoch and patience for early stopping,

respectively.

Table 1. Training options for each method
Method B Ep D-ep P
U-Net 32 300 20 20
Base-Twin 16 200 30 20
Twin-Comb-Co-Att 32 200 20 15
C-TSNet 16 300 20 20
CC-TSNet 8 200 30 20

20



C. Performance metrics
To evaluate each method qualitatively, we utilized precision, recall, and F1-score. The

metrics are calculated as follows:

Precision — TP 3)
recision = TP n FP

Recall = —F 4

e = TP T FN )

Fle 2x Precision X Recall )
B Precision + Recall

where TP, FP,and FN represents the number of true positives, false positives, and false
negatives, respectively. TP indicates that defect segments are correctly detected, while
FP indicates that defect-free areas are incorrectly predicted as defect. FN represents
defect segments that are not detected. Precision is the fraction of correctly detected defects
among all segments predicted as defects, and recall is the ratio of correctly detected defects

out of the actual defect segments.
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D. Experimental results

To consider both computational latency and quantitative aspects, we report number of
parameters and inference time and then experimental results with performance metrics.
First, we listed the number of parameters and the inference for one 200X200 image in Table

2 that was measured using GeForce RTX 3090 graphics card.

Table 2. The number of parameters and inference time for one 200X200 image

Inference time

Method Params (ms) Ratio
U-Net 91,010 0.716 0.157
Base-Twin 116,610 1.253 0.275
Twin-Comb-Co-Att 118,722 4.557 1
C-TSNet 190,580 1.459 0.320
CC-TSNet 190,338 1.542 0.338

As shown in Table 2, the Twin-Co-Attention network required the longest processing
time due to the extensive computations involved in spatial-channel-wise correlations. The
proposed methods were approximately three times faster than the Twin-Comb-Co-Att
network but were 1.16 times slower than the Base-Twin network. The CC-TSNet was 1.06
times slower than the C-TSNet.

Table 3 presents the experimental results for the proposed and comparison methods
on the IC substrate dataset. To ensure a fair comparison, we fixed the recall values for all

methods. The performance of each method was averaged over three repetitions using the
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same hyper-parameters.

Table 3. Experimental results for IC substrate dataset

Method Recall (%) Precision (%) F1-score (%)
U-Net 93.68 84.59 88.90
Base-Twin 93.68 88.21 90.85
Twin-Comb-Co-Att 93.68 94.54 94.11
C-TSNet 93.68 93.68 93.68
CC-TSNet 93.68 94.09 93.88

As indicated in Table 3, the quantitative results of the U-Net, which is a non-referential
method, performed worse than the referential methods. The proposed methods achieved an
Fl1-score 2.83 to 3.03 percentage points higher than the Base-Twin network. By utilizing
the channel co-attention module into the C-TSNet, the performance slightly increased,
resulting in an Fl-score only 0.23 percentage points lower than the Twin-Comb-Co-Att
network. We believe that slight performance degradation of the proposed networks is
acceptable given that the inference time is one-third that of the Twin-Comb-Co-Att, as
shown in Table 2.

For qualitative performance evaluation, Figure 6 demonstrates that U-Net struggles to
identify defect-free areas that look similar to defects. In contrast, referential methods,
including the proposed ones, better distinguish pattern from defects. Figure 7 provides

examples of image pairs with registration errors, showing the Base-Twin network’s
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vulnerability to mis-registration. Conversely, the proposed methods exhibit robustness to
registration errors, performing comparably to the Twin-Comb-Co-Att method. Figure 8
shows the prediction results for each method when inspecting image pairs with
characteristic differences. Similar to Figure 7, it indicates that the Base-Twin network is
also susceptible to color variations, whereas the proposed methods demonstrate greater
robustness to characteristic differences. This may suggest that the single decoder part of
the C-TSNet effectively corrects some false positives caused by registration errors and
color changes. However, despite some corrections, the C-TSNet still has errors due to
characteristic differences as shown in Figure 9. These false caused by color variations are
corrected with the channel-co-att module (i.e., CC-TSNet), similar to the Twin-Comb-Att

network.

24



(h)

(@

()

(d)

(c)

(b)

~
<
~'

(e)

Figure 6. Visualization results of each method on IC substrate dataset: (a) X, image, (b)
X} image, (c) ground truth, (d) U-Net, (¢) Base-Twin, (f) Twin-Comb-Co-Att, (g) C-TSNet,
and (h) CC-TSNet
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Figure 7. Visualization results of each method on IC substrate dataset with registration
errors: (a) X, image, (b) X, image, (c) ground truth, (d) U-Net, (e) Base-Twin, (f) Twin-
Comb-Co-Att, (g) C-TSNet, and (h) CC-TSNet. The yellow arrows indicate the area where
mis-registration occurred.
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Figure 8. Visualization results of each method on IC substrate dataset with characteristic
differences: (a) X, image, (b) X, image, (c) ground truth, (d) U-Net, (e) Base-Twin, (f)
Twin-Comb-Co-Att, (g) C-TSNet, and (h) CC-TSNet
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Figure 9. Visualization results of each method on IC substrate dataset with characteristic

differences: (a) X, image, (b) X, image, (c) ground truth, (d) U-Net, (e) Base-Twin, (f)
Twin-Comb-Co-Att, (g) C-TSNet, and (h) CC-TSNet
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Figure 10. Illustrations of logits from C-TSNet: (a) X, image, (b) X, image, (c) ground
truth, (d) single decoder logit, (e) twin decoder logit, and (f) final logit after averaging
outputs from single and twin decoder.
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Figure 11. Illustrations of logits from C-TSNet and CC-TSNet: (a) X, image, (b) X}
image, (c) single decoder logit, (d) twin decoder logit, (e) final logit after averaging outputs
from single and twin decoder, and (g) ground truth
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To further verify the effectiveness of the proposed methods, we visualize the logits
from both the single decoder and twin decoder parts. As shown in Figure 10, the output
from the single decoder is highly influenced by both patterns and defects. In contrast, the
twin decoder output does not assign high scores to patterns but does show errors in the
lower-right corner due to registration issues. Figure 10 (f) demonstrates that averaging the
logits from the single and twin decoders reduce the false positive by mis-registration.
Additionally, Figure 11 illustrates the effectiveness of the channel co-attention module by
comparing C-TSNet and CC-TSNet. The image pair used in Figure 11 contains illumination
changes. While the C-TSNet is influenced by characteristic differences that are not
corrected by single decoder, some of these errors are corrected in CC-TSNet. Combining
all quantitative and qualitative results, we can conclude that the proposed methods
effectively reduce errors caused by mis-registration and characteristic differences, offering

a cost-effective solution.
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V. Conclusion

We propose twin network-based change detection systems that are both fast and robust
against mis-registration and pseudo changes for integrated circuit (IC) substrate inspection.
To mitigate the negative effects caused by referencing paired images in a twin network, we
combine a twin network with a single decoder, which remains unaffected by registration
errors and pseudo changes. Additionally, we utilize a channel co-attention module to
enhance the network's robustness to characteristic differences. The experimental results of
the proposed methods demonstrated a higher F1-score compared to the Base-Twin and U-
Net, and nearly matched the performance of the Twin-Comb-Co-Att. Our proposed
methods have shown to be effective in not only identifying defects but also minimizing
errors caused by misalignment. Moreover, the inference time of the proposed network has
been decreased to one-third of that of the Twin-Comb-Co-Att, making it more practical for

using in the manufacturing process.
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