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Abstract: [Objective] Application of image processing technology in pipeline’s weld recognition system has become main application
direction of machine vision in weld detection. Identification of surface defects on welds is a key technology for the application. In order to
improve recognition effect of surface defects on weld, it is necessary to effectively segment weld images. In response to possible blurriness of
weld boundary area inside pipeline, which leads to inaccurate segmentation results, corresponding techniques need to be adopted to improve it.
[Methods] An improved U-Net image segmentation method was proposed to solve the problem of image segmentation of pipeline inner weld
defects. Taking images of weld inside pipelines as the research object, the improved U-Net network was used to recognize and segment defect
images of weld inside pipelines. After network training and model testing, segmentation results were compared with original U-Net network
and FCN network. [Results] The results showed that the two evaluation indexes of similarity coefficient (Dice) and mean intersection over
union (mloU) of the improved U-Net network in the segmentation of weld defect images inside pipelines reached 0.8420 and 0.8514
respectively. 13.44% and 8.68% were improved respectively compared with FCN network, and 6.51% and 3.31% were increased compared
with original U-Net network. [Conclusion] Therefore, the improved U-Net network proposed in this paper had a better effect on identification
and segmentation of pipeline’s weld defects, and also provided a reliable basis for the study of pipeline’s weld defect identification system,

reducing cost and time of manual detection.
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Fig. 2 Residual blocks
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Fig.3 Improved Unet network structure
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Fig. 4 Weld drawings 1. (a) original weld image; (b) weld label
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Fig. 7 Weld drawings 2. (a) original weld image; (b) weld label
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3 MBI RESSE

3.1 MKMSELE

ST A R 1 D 46 A A Y Ol EECh 1, R
SR 572x572 (MG o AR PR TE S AILEE (4 e AN A
Bt RS, A v 0 4% I 2Rl R B B A s 10 )1 25 1
R vk, kKR R 2R X L, A5 #] LU A )
RAB B BTl R B3 Ak B /)N batchsize 18 4,
SRR EL epochs 1% 4 100, 27 ] )ik 4k M 0.000 04,
3.2 JEMriER

5T 2R I 25 i 72 o A AR AL 2 8K (Dice) Al
- 35 22 3F F (mIoU) 2 /> 46 A A 45 1k 1) 4% %o A6 4% til [
FUS 1 43 I BE
3.2.1 Dice &%

Dice F HJ& — i 12 4 X # & (overlap) F2 & 1)
?aﬁ FFJ?#Q%?W"{EX H5ESEYZEMES . H

_ 2|X|UlY|
CXI+1Y]

2 X (BRZE )5 ¥ R 31X 38 (B 7R 5000+ A
2
3.2.2 mloUfH

mloU {H 5t /2 48 H0H 45 P i) B — N 2 28 31 Lo iy
SERE, B i S B, j O TINE, p; R TR
HEAR AN

(6)

k

- ZplﬁZp,, Pi

Dii
IoU = 7
mloU = k 1 E (7)

3.3 s

FCN [ 2% | U-Net % & S # #F A U-Net ¥ 2% 119
Loss [ X2k 53 FIRCR A 9, K 10 FiR o

3 BT 9, X b FCN M 4% | U-Net W 2% K ok 3t 75
U-Net P25 5t 2k T B L, 0] DU Y elc i B U-Net W 2%
it o

A3 A X HEIED 10 H 3 Folr 190 45 %ok K8 4% dole 3 114 43 51 2k

2024 £ 11 H 77



V¢ ¥ LN Podection Teme

0.60 . _FCN

U-Net
Eff U-Net

0 1 1 1 I
0 10 20 30 40 50 60 70 80 90 100
BARUCHC ik

E 9 RFEBEIIZd R H Y Loss HZE

Fig.9 Loss curve during training of different algorithms

(a) A

(b) P15

(c) FCN (d) U-Net  (e) Eff U-Net

P 10 BeifE A U-Net [ 4 Fil FCN [ 45 . U-Net(Base) ¥ 45 43 #]
BORXT I
Fig. 10 Comparison of improved U-Net network and FCN network

and U-Net (Base) network segmentation effect. (a) original

figure; (b) tag; (c) FCN; (d) U-Net; (e) Eff U-Net

S, FR AT LA B 43 10 8 X R %) Sl B, FCN ) 45 47 53 %1
BepE R AEALE, WK 10 55 3 17 280 5 1L B g It
FERT, U-Net % 24 4 43 H1 5l b M2 SOAE A, R 10 55 4
17 Z A FL B [ 3 A7 15, EFf-U-Net W) 25 43 50 5% S d5c 4
SR ag R R BARAE —2, at P B, v LR
% SC i B 1Y Eff-U-Net 75 £ 4% 5k 8 70 I R0CR , 1 U-
Net [% 2% Fll FCN % 2% B4,

FCN M 2% | U-Net [ %% K o ik %1 U-Net % % 78 1|

78 2024 £ 1143

25 3ok F2 P 1Y Dice 22 50 RN mloU 18 B 1% 18 Y %k 28 4k il
e 11(a), E 11(b) Ui,

1.0
0.9 Eff U-Net
0.8
0.7

0.6 -

“Qﬁ 05F / AN
3 [ FCN
204} ,/ C

03F //'

02

0'1/-'!.........

0

0 10 20 30 40 50 60 70 80 90 100
EARIKEL n/k
(a) Dice HhZk

U-Net

1.00
0.95
0.90 | Eff U-Net
0.85
0.80 |
0.75
0.70 |
0.65 - \ U-Net

0.60
0455 - FCN

0.50 |/
0.45 ﬂ
0.40 |

0‘35 1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

PEARIKEL n/k
(b) mloU £k

mloU {H

K11 AESE R R 2 e 2k

Fig. 11 Variation curve during training of different algorithms.

(a) Dice curve; (b) mloU curve

O3 A A R 392 W 45 DI 45 () Dice £ B0RT mIoU
B 0036 1 e 2,

®1 3 FEEM Dice RELLE

Tab.1 Comparison of Dice coefficients under three
algorithms
Bk Dice {8
FCN 0.742 2
U-Net 0.790 5
Eff U-Net 0.8420

R A5 2 v (9 508 43 A PTRT, 2%SCH M 0 Y U-
Net 5 1 76 FE 4% B 43 #T 55 LR SR i i . 7E
T8 BB 0 BT 45 b Dice 2L E] T 0.842 0, mloU
{EIEE] T 0.851 4, 43 (RS A EL S (E e M B2, 38
Al B 7 Do 46 v A A T R T



F2 3 MEEH MioU LR
Tab.2 Comparison of MloU values under three algorithms

(=R7S MloU
FCN 0.783 4
U-Net 0.824 1
Eff U-Net 0.851 4

4 g

(1)1 3C LA IR FE 2% > ) U-Net % 4% 45 ¥4 by K filt,
P& T — b R Y R FH AR A I PN R AR S ER Y
U-Net [0 2% 73 #7595, 0 LA R Ao B8 76 2 i 1 72 op
ARNZEEE 7 2R 0GB, HURRAE (%) 33K T8 i o, A
T A A T 000 AR A o AL, 2 6 B 1) X, 4 s [
B EIRE L .

(2) Bt iY U-Net 5 FCN, Eff-U-Net #4% [£]14 73
R A AL, ML 2R B (Dice) 1K 44 32 - He (mlIoU)
2 A FE bR X d i, UE BT R G A G RS
Iy EIRE J7 o BERY U-Net [ 25 %45 18 P9 6 4 Bk [ 151
1509 55, AL 2 8 (Dice) . 3458 3F [ (mloU)
2 TR T 45 A5 4 91 3k 5] 0.842 0, 0.851 4, #1# T FCN
WA 28 43 42 TF 13.44% F1 8.68%, AHAL T B U-Net % 4%
I3 LT 6.51% A1 3.31%. K it fiff A el adk /%) U-Net
Do) 4% XoF 5 T AR IR AHE AT 43S, D0 e 7 KR A T A
il o DX 38 43 1) BEORS B, A3 Bl T O AR A% R EOE 1Y
O3 AT R A % T T R A

£ % 3Tk

[1] BT, SHMAT, BifdRe, . JE T HO ST 2 M 245 1Y AR

5% X PR EG BRI ik (1], B4z, 2020, 41(1):
7-11.
Fan Ding, Hu Ande, Huang Jiankang, et al. X-ray image
defect recognition method for pipe weld based on improved
convolutional neural network [J]. Transactions of the China
Welding Institution, 2020, 41(1): 7 — 11.

(2] PhEZE, sl RN, . JE T L5 6 3161 A5

O CIRARSETE S (7], JR4224 417, 2021, 42(12): 40 —
47.
Sun Jiahao, Zhang Chaoyong, Wu Jianzhao, et al. Prediction
of weld profile of 316L stainless steel based on generalized
regression neural network [J]. Transactions of the China
Welding Institution, 2021, 42(12): 40 — 47.

[3] Rajee M V, Mythili C. Gender classification on digital

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

Prodisction Teme EFNIA 13 15

dental x-ray images using deep convolutional neural
network[J]. Biomedical Signal Processing and Control,
2021, 69: 102939.

Yang Haoyan, Ni Jiangong, Gao Jiyue, et al. A novel
method for peanut variety identification and classification
by improved VGG16[J]. Scientific Reports, 2021, 11(1):
15756.

Shaikh A, Gupta P. Real-time intrusion detection based on
through ResNet algorithm[J/OL].
International Journal of System Assurance Engineering and
Management, 2022. https://doi.org/10.1007/s13198-021-
01558-1.

Kulkarni U, Meena S M, Gurlahosur S V, et al. Quantization
Friendly MobileNet (QF-MobileNet) architecture for vision
based applications on embedded platforms[J]. Neural
Networks, 2021, 136: 28 — 39.

Chollet F. Xception: deep learning with depthwise separable

residual  learning

convolutions[C] //2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Honolulu, HI,
USA, 2017: 1800-1807.

Tagivan II LLC. Moving picture coding method, moving
picture coding apparatus, moving picture decoding method,
and moving picture decoding apparatus: US10992953B2
[P]. 2020-09-04.

Lv Peiqing, Wang Jinke, Zhang Xiangyang, et al. An
improved residual U-Net with morphological-based loss
function for automatic liver segmentation in computed
tomography [J]. Mathematical Biosciences and Engineering,
2022, 19(2): 1426 — 1447.

Ronneberger O, Fischer P, Brox T. U-net: Convolutional
networks for biomedical image segmentation[C]//
International Conference on Medical Image Computing and
Computer-Assisted Intervention, Springer, Cham, 2015:
234 —241.

Zhou Z, Rahman Siddiquee M M, Tajbakhsh N, et al.
Unet++: a nested u-net architecture for medical image
in  Medical
Analysis and Multimodal Learning for Clinical Decision

Support, Springer, Cham, 2018: 3 — 11.

segmentation[C] //Deep Learning Image

Zhang Zhengxin, Liu Qingjie, Wang Yunhong. Road
extraction by deep residual U-net[J]. IEEE Geoscience and
Remote Sensing Letters, 2018, 15(5): 749 — 753.

Xiao Xiao, Lian Shen, Luo Zhiming, et al. Weighted res-
UNet for high-quality retina vessel segmentation[C]//
2018 9th
Technology in Medicine and Education (ITME), Hangzhou,
China, 2018: 327 — 331.

International Conference on Information

2024 E 55 11 1A 79


https://doi.org/10.12073/j.hjxb.20210526003
https://doi.org/10.12073/j.hjxb.20210526003
https://doi.org/10.12073/j.hjxb.20210526003
https://doi.org/10.1016/j.bspc.2021.102939
https://doi.org/10.1038/s41598-021-95240-y
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/https://doi.org/10.1007/s13198-021-01558-1
https://doi.org/10.1016/j.neunet.2020.12.022
https://doi.org/10.1016/j.neunet.2020.12.022
https://doi.org/10.1109/LGRS.2018.2802944
https://doi.org/10.1109/LGRS.2018.2802944

V¢ ¥ LN Podection Teme

[14] Huang Zhixiong, Li Jinjiang, Hua Zhen. Underwater image (LeLeLU): an alternative accuracy-optimized activation
enhancement via LBP-based attention residual network [J]. function [J]. Information, 2021, 12(12): 513.
IET Image Processing, 2021, 16(1): 158 — 175. [17] Mery D, Riffo V, Zscherpel U, et al. GDXray: the database
[15] kmess, T, 2 T, 25 TR a8 mE 3D U of X-ray images for nondestructive testing[J]. Journal of
H 7 s . ~ -
Net+Hli i B 43 51 % (1], THEHLRRE, 2021, 48(9): Nondestructive Evaluation, 2015, 34: 1 — 12.
187 — 193.
Zhang Xiaoyu, Wang Bin, An Weichao, et al. 3D U-Net++ E(EE., FH ML, EHEBIRT,IEMEIAAE
glioma segmentation network based on fusion loss SR AFM AR e 5L F PR K,
function [J]. Computer Science, 2021, 48(9): 187 — 193. liwei@tpri.com.cn,
[16] Maniatopoulos A, Mitianoudis N. Learnable Leaky ReLU (mE: M)
A5 A

ZEEE, R, MW, 2. IO Y U-Net S35 7048 T8 P9 AR 4% BRI P 19070 0 rb (9 2 T (0. 074, 2024(11) 2 73 = 80.
Li Wei, Li Taijiang, Yang Lue, et al. Application of improved U-Net algorithm in image segmentation of pipeline inner weld defect[J]. Welding
& Joining, 2024(11): 73 — 80.

( L#EE72T) Beijing: China Standards Press, 2002.
(101 (R EMUE MR Z G 2 PGS SR 55 7 %
(M. bt R bR AL, 2002. E—{EE: EIFA, W 2 BIR T AR AR e TR
Editorial Board of China Aeronautical Materials Handbook. wxue2012@yeah.net,
China aeronautical materials handbook: Volume 7 [M]. (hE:TBR)
A5 AEK:

TR, A, P . B A 4 5 A RRYOCHN ) Y BB R, #EHE, 2024(11): 65 — 72, 80,
Wang Xuedong, Peng Zhibo, Lu Wei, et al. Numerical simulation of laser-assisted connection process of textured titanium alloy and composite
material[J]. Welding & Joining, 2024(11): 65 — 72, 80.

; )
¥ (CHINA WELDING)EfR/EE é
¥ "
N (CHINA WELDING(H 4742 ))(ISSN 1004-5341, CN23-1332/TG)J[E AN TFRA IS SO ARSI T, SR Badpie SR AN 1 A o [ %
b SREROR SR R R G AL FR A ] TR TR A AT A S Tl A BRI TR T 5 B KPR AR S TR, ARG
3 e 2 ] s
o PRI TR BB IS
A S ) A g
] T EP TS ‘ ) i
N q&%fﬂiwﬁ\: TEBB TR A2 PG BEA A IR BRI S T A IR A R e 2 X
¢ SER L /
i Scopus, CA, AJ, JST, CSAD-C '1:
% AR i : \ g
¥ CEMERNIGE | KRR BT AR . RWRE . DIE S BOR SR E . R | TR AR R
¥ AN ERRHT AR . X
o BHESITT 1
b‘; 1. & fE Rl http://chinawelding.hwi.com.cn/ '\Q
¥ %%?”ﬂm: (DHREITTY: #EAAHS 14-325 (2)HIIEITTE : 0451-86323218 ;
s Eys N
:g S HLIE: 0451-86323218 KA A: B2 E-mail: chinawelding2016@163.com ;(&
b T o
DA [

80 2024 £% 11 88


https://doi.org/10.11896/jsjkx.200800099
https://doi.org/10.11896/jsjkx.200800099
https://doi.org/10.3390/info12120513
https://doi.org/10.1007/s10921-014-0275-3
https://doi.org/10.1007/s10921-014-0275-3
mailto:liwei@tpri.com.cn
mailto:wxue2012@yeah.net

	0 前言
	1 焊缝缺陷检测算法
	1.1 U-Net
	1.2 改进型U-Net

	2 数据集构建
	2.1 开发环境
	2.2 焊缝训练数据的处理

	3 试验过程与结果
	3.1 网络的参数设置
	3.2 评价指标
	3.2.1 Dice系数
	3.2.2 mIoU值

	3.3 试验结果

	4 结论
	参考文献

