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Abstract: To address the issue of decreased vehicle detection accuracy in rainy conditions due to reduced visibility,
raindrop obstruction, and insufficient contrast, this paper proposes a rain-based vehicle detection method (R-RTDETR)
based on an improved RT-DETR-R 18 model. The original backbone network is replaced with a combined Conv and C2f-
wConv network, and weighted convolutions are used to adaptively adjust features, enhancing the representation of key
region information. In the encoder, a Global-Local Spatial Attention (GLSA) module is introduced to achieve efficient
fusion of global semantics and local details. In the decoder, a P2 shallow feature branch is introduced to optimize the multi-
scale fusion path and strengthen vehicle perception capabilities. Experimental results show that R-RTDETR improves
mAP by 1.52% and recall by 1.25% on the test set compared to the baseline RT-DETR-R18; on the ACDC rainy dataset,
mAP@0.5 is improved by 2.33%, demonstrating improved stability and robustness of rain-based vehicle detection while
maintaining computational efficiency, validating its application potential in intelligent transportation scenarios.
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3 2 PR AR TR SR WA FEE , 3R MM T 2 22 4 . BF TSR A,
IRRE I R AT A S MU AR W T R SRR
ENNERAEREEKIERT, BREERAR
BE— IR B R A R [2]. BRI, $ET TR
B2 ZE A I (RS B S B e e B BB S

AR, TREES 2] Bkl EE s R e, F2A
FERUM B B B . UM BRI v i St AR Bl
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BDD 100K #4fs 5 [20] b1 i K 2741 5] 73 42 AT SE
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Y E HARE R AR —, B8 W, 5.
F[EZFRA 5 - DAWN HHa L2116 & £ Fh
WMHRATMESLY 5, BaaWiiE . &A% &A
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% Intel(R) Xeon(R) Gold 5418Y AbFEZE (10 #Z.00).
NVIDIA GeForce RTX 4090 & % 120 GB N 1%, &)
O ME QAL T PyTorch2.3.0 # &, 9 F2 16 5 A

http://www.computscitech.com



39 XIPH 2.

Python 3.12.

R, A BB RST# 640%640, il as
KA AdamW DUR R YIS0 R AR 8 W8l . A1 s E 4
SRR RIS, YRR B I N o sk g,
GBI RER BN 0.5, BRSLIG S B0 B ink
1 s

# 1 LWINASHICE R

SHEK 28E
Learning Rate 0.001
Epochs 160
Batch Size 4

Image Size 640%640
Momentum 0.9
Fliplr 0.5

4.3 LR

VTl B AR AR R R PR BT T B 4240 H Fr A
PERg, ASCIRECEIRE EME (mean Average Precision,
mAP). #EHiZ (Precision, P) I [A# (Recall,R) {E
NEEGFM bR, AR SHEF AT ERE
TS ERE AT YR A B R AR

SPIHREFEIME (mAP) F T S BB AE 2 255 B br
AT 55 A ) B AR I P B o % T BR— 201, ad i 2o
Precision—Recall (P-R) fi£k it H H dh 2k T r A7,
TS FZ R )RS (Average Precision, AP) ., X}
i 28501 AP {EHCEYY, HEIAT{S 3] mAP, HitHEA
AU

MAP@DS5 =137, AP (10)
e
1 nas
mAP@0.5095= =3 AR (1)
T!‘-ﬂj

Hr, c R BMFIES, AP 2% i1 BRI
SFERERE, T 42 10U B & . mAP@0.5 KR/t IoU
BN 0.5 B, X225 AP P15 mAP@0.5:0.95 %
TRAE ToU BB M 0.5 3 0.95 GEK A 0.05) JEE N iHE
AP, JFEX A BE S 0 BT .
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e (Precision, MFREHEZR) H Ty &= T
gk Rewerart, HatEARW R
rr
TP+ FF (12)

AR (Recall, R4 FI T4 RMAN H
FREGRILAE ST, BB R T

Precision=

rr
Fecall = TP T (13)
L, TP FoR BRI H AndiE, FP K
NiA H bR, FN RoRlek HinBiE. tih, S50
EAA NS 5AMSHUAE, %38 be F D R
RIS

4.4 JHRLELS

NIGAE A ST TR A SO ER 2, ASCL
RT-DETR-R18 {ENFELLAAL, FELRFFNIZRRIG S5 S5
BB BN PR RSLL, St Rk 2 o
7~ o HH, Backbone-C2fw R~ K A Conv 5 C2f-wConv
YA ER B AR R TN 4% s GLSA F R 7E 51 W 4% v 5
NG - R 2 I = B P2-FPN &R 5] N P2 4
{53 32 3% FPN/PAN AR il 2 % A2 AT A0 1K o

R SLIR S5 IR, 5]\ Backbone-C2fw J5,
mAP@0.5 $2Ft 0.56%, ZE&Ei/> 5.98M, I 1 7E
FEARAEZY 53 4 FE A RIS THR ML e s 51N GLSA ##
HE, mAP@O.5 2T+ 0.34%, FHIVEE SIHLEIR K
TR R I B RUBAE s 91 N P2-FPN BB,
mAP@0.5 F1 Precision 73 HIHETF 0.21%F1 1.52%, FE4AK
For P4 BEAS B 403

2 P I R ER AL A 5N, AR R A Ak —
T, Ho, [FB 5]\ Backbone-C2fw. GLSA 5 P2-
FPN J5, B8 28 )i/ %) 2.29M, mAP@0.5 . Precision
5 Recall 43 HHRTF 1.50%. 0.97%F1 1.25%. 7E R
B A E JR BE RT3 N, AERLER IR FE 5 H brda
RE I 7R I BN AR R iR THEA S, RIAFTIEH
(155 BEERAE N R ZE40AS AT 45w B R A A i TR P
HEraa k.

R 2 HESLIRES R

Methods Backbone-C2fw GLSA P2-FPN mAP50/% Precision/% Recall/% Parameters/10°
RT-DETR-R18 - 66.71 78.39 59.17 19.8768
1 N 67.27 78.07 58.85 13.9013
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Methods Backbone-C2fw GLSA P2-FPN mAP50/% Precision/% Recall/% Parameters/10°
2 N - 67.05 77.92 60.60 21.9605
3 - Y 66.92 79.91 58.43 18.7683
4 Y S 68.14 75.70 62.46 16.0177
5 Y - S 67.36 79.69 60.82 15.2884
6 - S S 67.32 76.72 58.87 23.5136
7 Y S S 68.23 79.36 60.42 17.5831

4.5 XS
S AIE A ST AR L R [k I B,

Faster R-CNN. SSD }2 YOLO Z¥|&(LE R K B bR
R 7 AT X LSS o BT AR AR 38 E A [F) S 56 34 58
SRR PN, IS —IRE BT PP, s
I aERANE 3 fin .

3 WSz 4

Methods mAP50/% Map50-95/% Precision/% Recall/% Parameters/10° (Car) mAP50/%
RT-DETR-R18 66.71 40.52 78.39 59.17 19.8768 78.66
Fast-R-CNN 65.86 39.69 45.73 68.45 28.3121 61.74
SSD 52.73 31.62 83.47 42.14 26.2853 43.69
YOLOvV5n 60.99 35.94 78.21 53.29 2.5037 37.00
YOLOvV8n 63.13 36.31 75.17 56.25 3.0064 70.18
Yolov10n 59.43 3491 72.29 51.73 2.2659 68.91
Yolov10s 66.82 41.52 81.02 58.75 7.2195 77.32
Yolovlln 65.73 39.78 76.29 56.82 2.5829 72.17
Yolov12n 60.28 35.51 74.84 52.28 2.5575 67.00
Ours 68.23 40.76 79.36 60.42 17.5831 79.28

H# 3 I, ARG EAYYE mAP@0.5 Fabs ik
3| 68.23%, fEFTA X ER R &M H
mMAP@0.5:0.95 & 40.76%, SEAEHHLA YOLOV1O0s
(41.52%) #5235« [RIINF, eSCHE AR AR R A okl B A (Car)
) mAP@O.5 1A F] 79.28%, LT H AN L%, FHA
FLAE I R R4S DUAT 2% Hh B AR (1) B bR il il e

TEA BRI, SUlEAIEE] 60.42%, FELRFER
e R WU K BE ) (R B 4% R () H AR tH B 775 fERG
271, H Precision N 79.36%, &R T ZH0
FEREAY . AH b SR BRI B BRI 732, AR SRR Y
T B ARAR 2R RIUASE 1) [ B R 1 % oy AT I PR BB s A B
YOLO RAFEAMMAL, A SCHIRITE BT MRS B 22
FEARZE RN e 7 07 T BE BAR

MARTY S R S M, SO S5 17.58M,
¢ RT-DETR-R18 JEZEHIANH /2] 11.5%, {EFEE 5K
BURIAR 2 [A]SEIL T ORI AT . 25 b, ARSI
SCHE AR R A W R ZE A0S U 55 S ks MR B . A [

VERE SRR, BATRT A SERRN I 77

4.6 WRRALSTHT

Pl AR SR 3R A0 T VA A S 37 5 R R IR 3L
R, K RT-DETR-R18 JE LA L5 oA U A WY R 4240
AT 55 Hh ) At 45 R BEAT AT RS BB o SEBR
HUA R 5 R AR S RDE IR T R R R
A SR AN A R 2% A T IRAS IR B

B 7 Jom 1R ERG IR, b ZE MO SR A6 w0 R IEHR
i)y RT-DETR-R18 FIAGII S5, A5 My A< ST ek A
RN S5 R o i BT L, RELRBERLAE T R 5 P AT A7
FE—E MR SIS, M0 SO R e % B HE A 3t
R A AR, JFAEAS I B A5 BT R DL H SRR E
Rt o ATRLALSE SRR, P AR R 5 A
[l HE 2R AF T R A S A I B e, B8 IE 1 SR
82 FH A 2P
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41 XIPH 2.

P 7 S A R A 0 22 A T R X LR

4.7 £ ACDC BUE£&£ EHRH

ISR TR T VAR IE S e, AR
TEE RS 5M ACDC B [22]1) R K T4 L5t
SO BEAT IR . SEIe A R W], O AER O H
Fr car b mAP@0.5 53] 75.72%, % RT-DETR-R18
PTF 2.33%, HAKGERINFE 4 Fos. S8 REW, it
BETAE T R 3755 0 2250 H AR I 0 2K 5 € r e ) 51k
TR, fE—E PR AR T MIKIERS | B TH RO
SR 5 A R RO A MU RE (R 2, Bk | AR AE
ANTR] R R B A T & VS S R

% 4 ACDC Hii 420} LE S8 25
Methods (Car) mAP50/%
RT-DETR-R18 73.39
Ours 75.72

5 £ E5RE

BT I R IR EE N AR A0S L P 2 52 T R I

X LU T B Szt BE B H AR I 5540 55 D8] 28 5 M Ty 52 2
(PR RS 5 R A 1] A, S S R 98 T K 3 55 IR A e 1 5
H AR ALEE, 7E RT-DETR-R18 HEZLJLAl 2 H
T PTH] [ R R G SRS U ) S R AL SR . 1 2, KR
GETME BN Conv 5 C2f-wConv ZEHEZ MR
B, C2f-wConv 3l I IIAUE A 5 H I8 X SRR AIE -
FOh R R, AT I S AR AR R IR B R R OR 2% 1
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3T pidt RT-DETR 578 [ 19 KA 55 2420 H A A Tt 7

NIFFIEIRAAE /7 HK, RGBS A P SIAN 4R - R
TR (GLSA) R, Zfif R %A T 4Rtk X
55 SRR A5 B S BRSO R s B s ARSI Sk
FIN P2 RERHED S, HF TR 70 BRI
FPN/PAN HFALR & HAE, R TR RG240 19 [
HRIERE S SKIREERER, Prif i ek Lt sRs£E
ZIRN R E R R BT T RUE MPERESRTT, Bk T
HAE R R AR 55 P A Rk, JFNRZERAT
BREACE RGN L AN AR T BRI .

S AR ST IR AR I BT T BAS 1 — s it
BAERMESHE S H R R m 7 — P
W TE] o RORTAFHG A T5 T T — AR TN
RSB, SR TR R SE PR sl 3 5t P 1
BT, R KW R BRI R T E (A
PReNet) 5 eIl AL #EAT B i W R Be vt Jlad v
By BGIR T7 3t — P SR T R R IA BT T (K 4547
FS R
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