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Abstract

Defects in the inner ring of roller bearings can cause rotational imbalance and abnormal dynamic loads, potentially
leading to severe damage to human safety and property. This paper proposes two methods to achieve robust anomaly
detection on roller bearing inner ring data. First, we introduce a computer vision-based preprocessing method that
precisely extracts component-wise regions of interest from roller bearing inner ring data with complex backgrounds.
Second, to overcome the limitations of existing anomaly detection methods that overly rely on the generalization
capability of pre-trained encoders, we propose a multi-task learning-based encoder fine-tuning approach that combines
reconstruction and patch classification tasks. Through these approach, we demonstrate that the proposed method
provides effective and robust anomaly detection performance on roller bearing inner ring data with complex
backgrounds, and we further present its applicability in real-world industrial environments.
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Table 2. Quantitative Experimental Results of VITAD and Dinomaly
Model Er:ycgger Class | FAUROC.| I-AP. I-F1. |P-AUROC.| P-AP. | P-Fi. |P-AUPRO.
LC 09441 0.9839 09388 0.8661 0.0095 0.0488 04212
VITAD . sC 07514 0.8009 0.8060 09589 00154 0.0562 0.8005
pre oD 0625 0.8969 09109 08837 0.0099 00443 0.5685
Mean 07737 08939 | 0.8852 | 09029 | 00116 0.0498 05967
LC 0.8944 0.9687 0.9200 08616 00120 0.0644 04124
i | m sc 0.7069 0.7614 0.8060 09471 00141 0.0632 07638
7 oD 0.8237 09623 09149 08782 0.0370 0.1102 06488
Mean 0.8083 | 0.8975 | 08803 08956 | 0.0211 | 00792 | 0.6084
LC 09503 0.9880 09565 09589 00273 0.0885 0.7868
. SC 0.8764 09111 0.8254 09897 0.0692 0.1670 09449
Dinomaly | £N,,,
oD 07126 09219 09109 09769 0.1023 0.1751 0.8639
Mean 0.8464 0.9403 08976 09752 0.0662 0.1436 0.8652
LC 09627 0.9899 09545 09566 0.0286 0.0870 07746
Sy | ERgE sc 0.8750 09210 08235 0.9880 0.0689 0.1746 09343
y 7 oD 0.8527 0.9700 09167 09833 0.1736 02567 0.8969
Mean 08968 | 09603 | 0.8982 | 09760 | 0.0004 | 0.1727 | 0.8686
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