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Abstract

Road images captured under adverse weather often suffer from low contrast, blurred boundaries
and rain/snow noise, which degrades the robustness of object detectors. To address this issue, this
paper proposes WRA-YOLO, an improved YOLO11-based detector integrating edge enhancement
and content-aware feature reconstruction. First, a depthwise wavelet transform convolution mod-
ule (DW-WTConv) is introduced into the early backbone to explicitly decompose low-frequency
structures and high-frequency edge details, thereby reducing detail loss caused by downsampling.
Second, a content-adaptive feature recalibration module (BlockAttnRes) is designed to dynamically
fuse multi-level features using learnable pseudo-query vectors and RMSNorm, suppressing noisy
semantic responses in adverse weather. Finally, MPDIoU loss is employed to improve bounding box
regression by constraining corner-point distances. Experiments show that WRA-YOLO improves
mAP@0.5 from 72.28% to 75.42% on DAWN and from 63.40% to 65.56% on RTTS, demonstrating
better adaptability to road scenes under fog, rain, snow and sandstorm conditions.
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Figure 1. Overall network architecture of WRA-YOLO
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Figure 2. Architecture of the DW-WTConv module
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Figure 3. Architecture of the BlockAttnRes module
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Figure 4. Dataset samples and adverse-weather scene examples

B 4. BIEEHASERRSTRTH

WZRE R, FEZR AR A YOLO1 In, S5O AE R 72 AR [R) I 2R R0 N ZEAT X L o A ARIE SEE8 nT B,
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Table 1. Ablation results on the DAWN dataset
%= 1. DAWN IR HRSLIN AR

it DW-WTConv  BlockAttnRes =~ MPDIoU mAP@0.5 mAP@0.5:0.95  Precision Recall
YOLOl1n - - - 0.7228 0.4511 0.6167  0.7415
BLRY A Y - - 0.7370 0.4917 0.7438 0.6551
A B - \/ - 0.6702 0.4689 0.8479 0.6007
WRA-YOLO V \/ \ 0.7542 0.5145 0.8843 0.6290

H# 1 A, I\ DW-WTConv J& , #% mAP@0.5 Hi 0.7228 7+ % 0.7370, mAP@0.5:0.95 H 0.4511
RTLE 0.4917, BLH/NE I GG AR G5 28 R HARIA A 580815 255 . BN BlockAttnRes
J&i» Precision $2 T+ % 0.8479, mAP@0.5:0.95 #£TF % 0.4689, {H Recall 4T FF&, FUSSFFERAA RENS
5 BAE B AR N, (HAT R 55 B AR . % WRA-YOLO [ mAP@O.5 1A% 0.7542, BTt
3.14 N H 5 5 mAP@0.5:0.95 15 F1] 0.5145, BILEAE T 6.34 4> 43 s Precision H 0.6167 #2722 0.8843.
EAR Recall (RTFE2%, (AL IIRE B AN 55 7 5 &2 BH 42 T

TEVE BN, B B 7E 5 5] A BlockAttnRes J&, Precision 1 0.6167 $#2T+% 0.8479, {H Recall Hi
0.7415 FF£Z 0.6007, mAP@O.5 AR T IS, HFEFTET, BlockAttnRes A5 & — 7 Py 25 [ i&E
FEAEGRIEALSH], RetE I om s BAS . 78 CE B X IR L, (A 40 s o SR ZE SR/ DW-WTConv
AT GG IS DL T, ARSI & B hs ANRE BARFET LG B AR A SRR B A 55, 25
Gy AE S MBI FE A A0 A AR SRR AL 117 52 24 ] o DR, 046 FH Block AttnRes ERARIZ> T340 1% 46
#8715 T Precision, {HH7 K T 55 B ARJRASIE IR AT, X —IL % U B BlockAttnRes FEi& & 1F Ayid 1 0%
JE FRRFAE B RS ST, T AN A2 B B XA SRR il 4544

It4h, BlockAttnRes (19387 J5 PRAE T H A E 5 BB NRHE R . 4R EUZE A LS HRX
Sal e 3 G, = WL AT R AR I vy A X, TR R R B RS N A
290, RE(E BARAIEER S R R, DAdE— D255 H Rl 3] 00 in) .

3.3. RTTS #iEEEZ L0

N DI JSL 5 RS h B2 ALRE ), ASCAE RTTS #dfa e BT BUskls, SR NE
2,

Table 2. Experimental results on the RTTS dataset
= 2. RTTS HIRESLIWEER

it mAP@0.5 mAP@0.5:0.95 Precision Recall
YOLOlIn 0.6340 0.3934 0.7416 0.5791
+DW-WTConv 0.6425 0.4079 0.7155 0.5907
+BlockAttnRes 0.6527 0.4088 0.7449 0.6047
WRA-YOLO 0.6556 0.4165 0.7129 0.6349

H % 2 WAL 7E RTTS & REdE4 b, 5 BlockAttnRes J& , mAP@0.5 Hi 0.6340 274 0.6527,
mAP@0.5:0.95 Hi 0.3934 $£71 % 0.4088, UiWZIARHERIEGX KL F KI5 AA —Ed Nk, A DW-
WTConv J&, Recall H1 0.5791 #2712 0.5907, mAP@0.5:0.95 $2T+28 0.4079, 2% BASHI Z 1584 B T4
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Figure 5. Detection-result comparison under different weather conditions
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4. BESRE

ARSI 4 R A TE I H ARSI IR A5 BAB AL . KRR A i = N R 5] 5 DL T e N AR RE S ]
B, FET YOLO11 #&HH WRA-YOLO il /5% . 1% 775 1 Sl DW-WTConv 7ERFIEHE B R 1A 2 0 5
EIALAE B, G T RFEE R AT £ 2% B S FIH BlockAttnRes X 2 JZRHE#AT BN A& INALRL &
B BE AT R H ARRFAE HI0H] KA T Bn R MPDIoU 5 2% bR BB TSSO S 4614 I e 1R 2 o

SEGAE RFH], WRA-YOLO 7£ DAWN HHi4E E ) mAP@0.5 11 72.28%2F+ % 75.42%, mAP@0.5:0.95
H 45.11%32 7+ % 51.45%, Precision H 61.67%EF+ 2% 88.43%; 7E RTTS A4 i mAP@0.5 Hi 63.40%3%
F+% 65.56%, mAP@0.5:0.95 H 39.34%32 Tt 2 41.65%, Recall B 57.91%3&TH 2 63.49%. AIALAL it —
WRW, FINEESRITHEE BhR. AR LR B AR S KN B s B 5 e s m v .

KR TN T BT : — R4 EEE. £, EERAEGHE S, Dt

SRR R R I N INEE /s R aS SRR BRI S T I BT ST, SR
RIPEAR AT B M BAL G v & LB R .
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