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Abstract: Machine vision-based environmental perception technology is one of the key tasks in
the field of intelligent transportation. Traditional deep learning algorithms typically meet the
detection needs of individual targets in simple scenarios. However, they are not capable of
addressing the intelligent perception requirements in complex traffic environment. To improve the
intelligent perception capability of vehicles in such environment, this paper proposes an improved
YOLOVS8 object detection network model, integrating attention mechanisms, optimizers, and
deformable convolutional layers to achieve multi-target detection in complex urban traffic
environment. To verify the effectiveness of the algorithm, comparative experiment were
conducted using YOLOv4, YOLOVS, and the improved YOLOVS algorithm on sample images
from complex traffic environments. The results show that, compared to YOLOv4 and YOLOVS,
the improved YOLOVS algorithm increased the average accuracy by 40.76% and 16.92%,
respectively. The detection accuracy and real-time performance of the improved YOLOvVS
algorithm meet the practical application requirements, and through multi-sensor information
fusion, it can realize intelligent perception in complex urban traffic environment.

Key words: YOLOVS; target detection; complex urban traffic; environment perception;
intelligent transportation

s EHE: 2023-10-27

HEWMB: ERAKREEILL I H (41871310) 5 H s @A I AR L 55 %% L 35 5% 4 9¢ B0 H (N17241004 ,N2201007 ).

BB O PR (1997—) , 53 B AL, ZR A6 KSR Ao A8 5 204 (1970—) , 55 INZR MG BHA, AR b K2 o, 1l
AT T 2F(1980—), 5, 0798 T AR T TR A BRA Wl B2 9 s 9 T RE 0 .



30

AR FFR(A RAFR)

% 46 %

AR BE (R SRS 5 AN TR REHOR I )
PR J  FE T LA L0 1Y PR 5 BN 2 AR A A 5
BEACH & B i Al L, o finbRe 1A T e i
T T A A T B AL T AR T Ak,
IR HARZE R Z R 224 | B 5 Z 18] 25 ) Al B3
i B bRz sh Pk s 25 2 2%, e T 3k # v
XoF ] R Gt 2 2 PR B A S R BRI BE 0 AH 2 32 R
T PR 25 25 R K 1) R e R A 38 A A ok T
WK BRI . LA, HR9E Aufrére %' Montemerlo
S Leonard %5 X0 8 BB VR 44T B A BT IBAT 1 F
5%, B2 B i R rh 7 SR U T B R A
B Bl sl S B s, i H A48 A1 A /D
Y BRI 55  BE Ak, 340 4 1 AR R [ 28
ARGV S B A B S E AR R I R
RN Z MG IR, IR 2238l IR T
FEA Y EYSNE 732 I BUR EHsNC L EEEs % NS R ]
THhIRET , i PR ZE R BE A% 1 X & 4% i 3SR Ol
AT ke 42 A = R U S

X BRI G AU D T R R RN 55 R
FEAE Y — L[R]3, (H B — 2 1Y Jmy BR 1, 7652 2%
T A2 PR R X B AR i AR R 2 RO
FE LT R T AR S A Sl MR (1 AT RE

640 x 640 x 3

| -

T3, A SCRI R 3h i & A5 Sk e Bk S 2
TR IR R AR A IR BT T 10 EMG B , 12 H]
THEHLL GG BLES 2% > SRS iR R, LA (51 14
AT R AT MO EE ) YOLOvVS H bz il
ZEAERY BT XTI T A e sC M AE T 2 HARK I
G328 Bl R R X R A7 A TS5 TR B AR v i S Ak
7] 50 e FF R AW

1 YOLOFERIAE A

YOLO (you only look once) 5% J& —Fh 2 T
TR JE 27 21 1105 J7 s 1 B A Al 5 43 2855005 . A
Redmon %574 H g1 AR IR, YOLO S35 AR Wt
SR RO LR, T N T AR L
PLBEAT 55 . YOLOVA i 33 X 5 2k ek 55 321
& (backbone ) F1 551 ¥ £& (neck) 7K 3 A A4 , KR
P& TR D B FIORS O Y OLOVS W3 i
Ak IE PN SRR A | 2 — 2D 3 TR 1 2k
B EEFURT BE YOLO B ik B 2 AR 245 8 4R
(YOLOVS)  HEth T 2 b Fugh T, it — D4
e UPERE AN R E I, A A 1 s

h—{CoanCoan C2F HCoan C2F HConv)—{ C2F HCOIIVH C2F

( C2F )
Shortcut=%n )

Detect
( BottleNeck ) [ Cony ) [ Detect )
Shortcut=True AnchorFree ) (Assigner:TAL )
ks.p.c {WW
Co
CID (conv }—{ Conv }—{Conv2d}—{Cls.Loss
n S Conv2d T
. .
\
v
e [BachiNom2d)
Concat Conv Gm
Conv 1

1 YOLOvV8 M4 &4
Fig. 1 YOLOVS8 network structure

1.1 MREH
YOLOvV4 % JH CSPDarknet53 1E & T M 4% ,
1E neck #4351 A T SPP (spatial pyramid pooling)

BB, FFO0A 1 G I 3 i v A 453 2 o 8015 E 7 12

HME " YOLOVS By W 2% 4% ¥4 £ 45 C2F (cross
stage partial with two fusion) %F fiE @l & £ He 5
SPPF (spatial pyramid pooling—fast) # 1 , ik — &
PETF T FFE SR IBURTRR 5 5 ) Neck #43 [FIFER



%54

BRI AT B AR 6 B 43R T ZGE SR R e BB A 31

T C2F 5 CBS(Conv+BN+SiLU) B H A1k 3k
AR 2 B RRAE B Rl G, 4D Sk (head ) 75 53 D0 38
TR G Sk 3 AT 43 25 5 I AR
1101 RRIE$E R

ASCERH A YOLOV8 B A5 | A C2F #idfe (&l
2) it 20 SR RLG 5 IR EE ] 4 B B B
B BETAL 8, 45 A L ORAEERAE R T RRAE 3 HE R
FEIR > SRR ) [R] B 15 580 22 ROBERRAIE 22 35 g
T 2 T 0 S8 5 54
1. 1.2 2S[ARPAE Tt Al s B

FHAL T SPP, SPPF #4ffi B Jf4 T Max pooling
A ERAT NI T B 5 2K, T8 i 4G D0 3 32 1) (] Fsp
ARUCT B 2R A0 RS B A5 an &1 3 i
1. 1.3 i

TR (4 G I A5 e 5= L H neck 11 head 20 % .
backbone Fl neck #7357 A C2F #l SPPF #5itk , Jf:
Xof A [) R ) R A5 8 S T O [ A A A R, A 4R

1x 1 Conv+BN+SiLU

T AR P B 4 [R]B), S- A7 7 A 7R ) o g
head #5473 38 158 Anchor-Free 77 20 8E 47 2% 51) ¥
5 HFRE M IT , #E9 T Anchor-based J5 5 Y S 56
PR il .

ConvBNSiLU

Bottle Neck

Bottle Neck

ConvBNSiLU

B2 CoF4
Fig.2 Structure of C2F

1x 1 Conv+BN+SiLU

—

Y

Maxpooling,k/=5

—]

[Maxpooling,k=5) [Maxpooling,k=9J (Maxpooling,k=13}

(o)

1x 1 Conv+BN+SiLU

x1 Conv+BN+SiLU

B3 SPP5SPPF#iy
Fig. 3 Structure of SPP and SPPF

1.1.4 ARSIt

AR T —FP i) YOLOV8 2 | DL
TNV O 2 AR PR T B BRI R EOR L
RHEUNT

D) sIA&mZk AEBEIIE . £ AER
J1 ML #] (multi-head self-attention, MHSA) &
Transformer 22 #4 Hh 1Y SC B B 2 ML i o A
H R PR B, B A5 14 2 P 72 o e
We, Wr, w5 sl S A m i X AR, DIE 2 A28
2R EA T8, TR ) Rk e 0t
I A= A N Y Q(Query), K(Key), V (Value); #%

& TA B A R SR PR, S
PEARYE [ e M, B 29 B [
HRE, =), (2) fis.
head, = Attention (X W2, XWX XW/)), (1)
MHSA (Q,K, V') =Concat head,, ---, head,) W*.(2)
Hf . Q=XW,,K=XW,, V=XW,,Q, K Fl V34|
s A ) EFIE s X SR s Wy, W F W, 535
S Q, KAV A E R .
AR SCHE C2F B8 TH R N T MHSA BL] il
75 0 45 BE % BN 56 12 B (Y RRAE X J . MHSA 72
VPR I [F] 5G4 B A [F) 3878 28 [ FEAS [R) 432



32 AR FFR(A RAFR)

% 46 %

EIAF R AR, AN R T Sk Cln 4 i SRR
J13J) TEA7 B R G 0 G A al -+ 25 [AlE B3
A, BRI T X =5 i A . itk , MHSA AI LA
RS BL AT S S WP o S - A (S = =
Fe FENTN R 2 o] e R B AR HL 25 A A R 4
Fis .

B4 HHARERENSZLEENNEENY
Fig.4 Scaling point product attention and multi-head
attention mechanism structure

(a) A BER 15 (b)—Z kTR T) .

2) 51 A Adam fiLfb %% . AL 2% (optimizer) J&
TGP 2 2% B SR TR IR 22 I e
AR s S s E R LA g ok 2547 B o) %
1 L LA 52 B 000 265 2 B0 SR, 4% 2 fe ft i AL A
S AR pR SR/ M AT 2R I 2 rhes Y
A7 5 AR BEHLAR BE R B 1% (stochastic gradient
descent, SGD)" iy A Bl it (I A LA 2 T R0
AdaGrad (adaptive gradient)?* | RMSProp (root
mean square propagation) FlI Adam (adaptive
moment estimation) > {ff, b &% . AN SZ 56 L 2R
Adam P AT AR A R P A7 — s B
12 355 T T 2E 0 BT R Y SGD It Ak U ik

[7A= == ==F=-r==T==7--=  [ZSq-----F--r--T--7--=
@ o o o o o e !
[ D A A I O e A A T I O I
r-—f=—t-=q-—q=-=ag=——t--l -t gt
N |? o]
T A e
I et e T e S L e 1 b s s e |
Il I alalal | Il Tl iaml |
1 19, @,@ 11%#«-« {
bo-boodosdoodondoo b bbbl D08
| i

ol 191 @i® ! B @%@\I !
e e B e I S e SR
| i ¢
19 @ | o @@ @ 1|
I O Wt ot Mot ANV T SN SO TN 17uct ot il AN S
I e et e S R E |‘*q )
HEEERERERFaRLER
] 1

I SRtk eatey et bt eI L R S k|

| T T N | [ R T T

[ [

Adam J& ¥ Momentum 5 RMSProp @l & F—E )
¥, 5] AT Momentum [ — [ 8l &2 RMSProp
B s, LLRIEREEE OISR B 4 /N
SIREE  AFSL I LR T 2 ME IET, GRS S
SR S B Adam AL VR B TR
VT v RO I YE TR BE m, B FE 2L
I AR AT

mt:ﬂlmt—l"'(l_ﬂl)gt’ (3)
v,=B,v,  + (l_ﬂZ)gtz' 4
. om,
mt_ 1_ﬁi’ (5)
n v,
v,= g (6)

SR B, i1 B, 4 R A B S P-H  BEI R
U B,=0.9. £,=0.99 g, J B HL Fl 47 556 45 ¢ 6 21 19
BT 5, D, 40 2%, il v, B T, LA B
T2 SR BT Gt 31 Bl 32 S M0

. (7)
VP, +e
FLr 20,0 (I 2R B8 W2 ST e W
Bt

3) SR AT AT B B AT B A B

RN GIZAR TR H 190 1 0T e 2 A
U RCR () Sa). TSI 4 BUE A7 2 UL
R SR RE G B ATT 22 37 (i it i
BURHENS AL I 1 [ ST AT 38 17 3
e STRE BB T A R K A T BN R R
FEAS LRSS | 525 4R T T AEAb F0 A 26T kA
Tl R 1 2B ] Sb~F Sd th T LA
B 1 2 ) 7 RLJEE O L A A % 5 T
ke )

0

=6t—

t+1

[F3A=="m==r=-r--T-=T--%  (~Rq--~=-F--po-To-To-S
(2 T T A SV A ™ N A
T S I I R R e A R R T S
Fo=t=—=—t-——t-—a-——-——F-=]  pe—po—to—q- g -]
| : : : : : : | [ | | | [ ! )
L"i-w—.;-—r?r-*—-#‘“—’i SEENSE. ¥ & U .
Vo e e l@r@:@:ﬁ‘: H
P ey P e s T e e
@S @1 &r—+@® 1T e 1 |
el LR Ll
L jeleied |1 1 JeieielTt
TETTTTI T it e e ey -
o7 o] [ XF‘: o -\: " T
SOt T O D .
i i
REREEEREEEYERE
SR S (O e AR N I |

E5 trESRMATTEERANRECEREE
Fig.5 Schematic diagram of sampling positions of standard convolution and deformable convolution
(a) —FREBFURNRAL RIS 5 (b)—RI ST BURAE RS CiiF s i) 5
(o) — Al BHURKE PR (R ) 5 (d)—A 2RI R Ol 22 48 ).

MIE 6 AT LU Y, R R 10 Sz S AR
AT B 2 A TOURAAE P | 76 ] AR AR R AR

PP AH) RUBE R AR HEA T 11 205 A A, (fERA A
WM AR AN RS, B S g e =



%54

S T R A AT B AR 9 4 R T 3B R B e B AR AR 33

PR , AR SCAEAR Y 32 R 45 14 i 3 s e e
ST AT AR FEAS A, AT IR A 552 s B0 i 42
F S AR, B4 3 4 BB ACRRAIE , $2 710 R A
AR IE 1 DL Sz AL fE

E6 iRESEREATERERNERITETRG
Fig.6 Examples of convolution process of standard
convolution and deformable convolution

(a) —#RiEERL; (b)—nl BB

IS /\
2 3k Ui

2.1 XWE&EHE

A SIS PR BT L E - BRAE A St 4 Windows 10,
fib B %8 4 Intel Core i7-12700, P} 32 GB, i
£ >4 NVIDIA RTX 3060 Ti, % £ i 7 & Python
3.7, BN BE 4N Python-OpenCV 3.4.8.
2.2 XBAA
2.2.1  TIVEECE AR S5 b

ARSI 06 1R FH B 3T A 38 PR B AR R AR 43 rh
B 22 i@ pr # % i 4 (Chinese traffic sign
database , CTSDB) LA & A~ N R4 19 2 b K 2% S8
A2 38 BB S 1, 3 6 766 7K A E M B K]
15 3R 72% (4 870 5K ) I 454, 20% (1 354
k) A | 8% (542 5K ) M IR IF4E . BT A 1%
B 12k H Labelimg #5 1 T R #E 4745 1 A IR
I 55 A A # 3nk T 2 3E R B R A LA B A2
R A 46 2C3E An A LSS AR AT T | I
TR A0Y i o SROA 086 T 7 % s A £
[ VAR AN b VAR 7 I B i S NS @ < I
% GRS
2.2.2 HEmase

AR S35 F ) 2 Mosaic B0 18 58 5 2%, %7 1k
J&Z % CutMix B0 3 58 77 7% .CutMix J7 7 38 i
FEBR MR B 43 X B8, I I 254 vh A R A 4K
PR R BRIV, AR 018 &R . /32545
D)4z B4 22 HE BN T 0B, 4l 7 BT 7 \Mosaic /7

IR B AL 4 4 9K B 43— L Ag O R 43
Pl DS R vy G 8 S g a2 G 2 A
I 58 b SRR 1S T AR | SRS i R B AL HE
A 1 5 AT DR IE iR I (L1 8) . &1 9 v L 4
PR AR TR 4 SRAEAS SR 18], 8 1 4 8 DXl 3 43
5 9% 45 5+ Mosaic 7 5 1o BEHL LB &,

W OEMRTE S G TR 2l IR A 4
sk A AN E B B, S 1A R
P 5 4 5K DR AR AL 1 5kB I B2 1 T/ Bk
M PERE .

E7 CutMixFisn=EE
Fig. 7 Schematic diagram of CutMix method

E8 Mosaic HETEE
Fig. 8 Schematic diagram of Mosaic method

| I

E9 Mosaic E&&ENAR
Fig. 9 Image interception method of Mosaic

2.2.3 IEdEse

ARSI YNGR T 5 Il it 28 38 PR B H
B LR B AR IR S50 8 F 2 AL 4R
KL (epoch) it A G K /N (imgsize) | F 20 £HE
i (batch) | TAEZEFE (workers) it 4k #% (optimizer )
G RS XT EESBGHT TR AL A
SHACE WK1



34 ALK FFHRA RAFR)

% 46 %

x1 ESHRE

Table 1 Training parameter setting
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Table 3 Performance comparison of different network models
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Table 4 Comparison of experimental results %
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