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Abstract: To mitigate the pronounced decline in vehicle detection performance caused by object blur and
occlusion under adverse weather conditions, an enhanced YOLOv8-based vehicle detection algorithm,

designated YOLO-CGT, is proposed. Tailored for vehicle-mounted camera imagery, the algorithm incor-
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porates multiple enhancements to the YOLOvS architecture to substantially improve detection robustness
in challenging environments. Specifically, a multi-scale residual aggregation module replaces the original
C2f module in the backbone network to increase exploitation of raw feature information and to alleviate gra-
dient vanishing associated with greater network depth. A spatial aggregation module is incorporated to in-
tegrate global information extraction with local feature perception. Moreover, a lightweight dynamic detec-
tion head 1s developed to balance detection accuracy and computational efficiency. The conventional ToU
metric is supplanted by the Inner-Minimum Points Distance Intersection over Union (Inner-MPDIoU) to
reduce bounding-box overlap issues. Trained and validated on a vehicle dataset captured under complex
weather conditions, the proposed method attains an average detection accuracy of 81.4 % -an improvement
of 6.3%-with 3.259X10° model parameters and a computational cost of 9.7 GFLOPs, demonstrating

suitability for lightweight deployment while delivering substantial accuracy gains. These results provide a

robust foundation for the safe and reliable operation of autonomous driving systems.
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T R 01 FEHE H s ]

Limervivoor = Lo T 10U — IoU . (33)
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Tab.1 Experimental environment configuration

Eis B 44
BAERS Windows11
GPU NVIDIAGeForceRTX4060Ti
CPU Interi5-12400F
GiFEIE T Python3. 8
TREE 7 > HEZR PyTorch2. 3.0

Jin AL Bl CUDA12.1

PR B EA T T AR AR T IE
B AR B R R A N AT A
WA EMPBEFE A SR, — 3L 5 500 5K f
1% A5 1 K H Labellmg T HF 8h 5€ i, bR ik N &
RN AT W A S MBEE R 4D
FHE o R PR UEARE BN SR 78 3, 5T 4 00 o) A B A7
PEAS K T A R 3% B8 8 12 11 Eb i Kl 43 R Il 2k
8 BRI AL . Horh I SRR 4 397 5K, 5
HE4E 552 5K, i 4 551 5K o Hw A R A9 RT3
5 H 640X 640,

3.3 iFMiER

SRy B A SR Y O ORI SR IR
PEA 46 A5 K 5 % (Precision, P) 4 1 5 (Recall,
R) . (mean Average Precision, mAP) . & #{ im
(Params) BRI (GFLOPs) .

K B % P48 i A B B0 A B R B FEAS
SEBR A IE R FEAS B LA, T DE Al S L 235 R A
Witk A5 RAE A PR A IE KA B E
B T Ay TE 2 0 LA, e W ARE AU B A 0 R DU g
T WHEAXT:

TP

p=—F— 34

TP + FN (34)

R—L (35)
TP+ FN’

P ARV P98 B m AP« 3 B A A [ 26 )
AR W R O R AT P B 4R A R A W R
10U [ i A 2 7 434> 2 00 19 85 g B2, 338 4 5
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E Tab.3 Model analysis under different thresholds( % )
AP=] P(R)dR, (36)
0 ! YOLOVS YOLOVS-CGT
1 <&
mAPZfEAP,. (37) 20 2.2 39
Ce= 30 3.9 6.2
2 K i (Params) 3 78 B 8 i fir A7 Al il 4k 2 50 9.1 12.3
BOR BB, T PR AR R G 5 2 B AT R oK . 99 70.9 73.6

BB (GFLOPs) J& 35 45 50 75 #E #1072 v
JIT it BT A58 BB, F T PP AG AR R B ASOR
TR 3
3.4 ETRZHATAK

JKZ B B KNP T % 4 X i A R
F14) FHL Ao A B, B0 BE 65 4 4 B 22 S R 8 R AE A
B B EZ BT U B B 2 R i fE B L H
AR YR 1) A% 39 B 38 A v () 2 0 oA B EURR AF
], 8K 5 X2 Ao B 1 38T (B 2E AT s 1 % 4, 4R B
i A S B0 B, 9 ok 2R A AH — fk b 345 3
TR EE AR T B o S T Y B b R s JRK 22 BT Y S
Bl 38 5 23 R FH B E 50 B 7 3k, 4e i 38 B W] 5t
ik L6481 (4 20% ,30% ,50% ,99 %% ) T % 7 B 5 /)N
DX 3ol T AR, DA £ A 455 20 o 2 i) b 1) R 37 B

SR U de ol C R LR X R B R R A S
10 T 7R ), 0] LA L8 3 X6 B B0 2 5 itk ) 4% A
RRAESE AR ) 22 5. AR ES R Bon 4 a
43 2% % S 2 BT S TR L M B D I 4% ek i S T 4%
JERAZ W SR AEAT B A R AR DR TR DG B X I Y
AR T R Y 4 SR RRAE HE AR T .

1.0 1.0
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#
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K10 BB Al
Fig. 10 Visualization of feel the wild

F 3PN IR B B E N ST AR R
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B, AR 6T TG O T Sk £ 06 T, DA A R A
PR JE KR
3.5 WMEEETLL L

R B0 A [] 453 2% BR B YOL OV B 1) 52
i, ¥ Inner-lIoU 5 F i i CloU, DIoU, EloU,
GIoU, SIoU, WIoU Fl MPDIoU it 4k p& ¥ 2% 4 1k
Pocm , g5 Rk 4 pron . al LA A Inner-
MPDIoU $i 2 o8 £ 1530 3 40 2% J5 B AL A B 4F
ARG BE R B, X A 2 KA T A AT 55 A
LI NIUE 51 g

R4 MERBHX LKL

Tab.4 Loss function comparison test

P4 2% R P R mAP@0. 5
Inner-CloU 96. 6 87.0 75.5
Inner-DIoU 95.9 86.0 75.6
Inner-EloU 94.8 87.6 75.9
Inner-GloU 95.7 86.2 74.5
Inner-SloU 95.8 87.0 75.4
Inner-WloU 94.7 86.0 75.8

Inner-MPDIoU 97.4 86.0 76.2

3.6 HRAEIS

ASCEETE YOLOVS B g g il R £
AN SR L A T I UE AN [R] AR B g 2 R [ A B
20 A B PR R W A KOPE BT T 8 A il S
PEAT X LB 5T o o A 1-4 43 i) 2R R
CSP-MSRAM HEH B C21 45 R GLSA 45
# . #% ¥ TADHead £ U 3k >R H Inner-MPDIoU
B R A 3 BORE K ok B s BT S [ B
CSP-MSRAM 5 B Fl GLSA 45 ¥y 5 45 5 6 . 78 A
A5 Y Bl bR A Sk B 4 O TADHead ; #5241
ToARSCHE I AL . TH R SE B 25 AN 3R 5 TR .
AL 7R 3 X5 CSP-MSRAM, GLSA,
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Tab.5 Ablation experiment results
rE CSP-MSRAM GLSA TADHead inner-MPDIoU mAP@0.5/% Params/10° GFLOPS FPS
YOLOv8n X X X X 75.1 3.006 8.1 165. 33
Model-1 N/ X X X 76.4 2.602 7.1 158. 65
Model-2 X N/ X X 76.7 4.017 9.2 152.55
Model-3 X N X 77.6 2.240 8.6 136.52
Model-4 X X X N 76.2 3.012 8.1 147.62
Model-5 N/ N/ X X 78.5 3. 906 9.0 134.73
Model-6 N NG N X 79.5 3.252 9.7 128. 54
Model-7 N v v v 81.4 3.259 9.7  117.44

TADHead, Inner-IoU # 1 2t # /5 % A mAP@
0.5 M3 AT 1.3%,1.6%,2.5%,1. 1% , fE4&
WS B R R BR T GLSA BLH AN B4 R
] 72 B 19 B A . 7 [ B 51 A CSP-MSRAM Fl
GLSA J& , B8 mAP@O. 5 /i1 17 3. 4% , 15 M 3t
Bl bW 4G Sk B e TADHead J& , #58 mAP@
0. SAHAL T HEMERIAIIG N T 4. 406 IEW] T Z
V1) AR B I A P o 1 — 2 e 0 IR o AR R Y
P 2k bR BUE L BUE mAP@O. 5 7E S B0 M i
FEARAAE (A B BN T 6. 350, 5D 1 A6
JE 3K 5 117 frame/s, UE W T A8 80 6 58 3 4 5
oRlINE S g

3.7 XTLEXE

R TR B R AR SO B A R R
A 3C P 9 A k 5 Faster-RCNN, RT-DETR,
RetinaNet f1 YOLO R ¥ 5 2 7F A & 5 % L i
T35 S 56, AR RY ) e R A R A mAP 1R
RVENFE AR . SLE S5 R 6 iR .

ME 6 LIFEH, YOLO-CGT &I f) mAP
TebR LT HABA A, JF HAE S50 iH B =M
e W 3 B 5 1B 2 AL T Faster R-CNN, RT-DE-
TR Al Retinanet £ . 5 YOLO & 51 58 % M
I, YOLO-CGT BERY iy Z 8 Fl i S s A AR T
[Fi] 22 1) /N A LS A 185 0, G 0 SR 2R AN
R MRE BERR & 1T 7.7 %

F6 FAREEFEMIIELIEER

Tab.6 Comparative test results of different algorithms

ik R %k mAP@0. 5/ % mAP@O0. 5:0.95/% Params/10° GFLOPS FPS
Faster-RCNN 64.8 39.7 41.14 78.1 16
RT-DETR 75.6 43.6 19.82 57.0 64
RetinaNet 62.3 39.6 36. 17 82.2 36
YOLOvb5n 74.4 50.9 2.50 7.1 116
YOLOV5s 70.4 48.2 2.72 14.1 132
YOLOv8n 75.1 51.6 3.01 8.1 165
YOLOvVS8s 76.2 51.9 11.1 28.4 165
YOLOVY 73.2 46.5 2.01 7.7 114
YOLOv10 76.8 49. 2.69 8.2 121
YOLO-CGT (A ) 81.4 57.9 3. 26 9.7 117
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3.8 AL SHMBRSH
3.8.1 # A TAHA

Tk 2 B R B0 B % YOLO-
CGT 165 2 KAIEAF T X 42 i G I A 30008, A
SCHEAT TR AT AR S AT IR AR P 1T B T

Original image

YOLOv5n
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VOLO-CGT

(GESS
(a) Foggy days

(b) Rainy day

RS AR A BT O s R i 11 BT R A
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(b) K
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(c) Snowy day
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Fig. 11 Heat map visualization effect
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ity FIAF 76 3 44 191 B0 N R BR ML i YOLO-
CGT fEARTE A5 T B3y R e v e A
BACMARG 0T o 1 DK b 42 4 R AR AR R S X
TR TIEA R mGi6e . Bk b, ks

B YOLO-CGT Bk B B R EtS 2
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3.8.2 FEWLERSHMH
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D5 2% | 76 T K A5 K25 F T (Rl RR A7 78 PR3t 4 1
TCEATIN 1 B0 R BIHE S R AT AR 5
Mg s S A A R T R RS2

it — 2 Bk e 5L YOLO-CGT X £ 2%
S E ARG RE ) AR SCEEAL S N AT A A



3146

33 %

Original image

VOLO-CGT

(OESS
(a) Foggy days

(b) Rainy day

(b) K (©FR

(c) Snowy day

12 KRR % e

Fig. 12 Comparison of detection effect

NS MR H R B & A R B
GGt T 4 28 B BRI 8 AR S5 R R 7 TR .
B 13 JE 7 T % bak 28 H AR 0k DU mT 40 £k 25
AN TR ZE 0 B A5 DA [ B30 (6 1) T A AR 3, B
MHAARFL T YOLO-CGTEE R R E&MTF X%
J0) bR ) o A 5 1 BE

®7 AEEZBHRE YOLO-CGT & & TR R
Tab.7 Detection performance of different object catego-
ries using YOLO-CGT algorithm

B3l mAP@0. 5/ %
78.6
FIAT % 68.0
KR 81.4
NBEHE 69.1
JEFE 4 69.2

25 F R, YOLO-CGT 54 338 3 i JH GL-
SA R B, K5 TR I R 2% v 4 Jm R R S A B R
HURYRE 7, B0 1 H br PRI P I e s A Y
i 5 38 ol 22 R R A R XA R RUEE 9 H
P FEAT AR 42 B0, T 1/ B AR AR H AR
U K 1% O 1 & 2B 5 Ok AT AR B 4 B (Deform-
able ConvNets, DCNv2) i — 25 B9 22 K3 4 1F
PEHC, WAL T BAR AR HERE

(a) J[E

(a) Original image
K13 A2 BARTES 2 RARAF T LI T it s SR

Fig. 13 Visualization of detection results for different ob-

(b) YOLO-CGT

ject categories under complex weather conditions
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TE #4545 F v GLSA B He 23 51 % 47 K H
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SRS RUE R Y SR =S i S N G RSN
DCNv2 fiff g 4 52 2 500] fig 5 BB AL R GA g ) A
SRR, fdi ] Inner-MPDIoU 1y i1 S HE 461 2<
PRES, e Ah 3 A R T S R 38 50 43 A H AR B
i, I AR AT TR A i Sk R T A i Y ] &5
B LR FEN, YOLO-CGT B mAP@
0.5iK%) T 81. 4% , BRI S Ky 3. 26 X 10°,3F
Bl 9. 7GFLOPs, FPS 35 3| T 117 frame/s.
AR YOLO-CGT 53 3k 10 (- IE B 32 5 4k
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