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Abstract: In the steel manufacturing process, surface repetitive defects are easily caused by
equipment wear or process fluctuations, and intelligent detection and clustering methods are
urgently required to achieve efficient recognition and fault source tracing. However, in practical
production, significant morphological differences exist in the same type of defects. Meanwhile,
affected by missed detection, false detection, spatial drift, and localization error, defects do not
always present a strict or stable periodic distribution. Therefore, a two-stage generalized category
discovery method based on hierarchical distribution alignment regularization was proposed to
adapt to the new defect morphology appearing in production. In this method, the known cluster
supervised model was utilized as a knowledge anchor. By implicitly balancing the marginal
probabilities of known and unknown class groups in a batch and explicitly promoting the
prediction uniformity within respective groups, a more structured prediction distribution control
was achieved, and the defect clustering accuracy was effectively improved. The results show that
compared with that of the SimGCD" method, the clustering accuracy of the proposed method on
all categories of the steel surface repetitive mixed defect dataset is improved by 4. 54%, and that
on unknown categories is improved by 5. 87%, which demonstrates a significant advantage in
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effective separation between categories.

Key words: steel surface defect clustering; repetitive defect detection; deep learning;
generalized category discovery; hierarchical distribution alignment regularization
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Fig. 1 Schematic diagram of steel surface repetitive defect clusters
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Table 1 Dataset description
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Fig. 3 Defect visualization of steel surface repetitive mixed defect dataset
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Table 2 Comparison results of clustering accuracy between proposed method and SOTA methods on mixed

defect dataset and GC10-DET
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HKH Jrik il

TR R B B A SR T I/ %

GC10-DET B 2K5 /%

FraZs] M2 REZEE Pra2ia TRl RmIEH)
HOG+K-means CVPR'2005 23. 68 25.75 22. 64 21.32 19. 45 22.25
{5 %% DINO+K-means ICCV2021 58.85 73.23 53.28 54.43 72. 84 42. 41
DINO+semi-K-means ICCV'2021 67. 12 76.22 63. 60 63.72 73.25 57.51
GCD CVPR'2022 88. 88 98.92 85. 00 69. 62 95.99 52.42
- DCCL CVPR"2023 63. 54 83. 09 55.98 67.38 74.07 63.02
GPC ICCV"2023 77. 11 60. 22 83. 64 66.25 75.31 60. 34
CMS CVPR'2024 73.95 98.28 64. 55 74. 86 94. 14 62.28
SimGCD ICCV'2023 87.01 85. 08 87.76 69. 42 89.92 56. 04
P PPC-DCR NN'2024 87.95 97.47 84.27 64. 82 81. 06 54.22
LegoGCD CVPR'2024 81. 69 95.39 76. 40 70. 51 88. 89 58.52
BPCL-GCD ICME'2024 86.79 91. 68 87.27 69. 13 88.99 56.17
SimGCD’ ICCV'2023 90. 34 96. 56 87.94 74.25 80. 66 70.07
EN{E Happy® NeurIPS'2024  91. 83 97.74 89. 55 75.71 87.96 67.72
HDAR(A ) — 94. 88 97. 65 93. 81 80. 42 92.08 72. 82

o RFZ TR IR B RN E B B T T A& D s “NN" /R % neural networks.
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P 5 vh T A 2R RS B b 43 WA e A 5 AR
FEIN AR SCHE S ILZH N 15 5 45 % i Xop A5 A4 ffg -1
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T, 4 5B BATEIEAS R 5 e RRAE AP 7 o
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Fig.4 Comparison example between original
defect images and those after service
damage simulation disturbance
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J& W) GC10-DET g 4 04T 1 200 e B 1 1
BOUE . A6 3 B, ZEIE WAL A e | R 7 iR A%
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PERE , A EL SimGCD”, 75 I A 25 1) 1) 38 2005 1 4
THT 2.70%, B AIZEA B RIKE L TH T 6.70%,
RN 0 SRR BE P2 T T 0.09% , 13 W H X
Az P R P S LA — e e
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Table 3 Clustering robustness results for service
damage simulation data

GC10-DET B2K5 B /%

H ik I Zn] A2 REZ5)
SimGCD"  66.95  86.74  54.03
WL Happy 68. 99 91.89 54.03
HDAR(A ) 69.65  93.44  54.12
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Fig.5 t—SNE visualization of all categories in mixed defect dataset
(a)—SimGCD"; (b)—74<3C HDAR J5%.
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Table 4 Category number estimation in unlabeled

dataset
ZH IRAHEHIESE  GCl0-DET
BN EE 11 10
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Table 5 Comparison of training time and all-category clustering accuracy between two-stage method and

single-stage SimGCD

TR AT BB B
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i YIZRAF ] /h

A BRI /%

Y ZKAE]/h JI A 2R BRI E %

SimGCD 4.33 87.01
90. 34(+3. 33%)
94. 88(+7. 87%)
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HDAR(4 )

4. 43(+2. 31%)
4. 45(+2. T7%)

2.39 69. 42
2. 47(+3. 35%) 74. 25(+4. 83%)
2. 48(+3. 76%) 80. 42(+11. 00%)
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Table 6 Ablation experiment results of loss function components
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