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Research on Target Detection of Foreign Objects Intruding
onto Railway Tracks under Complex Weather Conditions

WEI Yutong,HOU Tao,NIU Hongxia
(School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou
730070, China)

Abstract: To ensure the safety of train operation under complex weather conditions, considering the
low clarity of target detection for foreign objects invading the railway tracks under such conditions, and
the problems of frequent false detections, missed detections, large parameter quantity and slow
inference speed, a complex weather railway track foreign object intrusion detection algorithm RCW-
YOLO(Railway Complex Weather-YOLO) based on improved YOLOv11n is proposed. Firstly, a rain
and fog perception dynamic fusion gating is established, and a rain and fog concentration estimator

module is designed to improve the detection accuracy. Then, a rain and fog attention branch is added to
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the detection head DynamicHead, and the rain and fog concentration coefficient is integrated into the
convolution offset to reduce the false detection rate and missed detection rate. Secondly, the attention-
enhanced multi-subband fusion wavelet pooling module is used instead of the existing convolution
module in the backbone and neck networks to replace the YOLOv11n, maintaining the detection effect
while reducing the parameter quantity and improving the inference speed. Finally, the newly designed
loss function Edge-Weighted Minimum Point Distance Intersection over Union (EW-MPDIoU) is
introduced to replace the original loss function CIOU, improving the detection accuracy. Experimental
results show that the mAP@0.5 of the processing results of RCW-YOLO is 84.6%, which is 9.2%
higher than that of YOLOv11n, and the parameter quantity is 18.15% lower than that of YOLOv1l1n.
Compared with mainstream object detection algorithms, the mAP@0.5 of the processing results of
RCW-YOLO is 11.3% higher than that of YOLOvV9t and 11.3% higher than that of YOLOv10n, and the
parameter quantity is 21.63% lower than that of YOLOvV9t and 25.34% lower than that of YOLOv10n.
Compared with the latest YOLOv12 and YOLOv13, the mAP@0.5 is 7.8% higher and the parameter
quantity is 22.18% lower.
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Structural diagram of the RCW-YOLO algorithm
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A2 HRERLER
Table 2 Ablation experiment results

RainFog- Haar-| EW- mAP
2H SDynamicHead P R | FPS | GFLOPs | Parameters
Gate DWT | MPDIoU | @0.5
YOLOvlin(l)|  x x x x 10754 [0.746 [0.732| 68.6 | 6.2 2.7
YOLOvIIn2)| v x x x 10.857[0.816[0.748| 682 | 6.2 2.68
YOLOvIIn@3)|  x N x x |0.743|0.831[0.791| 652 | 6.6 2.72
YOLOvlIn@)|  x x J x  |0.783[0.772[0.759 | 121.2| 5.4 251
YOLOv1In(5)|  x x x v |0862] 075 |0744] 712 | 6.1 2.58
YOLOvlIn(®6)| v N x x  10.853]0.829(0.788| 67.4 | 6.4 273
YOLOvIIn(7)| N N x  |0.829(0.817]0.781|1052| 53 22
YOLOvlIn@)| v N N Vv ]0.846]0.849 |0.793 | 1149| 5.4 221

6 RCW-YOLO #4525 R T AALE
Fig. 6 Visualization of some training results of RCW-YOLO
2.4.1 BEIESGIEGT RS R AN e A, 25K 7 s, HPE 7(a)
ST H A e R S Bk Y YOLOvIIn iy Rl 45 28, &1 7(b)
B ORRE Y S ARFRYEG, 4 RCW-YOLO HIRMAS R o @i ) el
BIH YOLOvIIn 5 RCW-YOLO A HE UL, RCW-YOLO RS IS & 35 L T
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Fig. 7 Visualization comparison chart of detection effect before and after algorithm

improvement
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2.4.2 FU H bs g 57k b B AE R
xf e

Ry it — 25 B UE T i RCW-YOLO 55
BRZEGrERR L, HH S SHi A
BRI 7 i A T et b, S
Fe3 PR o AR R A TR BR X L4
W1, RCW-YOLO () mAP@0.5 i 3%
P T ol X b AL, B YOLOVOE,
YOLOv8n. YOLOvIOn 4+ % &
11.3%. 11%. 11.3%. 7fEP 5 R 71,
RCW-YOLO #f tt YOLOV8n 43 51| # Tt

12.5%. 8.4%, AL YOLOvV1O0n 43542
T+ 12.1%.  72%. 5 YOLOvI2,
YOLOv13 4 fiw #7 £ # A [k, RCW-
YOLO (1315 5535l 4% 0.9G 55 0.8G,
ARG ARG B . P e S8 5 SR
P BRI . L5 X0 g 1R,
AR S R ARG B SRCR S
G, SERETE AR IR 55 KT R
LSRG I AE S 5 v 1 1
FZEK . YOLO RANVEIEM A 51
G AIFEE T GitHub TR 45

A3 5 2R B ARG kAR 4 R ey
Table 3 Comparison experiments with the processing results of mainstream object

detection algorithms

(RS mAP@0.5 P R FPS GFLOPs Parameters
YOLOv8n 0.736 0.724 0.709 66.63 6.7 3.04
YOLOV9t 0.733 0.736 0.721 67.05 6.4 2.82

YOLOv10n 0.733 0.728 0.716 66.93 6.8 2.96
YOLOv1in 0.754 0.746 0.732 68.6 6.2 2.7
YOLOVI2 0.768 0.733 0.738 69.43 6.1 2.84
YOLOV13 0.776 0.741 0.729 69.01 6.2 2.76
RCW-YOLO 0.846 0.849 0.793 1149 5.4 221

R it —2 B85 RCW-YOLO H)iZ 1k
AeJ1, TEANTFEPESE Railway Dataset -
AT THMFEIRIE . T AR ARG
A TR T, ARG X o
ik TLEEEIREY], AT EHERE b
YOLOv11n ) mAP@0.5 & 0.802, PN
0.81, R°%70.79, RCW-YOLO ) mAP@
0.5 %% 0.856, P4 0.836, R4 0.829,
FWI RCW-YOLO ANdE F T e TR
RGN, TEH RSN FIFER
F—E RTIBE S Az A

K8 feon T F i B bnkr A % 5

RCW-YOLO 7£ H #4445 I 1 kil 5
RATAALXT L o FR B 8(a) T UL, X LA
AT RS SIRAG IS s A 8
by, ACAr#E RCW-YOLO # I GEfi%
XTI BUER . SRR I
Ab, 151 8(a) 55 151 8(b) 2 = AT X g AR
ETHRYRA, XFTHEE R LW,
RCW-YOLO [ 25 $& T+ 1 B AU XT3 4 5
YIRS fE

3 #Hig
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(b) RCW-YOLO

B8 B ARE AW AL R 2T

Fig. 8 Comparison of visual effects for mainstream object detection algorithms
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H Al A YOLOv1In, mAP@O.5 2 7
9.2%, S 18.15%. 5 YOLOV
8n. YOLOVOt, YOLOv10n,
YOLOvI2, YOLOvI3#Lt, mAP@O0.5
g3 0 # A 11.0%., 11.3%. 11.3%,
7.8%. 7.0%, ZHi5 5 T 27.3%.
21.63%. 25.34%. 22.18%. 19.93%.
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