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8. BARAR ; B EE A BAsAA W Sk 2 A YOLOVSs

PRI S YOLOVS, Rl ViT' " AR B i = Ll e
FI BRSNS A 17 FH AR 8 3Z , IRHUEHT 2D JRy
FRIES N H 1 7 (local feature superimposed self-at-
tention , LFSa) ™ F4F & F 1T 55 A9 L F SCHR A (rask-
specific context decoupling, TSCODE) ") %} YOLOvS5s &
TUEAT At | ISR A 5238 2 i i <2 BE R 47 B8R,

1 YOLOvV5 &8I/} 43

YOLOvVS5 2 Uitralytics LLC 2> ) & A i — A5 4L
TN BT BRGNS, anlEl 1 R AR 32 B A A
1 (BackBone)  H1[H] #HE ( Neck ) A4k (Head)

EF MK A CSPDarknet53 P45 B TR 4G B A
EUGHLAC N Z )2 FHEE . CBS BLH 7 5T 6 i ASETT 2
5T RFE, C3 AR B T RETE T4 JRe 00 2% 114 I8 15 11 e
Z B VAR THRAESR I MERE . SPPF 78 32 T R 2% vh
ViR 23 18] 4 - B AR | RE AT JR & e FE R 4 J=) e ik
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3 AR R, B — M R T o 2R A AR Y
S IS A AR AR A 7 o s 8 0 A v 4o o)
B HUHE, HOR B B B AR MRy FUAE



W
i
&
o

% 4 19 IR F.BER

423

1
C G P E
1 | ]
ST T O
Lo CBS b @3 L !
P T goEsp ! :
! [LC3 —+—Concat, N ,
TN o :
| @EESD | J—CTt R ;
1 | 1 ]
| j‘% il cBS & | i
A f s —
i f 335 = ] ; s | [ CBS i : i
| T DON [ Gleiae) - ey :
po L b T e | | :
| p?%ﬁ+~@m ”ﬁw: |
1 | 1 ]
] [ P [ !
1 1
ww | e @
| ) . : [ :
. i) GBS Vol i
1 h = [ [ '
| [ [ '
1 [ : ] :
: ' | 1 : 1
| o g l
\___BackBone, | Neck| | Head |

fcz{r%v' @ T MaxPool2d—MaxPool2d—MaxPool2d
EEE (@

j : 1% Concat/

BN Concat’

! SPPF CBS

- I

|

|
! GESD

[ (Comit T '

| ) @ b

‘ 11(1 o} Concal

PEEE t

- BN {BoftleNeck x »

i CBS  CBS

- @D @@

B 1 YOLOv5 M%&4ste &
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2.1 GSConv

YT R T AR R R T A A TR
A% 4R YOLOvSs [4fE RIS

HSRPRER T (standard convolution, SC) R] DA F T
BEAIFIRRE ST, ABAEE R AN ] RUBE B4 ACRIA $i2 2 1) 5
FITHAA IR, REER] 73 B ( depthwise separable
convolution, DSC) " J2 38 3of Xif 45 — 4™ 388 18 2 b 35 A5 DA
M >S40 (BARHEFRREE T PR, DSC X4 A
RBEASACEUR, I BIoHE B3Emit ) TR UF R

TEGFR 2 38 26 MR 5 35 T v el 25 Tl
BB )i A R A (1 2) o SR, e R AR T 1Y =5[]
FE4E FEIE Y AR 2 S EOR o FHE R R £k

(a) SC
B2 SC 1 DSC HRERER B

SC AETHR R R R B 1 Il 22 8] 119 42

(b) DSC

AR BOE UAE S, MEZ T, DSC Wj5E 4
YIWT T 3838 2 0] A0 3% 32, B AR T KR o 2 8
TR W BT R EUE U BRSO A,

A DSC 7R IR BR il F 8 42 AL e 3
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HAES5 T, AT e Tovk a8 B S AR G B S M fe

BRG] A GSConv' ™) | B 15 B AR AR 1 3143 & % i
F RIS, SEBLRABLF SC IR . GSConv il 1 iR A
F SC . DSC il shuffle' ' SLELEIT SC AYEBUCR, W
& 3 fit7 , GSConv f# FH] shuffle 35 AKF SC A= i 1915 &,
BB B2 D R — A

C2/2 channels

input !
C1 channels |

outpuf.
| C2 charmels

. C2/2 channcls GSCOHY,/ "

K3 GSConv Filegh &l

TE GSConv HY&5Fy Y Horp— 3@ B i ] SC i# 47
LFERAE , LAOR B A 2 (] R AE B 25 1T 0 — 2l i
] DSC R SEOTAR . HHMIMA GSConv WAL 1
Aefa /IR P Tt
2.2 2D BEFEEMBEEN

£ YOLOvSs sty i 17T Rk & 5
EE W 4% ( feature pyramid network , FPN) + PAN'™! 2544
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features

K5 ELFSa
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AERE B AEE AT T FE R 3R H R Tz RO —
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P — [l S 1x 1 R S TE AT A5 L A
RURFIE 9 38 T8 1% 28, DA T 12 0 38 48 5 b F (X)) M
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M xl BERGEEE Q K.V 3 MEER 78 475 11
HHEEF,0, K, .V, K HFEE B[R —A-8 18, ELF-
Sa FT BN BRI A,

TOW _ QL(X>K;F(X)
F™(X)= Softmax(ﬁ jVi(X)
ol X) = Q(OKX) o)

F: (X)—[Softmax( JH ]Vi(X)]

A FP (X)) Al FY (X)) FoR A P Y — ANl T 147
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Kl 6(a) & YOLOvVSs il A T ELFSa [ £ Il #4 7
KL 6(b) S BRI YOLOVSs, 55— R AL AR
RIS SN WA RES VAR i T S /A i S NN ]
YOLOvSs I8 HAR FR 7 dic il i) A 28 4 b AR EE
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ML ARSI, 72 YOLOVSs BRI b | AR AG I 2] 1
HABAE ABATIEE TR RRRAE, T ELFSa
A DA R D) BT 3 SRS T A DA 44

(a) YOLOv5s+GSLFSa
¥ 6 YOLOvSs HIl A ELFSa FlSAARIREL A3k )1 1 oA

(b) YOLOv5s

B SHETESH LT X/RER
YOLOvS Kk i — B RSB JERE AT 55,
XPIAMTSS 78 FARSIN s fe 2 AT 55, SR,
TAESS HRPEA TR, X FARIER) bR SO sR WA, E
PUT 55 T 20 22 BT SR R A AT 2 (2 S

2.3

Backbone

Feature Pyramid

: G" %
L.y gt gl
.| Head| / B

HE, TR S B e BE 223 S bR SCRIARHAIE

YOLOvS RGN Sk 5 BB YRS & P 8 e, % T4k
PR KNG bR BA — 7 19 Jm BR3P Dy 26
FIE L AT: 55 T0 ¥ AR JOCH: BT 5 SRS 1 19 B8 S0 B
YOLOX™" f) fift #i5 Sk mI 58 - [vi) bof Acb 3K AN ] J22 %
FROEEE S, AT b AN [R] RSF 9 H AR, B YOLOX
V14 RS S AT IO FH TR ) 1) o A RPAE , 5 003 R o
PIASTFATE 55 Z A P AN 56 26

P, fE YOLOvSs R 5] A TSCODE, i#f — 2
TP AT 55 BRI G A, A B 43 S0l 365 T 43 2R A
SENHFEAEE . {6 TSCODE 5@ it 3 Z4SE A& 2E
BT A A A 55 1918 BT 3XUE B 4 ( semantic
context encoding, SCE ) N5 & & (AT 55 1) 40 5 14 B3 4
4 ( detail-preserving encoding, DPE) , Jf- 4 H 4y A 2| &
DK R IEAT J LR b B

JAEFI A TSCODE Al LA M BE , (H R i o 4 i
TR LBl YOLOvSs A58 i S50 FITE it
SR KIRIEIN . XS TSCODE #E17 fRifL AT S
(Y, TSCODE ¥4 3 J24FERIE 5 A SCE F1 DPE
i N BNAGI SK R LA T3 EAE AL S5 (B 7))

o N

7 TSCODE J5 i ) 2544 7 2 &

HIRFT IR SCE, BT 746 P, J2 3647 2 5 1%
S P B EPHE (K 8 (a) ) o A7 SRR
T SCRFIERRG ) 1 9008 SRR IR, e 2 141 55 S 3t
R EME LT UER

S RAES AR AR —A AR A 55,
B SO A AR BRI TR R RE A, TR
DPE Bt (1 8(b) ) Rk A LS PYJZ 4L, B P,
P, o B P JRIEAT 2 45 T RAE AR5 H— L RE S 4R
BEEE Z YA A R ERE S 2 P, P BRI P, 25T 2
R ERAES PO, SR AR BT AY P, o8
TR AR T P, SRBER AN A SRR A
{1 2 78 T AE 45 19 18 SCH# #S (simple task-specific
context decoupling,S-TSCODE ) i 15 & 57 AH X} & A% 19 45
Fy, SEE T R RIRICR IR TR A T4
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BRIESEEA [ B B i
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|-
O— 1 —ar-C-4

(a) Pkl SCE Bith
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(b) E&i&ﬁé DPE ##H:
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X AT 55 Z IR AS 56 36 P-4
L=L,(F.(P)),c)+L,.(F.(P),B)

S EZ A | S-TSCODE j#fi i SCE #1 DPE £ 5
BEIERI S G F1 Gy, P FAT 55 1 IE A 1
FERE RORR TR | 58 SE M D ]

L=L,(F.(G}") ,c)+L,(F.(G),B)
K F (- )YFF,( - ) 53R RAE N 1533, e A
FHbR%E, B AL AHE

F.()=1fu(),CC )}
F.(-)=1fi.( ) ,RC-)}
K C o ) Af C o) S T 40 ZRE A7 1 FEAE 32
SCRREL,C( - )YFIR( - ) 73 52 o3 R E S i e Js —
JZ K REE A R 43 AR R A B B

3.1 SEWRESEMNIER

SCUS E Windowsll R 4 b 47, fff /i PyCharm
2022. 3.2 ( Professional Edition) Bt & Anaconda K & 1
AT, BRSCIR IR TE LR 1,

F1 RIS AKIE

4 24
GPU Nvidia 3060-12G
CPU AMD Ryzen 5 5600 6 1% 12 £&
FHETE PyCharm 2022. 3. 2( Professional Edition)
HEEEE Anaconda
Pytorch 2.0.0
CUDA 11.8
cuDNN 8700
Python fift BE4% 3.9.16

R TR 5 UE A AR R (Y PR RE , 7E CEE ) YOLOVSs
AR 55 HAt H AR AS ARG FU A, R UE Rl — SE 56 R
9 FEARS 78 ( Precision) A A% ( Recall) \mAP, ;(IoU
B A 50% ) .mAPq 5.0 s (ToU B TE 50% ~95% )
VE R RIS I RE RPN R AR . BT ANT

Precision = TP
" TP+FP
TP
Recall = TP+FN

AP TP 0 BRI IE AR A B R0 5 FP 3R iR
R AREAIR P FON IEFEA YRR FN 5 FP A, 2
B IEREA R R I R AR

3.2 HiRE

S fd F PASCAL VOC!™ Fl UA-DETRAC'"™!
MRS, VOC i 2 — A T B e i Fn
IG5 BVEETPAL A B 2 | SR ) i e B AR R 22 1Y
PUSEJUT AL B, SERE ) VOC (2007 +2012 ) %54
LINGRER 16551 skIE B4R A 4952 5K,

UA-DETRAC J& 4= 5 K6 10 71 BR 5 %) R 0 455 5 i
R VEARAE TSR 1 b T R K e 1 R (R
L) A, SR 121 T3 EHARR A HE F 8250
AR, R T 2 s KA R AWK 4 Fh
RATEA R B[] 5 B 7 42 A 28 2 R0 42 A A
KRG E R, T UA-DETRAC ¥ 4248 0 B
K, A Python JEIAS XU A1 R 10 iF2EC 1 5K &
F,IF N VOC #83X1Y xml FR2ESCHFEEHCH PRk Fil
FAHEAR AR B, B A bR A5 BH— 16 2 YOLO #% X hY
txt BRSSO, Fe 2 i AR AT B 2R A AT AR | o
S 9801 5K AN 2144 5K & F-,

3.3 LWEERSHT

3.3.1 YOLOvS5s &t 5 Rk % R H5H

AR 5 i R A R A LL, P B AR 3 A 1R T
(F2) ,3XUER T el b i 8 (1) 12 A e o P R B 4
W& FEPE, 78 VOC Bd8 48 I, e A A P 42 7t
2.1% ,mAPg, 4T 1.6% ,mAP, 5 o o5 FET+4.9% , H
M mAP 5.0 o5 AT B R 0 35 3K fifT SO R ASE Y 5 A BT
HERR ) B bR e A0 A = 0 HARKL I 2, #E YOLOvSs
o 28 SR S ARG B T, el A ATy BB AT 42 5 67 A 42
Th, Ao %4 TH0. 5% , A FPRIZTH0. 6% ,mAP, 5
PEFH0. 1% ;mAP 4 5.0 0 8ETHL. 5% o BT UL H i
Y 7 FH 21 A 308 VR e B AT S

2 RFEEELE VOC M UA-DETRAC HE 4 b i1 sc i 25 1 AL %
PASCAL VOC UA-DETRAC
A
LR 7 1] 5 mAPg 5 mAP(ﬁO().S;[].()S i Al mAPg 5 mAPq 0.5:0.95
YOLOvSs 80.4 78.6 83.2 97.1 96.4 98.8 85.5
OUR 82.5 78.6 84.8 97.6 97.0 98.9 87.0

SRAERN IR B B K35 T fo P et A R A
YOLOvSs Kl 45 5 DL I 9, FR KX B st 141 AT LA 21

YOLOvSs Hy B AR 1A I AFTAS I 152 s B9 (0] 88 . YOLOvSs
WA 2R BRI R VR s BRI e LA 4 R, R
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R i 3 40, FERIR RN IR B TR g U
AR, (ERG R, AR R HA S (B A R I 45 2R . 25
A HOHR, AR RS 4 0 SME T, A D2 2R R

=

a)ﬁ?l@ 7

., ELATYREAS It B 14 59 4240, R B BB R A I A
RGN 38 U 14 1)

= e
TS e
-car dgg Pl6.52

Part ~ B S

S

ar_0.810.! 5
m—C "E’q ’0 54

car 0.96
» 0.

B9 Mot RL 5 AR il S8 4 G X L

3.3.2 B EZEASHN

FERTE 4 & YOLOvVSs R RFIE 52 K B B 28 G
T, IR Z B BEIIA T SE .CBAM Al LFSa( ELFSa
(A AR ) SR AT X L S5

MFE 3 AT LLF B SE BEHIA J5 R GEAS T I
[%  CBAM $2 71 g BE /N, LFSa 1EIZ B BER M R 4, (H
Y5 ELFSa # HATH G ek 23 (8], ELFSa 76 2008 A5 B
F) SR IR I8 K , (RS R T T1. 6% , mAP, 42T
T0.9% ,mAP, 500 32T+ T73.0%

3 TERHMERIET BN R R0 X LLEs R . %

" PASCAL VOC
T
iy PEREIES mAPgq s mAPgg 5,0.05
YOLOvS5s 80.4 78.6 83.2 59.8
YOLOvS5s+SE 80.2 78.3 82.8 58.6
YOLOv5s+CBAM 80.2 78.2 83.5 59.7
YOLOv5s+LFSa 80.2 78.8 83.3 61.5
YOLOv5s+ ELFSa 82.0 78.5 84.1 62.8

3.3.3 AR 3k At A

TESES R R v in A B A X 2R A K | S5 )
S YOLOX Ay fift k3K | ASFF! 46 3k #11 TSCODE ( J&
i) o X 3 SR Sk S A5 R R T S-
TSCODE [kt

i 4 7] %0, S-TSCODE #H %t H # F TSCODE,
mAP, s 8 T+ 0.9% . mAP,, 0 #2 T+ 1.1%, 5
YOLOVSs A, mAP,, s $8 T4 1. 1% , mAP 5 45 3 T

3.5% ., S-TSCODE H.A7 ¥ fij i ) SCE 1 DPE £k,
A LU S AR AR S8 4 T BT 3 E2 A SO 55 A A ) 45
R XUEM T S-TSCODE REMS 5T 4-Ay i 43S F e o1
AFAT S5 FREOH T 75 ZE A I T SR A

e ARG K X 2R WAL %
_— PASCAL VOC

R AR mAPao s mAPg 5,05
YOLOv5s 80.4 78.6 83.2 59.8
YOLOvSs+DecoulpedHead ~ 81.5 78.0 83.4 61.5
YOLOv5s+ASFF 80.6 78.2 83.4 60.4
YOLOv5s+TSCODE 82.7 77.7 83.4 62.2
YOLOv5s+ S-TSCODE 82.0 78.7 84.3 63.3

3.3.4 @R

Shy IRE AU A AR VA N 1) 25 A R 1) A A
725 5 19 )57 5 7E PASCAL VOC 1 UA-DETRAC B 4E
T 2 A SRR I

225 .6 AT LA U8 GSConv 3 i 21| [ IR A
RO 2 BE IO PE T, XSG /NI 3R T, A
ELFSa 1 S-TSCODE J& , BRI 4 ST 48 br 8 A 5¢
KIFRESET;, il at ELFSa 4% i #5555 () R HE 67 fiE
IFEA TS Iz ALRe J1, (/] S-TSCODE X F# ik 2
THERE T RAE TSR R SUE R, 5858
AR A A FAE 45, 7 UA-DETRAC %44
£ I JERRASE R LA A o AR TSR A TR T, 3 ad 3
AR A TERG R EATIORA B R Tt
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£5  MHEBIAILE PASCAL VOC b iEA7 I fl 525

Num GSCony ELFSa S-TSCODE FEWR/ % BER/ % mAPg s/ % mAP 50,05/ %
0 80.4 78.6 83.2 59.8
1 vV 81.3 78.3 83.7 61.4
2 v VvV 82.0 78.9 84.4 63.0
3 vV vV % 82.5 78.6 84.8 64.7
6 MR EAE UA-DETRAC b E47 31 Fl S 56
Num GSConv ELFSa S-TSCODE KA/ % BIFR/ % mAPg, 5/ % mAP G 50,95/ %
0 97.1 96.4 98.8 85.5
1 2 97.8 96. 8 98.9 86.6
2 vV vV 97.7 97.0 98.9 86.4
3 % Vv % 97.6 97.0 98.9 87.0
Famam k[ 1], H LT A2 S 5 A L2019,55
4 _Q_:lnzi]"sg (2):12-20.
[3] Cheng HY,Weng C C,Chen Y Y. Vehicle detec-

FEXTRA Yo i it K SO Sl Py 4
R0, AR SR AN [ B ] B AN () b st A ] SR AR
BT AT R & FEF5 BRI 43, HL g ke S Ao R A
(7] i R G 0 380 8 45 19 240 . (1) FERRAIE H2 R B B
A ELFSa #& /5 T FHEFRIAfE J7 , i A5 5 o5 O kUl
H#r; (2)f#fH S-TSCODE £ YOLOvSs sk |, fif gk
T REARVER A R v A ) 5 S P A RN A AT 55
(3) 51 GSConv #ile 3x3 R ~F ol 8 AR FAYE R,
RREARAR Y () 115 5 2%, R AT AL A 4 B

TE VOC Bl 4L I, MU SRR T I dn A A 2L A
T R T4 5 RS 0 R AR T2, 1% , mAP, 5 $2 TF
1.6% ,mAP, 5 o s T+4.9% ; 7E UA-DETRAC 44k
L, P #TF0.5% , B 1 F 4L TH0.6% , mAP,, ; $2E T+
0.1% ,mAP 4 5 0 0sTETH 1.5%  SCHEARIEN | it 55
HEA Rz ALRe ek, (A& ELFSa W&
FIERA 43 HAt B A, T HL 2k 38 %) A 4 s
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Traffic Vehicle Detection based on Self-Attention Combined with Context Decoupling

SUN Guangling'*, ZHOU Yunlong'
(1. School of Electronic and Information Engineering, Anhui Jianzhu University , Hefei 230601 , China;2. Anhui Laboratory of Intelligent
Interconnection System , Hefei University of Technology , Hefei 230009, China)

Abstract; To address the challenges arising from factors like traffic flow ,time, place ,and weather on traffic vehicle detec-
tion, A novel algorithm , which builds upon the YOLOv5s model , has been introduced. This enhanced model demonstrates
adaptability across diverse scenarios of transportation. The improvements are as follows the incorporation of an efficient
2D local feature superimposed self-attention ( ELFSa) during the feature series stage ,aiming to enrich the model’ s ob-
ject perception capabilities ;replace the detection head of YOLOv5s with a simple task-specific context decoupling ( S-
TSCODE) to achieve a perfect balance between classification and localization subtasks Balance, thereby improving the
convergence of the model ; To mitigate computational complexity, certain convolutions within the model with dimensions of
3%3 or larger are substituted with GSConv. The experimental findings demonstrate that the enhanced YOLOvS5s model
exhibits improvements across all aspects, particularly in terms of mAPy 5 is 98.9% ,and mAPq 5 o o5 is 87.0% ,which
are respectively increased by 0. 1% and 1.5% . Addressing a wide range of intricate traffic scenarios , the suggested meth-
odology enhanced the performance and robustness of vehicle detection.

Keywords : object detection ;self-attention ; decoupled head ;lightweight convolution ; YOLOvSs



