CRTECIE BEY et A TR Vol. 34 No. 18
2026 4£ 9 A Optics and Precision Engineering Sept. 2026

XEHS 1004-924X(2026)18-2936-23

H R KBNS RESEHRANERE
Bl & 158 77 %

%w% HEE, gL
(1. K&EXR FHMIZFR,TT K& 116028;
2. K#EX L_k% BATEZR,TT k& 116045)

8 2 < A T T R I P A R G PO RO T R SO X8RI Ry S BH 5 i B A PR BE AN 0 GRS R S S B 45 A M LA
P R) I HR Y — b 22 R RE 45 K R e I TR R TR 4% 18 5 1) 4% ( Mlulti-Scale Structure-Aware Network,MSA—Net) o ZMZELL
W 56 IR 9 % (Self-Calibrated Illumination, SCI) Jy JE il , 8 i £ R 45 AiF 2 BUBL B (Multi-Scale Feature Extraction
Module, MSFE ) 3k BUAR [6] Jg&k 52 85 T 1 )6 IR SCHE RN 30 2% A 8., ) K JIR B &5 44 J8 JH1 7 8 1 L8 (Structure-Sensing Atten-
tion Module, SSA ) 5 {1k B2 #4485 4% 20 BEAN 0 ¢ 30 AL w7, I 2R E 3 N 5% 25 Al A BB (Adaptive Residual Fusion
Module, ARF ) M 4f IX 55IR A FR B2 20 25 08 750 35 0 i B L 7 A MV 0 PR A1 TR 8 2k 6K 0 0 s R L O R i i B v %o e &
WK I SIS . A5 R FR U], MSA-Net bR HE 22 SFEIBREE A5 B0 . B 4R UG R & PF A0 A JE 2 25 R A5 1) 5 4t 3740 43591
S 46.39,30.49,4.88,21.36 F126. 34; BRI S K& R 0. 016 M, 8 & 4 9. 782 GFLOPs, 3455 3 /i 35 #] 302. 39 FPS,
R HTIE# G IR EMR IR0 Y OLOvS 1 I &3 1, MSA-Net 5 5 &1 A B K5 1% A1 1115 .m AP@O. 5 Fl mAP@O. 5:0. 95 43l
K H]86.10% ,83.60% ,85.80% F159. 00% , i 1 3 b # 3 B 35 B 99. 02 FPS 5 e AR AR B I I 25 1) Y OLOv8 A I 5
A, DU TG4 B 430 15 51 88.10%6,85. 40%6,88. 60 % F161. 80% o 8 W A2 FAIK e B JRIAG 85 s 45 1 1) S 36 i — 28 B8 IE 1 3%
50 S 50E I o TRk R B8 T DR R S B A AR Y [ B e AU R A PRGN A5 R T BRI, T AR gk
B A2 0 (AR R 1 TR B A

X B OWKRBERBNE R S RIS MR IR E ) B IE IR £ Rk A

HESES:TP391.41  XERIREG:A

doi: 10. 37188/0OPE. 20263418. 2936 CSTR:32169. 14. OPE. 20263418. 2936

Multi-scale structure-aware low-light image
enhancement method for railway fasteners

MA Siwei', HU Henan', LI Ronghua®

(1. School of Mechanical Engineering, Dalian Jiaotong University, Dalian 116028, China;
2. School of Electrical Engineering, Dalian Jiaotong University, Dalian 116045, China)
* Corresponding author, E-mail: lironghua705@163. com

Abstract: To address insufficient image brightness, blurred edges, and poor distinguishability of key struc-

tures caused by inadequate tunnel illumination, uneven supplementary lighting, and local shadows in vehi-
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cle-mounted railway fastener detection, a Multi-Scale Structure-Aware Network (MSA-Net) was pro-
posed for low-light image enhancement. Built upon the Self-Calibrated Illumination (SCI) network,
MSA-Net employed a Multi-Scale Feature Extraction Module (MSFE) to extract illumination, texture,
and edge information under different receptive fields, a Structure-Sensing Attention Module (SSA) to
strengthen the responses of bolt contours, clip textures, and fastener boundaries, and an Adaptive Residu-
al Fusion Module (ARF) to dynamically adjust the enhancement intensity according to regional degrada-
tion levels. Ablation studies, algorithm comparisons, and downstream detection experiments were con-
ducted on a low-light railway fastener image dataset collected from the Fuzhou Binhai Express Line. The
results show that MSA-Net achieves a standard deviation, average gradient, information entropy, Natural
Image Quality Evaluator, and Blind/Referenceless Image Spatial Quality Evaluator of 46.39, 30.49,
4.88, 21.36, and 26.34, respectively. The model contains 0.016 M parameters, requires 9.782
GFLOPs, and achieves an enhancement speed of 302. 39 FPS. For the YOLOvVS detector trained on nor-
mal-light images, the Precision, Recall, mAP@0. 5, and mAP@O0. 5: 0. 95 obtained using MSA-Net-en-
hanced images reach 86.10%, 83.60%, 85.80%, and 59.00% , respectively, with an end-to-end pro-
cessing speed of 99. 02 FPS. For the detector trained on original low-light images, the corresponding four
metrics reach 88.10% , 85.40%, 88.60% , and 61.80%, respectively. Experiments on two public low-
light image datasets further demonstrate the adaptability of the proposed method to different scenes. MSA-
Net improves low-light railway fastener image quality and structural distinguishability while maintaining re-
al-time processing efficiency, thereby providing stable image inputs for vehicle-mounted railway fastener
detection.

Key words: low-light image enhancement; railway fasteners; multi-scale feature extraction; structure-

sensing attention; adaptive residual fusion
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Fig.4 Structure of the ARF module
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Tab.1 Experimental environment configuration

Configuration item Parameter
16 vCPU Intel(R) Xeon(R)
CPU
Gold 6430
GPU NVIDIA GeForce RTX 4090
GPU memory 24 GB

Deep learning framework PyTorch 1.11.0

CUDA 11.3

¥ % # 5% 4 Python 3. 8. &k i 41 F EME R~y
640X 320 pixels(F& X f& ), Yl ik 72 v AS 247 3%
By 5 45 0, UK RGB R R H — 1 2 [0,1].
MSA-Net % H Adam ft A &% #4171 25, 90 46 27 >
o0 0.000 3, 8l S50 B, M B, 53 A1 E R 0. 9 F
0.999, KT 2 98 7 KRy 310, YN fe Kok
100, fit 2 K/ R 1, VIR B Be i) B A HE By B i
BN T=3,
3.2 iFMIER

Ry A T PEAN AN [R] 7 1k 1 PRI A 3 5 1k g L A S
K B #E 2 (Standard Deviation, SD) | - £ 8 J&
(Average Gradient, AG) . 15 B %% (Information
Entropy, IE) | F % & & I & ¥ 4 75 A% (Natural
Image Quality Evaluator, NIQE) #1 5 /& & % &
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Hop o H, WA, j) 09 & SCIR R (23) 54 A1 53 5] s, RN g SR R a, 16 43 B 3R R

FRBENAT RG] AG Bl F R R &
18 10 G RV SCRE AR AL B T S, 45 R 0 3 83 DA

B TE JH T4 3 P O A A R A
JEE AR B R R R E’JF | HE R
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) SE ), A SCR FH RS 1 % (Precision) A A8 (Re-
call) . &2 3F It (Intersection over Union, loU) [ (&
A1 0.5 I () 908 E 27 {H (mean Average Preci-
sion, mAP@0. 5) L B ToU E{E M 0. 5~0. 95 it
- HK§ B B (mAP@O. 5: 0. 95) BEATIFH o

Precision il Recall j# K , i # 7R i 4 Fl s
b o T3 5 = (28) X (29) s
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Precision = ———, 28

recision TP+ FP (28)
Recall— —F (29)
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Horb: TP, FP M FN 43 51| 3 75 T 8 A 00 15 45 F
T A 1 H bR i
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B R, G T R . SRS S Bk C
HA s =X (30) Fnak (31) f s

1 &
AP@0. 5=— AP (0.5), 30
mAP@ C Z ( ) (30)

mAP@0.5 : 0.95=
(31)
oC EZAP 0.50 + 0. 05%),

c=1k=0

Hp: AP.(0.5) R 5 ¢ 26 B A5 7€ ToU B {H K
0.5 Hf B -4 B . k=0,1,,9, % Ji 0. 50~
0.95. 25K 4 0. 0519 104~ ToU B

FERSE R TH S A0% T I, >R 2 800 (Parame-
ters) . T 42 K ¥ ai iz 5 & (Giga Floating-Point
Operations, GFLOPs) | 55§ [&] 1§ #f& B2 s [1] F1 4
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Fig.5 Railway fastener image acquisition device
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5E 4% MSA-Net i) SD, AG HI IE 43 51| ik 2] 46. 39,
30. 49 F1 4. 88, NIQE il BRISQUE 43 5] % % &=
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Fig.6 Module ablation results on image quality assessment metrics
R2 AEEROEMEIEER
Tab. 2 Ablation results of different modules
Method MSFE SSA ARF  SD AG IE NIQE BRISQUE Params/M GFLOPs FPS
Original SCI 19.04 11.55 3.84 25.28 27.38 0.006 9.191  326.90
1 NG 32.18 21.36 4.29 23.74 26.92 0.012 9.636  312.42
2 N/ 28.64 18.75 4.17 24.06 26. 85 0.006 9.191  326.90
3 V25,47 16.82  4.05 24.52 26.98 0.008 9.303  320.45
4 N/ N 39.86 26.83 4.58 22.48 26.56 0.012 9.636  312.42
5 N/ <o 37.62  25.41 4.50 22.76 26.61 0.016 9.782  302.39
6 N < 35.27 24.16 4.43 23.05 26.63 0.008 9.303  320.45
MSA-Net N/ N/ Vo 46.39 30.49 4.88 21.36 26. 34 0.016 9.782  302.39

3.4.2 BEAFIEva 5 k42 M 3G IR 5T

SRy LWL 53 AT 45 A A B A AR IR R Ak I 1
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T2 B REAE |, SR FH 38 18 266 0] i R 35948 A el = 4k
i 7 P, 35T s (32) B
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=1
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N, C Ay T 4R
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(32)
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TR0 308 3o % S 4R R A Y U S B fn R e
J3 5 5 R R 17 5 B 2R R 2 8 3¢ 3 45 T o B4
FEARARL 5 X5 B 5 Vu B N HEAT R R AR, LD S
B ARSEAEN ETXFER. &2 R
JE Rl A, 4543 S A B HORN R S 2% R AR T
AR PR R e ) i A & R iy 525 | B
SCIRFIE SRR o

R o3 A U 2 B BE SSA R[] 43 32 % Bk e 1
S 445 A ) ) AR S IR A 0 B L A Ak S B
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Fig.7 Visualization of multi-scale feature responses of MSFE
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Fig. 8 Three-branch responses, fused attention, and feature recalibration results of SSA during training
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Fig.9 ARF weights and enhancement results in regions with different degradation levels

F IR T 3 M B R AE A [R] 5 1 X 4 Y
BIGEITHEE R o R A SR B SR IR B R 45 R
JE¥IH— AL 2= [0, 1], AR} 5 5 0 45 %E S ARF
WEE R Y S AP EZ I, BE

DX 3 I DX AR b F AH G 5 X, 3 A e S 24 il
0.386 82 [ fik & 0.327 58, ARF ¥ ¥ AL &
0.434 93 B I% & 0.432 23, #H X =% & 14 25
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Tab.3 Statistics of ARF weights and enhancement results in regions with different degradation levels

) Fixed-fu-  Adaptive-fu-  Adaptive lu-
) Mean input Mean enhance- ARF ) ) ) ) )
Region ) ) sion lumi- sion lumi- minance
luminance  ment-map value  weight a; .
nance nance gain/ X
Dark region 0.018 95 0. 386 82 0.434 93 0. 046 90 0.099 71 5.262
Medium-luminance region 0.030 96 0.362 38 0.433 60 0.078 88 0.162 23 5. 240
Relatively bright region 0.047 50 0.327 58 0.432 23 0.128 84 0.246 90 5.198
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Fig. 10 Intermediate variables and multi-stage reflectance recovery results of MSA-Net during training
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F R B I AR ¥ AT e R 5 o' BR A 1 SRR Y
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A0 0 5B T 2 A I R R AR 5 A
|| W) 7 52 B A Ak R 45 6 30 2 BT B R
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SRy U A R = 4 il v AT A 3 A
SCHE— 1 B 10 B s FE A FE 45 1 25 B B 3
5 R IRF MO BREL LA RS B R, B B (E 5 b o
2 [ BF 31 v || B (S A K, 45 2R
W4, Ho M, LR BUEE R A[0,1],

FH 2% 4 R T, B 2 1A o B B A ot 4 i e
M I 0. 374 69 [ AR 2 0. 071 76, 6 A A 1,
B FAME 0. 194 39 B#AK 2 0. 062 31, Ui 1 J5 £ B

BT T A 700 1 5 A5 8RO BB A& IE B 8
5 e IRI e, B B R S5 (E R 0. 164 00 R IR 4 =
%0.367 00 F10.537 97, 4r#E 2% F 0. 054 1838 /i
% 0. 186 32, 3 W M5 52 B A [ X 38 2 [] 1 K
EERBLWE

e IR R A 34 (E 0. 135 37 BRI &
0.001 09, KAt 1 0. 464 86 F& 1K % 0. 007 16, 15
W Stage 171 T 3 K MR B 09 0 06 1 0E I 22
Bt EBBIER A2 . & Stage 3, K HE M E
T 0, i'%%%izixﬂﬁgmﬁ% SR BuR Ty !
JE o A B 10 By b R A ] 1LY A3 ] e L A
%M@éﬂﬁ?ﬁﬁﬂ%ﬂ,MSA-NetﬁL“iaﬁHﬂ%%i-
I BR A - B R A o T I kB L 1B 4B
DR AR 3 5 000 28 11 5 BE R 02 5 45 R AR g
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Tab.4 Numerical statistics of intermediate variables at different training stages of MSA-Net

Stage M,(Mean=+Std. ) I(Mean=+Std. ) R,(Mean=+Std. ) Mean of |A,] Maximum of |A]
1 0.374 69+0. 087 26 0.194 39+£0.076 43 0.164 00£0.054 18 0.135 37 0.464 86
2 0.13571+£0.050 77 0.090 12£0. 047 64 0.367 00£0. 12561 0.062 06 0.21593
3 0.071 76£0.038 83 0.062 31+0.038 32 0.537 97+0. 186 32 0.001 09 0.007 16
3.5 XEbZIE X g R 12 R, Em s R LR 5.

3.5.1 RRAEeskEiot BHE R R AT
S B UE MSA-Net 78 15 F8 R 4% 1% 0 14 & 4% 334
AT 55 H B9 B M 1% B Retinex Ji & B9 R I 42

¥ #8 % 75 7 (Retinex-inspired Unrolling with Ar-
chitecture Search, RUAS)"™ | Zero-DCE"" | 4 5
Retinex 47 fift M 4% (Robust Retinex Decomposition
AT XL

Frifdn, Bl

Network, RRDNet) " Hl i 4y SCI'*'
25 07 TR YA AR [ A Ak Sz 0 A AR 1 R

Original image RUAS

Zero- DCE

WA 12 7, D R HURE P {5 B2 0 %) L JEE
B BE AR F0 B B4 SO S AR S LR
RUAS fe % $2 Ft W X 5% B2 (H 3 43 45 09 30 S A1 ¢
BOW ; Zero-DCE (Y 5% FBE $2 FH 3 W1 0 (B AA7E 45 5
[Fi] 25 1 58 R0 B2 22 W 08 55 B 4 s RRDNet HE 98 1K
SR IR AR B A Ry 3 DX 3 4T3 SR i 15 5 SCT ek 3%
T EMG AT UL A 55 25031 Al /NG54 PR ZAT
WA

RRDNet

MSA-Net

P12 TRy v e R R 8 8k 4 1 TR 45 L i B 5 X L

Fig. 12 Visual comparison of different methods on low-light railway fastener images
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Tab.5 Comparison of enhancement results on low-light

railway fastener images

Method SD AG IE NIQE BRISQUE
RUAS 28.24 17.14 3.54 28.86 40.61
Zero-DCE  26.14 19.22 6.70 24.38 37.20
RRDNet 8.65 7.05 5.13 23.58 42.03
SCI 19.04 11.55 3.84 25.28 27.38
MSA-Net 46.39 30.49 4.88 21.36 26.34

FHEEZ N  MSA-Net 75 #2 /5 8 45 B A [ B
BEGF AR R T 0 G A i A R AR R R R A%
230 BRI 300 25 N W . AR TR FEAS o R
H B A R S Ao 498 RN i 2R R 7E S R K
52 JR RO Ll B RN 25 A AR R 2 B AR TR Y
A

i ¢ 5 0] 41, MSA-Net ) SD 1 AG 43 %1 i&
£ 46.39 f130. 49, M X e kP A R, F
WY A 08 4 KRG K BE 43 A JF 1 5 i % 5 803
Wi ) . H NIQE #1 BRISQUE 43 %1 & 21. 36
26. 34, B IAT S AR AH L 0 W 1 5 25 2R AE [ SR A
e A I A T T AL

Zero-DCE I RRDNet () IE 43 %}y 6. 70 il
5.13, % T MSA-Net {1 4. 88, {H IE 13 Jz W JK
RS Y T AR R MR ORI ok 1 5 A 1Y
TR BE e 2y W) FE T B A TH e o A5 A R 120 0L,
MSA-Net (% TE 3 SCI#Y 3. 84 A fir 4& Ft , [] i Hi
153 f = 19 SD, AG F1 & ik 9 NIQE, BRISQUE,
Uk B HL A 5 R A A0 Y 48 i R R L ) 22 ) B
15 T B 25 6 A

R VEA AS ) 38 588 7 3k 04 TR 07 FH 8 g, AR S
HE— 25 H A0 45 O B S R T B R RN HE B K
ROGER I E 6, % TF RUAS, Zero-DCE, SCI
MSA-Net % Hif 5t 207 16, 76 AH [5] B8 0 2R 58 g A
ROT R 75 20T GE it A AL HE B ] . RRDNet
e BB X R MR R BEAT AR AR L e AL
PR AR ST AR 2 R R & 2 8
wMITE R, A S 5N E & FPS By A %
P

i %% 6 7] 1, MSA-Net i 2 5t & 4 0. 016
M, it T Zero-DCE #1 RRDNet, 1 #% & T RUAS
MSCI, Hit#& 8~ 9.782 GFLOPs, & T Zero-
DCE #1 RRDNet, {H & & T SCI. MSA-Net [ 5.

e P A% 4 BRI fR] A 3. 307 ms, 4b B OB B 3 #)
302. 39 FPS, 2 B it £ 77 1 7 4 Tt R4 30 oi ot 1
{149 T] P AT A 5 T A AR A 3 B T 4 0 2 s 1) B
B, BEAS Tl 2 R I 0 R R S i R T 0K
ZEA R 12 Ko 36 5 M3 6 1T 41, MSA-Net 15 &
I G 52 B 1) ) B, R A0 A0 4 b £ 415 M AR B G
50 2% SOURN R i AR OCHESE M I AR TS
AR AR R AT A R RHE B SOR 2 R) B A A Y
S, HOAL B B 3K B 302. 39 FPS, 0] Sy J 224k
S5 U042 G 0 AL A R ) I R e e AR

®6 AREEBRFAFNHEERESHEBERENL
Tab.6 Comparison of computational complexity and infer-

ence efficiency of different enhancement methods

Method  Params/M GFLOPs Time/ms  FPS
RUAS 0.003 0. 669 2.525 396. 04
Zero-DCE 0.079 16. 220 2.237 447.03
RRDNet 0.128 26.159 — —
SCI 0. 006 9.191 3. 059 326.90
MSA-Net 0.016 9.782 3.307 302. 39

3.5.2 AR EL %R T 64k Jo 4400
AR

Ry VA AR R CRE P A5 08 5iO6E T Ui Ak I 0 1 A
DU B Y 52 ), I B A 39 iR 90 Ah B 5 B 0 AR
W PRI S ey 00 25 PR P R B 26, AR SC 43 A
A E B O IR G I 2 R 25 R AT R D 1 I
0 £ o PSR 2% SR HIAH [R] ) YOLOV8(You
Only Look Once version 8)" # % &5 ¥ iy A
RIS O o YN N[22 g

A, [ TE RO IR RN 245 2 0 R T 2
R, 43 0 g A 46 A% R JEHMR DL & RUAS, Ze-
ro-DCE,RRDNet, SCI Fl MSA-Net it 4% 5 45 3 |
FH T PEH A [ 38 58 7 vk 78 A 528 U1 ke DU 2% 5%
AT 6T A 4 B 7 R

W ), YOLOVS i A R 48 — i &
640X 640, it 7 K /N R 1, NMS 38 If t [ {5 R
0.45. BEfFEBEKE N O0. 25,

& 13 i, 3 i D 4 AP e EE R 38 R 7 A=
AR MAE . ek AT k85, YOLOVS fig
i 1 &2 %0 B bR B KD, B RUAS, Zero-
DCE, RRDNet 1 SCIA} A7 7 DU AE & 15 B it (%
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Fig. 13 Detection results of railway fasteners under different input images

1 F & 134 7R MR R A, i — 25 R F 58
e MR 4E E Y Precision, Recall #1 mAP #:47
HIE AR R T,

1% 7 T, 76 IE 5 O BRI R I 48
25 38 5y T 24 RE K TR R B M 2 3 D L I RS R
RS M §E . HisP, MSA-Net 49 Precision, Re-
call, mAP@0. 5 Fl mAP@O0. 5: 0.95 43 5] ik |
86.10%,83.60% ,85.80% H159.00% , 42 A K
RS i A2 B W 14.70%,22. 80 % ,19. 10% Al
15.90% . 5 RUAS M H , MSA-Net 9 IU I $5 b5
43 M3 1.60%,3.40%,2.40% F12.70% , %
HH 3 o 45 SR 6 6 T A AU b i35 AR IR B AT
) H bR 5 MR

®
E
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Tab.7 Detection performance with different inputs using the

detector trained on normally illuminated images (%)

mAP@ mAP@O0.5

Testinput  Precision Recall
0.5 :0.95
Original image  71.40  60.80 66.70 43.10
RUAS 84.50  80.20 83.40 56. 30
Zero-DCE 83.80  78.20 81.50 54.10
RRDNet 78.90  73.10 75.70 49. 60
SCI 82.60  79.40 82.90 55.80

MSA-Net 86.10  83.60 85.80 59.00

Bt i, T P R R B P I 045 31 B9 YOLOvS
A I A5 A A [R] — I o ol A D A A R
JE GRS [R] J7 12 (0 389 5 45 28, T4 [T 45

568 0TI R L T ) RS T % 10 5% ), 445 2 L3R 8.

i 2 8 1 4, RUAS, Zero-DCE Hl SCI i ¥
W 1) 22 B 48 AR A BT 2 71, T RRDNet 1Y DY 55 45
b AT AT T B, AT RE 5 o RS R AR R I R R
& Z 18] B FFAIE 43 A1 22 5% & o MSA-Net iy Pre-
cision, Recall, mAP@0. 5 F1 mAP@0. 5: 0. 95 43
I ik #] 88.10% , 85.40% , 88.60% #1 61.80% ,
A I I RRCRE i A 4 il 4 e 1..80%6, 2. 200,
2.20% F12.50% , I WA 45 19 5 07 1 b Y B AR 4G
B AR R AEAR L AT, MSA-Net 1
58 AN RE 18 18 T 1 O BRSO 25 i R 25,
FE HE — 25 o 0 R T I A U 2 1 A A
5L EERE

i VE A AS R 3G 5 5 A YOLOVS Ji 1) 3%
T Ab BEACR [ A2 1E F 6 IR MG I 2545 21 i A
FRCTE I A A — AR 4 i A D G A1 R

F8 TR R B A 25 7R A B N ELR T B R 1 A
Tab.8 Detection performance of the detector trained on

original low-light images under different image in-

puts (%)

mAP@ mAP@

Testinput  Precision Recall
0.5 0.5:0.95

Original image  86. 30 83.20  86.40 59. 30
RUAS 86. 74 83.86  87.03 60. 08
Zero-DCE 86.96 84.11  87.39 60.47
RRDNet 84.82 82.73 85.95 58.84
SCI 86. 28 84.56  87.77 60.92
MSA-Net 88.10 85.40  88.60 61.80
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PG RN 2% 77 15 i B s 45 1 . YOLO K il B[] 42
55 R S04k B 2% Hij ] 4k 21 AT NMS J5 AL 3 s
1) v B[] Ay L 45 388 58 B [E] 55 Y OLO A6 I B i) 22
A T e AV R P14 ) 4 s s ] 5 R O

H1 2% 9 T 1, MSA-Net [ 35 ) 3t b B i [7]
10. 099 ms, X 1 &b 3 3 B2 S 99. 02 FPS, AR BE
i T RUAS #il Zero-DCE, {H & T SCI K & 15 1%
W i A o RRDNet 76 I 32t fy B 5 22 4 %) 5 iR
i A UG BEAT AR AL, L 58 % 4b 2 0 R 5 T A
SR AN ] B AN 2 5 0 B i 50O B L%
Fed . 45432 7T ROA I 25 R, MSA-Net 78 BUS i
{4 Precision, Recall #l mAP 19 [&] B 475 1% 5 3% i
100 FPS 114 vt 1) syt b P 5 5, 3¢ BH HE A G 0% B
552 A AR 2 [ B T BT A

F9 AEEEHNT YOLO #& il K i Zl i Ab 18 8 %
Tab.9 YOLO detection and end-to-end processing effi-

ciency under different enhanced inputs

YOLO de- End-to-end
. o ) End-to-
Testinput  tection time/  processing
, end FPS
ms time/ms
Original image 12. 700 12.700 78.74
RUAS 6. 987 9.512 105.13
Zero-DCE 7.327 9.564 104. 56
RRDNet 7.544
SCI 7.201 10. 260 97.47
MSA-Net 6.792 10. 099 99.02

3.5.3 REEE A HUH 8GR M AR ATk

Ry 5 UE SSA FE N 25 By Be R £ B 14 20 R 2
SE PR R R AR SCTT R R ) T 28 S AL i
Bt b S2 8 . 7EfEFF MSFE, ARF & W 4 HoAth 45
PSS [ 251 B A5 I 45 71 1 SSA 43 501l 5 4

Low-light input

N AT = A (Convolutional Block Atten-
tion Module, CBAM)"™" & B {F: 2 Jy M He (Tex-
ture Attention Module, TAM)" #1 B B] 5| & £ 3k
H ¥ & /1 (Illumination-Guided Multi-head Self-
Attention, IG-MSA)"™ 4% 21 52 56 5% FH AH [H] (14 %%
Pt g o K ok B I S BORIN AR A
TERE IR B0 R 45 S L3 10,

F 2% 10 W] H1, AN [R]85 g ML) X 34 i ) 265 1)
YIhags BAFAE 22 5% . TAM B & 1% i NIQE {8
19.41,{H H SD, AG HI IE A8 % % {% , BRISQUE
32,71 CBAM TE X L B 1 40 45 3 58 7 1] 2% 90
BAF AR A TR AR A S T SSA; IG-MSA 1) 1E ik
#4.63,{H BRISQUE J} % 41. 48, % JHl SSA i,
SD, AG F11E 43 % ik 5] 46. 39, 30. 49 1 4. 88,
i = {6, BRISQUE [ 2 fe IR 19 26. 34, B4R
SSA ) NIQE - 3E St , {7 76 I B 43 A 30 2 4
AR B IR R R R B W O 1 IR T
25 5L, R I SSA BB 7 I ZR B Bt Jhy 1 ot ) £4% 42
HEAT RO 25 F BN 2 o

F10 TREIEZ SV E LR R X b
Tab.10 Comparison of enhancement performance using

different attention mechanisms

Attention SD AG IE  NIQE BRISQUE
CBAM  39.37 28.70 4.54 21.40 27.05
TAM 34.45 18.99 4.19 19.41 32.71
IG-MSA  36.41 20.86 4.63 20.37 41.48
SSA 46.39 30.49 4.88 21.36 26.34

& 14 7] W, CBAM fE % 14 5 11 4 X 558 A9
Jry S e 1, {E SR 8 R B B 5 TAM X S0 B A
Mg 7 LAY — S 1 VR R AR 40 X3 45 4 % L
FE AT 8K D 1% 5 IG-MSA B 38 T 38 7RO B8 ¥ 57 ¢k |

IG-MAS MSA-Net(SSA)

Fig. 14 Comparison of railway fastener image enhancement results using different attention mechanisms
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3.5.4 LOL ¥ % b o3 % R Ik

B UE MSA-Net 7 38 FH G IR B 37 50 1 38
FH M 7R 303 B 1 AIG IR AR 804 46 (Low-
Light dataset, LOL) ™1 (1 485 5K AIL I & [€14 , If:
TR 43 S IR A AN AR L 400 5K A I
%, 855K J F I i . MSA-Net, RUAS, Zero-
DCE 1 SCT ¥ 2R I AH 5] f4) £ 48 Xl 43 558 U1 25, I
fE48— MK A B #1774 s RRDNet #2846 7
0T A W K PG AT B A A

i 5% 11 A7 %1, MSA-Net 1 SD Hl AG 43 5] 35
F 47,38 F116. 74, 355 X b J7 ik v (9 e v {EL L, 3R

B HBE 0% 9 I GO 32 3 A O 16 ok il 2% 5 2 3
Ml o HTE R 6. 94, WA T SCI Y 7. 06; NIQE
I 45 B IR {E 8. 18, BRISQUE K 27. 93, Y & F
Zero-DCE. %5 & 4 W46 br 55 & 15 1Y #5645

MSA-Net 7£ 5% FEWR 5 40775 14 58 AL o8 B 4K réz
SE (1438 AL
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Tab.11 Quantitative comparison results of different en-

hancement methods on the LOL test set

Method SD AG IE NIQE BRISQUE

RUAS 35.38 11.93 6.86 8.73 29.62
Zero-DCE  29.24 12.41 6.36 8.93 24.89
RRDNet  20.60 3.40 6.03 17.75 28.97
SCI 41.61 14.35 7.06 8.23 30.49
MSA-Net 47.38 16.74 6.94 8.18 27.93

W E 15 JrR , DGR A TR 3 T AR IR 5 AN
S I DX G5 A 0 S0 B DL R TR R R e — 81 A
XiF I I H O RS B AT HRSR [ AR
SERE R FAH TR S )y TH Y 25 5% . RUAS HI
Zero-DCE i % $& & KIS 52 B, {5 & 43 IX S8l 77 A
R R E e O IR % s RRDNet 19 14 5% 45 IR 4%
RARST B DX 5 A PR s SCTek st 1 AR 7T L
PR RS2 AR A 5] . M EZ R, MSA-Net
FE R 5 s DX A 180 [ B A b RS T 3 R B
DGR BE RS BN, EL A H B R A% A T AR
W, 765 B 5 00 A AR 2 A BRUAS T A4 1Y
A

SCI MSA-Net Normal-light

reference

BI15  LOL od G b 0 R {508 ik 45 1 1 08 X LL

Fig. 15 Visual comparison of low-light image enhancement results on the LOL dataset
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World paired low/normal-light images dataset,
LSRW)™ 48y 745 b IF AT 925 . A Sk
BT 2 450 5k Ik B8 R BT 4% O 1R R o,
2 000 5K T T U1 %k , 450 5k FH 7008, Il 2R 4 5 000
AL Z B RBES .

JC Wi B 18 5 @A R 2% (Unsupervised Boosted
Fusion Network, UBF-Net)™" | % 2 % A L i )i
W] & ( Zero-Reference Camera Response Network,
ZRCRN)™" ,RUAS, Zero-DCE, SCI fil MSA-Net
g SR R[] B0 B0 S0 7y, O 4 B 45 B B9l 2R S
B U 25 5 AF IE WAk B M5B Retinex J5 ¥ (Non-
Regularization Self-Supervised Retinex Approach,
NeurBR)"™ #1 RRDNet J& 7 £ 416 4 9 5l 45 , #%
R D e J7 92 00 I 502 W kA7 A i Ak . B
A T VR B AT IE O B IERAE O B R OF
TEFA TR Y 450 FRAR IR B2 &5 AT o

H1# 12 A1 A1, MSA-Net /9 SD i5 % 57. 87, K
T 7 s v SR (e, R W B SR KSR B A B 5 o
4 K JEE 3 A R X LG o H AG FITE 430 A
11.36 A1 7. 17, 33 & AL, He i AG UK T Zero-
DCE, IE {2 F NeurBR, i3 W1 % J7 1% g 9% 52 47
WAk % 515 BN . MSA-Net (1 NIQE
7.39, f F RUAS, Zero-DCE, RRDNet Fil SCI;
BRISQUE & 21.66, {& T NeurBR, UBF-Net,

N Vo)
v " o

4l i L1
¢ L

NeurBR

Original image

£ ;k"
" “ -

UBF-Net ZRCRN

RUAS, Zero-DCE 1 RRDNet, A {¢ % & T ZR-
CRN. Zi4 & Wifs bR , MSA-Net 16 % b 3T}
AR RS0 R B 22 ) BUES T A
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Tab.12 Quantitative comparison results of different en-

hancement methods on the LSRW dataset

Method SD AG IE  NIQE BRISQUE

NeurBR  51.66 7.12
UBF-Net 42.04 6.97
ZRCRN  37.25 5.70 6.79 7.16 21.45

RUAS 56.33 11.27 5.75 8.00 30.59

7.23 6.83 24.91
7 7
6 7
5 8
Zero-DCE  45.38 11.79 6.93 &8.14 29.23
6 8
6 7
7 7

.01 7.04 22.56

RRDNet  38.19 4.44 6.74 8.63 22.06
SCI 47.17 6.81 6.72 7.45 18.41
MSA-Net 57.87 11.36 7.17 7.39 21.66

i1 18 16 ] WL, NeurBR , UBF-Net il ZRCRN
AE 5 A0 15 DX AT 0L (R S S AR AR S R
JE B 8% i 8% s RUAS 1 Zero-DCE (9 4% Ji 2 7+
AW 0 ) i A A X s B R R AT &
2% s RRDNet 5 SCIH s 8 0 PR 5F 38 40 i XA B
ARG M. M Z T, MSA-Net 78 #2 5 #4152
JEE %) TR0 B A e b 400 ) 7 o e DX 4 g, R B
LSRN NSRS B 7B =S AT

T o
B0

| i | i | I
RUAS

w7 y
1 . |

MSA-Net

RRDNet SCI

P16 LSRW %l & [ IR R BE 1154 58 45 2 i DL 5E X HE

Fig. 16 Visual comparison of low-light image enhancement results on the LSRW dataset
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T i S U PR I R R I R i 4
[ S B 25 SR % B, MSA-Net i SD, AG, IE,
NIQE #1 BRISQUE 43 5l 2 46. 39, 30. 49, 4. 88,
21. 36 F126. 34, i S5 A 3 o B S R
AL B e 52 56— 25 B T MSFE, SSA Al
ARF 7552 BER I 4546 £ F 0 348 5 B e 1k 7y T 1Y
B, RS HEN0.016 M, i H & H
9.782 GFLOPs, i IR HEFLE ] 24 3. 307 ms,
b B E SR #) 302. 39 FPS, 76 #2 5 i R A
2 N9 R AIR 22 ) BUAS T 4 1 A

FE T U 45 s 0 PR AG D S2 56 vh SR FH O B O R
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