2024 4F 5 A
Fas5E H3H

K K AR (T % W)

Journal of Zhengzhou University ( Engineering Science )

XEHS :1671-6833(2024) 03-0064-08
B Tt YOLOvSs B & 2418 B8 32 1@ B Fr e il & &

HHER, ZAE, Bk, FooHd

(1. =z fiE k¥ FE%E6, o8 B 650500;2. =il K2 =& BT I E VLR 58 a3 il B R TR
FEHL, =~ BB 650500;3. = F A M E IR A E L, =~ BB 650500)

W E. A4S NAS BRI T TREBFEMNEERI LT T TRENB, FEAMNEAERZGRA, RET
— AP Bt YOLOvSs 69 L i 96 38 B ARab il Lk, B s, BRI E SR, KA % 5k A 2 & 7% £ B3 (MHSARM)
RIBFE AT & BAOL L FF TR LR A ERSES K, R CoordConv KA 4L Conv, & M % A &
T AE S B dnte S RSP A M E 2 JF R 2038 4 Kini & BDD100K k89 52 % 45 £ & 91 . i 3 YOLOvSs fix
BRI AT L& R RGFILRIAE A A RIF 2 ,mAP_0.5 5 A1 ik %] 93.3% 4= 47.4% ,5 YOLOvSs 48
o, o MBI T 0.9%4= 1.4%, % 4, % i YOLOvSs #842 F B 47 s #7 %9 B 4740 £ % YOLOv7 ,YOLOvS,mAP_0. 5
SARET 1.3%A 2.2% ,5 /& Kiti %3 %& LR R AR Sim-YOLOvE F kA ,mAP_ 0.5 & T 2.2%,

May 2024
Vol.45 No.3

XKW BB, B AL ; YOLOvSs; MHSARM; CoordConv

FESES . TP39I XEKERERD A

BEE KB N TR RS AR ZED LR, A
B e kAR I BRI A [ B 2
B RGN EEE EEEN,

FTUREE 2% S (0 B ARG I 5 32 30 1 2 B 22 )
% H 3h2F 2] B AR B RGO SCRRE, B A& 10 5 R
PERE . HET U TREE 2E T H AR R I S By
Be VLB Wb B, Ferhm B B H bR RIS VA AR R AT R-
enn'? Fast R-enn™™ 128 80 15 2 A L% 42 B
HH JER R A 0 0k IX 38, [ 52 KNS 2% A CNN H i A7
FRIESREL, 55 04T HAR 2R 5l E, (A2 H Fix
BRI ] AR (i, AN BB A SE B A I, 2015 4R
Redmon 25"/ $2 11 T YOLOv1 M 4% ¥ H A oAb il g vk
ISR B AR 58 b, 05 v 0 B A S 1k — A
SXS A WA, Lk AE— AN RS B 5T IR I i A Y A
DL R B AL # A% 0 AR AR 4. YOLOv]
JIR T BB B bR A I Bk 8 T, A B B H
s G 000 B3 1) A0F 9 200 A BT 1) e

AR SCLL B BE H AR R 5T B YOLOVSs O 3t
TERIZ% 42 H T stk YOLOvSs B3k, 32 %5 se ik A LA
N I O X5 2% I 28 T S ok 19 TG B

I 5 B #:2023-10-23; &7 H #§ :2023-11-26
HEEWMB . FRARB LTI H (62265017)

doi:10. 13705/j. issn. 1671-6833. 2024. 03. 016

T Lk iF 2 S5k Z R B (multi-head self-attention
residuals module, MHSARM ) ; Q4F X £ 4 B HZE Y
23 [A) S BE ) 48555, 5 BORE B KRR AE $2 BURE ) AN 2 1Y
7] | % F CoordConv!'® S B/t YOLOvSs H 4R Gl
BRETHESEERZ,

1 #HxIE

FE 32 H bR R0 45, 7 A 2 T 7 YOLOW3
ol SPP 45y, i — 20 PR T TR DR BE (O
T 3 A R e O R OR ke ORI 1) 42 T
U7 N 5 F AR AR AR 8., 76 5 A4 1) S8 il 3
IF WA BB I RCR . XA SE S FE YOLOv4 5%
LM AR SimAM U R 4R T 4%
Xt B ELRFAE A $E BRE 77, BlsE T /N B AR A TUORS B S
JE Y IR) R ARG T REAE A B 38 59 19 2838 H AR 77 76 K
EIEK IS, Be & R % @ i E YOLOvSs Hil
CBAM & ML, 32 7 W9 45 % 38 4 H b5 5 /N B b
ARG T BE . Caid 261 fifi 0T AR 9B 36 BUIR B CSP-
Daeknet " IR )5 — 2 i i [ 35 0 3h 25 I 8 5 B K
AN CRREREE N E R AR B BT T R X

BEEE: ML 1973—) 5, AEEFFANE R, = fg IS R 2 02 1 Pl A S 0, 3220 DS 00 R Ak 1 58
LA B IR B 2 ) B 3L BF 5, E-mail ; yunlijun@ ynnu. edu. cn,

SIRAARIN UMAR , ZFZE, B ok, 5. T UGHE YOLOvVSs 195 2% P& A3 H AR Rl Sk [ ], FBMN R 224 (L)
2024,45(3) :64-71. (TANG L D, YUN L J, LUO R L,et al. Complex road traffic target detection algorithm based on
improved YOLOvS5s[ J]. Journal of Zhengzhou University ( Engineering Science) ,2024,45(3) .64-71.)



%3

IIMAR 5 I Tk YOLOVSs (198 248 i

223 AR A I 5T ik 65

H bR BRI PERE . Shi 45 7 JEUA G Sk i 6 0 I
BT AN ARSI Sk | IR 1 T AL R ARG I % Sk R
AL — 2 3R B bR R DI RS L Gao % AR
YOLOvS Ff ik £ B X 0 A #2037y, 5 4 b 5 3 /)
S 77/ N S| DN Y [ B BTERE S WA R VI I R =
R R A O TERE ) .

RSk BOARRE S Bl s H bR AR I {H 2 X T
2 IRZE T8 5T BRI AT AR AR LR Bk, D 5
AR X HCHAR R T 5, Al e O R E W
B KA DB 9 548 2 H AR 5 52 31 & A
IR S T, S BURIE A5 B R, @ J=) 0 £
WG A, RSl AAR AR Sl g 5, h T
I b 2 T A G 45 2 il F A 4 ik 15 8 2% 2%, I 3
B H bR E A TR LS

2 M3t YOLOvSs

2.1 YOLOv5s W4 %4

YOLOvSs'™ I 45 Ay 4 45 BN 4%, 4 A 40 4 n ]
1 TR, Fo R 45 2885 f1 Backbone \Neck 1 Head =~
AT eH A, Backbone T8 H FAHRIE42H @t A |
11T A B A8 AR B 22 RUBE (9 R AIE 5 Neck 4544 J2& — N4
fIE4: 35 (FPN) |, H B 19 2 01K 2 19 BHR FRIE 5 TR
2 TE SCRFAE Rl G, DA AR BRUHE i 58 % 19 ¢ 1E 5 Head
JZ2 0 Detect B3, i 45 B2 44 1, X = A~ R AR K
M2

YOLOvS i i I8 S R JE depth F1 58 FE width PiA>
S8, A4 A RS, 4392 YOLOvSn YOLOvSs
YOLOv5m ,YOLOv51, YOLOvSx, A T i A% & Fl s
B AR SEE R R L RAR YOLOvSs 1E R Lt 5

Backbone Neck Head
Input
Convl
Conv2 Conv8 —— Conv2d —
|
€3 €3
|
C01l1v3 J (3
[
Cl3 Upsample l Conv2d —
|
Convé Convl — Sonyd
! |
(@5] C3
|
ConvS$ o3
}
C3 Upsample
{ Conv2d —
Conv6 —

1

YOLOV5s ™ 4 %244

Figure 1 YOLOVSs network architecture
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Table 1 Experiment with comparison of

training parameters

Hnl Lo Lif  Momentum mAP_0.5 mAP_0.5:0.95
0.001 0.010  0.937 0.875 0.553
0.005 0.010  0.937 0.915 0. 639

1 0.010 0.010 0.937 0. 924 0. 677
0.050 0.010  0.937 0.911 0. 635
0.100 0.010  0.937 0 0
0.010 0.001  0.937 0.920 0. 658
0.010 0.005  0.937 0.922 0. 654

2 0.010 0.010 0.937 0. 924 0. 677
0.010 0.050  0.937 0.916 0. 649
0.010 0.100  0.937 0.916 0. 655
0.010 0.010  0.900 0.914 0. 642
0.010 0.010  0.930 0. 920 0.661

3 0.010 0.010 0.937 0. 924 0. 677
0.010 0.010  0.950 0. 920 0. 659
0.010 0.010  1.000 0 0
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Table 2 Comparison of ablation experimental data

Bk Precison Recall mAP_0.5 mAP_0.5.:0.95 FPS

YOLOv5s®! 0.938 0.877 0.924 0.677 97
MHSA-Y  0.934 0.868 0.922 0. 660 95
CoordConv-Y 0.949 0.876 0.929 0. 673 86
MHSARM-Y 0.941 0.880 0.932 0. 684 90
ARICEP: 0.944 0.879  0.933 0. 684 84
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Figure 5 Comparison of actual detection results
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Table 3 Different attention mechanisms comparison of

improved models

o B Precison  Recall mAP_0.5 mAP_0.5.0.95
YOLOv5s™®'  0.938  0.877 0.924 0. 677
BAM '*7.c3  0.938 0.871 0.928 0.677
GAM'7’-c3  0.933 0.878 0.927 0. 681

SEM™.c3  0.938  0.879 0.927 0. 682
CBAM'™'-Cc3 0.940 0.880 0.931 0. 680
SimAM'*.c3 0.933  0.868 0.926 0.677

ASCHEB  0.941  0.880 0.932 0. 684

x4 RBMRELER

Table 4 Model performance comparison

(=R7S Precison Recall mAP_0.5 mAP_0.5.0.95
LBGE and MSLB"™" 0.874
DSGToU™ 0. 897
K+Means++'% 0.838
Heik sspt 0. 685
Res101-FcaNet > 0.765
Sim-YOLOv4 " 0.911
YOLOv5s"’ 0.938 0.877 0.924 0. 677
YOLOv6s* 0.945 0.824  0.906 0. 676
YOLOv7s!*" 0.926 0.869  0.920 0. 647
YOLOv8s' ! 0.929 0.849  0.911 0. 686
VNSRS 0.944 0.879  0.933 0. 684
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Table 5 Performance comparison of the

two network models
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AXEE 0.677 0.423 0. 474 0.264
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Figure 6 Comparison of actual detection results
on BDD100K dataset
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Complex Road Traffic Target Detection Algorithm Based on Improved YOLOVSs
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Abstract; A complex road traffic object detection algorithm was proposed to address the issue of traffic target detec-
tion algorithms’ inability to resist complex background interference and insufficient detection performance in the cur-
rent autonomous driving scenario. At first, the multi-head self-attention residual module ( MHSARM) was used to
improve the feature information of the target to be inspected while decreasing the complex background interference.
Secondly, in the feature fusion area, CoordConv was used instead of traditional Conv, so that the network could
perceive spatial information and improve network detection accuracy. The improved YOLOvSs algorithm had stron-
ger feature extraction ability and good generalisation ability in complex roads, and mAP_0.5 reached 93.3% and
47.4% , respectively, which was higher than that of YOLOvS5s 0.9% and 1.4%. In addition, compared with the
latest target detection algorithms YOLOv7 and YOLOvS, the mAP_0.5 of improved YOLOvSs improved by 1.3%
and 2. 2% , respectively. Compared with the latest research results of Sim-YOLOv4 algorithm on Kitti dataset, mAP
_0.5 improved 2.2%.

Keywords: automatic driving; target detection; YOLOvSs; MHSARM; CoordConv



