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Fig. 1 Calculation process of global attention mechanism
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Fig.2 Sub-module of channel attention
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Fig. 3 Sub-module of spatial attention
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Fig. 4 Structural diagram of YOLOv5 network with added small object detection layer
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Fig. 5 Relationship between prediction bounding box and ground truth
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Table 1 Parameter configuration of experimental environment

il ' 35 S8 LR S
CPU Core(TM)i5-7300HQ TR 2 2] HEZR Pytorch 1.12.0
BAERS Winl0 GPU Nvidia RTX 4060
CUDA 12. 30
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Fig. 6 Images randomly selected from the KITTI datasets
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Table 2 Results with adding different attention mechanisms

oA 2% H5 TR P/% R/ % mAP@0.5/ % GFLOPs
YOLOV5 93.2 89.6 93.2 16. 1
YOLOv5-SE? 93.6 89. 8 93.4 20. 8
YOLOv5-CBAM™ 93.3 89.5 93.9 16.5

G-YOLOv5 93.8 90. 4 94.5 16. 2




B KW A EETIRIEE ST I BN F ARSI B Y ik 83

2 2 AT AR B9 YOLOVS B3ER mAP@0. 5 4 93. 2%, 76 YOLOvSs Bk |43 %E i SE
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B AALH L AE YOLOVS BiEm £ T M4 b i GAM JE 7 S L 6 T 52 TH 18 8% H b 0930 51 2008 i
o B 7 AN R XS LB ZE S Y OLOVS Bk AR 45 G-YOLOvS BAAS Isg R,
XL AT DA EHE JE A G-Y OLOvVS & DN E 2%/ B bR 09 & 15 BT &, GAM i & ) LI 7E 42 7k
K 35 5 T UL S 3 R L LR R A T R R R DN
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Fig. 7 Effect comparison diagrams of the improved model on the KITTI
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Xt F /0N B bR BRI R TR AR 1) YOLOVS Bk,
2.3.2 BN B bR 2 5L

AR AE YOLOvSs BRI a8 fin— 2 /N B AR A2 8 2ot 5 A L i 45 4 C-YOLOv5, i
T B AEGS n/N B BRI 0 8OR 7 KITTI & 4 EXF T YOLOvS &ALFT C-YOLOv5 BEAY, 52
gk UL 3 Fi,
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Table 3 Comparison effects with adding small object detection layer

) 265 i 71 P/% R/% mAP@0.5/% GFLOPs
YOLOv5 93.2 89. 6 93.2 16. 1
C-YOLOvV5 93.6 90. 2 94.5 16.6

2 3 Al LAl i/ BRI ZE , YOLOVS BRI B & BN T 0.5, mAP@0. 5 &5
T 0. 7% B R B C-YOLOVS BRI — @ F B b T T % 38 3% /0N B bR A0 AR 0 20 1L . G 00 28 20 % L
WE 8 i, LM YOLOVS Skl i, Nk C-YOLOVS AR AR, 1T DL H ot )5
C-YOLOv5 k3 T YOLOvS Bl 4 .
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Fig. 8 Effects comparison diagrams before and after adding small object layers on KITTI
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Table 4 Comparison effect of changing loss function

] 264 A5 A1 P/% R/% mAP@0.5/% GFLOPs
YOLOv5 93.2 89. 6 93.2 16. 1
E-YOLOvV5 94. 7 90. 3 94. 8 16.1

B9 KITTI $d 45 L 0441 2 ok £5000 J5 188 280 A 2SR X L 1]

Fig. 9 Effects comparison diagrams before and after changing the loss function on KITTI
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E-YOLOVSH RIS f R i, mAP@o0. 5 $&F+ 7 1. 6%, K ith, B4 EloU $i 2% bR ¥ 7T L) 42 T
YOLOv5 A5 Rk I8 /N H AR 09 PERE . BB 9 AT %0, A0 e T Z2 il YOLOvS #5273 & i 2% 5 5 A5 il
E-YOLOvVSBRIZE KITTT 4k 55 b RGO ) 4240 00 8 {5 BE AR or T . M EL L %2 CloU L EloU X F H
FRIEAR AR /N0 AR AL T HLA M, BB 06 T g b 36 107 45 R RUST AR IR 19 B AR A AT 55 . EloU 3 it
/I T AE 1L SIEAE rh O 22 ) ) B B B R a0 BHE 1 L v L Sl AR S R R s I 25
B DR SR AE FEJE R B s 0 SO . PRItk A SCHR i E-YOLOvS fARLTE KITTT %4 4 [ Yl %
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T KR A SCHE Y 3 R O ik R B VE I AE YOLOvVS B3k ERSCR, L YOLOvSs #6583t
Bilt o SR B ) BEH B/ B AR R DU 2 DL B R e 2k eR B K B A9 B B9k A 4 8 GCE-
YOLOv5, & # KITTI %4 £ #4780k, L g RAE 5 s,
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Table 5 Ablation experiment results

o 2% 155 7 P/% R/%  mAP@0.5/%  GFLOPs
YOLOV5 93.2  89.6 93.2 16.1
YOLOv5+GAM 2 S #L# 93.8  90.4 94.5 16.2
YOLOvS+GAM 7 & S AL+ /N B ARl 2 94.3  90.6 94. 6 16.6

GCE-YOLOv5

. o 94.7  90.9 94. 8 16.7
(YOLOV5+GAM 72 F1HLH /N H AR K2 +EloU $12%)

f 2 5 AT A IR IR 1 YOLOVS 536, Wi GAM {3 S AL 3 in /s B br ks 2 i 5 46
EloU 4k 2 J&5 15 2 (A B3 B 36 0 0. 6, mAP@0. 5 2 7F T 1. 6 % AR E 171.5% ., 78 KIT-
TR . GCE-YOLOv5 R T8 /1N H AR A AR B4 302 B GCE-YOLOVS 5881 45 %4
fiff R T /0N B A T A RS A [0 5, B8 w5 T % /I E A 1 TR0 R A7 R
2.3.5 XL

R T 20U AR SR B SR AT SR DA R B AR SR Y GCE-YOLOvV5 5 YOLOv3,
YOLOv4,YOLOv5 Faster R-CNN,SSD 452 Mt f B 7E KITTT 48 48 1 #E A7 SC g %) e, B A S e
YRR SH0% 8 T AT L8 Rk 6 Pis.
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Table 6 Comparison experiment results

IoH) 246 # T8 P/% R/ % mAP@0. 5/ % GFLOPs
YOLOv3 78.3 68.3 87.5 54.7
YOLOv4 71.8 73.0 89.3 20. 6
YOLOVv5 93.2 89.6 93.2 16.1
Faster R-CNN 68.6 84.6 88.7 194. 3
SSD 86. 8 72.5 77.2 62.3
GCE-YOLOv5 94. 7 90. 9 94.8 16.7

R 6 A] L A SCHRE ) GCE-YOLOvS Bifl 5ILYERIRIFA . 76 P R &2 mAP @0. 5 FF3Fr 18
W EHAEEREF. 5 YOLOv3. YOLOv4, YOLOvVS. Faster R-CNN. SSD #H I, 4 3t 19 GCE-
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Improved Algorithm for Small Road Object Detection Based on Deep Learning

GUAN Hao' ,GUAN Yu?,WANG Yufeng®,ZHANG Hong®
(1. Inner Mongolia Autonomous Region Transportation Development Center , Hohhot 010020 ,China;
2. Hohhot City Transportation Service Center , Hohhot 010010,China;
3. Institute o f Transportation s Inner Mongolia University s Hohhot 010070 ,China)

Abstract: To cope with the challenges of existing techniques in small road object recognition,
such as low accuracy,high false detection rate and missed detection,a YOLOv5-based object detec-
tion improvement method (GCE-YOLOvV5) is proposed,aiming to improve the small object detec-
tion capability. Firstly,the Global Attention Mechanism (GAM) module is integrated on the back-
bone network; secondly,a small object detection layer is added to the header network; and finally,
the original loss function is changed to Efficient Intersection over Union (EIoU) loss. We evaluated
the performance of the GCE-YOLOv5 algorithm on the KITTI datasets,and compared it with the
YOLOV5 algorithm. The results show that the GCE-YOLOvV5 algorithm improves mAP@O0. 5 by
1.6% and P by 1.5%. Compared with the YOLOV5 algorithm,the GCE-YOLOv5 model has higher
accuracy in detecting small road object, which effectively improves the problem of missed detection
of small object and has better detection performance. The GCE-YOLOv5 model detection speed
meets the real-time requirements, which make it suitable for being integration into autonomous
driving systems to enhance vehicle perception capacity in complex road environments.

Key words:intelligent transportation; small object detection; YOLOv5; EloU; GAM



