FRILX E51% F18/2025 51 B/HEHNIRE

E T it YOLOVS Ry E R iE /N B iR EWa 5 ik

kxm,ﬂ%m ﬁ% , 4545
CEM B R2EB T 5158 TR, HEF 224 730000)

WO BRI I N HOBR A 0AE B 0 R X ARG A R ARG LA R R A R s KG A TR) B, BR ) — R T
YOLOV8 Bk B KN K% 2 ROBEBS 41 A 1Y 38 15 2838 /0 B bR 4 35 K 0 A2 & RGGE-YOLOvVS, 1 %%, fii H
RepLayer BiRIE . YOLOVS W45 0 3150 - 5T A K AR EE W] 43 B G B A5 0, 3 8 1R S5 B - DA s s U X
/INEARAE BRI RE 7 s HOR R GIoU 108 JRidbi 2k R 55 i e ToU 7 FUAE 55 B SCHE WA S B A7 7E 09 ok
PARIRIRE ; SR I . 5T 4 Jmid B Il (GAMD L 3l i 9 A5 S8 25 R 1G5 4 ey 28 B4 B R 1 i I 2 (R R IE 6 iR e
J1s5e)5 -5l CSPNet I S A0H L2 A FRAIE 4 738 (1 75458 70 5L A 5 R AR A2 B0 R 3 TR R A 2 o S 300 285 SR 32 T
RGGE-YOLOVS £ Visdrone B8 4 Al H A 5G4 F mAP@O. 5 #8453 )35 3 34. 8% Al 946 7 %0 o 82 F R 4h
YOLOvSn B yEKE 43 A4 7 2. 2 F1 5. 51 H 4355 UEH T RGGE-YOLOVS #5U7 X18 /1N b 4500 0 s A 30k .
K : YOLOVS; /N H ARk 5 PREE 2% > s 2 R IE & 23 s 1 1 pLI

FE %S TP391 XERARER: A DOI. 10. 19678/j. issn. 1000-3428. 0069825

Road Traffic Small Target Vehicle Detection Algerithm
Based on Improved YOLOVS

HUO Jiuyuan, SU Hongrui, WU Zeyu, WANG Tingjuan

(School of Electronic and Information Engineering, Lianzhou Jiaotong University. Lanzhou 730000. Gansu, China)

[ Abstract] To address the issues of identification difficulties low detection accuracy, misdetection, and missing
detection of small target vehicles on traffic roads, this study. propeses a road traffic small target vehicle detection
model, RGGE-YOLOv8, based on the YOLOvS algorithm. with a large kernel and multi-scale gradient
combination, First, the RepLayer model replaces thesbackbone of the YOLOv8 network, and depthwise separable
convolution is introduced to expand the context information, thereby enhancing the ability of the model to capture
information on small targets. Second, the Complete T6U loss (GloU) replaces the original loss function to address
the issue where the IoU cannot be optimized when there is no overlap. Subsequently, a Global Attention
Mechanism (GAM) is introduced to mprove the feature representation capability of the network by reducing
information loss and enhancing global interactive information. Finally, CSPNet is incorporated, and the gradient
combination feature pyramid is parameéterized to ensure that the model achieves a large receptive field and high
shape deviation. The experimental®results indicate that the mAP@0. 5 index of the improved algorithm on the
Visdrone dataset and the custom)dataset reaches 34. 8% and 94. 7%, respectively. The overall accuracy of the
improved algorithm is 2. 2upercentage points and 5. 51 percentage points higher than that of the original YOLOv8n
algorithm. These findings demonstrate the practicability of the RGGE-YOLOv8 model for small target vehicle
detection on traffic roads.
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Table 1 Experimental environment configuration

and parameters

2 W 24 W
Optimizer SGD Batch 8
Close_mosaic 20 Workers 2
epoch 500 weight_decay 0. 000 5
patience 50 Irf 0.01
images 640 Wwarmup_momentum 0.8
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Table 2 Results of ablation experiment
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KBS Uk R RSN WEEEKE % ’ P OFLOPs - SEGI0T R ’
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Table 3 Comparative experimental results
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Fig.8 Confusion matrix of two models
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Fig.9 Stacked plot of accuracy comparison results

between two models
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Fig.10 Experimental results on traffic vehicle dataset



256

ES515 F18/2025F 1 A/ATENTRE

2k AT LIRS 2], AHAL T A O (9 SRR AR TR, AR SCH
H T EEX 2 6 R AR o 3 B v RE .
A2 5 1 (14 7 50K5 B2 Y90 mAP, X s 5L iz
HR T B AR AR R A AT A0 AR A A T ThT 1 R 4T
PERE. 2 TR, 3l i 7E 38 38 42 A AHE A 1 I 2k
RGGE-YOLOvS #R R 3L T 05 O PERE , e g4 &
it /IS B b 24 0 G 0 B 7 o S 6 0 R A G SR 1
BSUIE T BT 07 2k A S5

TERAE YOLOVSn ££78 5 RGGE-YOLOVS #71f)
ACBE T 2 FA T2 8 A 28 T8 A LA SEAG I 4
PiE Visdrone, Visdrone F¥liEMATE T AHFRECT A B

H K Sk 35, 78 Visdrone ¥ #24E 1o RGGE-
YOLOvS iy mAP @ 0. 5 i 5] 34. 8%, 4 Lt I th
YOLOv8n f BIH2 Tt 2. 2 F 43 s ZEAH R 19 75 =
T M RGGE-YOLOVS FE 8 4 /)8 H 5 i 37
AR T IR ACE RS | AH I RRAE SR
Hl AR AL RGGE-YOLOVS % 5145 20 Hh difi 412
EUAR A 405 5 5, - v L X 4 P A e E 0/ |
bro BCHEJE A0 55 TR0 A A2 F I 4R 155 RN 49 [ R 42 T
3.8 3 A o X U I R B R AN AN R B T AT A R
SIHERA R BBl T IR AR I Ol . FER] 11
SR, PRI AST TR A o) oA S T8 2 405 11 TR S S
TR A TR AIG X SR AR B A 5 2 S 5t T Y
R RZ AL RE T R
3 HFRiF

AR SCEF R B ASIE /S EU AR G4 I [l 50, £ T
— P AR AR RGGE-YOLOWS , i i 25 25
KN 22 RUBERR BE A5 R m 15 70 38 5 2838 424 1)
RS B T 2278 04 g FH s v et H 4 18 b P B

(B)YOLOvSn

11 Visdrone 77 £ £ BU# R B 5 R BUH R BBy X L 45 3R

Fig.11 Comparison results of improved and unimproved models on the Visdrone dataset
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