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Abstract: To tackle the performance decline of models detecting rail surface defects due to the similarity between the
characteristics of defect areas and background areas, this paper explores the high real-time, lightweight object detection
network YOLOv8n and proposes a multi-modal rail surface defect detection algorithm, named RailBiModal-YOLO.
Improvements to the YOLOv8n model involve the construction of a dual-stream backbone network structure that allows
for the parallel extraction of multi-scale depth and RGB information; a plug-and-play dual-modal feature interaction and
revision fusion module is designed to minimize the interference of low-quality image features and to fully leverage the
complementary information from both modalities; the EVCBlock is introduced during the multi-scale feature
construction phase to enhance the intra-layer information interaction within the RGB-D feature layers, thereby
improving the detection of small defects. The Northeastern University NEU-RSDDS-AUG dataset is utilized for
experiments, which has been custom-divided into four typical defect types, with mean average precision (mAP),
frames per second (FPS), and the number of parameters serving as the primary evaluation metrics. It is demonstrated
by the experimental results that the proposed model, in comparison to the original model, not only maintains high
detection speed but also achieves enhancements in mAP@50 and mAP@50:95 by 1. 8% and 3. 2% . respectively, along
with exhibiting increased robustness.

Keywords: YOLOv8n;defect detection; multimodal; RGB-D;feature fusion;deep learning
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size 28 2y 32, % 2 R W B R H AR X IR KB (cosine
annealing, Cos) I B i& W % fli i1 Cadaptive moment
estimation, Adam)H 405k AH 45 A 1) S I . DL TE 47 b iR 4
2 FELL N AL A U 85, HE ) B (Momentum) 5
4 0.937,
3.4 EfLIER

B XoF 4 B0 3 THT SR B A DA 45, A SC AT B40RG B M
(mean average precision, mAP) ., & # #& M & % %
(frames per second, FPS).Z %t 1E N £ E ¥ 5 45
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Fig. 6

NEU-RSDDS-AUG dataset

x2 HEENSRREHE AP — JIP(R)d(R) (14)
Table 2 Dataset division and defect quantities 0
il 25 7Y hole scar  gutter  protrusion all mAP = LEAP,? (15)
g /3% 536 978 1017 621 3152 o
E /% 17 31 32 20 100 HH, TP TN FP .FN 4y 5483 BB M L BB #:
PR BB 0 A2 G 00 AR AN e o 245 T 4
mAP IR EMR (12) ~ 15 i, 3.5 TWHERENW
P (Precision) = i (12) D Tk Sk 4 B
TP +FP Y B A SR W 08 AR 0 L AR S 2 il S e X
R (Recall) — TPZPF\] 13 AHGHE RGEAT IR SER S5 R AN SR 3 TR (FR P S IR B e
! I EAENBES G BRBRIRSZ R E S .
x3 HEELIE
Table 3 Ablation experiment
J7%  Add Concat IRFM IRFM(+CBAM) EVCBlock mAP@50/% mAP@50:95/% GFLOs/G Params/M
1 N 94. 8 71.6 11. 42 4.28
2 J J 95.5 73.2 15. 05 8.62
3 N 95.1 72.7 11. 74 4. 46
4 N N 95.5 73.0 15. 37 8.79
5 N 96. 1 74.7 15. 54 6.49
6 N N 97.0 76.0 19.18 10. 83
7 J 96. 7 75. 4 15.55 6.50
8 J J 97. 2 76.7 19.18 10. 84

55T D B A T R B 2 B A AT R AR B s (R A A
T8 SR T I o G P R o 8 A 2 e AT AU S8R T R B S 1]
TR BT PR S AR B 25 K, AT SR A I A PR B
N E R NGB TIEN . HE 2.4 2 0% 46
AW AP LS 7 R0 EVCBlock #5258 # RGB-D i il
FRAEJ2 A0 L F B RUAR R AE J2 0 147 300 8 SR A8 T 42
Fto FE 5 MM IRFM Bt &P ARBESNER. 5
FREAH . mAP@50 28 T 0. 7% . mAP@50.95 & T
1. 2%, 78 IRFM B 5] A CBAM Z )5, 5 R MAZTEE N
HLHI A IRFM BESCAH b, 78 S 80 FHE B R AR A
BEN T mAP@50 2% T 0.6%, mAP@50:95 &% 1
0. 7%, 4% CBAM ] LA 5% i 58 AR B, i B IT AR
B N IRFM(+CBAM) filt & B RFAE 2 J5 7 X 2% 301
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TR A AS TR ARAE 2 1% JH EVCBlock 0% H 2 N5 B, 52
U5 B B B W] LA 280 A B R R R R e 2% AR 1Y
mAP@50 k3| T 97. 2% ,mAP@50,95 k| T 76. 7%, 5
AINA EVCBlock #EAH . mAP@50 #2755 0. 5% . mAP@
50:95 5 1. 3%,

2) %t

R AR Y 5 L At i B — RS 1 B L e A R Y 45 R
W B HEAT L3, SR A ANk 4 PR,

HIFEAA YOLOvSn #H HiZAE R mAP@50 . mAP@50: 95
Sy AR T 1 8 Y0 3. 2%, AR L T 7E S B dsl i A AT 55 R
AR R MBI B YOLOVSs, 4 #  f) mAP @ 50,
mAP@50:95 43 3175 0. 6% .0. 8% ., FPS 1 11,UEM T %4
TRUA] DUAE CRIE 5 A8 T 280 238 018 100 T A 504 o A DU 2 2R
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Table 4 Comparison experiment
o 245 58 74 mAP@50/ % mAP@50:95/ % GFLOPs/G FPS Params/M

Faster-RCNN 95.8 73.2 — 26 41. 37
YOLOv8n 95.4 73.5 8.23 117 3.01
YOLOvS8s 96. 6 75.9 28.71 82 11. 14
YOLOv5s 96. 0 75.2 17. 27 77 7.05
A3 97.2 76.7 19.18 93 10. 84

3) B P I 3 B RMEERWME 5 R, MAGH®RAEZE,

PR AR AR T B S B3 rh AT RE 8 2 g TR &R (i
e IR e A A T A ) I Y e B 0 I 3 o A e 7
PPASHR RGeSO IR o T LA e L R (e
MIEZS A  BERS AR 4 ARSI S B S i BE AL 8, D it e
TR BE IR RGB PG s $9r e 7 A ALl e 7

YOLOv8n, YOLOv8s 1Y mAP @ 50 43 5] T F& 56. 7% A0
60. 490, AR SCHE A B A T [ 2490, LH AR R, Y
RGB EM4 5 B AR B BMR S B2 B % T ET, IREM £
AT BEAH A5 BB R T AR 0 A M (ELA5 B i E 9+
PE A5 2 DX, iR A LA o ) Ak

RS MARARREEGNEREX SR

Table 5 Comparison of model detection performance before and after adding noise

” Jin Mg 7S i g 7S f5
] 2% o 1
mAP@50/ % mAP@50.95/% mAP@50/ % mAP@50.95/%
YOLOv8n 95. 4 73.5 38.7 21.4
YOLOv8s 96. 6 75.9 36. 2 19. 8
A 97. 2 76.7 73.2 48. 4

4) AR ] A A AG I R X L
T SO R 5 A A A T SR R e T Y
AL AG I 45 SR EAT AT LA X L, A 7 R . AR IR

K DA EL BT LR H & 6 B [ 5 7 o IX S8 3 8 5 20
FEAEAE AL L TR RN G o o A M T B G A R L IR E R RS
IRFM Bk 95| ATT LAl RGB 43¢ AF F1 I BE 42 F A5 35030 161

(a) EHHE TR
(a) False detection problem in
complex backgrounds

(b) HIH F TR
(b) Miss detection problem
in complex backgrounds

(c) /BRI TR XT L
(c¢) Comparison of small
defect detection performance

7 AV I A5 ST H b VT 3 A IER 43 10 B B SE AR 28 LY OLOv8n AR AU G I 25 5 A SC g R A6 AL A6 0 45 28

Fig. 7 Comparison of model detection results (the top, middle, and bottom images represent the ground truth labels, YOLOv8n

model detection results, and the detection results of the proposed improved model, respectively)
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