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Autonomous Driving Target Detection Method Based on Improved YOLOvVS

GAO Xin, ZHEN Guo-yong *, CHU Cheng-qun, WANG Zi-shuo
(School of Instrument and Electronics, North University of China, Taiyuan 030051, China)

[ Abstract] Aiming at the problems of missed targets, inaccurate target localization, insufficient target feature expression, and unsat-
isfactory target recognition effects in the current object detection algorithms for autonomous driving in traffic scenarios, a road object de-
tection method based on transformer prediction heads-YOLOv5 ( TPH-YOLOvS5) was proposed. Firstly, to reduce the risk of missed ob-
jects caused by drastic changes in object scales, a detection head for detecting small objects was added, and a Transformer prediction
head was used to capture global information for precise object localization in high-density scenes. Secondly, to enhance the feature ex-
pression ability of the model, the output of the convolutional layer was weighted using the selective interactive module with affinity
learning( SIMAM ) module. Finally, in order to improve the accuracy of target recognition, four spatial pyramid pooling( SPP) blocks
were added to the neck of the network for multi-scale fusion, and the Euclidean distance-IOU ( EIOU) was used as the bounding box
loss function to accelerate convergence speed and improve regression accuracy. Through ablation, comparison, and visualization experi-
ments, it is shown that the proposed algorithm improves the average precision by 8. 1% compared to YOLOVS, significantly reduces the
missed detection rate, and enhances the object detection performance.
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Fig. 1 YOLOVS5 network structure
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Fig. 4 Transformer prediction head structure diagram
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Fig.5 SIMAM structure diagram
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Fig. 6 SPP block structure diagram
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Fig. 8 Improved network structure diagram
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Fig. 9 Traffic scenario dataset BDD100K

®1 AXHE(A)S YOLOVS(B) Y9 M AEANERENIKX 3T LE

Table 1 Comparison of 9 categories of performance tests between the proposed algorithm (A) and YOLOvVS (B)
. P R mAP@0. 5 mAP@0.5-0.95
A B A B A B A B
(GUN 0.991 0.887 0.903 0.802 0.957 0.878 0.765 0.651
AAT % 0.973 0.891 0.863 0.792 0.951 0.885 0.714 0. 646
R 0.911 0.823 0.878 0.785 0.948 0.852 0.726 0.648
FEFEAE 0.941 0.827 0.899 0.724 0.937 0.788 0.735 0.639
KEF 0.951 0.806 0.865 0.793 0.941 0.815 0.721 0.628
K 0.974 0.886 0.855 0.776 0.945 0.786 0.719 0.625
s 0.981 0.885 0.861 0.787 0.949 0.788 0.706 0.619
kel 0.936 0.798 0.831 0.779 0.927 0.779 0.715 0.614
5 1R PR 0.886 0.785 0.829 0.720 0.918 0.774 0.702 0. 609
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Table 2 Ablation experiments on dataset BDD100K

- [leiiTey FPS/

ik A B c oo e F "M% g
YOLOVS 0.869 126.8
YOLOV5-head V/ 0.874 103.6
YOLOv5-TPH vV 0. 895 107.1
YOLOv5-SIM vV 0.902 99.6
YOLOV5-SPP 2 0. 884 112.3
YOLOv5-CBAM VvV 0.926 101.9
YOLOv5-EloU Vo 0.872 121.8

AxEE OV V.V V.V V0,950 98.9
A CHREINT F TN AR I 4 R 3k 5 B SR i ik TPH-
YOLOvS MZAE R EARMILS ;C A SimAM 78/l %] Backbone JZ %
SRR RFIE RIS BE ST D N 4 A SPP R T 2 R AL G
E Rffi ] CBAM it B HOR I T F 35 B RRAE 44k ; F b 4f A EIOU
LR BREVE by 01 SRAE #5125 PRV ; FPS (frames per second ) A A3 B2 A% i
%k,

% 19. 7 Wi/s, B335 3 Bahn T & JIHLEl SimAM >k
HASRARI FRIRBE 1, mAP i AR T, K P
TRE, B4 fdiH 4 A SPP AT Z RN RS, 7R
FEE S AR SRR $E T TR IORG B, Bk S
HI CBAM R Bk g4 7 [ 18 N FRAE 414k, mAP
FEFHF] 0. 926 , UFE B IZAR B G RRAE 2 B S 35 1
L 6 i EIOU 52k pR VR by i FEHE 1 2% pR K
D 4 ZE R A 2 AR AR, K B 5 YOLOVS AH 2
AR AT TR IRS B, AR SCERERNR T UL L
6 PR 1) i A IORS FE £ T 21 0.950, T T
8. 1 ANE J s AEJE R A SC I 45 52 7% B B 38, 46
DA 98.9 Wi/s, BE 42 T YOLOvS a2 i, {H
JESE AT LI R TS T5K .
3.7 XfLbsLog

R T 2 B U AR S RS T B K AR ST
B ¥ 5 Faster  RCNN'Y™ | SSD. YOLOw4'™ |
YOLOX'"”) YOLOv7''"® DetectoRS""" 25 H b 6 ] 5
BT X EG, #475% ] BDD100K %54 42 37 47 14 fiE 1l
iRk, [FEHE H mAP@O. 5 Al FPS 1E M85 , Kl
RN 3 iR,

i3 3 AJ 50, B SCHE A Faster RCNN B R

*3 HEXREEMEIE
Table 3 Comparative experiments with

mainstream algorithms

ik mAP@0.5/% FPS/(Mi-s™")
Faster RCNN 56.7 15.9
SDD 60. 4 68.2
YOLOv4-tiny 79.8 9.5
YOLOX 85.3 49.7
YOLOv7 9.1 70.3
DetectoRS 96.3 15.6
A 95.0 98.9

2R LRI B AT HE AR N 3k SRR F TN A
B2 ROBE Rkl i A SO A Z )2 a1
FEAE I FREIE Rl B, DR1 0t 76 A 00 K 32 R A o 0 3ok
J7 AR M BE 2T R, i F SDD (single shot
multibox detector ) 557k A7 75 55 &2 HE FIGE /)N H ARz
NSRRI, F30E BAR AR Faster RCNN A
Frite L ARG SRR IS B EAR T AUk 34. 6 4>
T4 KT BN T 30, 7 ot HEYC, BT YOLO &
HIVEIE R 1% YOLO Bk e RS B LA T
TR BE B 4 T (L 2 T R A R I AR % R
JE WA A IS B2 ey, 4G 0 5 A I 3 25 78 1
FEMCEERT b H B8 7RG DUORS 32 A  BE 2Z [R) 1) R A
A BT A SCRIRIE I T — AT Sk HAE 2 R
Fil G FRAIE R IR BE ) 7 T B oAb, A SCORE B R
PETF KRS BE H R YOLOVT B3R T 1.1 AN E 4
A5, AEL98.9 Wit/s ARG 4L B2 I 2 A T YOLOW7 , 58
A R T A8 1Y 5 22 5 78 B2 J7 T, i1 T Detecto-
RS SRR B, A B2 o 7 $ R RS B2 R
FEATURE 1RSI S BE Y SR BROARTEAE B s T AR
B 1.3 AN L (B R R D AR T AR SRk
83. 3 Myl A S AR ARG N SR R 1 0 41 () 47 O T Ak
DR B A 5 R B4 T 3R 3 g R &
WY, A SRR e A S B A DN 5k B RORS 32 1T 3 31
456 A B2 B H ARSI Y SE PR oK

4 g

PL YOLOvS B3 M SEa, &0 2 2252 i 37 5 K
T H b B AR R 20 T K6 A A N I I B
T R A0 R A 25 %) [ AL, A e/ N 0 A G T 4 A6 0
Sk S B TSI PR 25 3k G0 T 4G, 388 3 STMAM 3k
B GRARL RRIE IR BE 7, IR @ At 4 4> SPP Sk iEAT
LR FEERE 0B T CBAM %5 SR He ok 64T 1 3
NFFEAAL B2 TH RS DUOKS B2, 5 J5 , ff ] EIOU 4 %
PRIESCYE Ry 0 A 453 2 o 50K 418 TG N S B, 7R 2K
Pi4E BDDIOOK [~ i S50 45 5 R | A SCE s e AR
T EBRAG RS 2 1 ] et Sife 5L R A0 P A I Rk 4G Y00 5
BE R IRE BE R T T 8.1 AN E A W Tl
AR EETE [ B2 3R A B O O BE Rk e
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