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Active small sample learning based the pipe weld defect detection method
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Abstract: The detection of weld defects based on the X-ray flaw detection is a key part of maintaining pipeline safety. The realization of
high-precision and high-efficiency intelligent defect detection is an important aspect to promote the intelligence and modernization of
nondestructive testing. At present, it is difficult to achieve high accuracy and efficiency with deep learning-based defect detection
methods because they require a large number of labeled samples and are difficult to obtain. To address this problem, this article proposes
an active small sample learning-based defect detection method for pipe welds. First, the defect detector is trained in a data-driven
manner by extracting small sample features based on a lightweight neural network. Then, the inference of the unlabeled samples is used
to calculate the detection and classification uncertainty, which could fully exploit the value samples. Finally, the network parameters are
fine-tuned according to the high-value samples to obtain a high performance improvement with minimal cost. Experimental results show
that the proposed method can improve the accuracy by about 8% with fewer samples and the guaranteed operational efficiency.
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Fig. 1 Active learning detection method framework
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Fig.2 Relief-enhanced defect vs. original defect

(b) Histogram of the original image
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Table 1 Lightweight network architecture

Darknet #4H BN FEAE IR
1 Conv(s ) + 1 X Res, (320,320,32)
2 Conv(s ) + 2 X Res, (160,160,64)
3 Conv(s ) + 8 X Res, (80,80,128)
4 Conv(s 5,y + 8 X Res, (40,40,256)
5 Conv(s 5,y + 4 X Res, (20,20,512)
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6:for x, € X" do

7. PELPY =M, () // VRS ETREAER MG
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Fig.4 Pipe weld data collection on site
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Table 2 Weld defect dataset

TBE 28 290 1 290 2 290 3 ik
ALY g4 158 167 142 467
ZALE VIR 540 535 660 1735

A 100 75 80 255
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FEUER R P AR R,
TP
P=
TP + FP (13)
TP
R =
TP + FN
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Fig. 6 P-R curve comparison of different data
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Table 3 AP comparison of different data processing methods

Hin 4 2550 1 ZE5 2 Z55 3 LN
R | 0. 636 0. 815 0.728 0.726
iR 2 0.704 0. 820 0.779 0.768
I 3 0. 800 0. 821 0.781 0. 801
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Fig.7 AP comparison of the three methods
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Table 4 Performance comparison under different

sampling methods

fEbR REERNE JEHI 2 23 ik
RS 0.742 0.837 0. 388 0.822
P 3CHk[24]  0.951 0. 909 0.935 0.932

AR 0. 957 0.979 0.938 0. 958

RS 0.796 0.903 0.810 0. 837
R CHk[24]  0.852 0. 892 0. 805 0. 850
A3 0.883 0. 905 0.813 0. 867

RS 0.803 0. 888 0.872 0.854
AP 3CHk[24]  0.874 0. 899 0.834 0. 865
AL 0. 905 0. 929 0. 855 0. 897
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Table 5 Performance comparison of different methods
fwbr R 2 2550 2 2550 3 e fk
SCHR[25] 0. 802 0. 856 0. 789 0. 817
SCHRL 26 0. 857 0. 847 0. 809 0. 845
25% FR4 0.772 0.911 0. 856 0. 846
g 50% br%s 0.941 0. 909 0. 880 0.910
75% hR4s 0. 952 0. 963 0.934 0. 950
100% t7%  0.957 0.979 0.938 0.958
SCHK[ 25 ] 0. 845 0. 844 0.822 0. 837
SCHiRL 26] 0. 850 0. 849 0. 831 0. 843
25% bR 0.768 0.710 0. 609 0. 696
8 50% br%s 0.767 0. 851 0.777 0.799
75% PR%s 0. 868 0. 906 0. 820 0. 865
100% #7%  0.883 0. 905 0.813 0. 867
SCHk[25] 0. 794 0. 855 0.770 0. 806
SCHik[ 26 ] 0. 831 0. 829 0.818 0. 826
25% FR%s 0. 744 0. 706 0.575 0. 675
A 50% bR 0.773 0. 856 0. 766 0.798
75% bR%s 0. 889 0.921 0. 854 0. 886
100%F5%5  0.905 0.929 0. 855 0. 897
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