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Two-Phase Defect Enhancement Network for Few-Shot Defect Detection
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Abstract: Defect detection models generally require many training samples to learn the characteristics of defects, however,
some important defects are often difficult to collect in the actual scene. How to learn the characteristics of these rare defects
with few training samples becomes a challenging issue. To facilitate the study of few-shot defect detection, a new industrial
surface defects dataset is constructed, including defect samples and defect-free samples. Meanwhile, a two-phase defect
enhancement network is proposed to improve the performance of defect detection when only few samples are provided,
which utilizes defect-free samples, and the whole training process is divided into two phases. The first phase needs many
defect samples, while the second phase only needs few defect samples and defect-free samples. In addition, a defect promi-
nence module is proposed, which makes better use of defect-free samples to enhance the characteristics of defective areas.
Experiments on the new dataset show that the proposed defect detection model outperforms other few-shot object detec-
tion models and has a better application prospect in industrial surface defect detection.

Key words: defect detection; few-shot learning; defect-free samples; two-phase defect enhancement network; defect
prominence module
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Fig.1 Samples of all defect classes in ISD dataset
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Table 3 Evaluations on ISD dataset AT %
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Meta R-CNN® 5508 61.18 61.70 3269 63.37 63.61
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TDENet(Ours) 56.12 60.68 62.04 3544 6518 66.42
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Table 4 Evaluations on leather and
wood datasets

7%
wom B H:(mAP) AKHt (mAP)
1-shot  5-shot  10-shot  1-shot  5-shot
FRCN+ft® 4690 72.01 77.24 70.78  76.28
Meta R-CNN® 4895  80.85 82.44 7355  80.84
FSDet!" 30.68  75.11 84.05 31.08 71.63

TDENet(Ours) 51.77  83.87 85.92 7453  83.96
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Fig.6 Test results of few-shot defect detection models
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Table 5 Ablation experiments for novel components proposed in TDENet BAT L%

) [EB5R R AHTIE I U A

No. Baseline . 0 N

B2 AR Fl  F™+F [F"™. F)] 1 5 10

1 VvV 32.69 63.37 63.61
2 VvV DPM VvV 32.88 64.35 64.42
3 V DPM Vv 32,51 60.88 62.36
4 V DPM VvV 33.21 64.75 65.83
5 Vv DPM+w/soft vV 32.08 59.77 62.66
6 vV DPM-+w/tanh VvV 30.70 58.96 60.31
7 vV DPM+ vV 35.44 65.18 66.42
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