$£16% H8H q] B I E MNE KA 2026 £ 8 A
Vol.16 No.8 Intelligent Computer and Applications Aug. 2026

MGV, SRR DB, %8, WTP-YOLO: [ [a] f K375 F it b scil HAr kAR [ T]. e BL5 M H ,2026,16(8) .
152-159. DOI: 10. 20169/]. issn. 2095-2163. 25040803

WTP-YOLO .- H M XFE THREL B EHRLNE %

BWHSE, XEME, BRE, BRERE
(REPENRARAKRE RESHEIEFE, XiE 300350)

W OE. VRS W R sl R L AT R R, AR SCFE YOLOVSs A0 (1 36 Al 1 $2 H —Fp iz AL T K
ZZ i HAnAs AL WTP-YOLO,, @3 7F SPPF 25| A 98 244k 4> 3 ( Wide Diverse Branch Block, WDBB ) ¥4 % C2f_WD-
BB R, $E T 9 4% 22 ROBERFAE S URE 7 5 S50 I 24 o >R FH = B 142 = I WL I TA( Triplet Attention) 5 2 4% 4%, MRAES 5L
A IS A R AT o A SR T H AR SC R E B A SE T 7R LA F N 160x 160 A9/ B BRI 4332 P2, 45 R AR AE A 55 A /N B
FRARINBE ST, FEAEHZ B 38 0 R B2 89 A% (LAMP ) 5095 5 et I B R R A T8 5 | ZeBRAE AL b T A5 B, , BRIIEAS AR & 1) [R] st

JEZEHRI R /N, 7E nuScenes BT K75 FIE T WTP-YOLO #i%E! A4S T YOLOv8s LRI E /i %42 5 3. 2% , mAP
@0.5 T 4.2% BARSH R TR 39. 7% ,mAP@0. 5:0. 95 & YOLOV9s Fl YOLOv10s 43 B2 F+ 4. 4% F1 2. 8% , ELA H AL

ARSI fE
REH: WARSE; YOLOVSs; HARGI; fidfk; HERIIHLH]
FESES . TP391.4 XHEARED: A XEHS: 2095-2163(2026)08-0152-08

WTP-YOLO :Lightweight traffic object detection algorithm for rainy scenes
ZANG Pengtao, GUAN Zhiwei, PANG Dangfeng, WEN Guogiang

( Automobile and Rail Transportation School, Tianjin Sino-German University of Applied Sciences, Tianjin 300350, China)

Abstract: In order to improve the detection performance of vehicles and pedestrians on roads in rainy traffic scenarios, this paper
proposes a lightweight traffic object detection model for rainy scenarios, WTP-YOLO, based on the YOLOv8s model. By
introducing a Wide Diverse Branch Block ( WDBB ) before the SPPF layer to construct the C2f_WDBB module, the multi-scale
feature extraction capability of the network is improved. The neck network adopts a Triplet Attention ( TA) mechanism, which is
connected to the backbone network to establish cross-dimensional interaction relationships with extremely low parameter
requirements, enhancing the focus on key information of the target. Additionally, a 160x160 small object detection branch (P2) is
added to improve the detection capability for small objects with weak features. The improved model is pruned using the Layer-
Adaptive Magnitude-Based Pruning ( LAMP) algorithm to remove redundant information, compressing the model size while
maintaining its accuracy. The WTP-YOLO model was validated on rainy scenarios in the nuScenes dataset, achieving a 3. 2%
improvement in accuracy and a 4. 2% increase in mAP@ 0. 5 compared to the YOLOvS8s baseline model. Additionally, the number
of model parameters decreased by 39. 7%, and mAP@ 0. 5.0. 95 was improved by 4. 4% and 2. 8% compared to YOLOV9s and
YOLOVI10s, respectively, demonstrating superior detection performance.
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Table 2 Performance comparison of different models

Model P/ % R/ % mAP@ 0. 5/% mAP@0.5:0.95/% Parameters/M
SSD 88.51 47.2 46.3 25.4 23.7
YOLOv6s 89.0 46.3 68. 8 41.6 16.3
YOLOv8s 87.5 43.3 66.0 40. 8 11.1
YOLOv9s 87.5 40.9 64.6 39.1 7.3
YOLOv10s 90. 1 42.6 67.1 40.7 8.1
WTP-YOLO 90.7 47. 4 70.2 43.5 6.7
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