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Anomaly Classification and Key Segment Detection in
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Siamese Networks
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Semiconductor manufacturing processes are a fundamental component of modern industry and technology.
Anomalies in this process degrade product quality and reliability, necessitating swift responses. To address this,
various studies have been conducted on anomaly detection and efficient management using artificial intelligence
algorithms. However, there are limitations that fail to consider the characteristics of actual process data, such as
irregular patterns, numerous missing values, and varying data lengths. In this study, we propose to overcome
these limitations by using image data with scatter plots applied to actual process data, employing a siamese
network-based anomaly classification model based on the similarity with normal segments. Additionally, we
apply gradient-weighted class activation map (Grad-CAM) to the siamese network model for identifying the
main causes of abnormal segments. The validity and applicability of the proposed method have been
demonstrated using data obtained from actual semiconductor manufacturing processes. The proposed method
shows superiority in all comparative models. Furthermore, it has been confirmed that the main cause of the
abnormal segment aligns with the abnormal judgment criteria for a specific segment of the field engineer.
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Figure 5. Example of Image Data from the Target and Other Equipment Processes. (a) Example of Image Data before Outlier

Replacement. (b) Example of Image Data after Outlier Replacement.
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Table 1. Comparison Results for baseline and Siamese Network. Boldface Values Represent the Best Performance and Standard

Deviations are Indicated in Parentheses.

Method Accuracy F1 score Recall
GoogleNet 0.8279 (0.0034) 0.8277 (0.0033) 0.8271 (0.0041)
ResNet - 18 0.8174 (0.0211) 0.8170 (0.0209) 0.8091 (0.0333)
Traditional CNN RegNet 0.7661 (0.0108) 0.7657 (0.1112) 0.7598 (0.0982)
EfficientNetV2 0.7767 (0.0183) 0.7758 (0.0178) 0.7768 (0.0224)
ConvNeXt 0.7525 (0.1838) 0.7188 (0.2458) 0.7521 (0.1844)
GoogleNet 0.8370 (0.0267) 0.8361 (0.0276) 0.8355 (0.0247)
ResNet - 18 0.8460 (0.0178) 0.8457 (0.0178) 0.8383 (0.0410)
Siamese network RegNet 0.8141 (0.0096) 0.8138 (0.0094) 0.8140 (0.0095)
EfficientNetV2 0.8035 (0.0158) 0.8025 (0.0165) 0.8035 (0.0156)
ConvNeXt 0.8362 (0.0150) 0.8360 (0.0149) 0.8362 (0.0149)
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Table 2. Comparison Results for Effectiveness of Grayscale Image Generation. Boldface Values Represent the Best Performance and

Standard Deviations are Indicated in Parentheses.

Method

Accuracy

F1 score Recall

Siamese Network (RGB)

0.7977 (0.0248)

0.7970 (0.0253) 0.7593 (0.0671)

Siamese Network (Grayscale)

0.8460 (0.0178)

0.8457 (0.0178) 0.8383 (0.0410)
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Figure 8. Examples Showing Visual Explanations for Well-Classified Results as Anomalies. The Blue, Orange, and Gray Boxes

Represent the Past, Recent, and Grad-CAM Results, Respectively. Specifically, the Gray Box Highlights Significant Segments

within the Image that Influence the Model’s Predictions.
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Image that Influence the Model’s Predictions.
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