846 % %5 P - S S ¢ Vol. 46(5):72 — 80
2025 % 5 F TRANSACTIONS OF THE CHINA WELDING INSTITUTION May 2025

B THEZE M5 7712 Y5 et i SE 2 ERBE 1R 5

2B, gmah’, ke
(1. DR, B TE B 2ABE, AR, 610065; 2. WARTT A A A S A BT 28 e, AR, 610000)

HE: EFXF AT (radiographic testing, RT) i 2 HR F e A7 MR . TAESRE ., 57 shE B M L SICRARSE A, Sk
FIREE 2 ) BIE, $2H — P T 202 3 4> 7 (neural memory Ordinary Differential Equation, nmODE) [/ 22 4 45 #5
RUXTRRGE A AT RO W L B RE 28, MR AR R0 RIB A RIS MM Wil SRl fSAL 7 2B FARY RT i A BIA
AR, IRAIESRIE 09 20, JEIEAT MR AL BRI 58, & e X MR N Tl 22 R 4% ResNet18, ResNet34, ResNet50 il
ResNet101 #4711 %5, SEBMERE 3 55 1Y ResNet34 BAUEN F T M 4% ; S8 /5 25 T nmODE AEZE M BRI E 7, $2 1) (0 2% 452 741
nmODE-ResNet. £553& W], 1L T ResNet34, nmODE-ResNet 7TEAIG ISR ATHE T, 248 RT i BB 7 73284155 thikUi)
HEFIRIEE 1.56%. A TIEHIX HIREE B, nmODE-ResNet SRR HIER) R 54656 IS 7K SFAH 24,

BFA: (1) 4211 nmODE-ResNet 541, $2Ft T SREEE A 2 9341 55 1 ER P,

(2) IR R IR E N T 8 BRI UREE 5 RT B 2253 20K BE (AR DGk,

(3) nmODE-ResNet S AR 35 15007 KK A2, HAES IR B 728 R IEAL.
KEBEIR: PIEAGIN s SRR 325 B 22 M4 s Bhaic I W o e
FESES: TG 441 XHERFRIRED: A doi: 10. 12073/j. hjxb. 20241031001

Radiographic detection of welding defects based on neural ordinary
differential equations
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Abstract: Aiming at the problems of strong subjectivity, high work load, repetitive tasks, and low efficiency in defects evaluation in
the process of radiographic testing (RT), a neural memory ordinary differential equations based residual network model was
proposed in this paper, for the objective, accurate, and intelligent classification of weld defects. The data set of defect images
containing 7 types of defects including crack, lack of fusion, incomplete penetration, concave, undercut, slag inclusion, and porosity
was collected to ensure the diversity of defects, and the corresponding image preprocessing and expansion was carried out. The
typical artificial neural networks, ResNet18, ResNet34, ResNet50, and ResNet101, were iteratively trained. The ResNet34 model
got the highest accuracy and was selected as the backbone network to avoid under-learning or overfitting. Then, the nmODE-
ResNet was built to improve the classification performance by exploring the excellent nonlinear mapping ability of the nmODE
module. The experimental results show that, compared to ResNet34, nmODE-ResNet can significantly improve the accuracy of
defect classification in the seven-classification task on RT images of welds’ defects by 1.56% without increasing the number of

parameters, and the performance is comparable to that of qualified inspectors.

Highlights: (1) The nmODE-ResNet model is proposed to improve the accuracy of multi-class classification tasks for weld defects.
(2) The relation between the deep artificial neural network model and the multi-type classification performance was

explored by experiments.
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(3) The comparison experiment with manual evaluation shows that the overall recognition accuracy of nmODE-ResNet

is comparable to the average level of inspectors, with significantly improved classification efficiency and better performance in

distinguishing easily confusable defects.

Key words: radiographic testing; welding defects classification; residual network; neural memory ordinary differential equation
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Fig. 8 Confusion matrix of the results by nmODE-ResNet and three inspectors. (a) nmODE-ResNet; (b) inspector 1; (c)
inspector 2; (d) inspector 3
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