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Abstract: Addressing the difficulty in balancing detection accuracy and model lightweighting in vehicle detection tasks
under foggy conditions, this paper proposes an improved foggy vehicle detection algorithm based on RT-DETR-r18. This
algorithm overcomes the computational bottleneck of the model. First, an improved backbone network (C2F_DYNCB)
module is designed, combining a dynamic convolution weight (DKW) mechanism and parameter sharing (DyInConv) to
construct a novel dynamic convolution unit (DAIN Mixer). This module enables adaptive depth convolution and feature
fusion, significantly reducing the number of parameters and computations while still maintaining detailed processing of
input feature maps. Second, a PEMD module is proposed, introducing the linear attention mechanism Pola Attention and
EDFFN, which significantly improves the discriminative power of the attention map and model performance while
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maintaining linear complexity. Then, a lightweight adaptation block, the MOEN module, is designed to further integrate
local information and stabilize feature distribution. Finally, WloU-v3 is used as the regression loss, adaptively adjusting
the weights of positive and negative samples during training to increase attention to subtle bounding boxes. Experimental
results show that on the REFY G foggy dataset, the improved algorithm's mAP50 is 3.05 percentage points higher than the
original algorithm, and the model's computational complexity and number of parameters are reduced by 39.4% and 32.8%,

respectively, achieving significant lightweighting.
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B C2f_DYNCB+WIoU (L35 5) ¥ hkafitbi B A A5 01

SRA, UHESLK 5 7E Precision (77.1%)
mAP@0.5 (70.1%) ESCIMEFE; % PEMD+WIoU

%Aﬁﬁmi%‘ 6 I, BAAE FPS FiF—iA%] 110.6.

e, R WIHAETD SR R A0 T T RIS .

PEMD 1 WloU =/ (k8 7) 5, BAE
MAP@0.5 iA%| 71.5% [ mi{E, Precision $E7+%
775%, FPS 1A 119, HZ¥& 51 HEKIHRRFER
fiK/KF (13.3M, 43.8GFLOPS) , & HMudbRibrefe Tt
DK R HERE I B J2 PR A 57 4 By Th 35 B R
H, B E2REEEG R Ree ™ A WrE e a8, SCIL 1TREFE
SRR BN ER G . AR  SUE A BT 1)
AR S TR M.

3.5 Xt HeseLe

AW FAEA R AR A L B AR R, X2 Fh
W H ARSI (SSD [15]. Faster-RCNN [16]. YOLO
£%1](YOLOV8N [17]. YOLOV10n [18]. YOLOV11n [19]-
YOLOv12n [20]).DETR [21]LA K 545 RT-DETR-R18)
BT T RGMEXTLLIEG . AT BRLBR AR —H AR
st 6405640 HEATUIZRFIMNR, PPN Fabe GRS DU RS 7
(Precision/%)  “FYJFEEE (MAP@O0.5/%)  HERE
W (FPS) . #iAI S ¥ & (Parameters/M) LK it 5 &

(GFLOPs) , R 3,
AL USRI, FERIB 4L C2f_DYNCB.
3 Ebxteesg

Models Precision/% mAP@0.5/% FPS Paramters/ GFLOPS
SSD 53.7 63.1 23.1 24.4 275.6
Faster-Rcnn 61.2 67.3 64.1 28.3 401.7
YOLOVS8n 72.6 67.6 98.4 3.2 8.6
YOLOvV10n 71.3 64.7 111.0 2.3 6.7
YOLOV1ln 69.7 66.7 98.4 2.6 6.3
YOLOv12n 72.6 68.4 94.6 2.5 6.3
DETR 65.3 64.1 67.5 40.9 86.2
RE-DETR-r18 75.4 68.4 34.0 19.8 57.0
OURS 775 715 119.0 13.3 43.8

SEEGZE IR, A HOE TR B ST R ERARS R A e N AR

T TR AR A R FL A i S A 2% o 7F 25 K 247
KA, o RSB 77.5% Precision il 71.5%
mMAP@0.5, 4% Rl RT-DETR-R18 #27 2.1 A~F
YA 3LANE AN TE 640640 N R HEFE I EE A
119FPS, &3 & TR 34 FPS; RN RS54
1V 13.3M, il 43.8GFLOPs, {##F T RIFHIKE
et

HE— DK, YOLO R4 EHA (YOLOVSN.

YOLOV8s) EAE I FE AR, ERS FERSAR T A S 14
SSD 5 Faster-RCNN ## & — i H 428 & i 1% ; DETR
5 YOLOV10/11/12 ZFNFERE AR o, H

S EBTEE AR, AT I A SO R RAE O G ik
T bSOl 7S RIPERE T, R R0 AL S B T Rt
R A DA FEE PR 755K

4 i 5RE

AR —Fh T Bt RT-DETR-R18 % K%
RISV, B TEAR R 25 K37 5 b AR RS T S5
Rz gL [BIF7fE. @5 N C2f FhEEHEI:
44 DyInMixer, 358 W 4% %2 R RFEFR IS @A g
A R T AR AT LB 24 1 B bR R . E&J&E’J
AIFI £5 K554 PolaLinearAttention 1 EDFFN, 7F {43
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REANFEN R R RS, SRR A E
BT EAL MOEN BB IEALTE R 75 A5t 2% 2 [A]
MIRFEE RS, Mt — PR E AR R E R F T
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iR IS PEIVA SR NCICVAE S U3 (i
REARZEF RTINS L - SIS S5 AR, Bt Ja M5k
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