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Fig. 2 Schematic diagrams of various categories of targets and visual consistency description of B-scan images
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Fig. 3 Schematic diagram of fine-grained categories for abnormal screw holes

Frfiiad o W AT AR 0 G B0 1 — 25 R 53 Y
HAT B TR P AR AR

Gabor PRECA T FRAP- T, LI e i 4R e A3 A
J7 ) B IEBZ U R T T RS B A, i Ay
H L GG SRR R B RAE PIT 55 . 4 Gabor
PR 2 ) Y 2k AN =)

g(xy;hbypoy)=e >
b xRy N IEIRARER x .y TEFE AT O 5 I ARER
A RIEFR w0 5] Gabor sRELN T 1] 5 o
RIS oy ARSI v ARG S
I A AR F Gabor Y€ I8 4 X 8K 08 75 35 B AU &
QAT T S8Rk . K SRR T R [AUEIE 48 S 5K
T 1) Gabor B AZ HITE A

ei(er% +1//) ( 1 )



%4l AT, %, 2 IR: 3T ReDCGAN Z4E LM S ORI By ik
A W
| / | 1
—
/ >3
JER S JEVF
RIS HlBE LR IBHEEER
K4 JET BAYEER K- IS s S R
Fig. 4 Flow chart of dilation-erosion operation on B-scan images
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Fig. 5 Gabor filter kernel shapes under different ultrasonic parameters
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processing on B-scan images
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Table 4 Comparison of false positive counts for the Faster R-CNN model without versus with denoising
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Table 5 Detection results of the Faster R-CNN model across CR regional groups
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Table 6 Detection results of the Faster R-CNN model across rail types
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Rail flaw discrimination using ReDCGAN-based multi-dimensional denoising
HAN Zhiping', YANG Yitao', XIA Lang’

(1. Shenshuo Railway Branch, China Shenhua Energy Company Limited, Shenmu, Shaanxi 719300, China;
2. Zhuzhou Times Electronic Technology Co., Ltd., Zhuzhou, Hunan 412007, China)

Abstract: Ultrasonic flaw detection typically depends on technicians manually identifying rail flaws from shapes and distributions
shown in ultrasonic B-scan images. Attempts have also been made to develop intelligent algorithms for automatic flaw recognition from
these images. However, substantial image-degrading noise can be introduced during the data collection process due to improper gain set-
tings and environmental disturbances, complicating flaw identification for both manual and intelligent methods. This paper proposes a
rail flaw discrimination method based on refined deep convolutional generative adversarial network (ReDCGAN) for multi-dimensional
denoising. Utilizing basic features of ultrasonic B-scan images, the method first combines dilation and erosion with a Gabor filter-based
edge detection technique to generate initially denoised data. The ReDCGAN model is then employed for generative denoising optimiza-
tion under the joint guidance of these initially denoised data and noise-free data. This operation improves denoising performance and en-
ables further identification and suppression of residual noise via image feature representations, thereby greatly enhancing the representa-
tional capacity of useful information contained in the data. A Faster R-CNN detector is finally applied to perform intelligent identifica-
tion based on the denoised B-scan images, achieving high-precision discrimination between normal rail structures and flaws. The pro-
posed method markedly improves the efficiency of flaw identification during data replay.

Keywords: ReDCGAN; ultrasonic B-scan image; multi-dimensional denoising; intelligent identification; deep learning; Al
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