18,84 A A T oW R A %48 % 13
] m il I
”%' 'yq ELECTRONIC MEASUREMENT TECHNOLOGY 2025 4E 7 H

DOI:10. 19651/j. cnki. emt. 2517892

H F i Retinex 53X CNNs B K % 3= H &R 8 B &
M EEM R

5 ® FH4 ¥ #H ek
(LARBREFLSHMFIEFR &5 330013)

W OE: EMPFR AR R, 326 IR Sk B3 A AN A R 5 SR A G R AR AE X LY AR L SUOR Y
A R B 200 1 RO S5 IR RS, S i, 2 M — 0 3 T #E Retinex 5 %0 CNNs 14 89 %0 32 T8 5 b RG34 T8 200 v, 1 56 4 9
PLE W LG RCGB B4 HSV 25 [ )5 R A 51 A E A 5 22 0 A2 5 MR 3h 5 2 5000 Retinex Bk, LB V
SRR B R R R P O T N 00 AR A TE AR R O s LUK, 6 S 4 i AR i S R R AT I N Al 4 M Y R R Bk
BRASfG T R 108 SR AN S IR L R U5 L A T 2k — 25 M D B Sk B 2 7= A 00 fole g PRI A 30 B [0 B, 1531 T 26 F U-Net 45
A B 2 AT - P90 4% 18 43 9% 4t 4 R 5 T I 4 2 L XL CNINs [ 8%, 2% 5 JB 0y T A% R 180 08 5 TR 1 8 SRR AIE , I 32 U
SUBRERAE DL I RS B SO AN {5 B . B LR A RSDDs B4 42 A0 [ i 4K B 2% T Bl 16 45 R 181 15 0 90 4 »of
PR HEAT U G RO R . SO 45 S 3R W, 55 B0 A0 8 O O T M L, W MR IR L R 5 R AR U 4y IR B T 2. 61 dB N
0. 026, FEAL 30 155 55 A1 10 P J5 35 3R A% 1y B9 90 3 1T e 53 P15 EL A 46 3 1 b L L Y AT 190 e o 40019 R =F 8 I BB B .
SR AN T BRIG s HSV Bt Retinex; {534 38 5 A CNNis ; 2 H0H)

b ES S TN391. 41;U216. 3 XHkARIZES: A EXRtrAgEFER LR 510.99

Research on image enhancement algorithm of rail surface defects
based on improved Retinex and dual CNNs

Luo Hui  Zhang Shuosheng Zeng Wei Zhang Jinhua
(School of Information and Software Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: In the process of rail surface defect detection, due to the influence of external factors such as uneven illumination and
lens shake, the collected images have problems such as low contrast, uneven background and blurred defect details. Therefore,
an image enhancement algorithm for rail surface defects based on improved Retinex and dual CNNs was proposed. Firstly,
after converting the RGB image of rail surface defects into HSV space, the Retinex algorithm that introduces the mean and
mean square deviation and controls the dynamic parameters of the image is added to adjust the contrast of the V' component.,
and then the image exposure is corrected by adaptive gamma transform. Secondly, the S component is enhanced according to
the brightness to solve the problem of uneven background caused by lighting changes. Thirdly, in order to further solve the
problem of blurring the details of defective images caused by lens shake, a dual CNNs network composed of a deblurring sub-
network and a super-resolution detail recovery sub-network based on U-Net structure was designed to learn the semantic
features of the original image and the enhanced image, and extract their texture features to obtain the texture and detail
information of high-quality images. Finally, the RSDDs dataset and the self-made rail surface defect fuzzy image dataset were
used to train and test the model. Experimental results show that compared with the existing mainstream algorithms, peak
signal-to-noise ratio and structural similarity are increased by 2.61 dB and 0. 026, respectively, and visually have higher
contrast, clear defect details and rich texture information than the rail surface defect images obtained by the other 10 methods.

Keywords: rail surface defection; HSV;improved Retinex;image enhancement;dual CNNs;deblurring
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Table 1 Network parameters
Block Channel Layer Kernel Size  Stride
64 Conv 5X5 1
El 64 ResBlock 5X5 1
64 RB-FFT 5X5 1
128 Conv 5X5 2
E2 128 ResBlock 5X5 1
128 RB-FFT 5X5 1
256 Conv 5X5 2
E3 256 ResBlock 5X5 1
256 RB-FFT 5X5 1
256 Deconv 4 X4 2
D1 256 ResBlock 5X5 1
256 RB-FFT 5X5 1
128 Deconv 4 X4 2
D2 128 ResBlock 5X5 1
128 RB-FFT 5X5 1
64 Deconv 4 X4 1
D3 64 ResBlock 5X5 1
64 RB-FFT 5X5 1
PR 128 Conv 5X5 1
WHEFMY% 128 ResBlock 5X5 1
32 Conv 5 X5 1
il 5 Bk 32 Conv 5X5 1
32 RB-FFT 5X5 1
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Table 3 Comparison results of different methods on self-made

rail surface defect blur image dataset

DikiS PSNR/dB SSIM  Parameters/M B [i] /s

MAP —> Zero-DCE ~ 15.96  0.326 — —
MIMO — Zero-DCE ~ 16.33  0.445 — —
Zero-DCE — MIMO  16.55  0.419 — —
RUAS — MIMO 16.79  0.462 — —

SNR 20.24  0.631 39. 50 0.10

GFN 22.38  0.725 14. 31 0.07

LDNet 25.18  0.796 0.38 0.02

LEDNet 25.57  0.819 8. 82 0.15

R T 23.12  0.758 13.07 0.14

SPNet 25.82  0.825 40. 25 0.12

AT 28.43  0.851 14.52 0.16

: v
L gt

(OLEDNet (o) BHERIT7%:  (h)SPNet (i) A%

(@) BEHIER () BEWHELR (o) M&RE (d) SNR (e) LDNet
(a) Blurred (b) Clear (¢) Network (g) Pre-improvement (i) Proposed
images images caseading method method
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Fig. 3 Processing effect of different methods on self-made rail surface defect blur image dataset
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Fig.4 Comparison of rail surface defect image enhancement effects

of different algorithms
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I (local maximum gradient, LMG) 1 & 2 B0 09 7 1.
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directions methods of multipliers, ADMM) % I A8 5% /Mb
SEU5 DAL Zhang %55 $2 H 35 3t 5 i 4 B b 26 ) 46 5 A
1 1) )5 Cencoder-decoder deblurring and super-resolution
network, ED-DSRN). it A 3 F ¥ & o2 2 9 05 ik, W
Kupyn %50 8t — Bl 2] 3 4 50X B 19 4% 25 BRI (deblur
generative adversarial network, DeblurGAN-v2) f) J5 % |
Kim 4559 3% i — Fh 2 RO B Be M 4% (multi-scale-stage
network, MSSNet) 77,

x4 FHANKEGHTEHER

Table 4 Average metrics for all test images

Ty ik 5 B X H FFIA] /ms
J P 7.516 0.179 —
HE J5 % 7.832 0.181 27.8
SCHk[ 260771 7.759 0.186 836
MSR J7i& 7.913 0.194 785
ATy ik 8.563 0.318 894

25 7 I PEA BB R B IS B ROCR dn ke 5 FIRL 5 BT
No R LMG F RS 0BG SR W, B A A M,
2% ADMM kb H 5 A9 5 BN R B4 . 530 H bR B
NGB AL T AR BG4, 4 ED-DSRN 4k 3
Jo R R B AR B T MG BT B {FL 7 SR A0 TS T T AN
Wik, MSSNet 4b 35 i UG A - B8 419 A il 5 2 5 T
AT H BT RO RS . AR SO vk A S 15 3 1Y
FUR G EW B T AW R B EMESE, IRt e
¥, NFE 5 A LUF L, ADMM iS58 KD, Hiftb )y ik
HTEETRESY , MESHEOMZ N, Hibz
T AR SCR I CNNs R AR 515 78 2 B0 A 25 A R 1
BT A5 5 B PR A5 5 T A, R B A0 SR . AR MR
77 T A B F MSSNet, PSNR Al SSIM 43 %4275 T 0. 18
dB.0.012,5 ED-DSRN #{ k., PSNR FI SSIM 43 %425 T
3. 81 dB.0. 143,

RS5 AREEMATERTENERITEE
Table 5 Comparison of evaluation indicators

of different defuzzing methods

ST PSNR/AB SSIM  Parameters/M [ [H] /s
ADMM 15.96  0.247 4.53 0.10
LMG 18.69  0.524 13. 26 0.15
ED-DSRN  22.34  0.685 12.04 0.16
MIMO-UNet  23.94  0.716 16. 21 0.17
MSSNet 25.97  0.816 28.15 0.21
AR 2615 0.828 13. 17 0.14
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AT IR A SC A% 8 G R OR RIS B ([ 38 R TR 2R
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Fig. 5 Comparison of rail surface defect image deblurring effects of different algorithms
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Table 6 Quantitative comparison of ablation study

MEmIE AEmm
“ ég"ﬁ v 5
i AR 75 Retinex GRS RRO R

S ¢ NG N 8.106  0.289
NG N 8.058  0.285
J J 7.892  0.191
J J 8.563 0.318

1

E ] ® 1
(a) A (b) Tk 1 (c) Tkl () FEM () KN
(a) Original (b) Method (¢) Method (d) Method (e) Method
images | m T v
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Fig. 6 Qualitative results of ablation study () BUBIER (©) fﬁm%ﬁ% (9) A3 T7 %%
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Fig. 7 Contrast diagrams of rail surface image deblurring effect
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Table 7 Different sub-network ablation experiments

KR BT HER Ay
PSNR/dB SSIM
T M 4% PR 2 T W 2%
N 25.92 0.817
J 26. 35 0. 836
J J 28.43 0. 854
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