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Traffic signs detection algorithm based on YOLOv8s-CGSA
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(1 College of Electrical Engineering, Guizhou University, Guiyang 550025, China;
2 Guiyang Huaxi Power Supply Bureau of Guizhou Power Grid Co. , Ltd. , Guiyang 550025, China)

Abstract: With the rapid development of assisted driving, traffic sign detection accuracy requirements are increasing day by day, but
real-time deployment in embedded devices is still a challenge. The paper proposes an improved YOLOv8s target detection algorithm
YOLOv8s—CGSA based on GhostNet. Firstly, the paper uses GhostConv of HardSwish activation function to replace all Conv modules in
the Neck part of the network, reducing the number of model parameters and improving expression ability while reducing computational
costs and improving inference speed. Secondly, the paper uses the improved C2fGhost to replace the original C2f module to further reduce
the number of model parameters and improve model performance. Finally, the SA attention mechanism is introduced to enhance the
fusion of semantic information and location information, and improve the model feature fusion and detection performance.
Experimental results show that in the Chinese road traffic sign detection data set TT100K, compared with the YOLOV8s original model
mAP@ 0. 5 is increased by 2. 7% , model parameters are reduced by 26% , the model is reduced by 4. 1 mb, and FPS is improved on the
embedded device Jetson Xavier NX. A real-time and accurate detection of traffic signs on embedded devices is achieved.

Key words: YOLOvS8s; GhostNet; embedded deployment; SA attention mechanism

H Bk i T AN A S AR T 5 | A R, ik vl LA

0 3 B 20 R G 4 AT 3

BEF N2 B 55 B 25 B R G 4R, TH AL
R 7S B AGEI AR AR B B RUE R R B 57
A LR S AR, {HL 25 [0S B A F) S AR S I
250k 5T RE S BT Y IR BE , M S B AR Y 2
TSRO, PRI, T B 2 T B 523 A A A D
JREBAT RRLTE ), AT LL N 25 3 B3 J AL fi

E£mA. MRS (BEE ZK2022135)

S SR, I — H AR, T B —
AT A R HL S TR S H R AR R
FUbR G I 330 ) e R mT LA 3y 2 4> 2B B
TG RIR BE 2 S Fk Y AR GE i H ARG I 5
VA LA S T O A RS AT 2 A DL 1
P DX, SRJ5 PEATRRIE SR ORI 2028 IX RO vk 1Yy

EF BN FIR (1998—) | B Bl-LWF5E A, RS Tr 0] TR ) A Anderill, A AR b AL iR 5 XU R A (1998—) , 55 Wi o2k, 3

WE5ETT 1] LA G5

BEEE. T B1968—) , L0, #U% i+ A S, EBF 58 7 1 AR HLGE , K540 B, Email ; ee. yning@ gzu. edu. cn,

fs BHA. 2023-10-23

P EFRE LS ¢+ 44 i+ 5 5 A




55

FEIR | 4. JET YOLOv8s—CGSA A2 38 A 2 A 2 vk

143

TR 2% B e, AN G S A I R i % 152 4 1
F o MR RAT R B2 2 ~F 45 R 22 ) 45 18 0 4t
IR T F 3225 > SRR E AR B, 7T LAAS 2k
JEE B e O HL S I 5 1 G B A B AR | i LT AF
e 20 TR 25 > BEAT F ARSI 4508,

TREES:>] BARKLIN 751538 5 AT 534 two—stage Fll
one—stage Bﬁ?@o H T two - stage &5 7:7/21:, filn R -
CNN'*' Fast R-CNN"* fl Faster R-CNN'* S B2 1558
Az AT DR, SRR 0T i 2 DI FEA T H B T AU
SRR TR AR RN v P b R B, (S A
185 RIS S TREAEN LSS L, SR, T one—
stage [, (N SSD' il YOLO 417" 3@ i H Ax
HGH 0 28 B AT F bR A SE 2 AN 222 BAT S HR A A
NS B R YRR, TEIXSE T v TR, YOLOV8s 1520
FORT AR AR AL G o A TR 1, b X R0 28 254y ik
177 Rt A e HE AR, DR, AR SO 22 F b2
et YOLOV8s PIZE45HE , ASKE B I I SC Tl AR R A R
RN, A A ROt AR Bl gl b

FEASI AR H BRI AT, SR RIS Lee 55
2P T RET SSD( Single Shot Multibox Detector)
() E AR A (i VGG —16 B A TAC B AR 2 Y
7B AT, B S 2 ME A K ( Mean Average
Precision, mAP) iK% T 88. 4%, #ATii, HiF VGG-16
IS BEROR, R ASH A 2% IN I th st a6 Lo
AERIEE . RBRIZRAE£H ™ E YOLOVSn Y25 I

I SPPF
t
e ConvModule ConvModule
image
MaxPool2d
Conv2d
([),] ConvModule MaxPool2d
batchNorm2d MaxPool2d
ll)2 ConvModule Concat
SiLU
2 C2fModule ConvModule
3 15
P3 ConvModule P3 C2fModule
14 16,
4 CofModule Concat P ConvModule
5 3 17
pg ConvModule Upsample Concat
12 18
C2fModule C2fModule s C2fModule
7 11 19
Concat
Ps ConvModule ) ConvModule
8 C2fModule 10 Upsample 20
Concat
O sppF
21 (2fModule
Backbone Neck P35

BN ERRSHI Sk | 38 hn T AR BE AL N H AR (H
SEAR AT VA T kg n, S Bl AR 2 2 03
BB, O TR — Al ASCR R TR o

(1) RHZEHN) GhostConv #5 FH #1228 X 45 L)
TR R s T

(2) k7 GhostConv 51 1) 38 1 pREL LA 3 5 A5
BRIk AE

(3) B R C2f BBk Y BottleNeck 2
GhostBottleNeck , Ji /b 2 5= fl T &

(4) 7E Neck #435] A Shuffle Attention V£ & 7]
BB, DA AR R AN ] DX 8 A9 DG RR TT , DI 5
KrIPERE o

1 YOLOvS f+48

YOLOv8 j& i Ultralytics 41 BAFE 2023 4F 1 H #&
A YOLOv8—n/s/m/1/x JLARRAS , Hirh YOLOVSs
2808 LU Z HITTAT YOLO FY s 46 R RE By 4 Bk
JETH R AR X 2 FiT AR A 2 T LR B
dE AR T Ay C2f B, SCEL Tt — A R i
1, 4kS:i il SPPF AR ; [l il anchor—free AL
ELHETIN XS SR rh O T AS J2 © R0 B A 1) i 7% 5,
BT AR AN H NMST R B A T
T Decoupled—Head , BI3# i 2 43k 43 55 i cls
5 reg; {#i | DFL Loss + CIoU Loss E N 4254 5%,
YOLOv8 JFURZSH AN 1 s .

c2f

Conv— bottle . Conv—
Mtgzi‘{ﬂe s n)g:: ¢ kgtcﬂe C Module
S:Split C:Concat
bottleneck
ConvModule ConvModule
Detect
ConvModule ConvModule
Add= Add=
False True
Detect
Detect
ConvModule ConvModule
Detect Conv2d Conv2d
Head Class loss Bbox loss

El1 YOLOvS8 £ E
Fig.1 Original architecture of YOLOvVS8



BO6e

144

itoE s

| $15 %

Backbone #B37F H bk il 68y v & 4% 25 FRAE £
Wy E SR, A4S 2 BB, 4 ConvModule |
C2f LKz SPPF, Hrft, ConvModule FEHR 1) 3 X 3y B
JEXTH ARG IAT— RINEAE 5B (Conv ) it
I9—4k ( Batch Normalization ) , DA B i 7% pR 2% SiLU,
X R BT SR IR b 4 AT 5 i U
SHREE, C2f 2544 & YOLOV8 — A4 il ¢
FAERG T TR S FR 2SRRI SCBE A {4, SPPF
B ELA AT, 22 /N R AR P e 48 L 1 o R/
TR ERE ST o X —FRPE 1B AY AR A2 A0 BEAS [] R
PR EAR, [ ORAE H AR A4 Sy A, 3 i X RN
[FRCHR B2 G, 310053 RE % A 0 $ U EHR R AE
R BRI S5 4R AL T OCs R

Neck PJZ57E BRI AL i) 32 24T 55 J2 X 2
FUZRREGEAT RS, AT A BURRAE 42 715, DA s o
Backbone B #EHAYRFIESS B . YOLOVS F¥) Neck B

Input
image
0 ConvModule
P1
15
1 P3 C2fModule
N ConvModule
P2
2 C2MModule 14 Concat
3 ConvModule
P3 13
- Upsample
4 C2fModule
15)4 ConvModule 12 C2fGhost
11 §
6 C2fModule Concat
! ConvModul 1
P5 onvModule 0 Upsample
8 C2{Module

SPPF

Backbone

Neck

SR T RRIE G T 2% (FPN) R 55 T 1 )
25 (PAN) 5K IX G 45 5 A I 45 7 AN ] RUEE
L RERS H A TR AR B AENE B
Head % H 35 Ay 5 Je B4 T 38 23, AR AN [ I
RN ESIHE PSR e NEIPNANEE 73 7L NE R T VA
2

H ./ o

2 YOLOvVSs M3t R B&

AL FHEIT GhostNet ™ JEA7 2k ik, GhostNet
JE 2020 AEAE TR S 0 2 4 1 RS i G IR &
2%  GhostConv 4& GhostNet [% 2% 1 [l — > 25 B
e X BT EHE A M4 Neck #8493 Conv FBR | If:
M GhostCony BIHL 43015 R BUCA HardSwish ; 20 i
C2f FEHY) BottleNeck A GhostBottleNeck ; it J5 51 A
Shuffle Attention 77 JJHLH , B B X 2% 25 k4 Un
K2 iR o

16 GhostCony Detect
P3 Act=HardSwish
17
Concat
18
C2{Ghost
19
P4 ShuffleAtt Detect
20 GhostConv
Act=HardSwish
21
Concat
2 C2fGhost Detect
23 ShuffleAtt

P5 Head

B 2 YOLOv8s—CGSA R 4& &5+
Fig.2 YOLOv8s—CGSA network architecture

2.1 ET GhostNet BJiZit
2.1.1 GhostConv #&Ht

Cheap linear operation & JFU 18 3C H #2 [ iz
SR MSRCR R, B e A B2 R
BBV —PRYRHIE I, e R RS 20t — > 5x5 5
B KA 1 B9 Cheap linear operation 15 2] 75—
AL, B it Concat FEAEHSE 2 F87 FRAE B PF 2
HCSERERRFIE R, Hor ConvModule F 0 PRZTHH

JERW) ReLU o8 B IE A 11 2 1% 45 B HardSwish
GhostConv BLHANE 3 FT7R .

Cheap linear
operation
Input ConvModule Cm:sM;);lil]H Concat
ch_in, ch_out k=1, s=1, g=1 g=ch “outll2 /

& 3 GhostConv 1R
Fig.3 GhostConv module



55

FEIR | 4. JET YOLOv8s—CGSA A2 38 A 2 A 2 vk 145

B JE Swish WG BREUCE RelU, o345 1
2 2 Y HERR PR LR e SO

Swish(x) = x + Sigmoid(x) (1)

BRI PR MRS = TAERE, SR Sigmoid pR

BOE AR B B, e S b p TR A ey

3% Sigmoid Wi vREL AT LA 43 Be 2 1 bR 8K
HardSigmoid 104 :

0, 3

HardSigmoid(x) = _:’_1 ’ 3 (2)

R :
T? + ER otherwise

H itk , 1 HardSigmoid A, Sigmoid AT LA K K Ik
BB . HardSwish BITTEAR N .
HardSwish(x) = X + Hardsigmoid(x) =
-iO, x =3

T, x =3
1

VoA

X
X

(3)

X *

1
1':% + EX otherwise

L S R B, BREURN Swish 1YRBCR LT
AW 2200 B SRR THRE R U B AR 2 1 e, v]
PAS/D N A7 B9 U (R B0 | R R AT E IR A
2.1.2 3T GhostBottleneck 2 C2fGhost

GhostBottleneck L 4 & 4 ff 7%, X A~ W 45 4%
P it — ZR AN E AL R HR A, Eo 3 e G 4 8 3 93
D BREERT 3 B AR IE AR AN SiLU S0 eR E0Y i
B, UL RS2 R RHE RS R B S TR A P R AN
A, B, M5 14 GhostConv Bl 3 ik
NFFIERI AR IE B, 3Tk, MRAE Stride HYEL(E,
AT LAERER TR FE AT 43 25 46 AL ( DWConv ) BLIE 4L
A SILU 0 pREL, LA AN [A] I AR SR AT oK, 4R
J& , G355 2 > GhostConv A, i H1 REAE 5] 11 38
R S A GEE R ARV, 5 R
A B A RR AR B 5 BR 25 AR, SRR LG
AN AT LS Bl 0 2% B b 3R A L5 v UL
B IR S BRI I e R A PR AR

#7671 GChostBottleneck #EH J5 | T4 H A gt
C2fGhost , ¥ 5 M 2% C2f BEHH Y Bottelneck 45
el GhostBotileneck, X/N45F% T I b BEEFAE
5 SRS RIS B8 i B A, LA i A [ P 2 22 22
(] 27 SRR Y T A8 RS 325 H AR 2 080T
AR EE A DTSR 1 52 ey, DT B2 5 0 268 1) 27 2] g
J1o W5 A GhostConv 1 C2fGhost 3R, J /b T
JRIRZEA T K 1) 3x3 il B RERAE, X — ek
W T L AR /N AR T S8R Fi

AT AR R A] DLAR AN e ik A i A%
1 AR S SR RS bR AR I Gt R 55, DA
GhostBottleneck £ 0 3 BI/R B MK 4 Frw, Wk
FHEIAY C2fGhost BEERANIE 5 BT

GhostConv DWConv

GhostConv

DWConv
BN-SiLU

GhostConv Conv
GhostConv

Add

(a) Stride=2 (b) Stride=1
E 4 GhostBottleneck &1k
Fig. 4 GhostBottleneck module

GBNeck

ConvModule S GBNeck C ConvModule

GBNeck

5 C2fGhost 5
Fig.5 C2fGhost module

2.2 Shuffle Attention i¥ & /1

Shuffle Attention J&— 7 TSN Y1 =
JIWLH, EERAE T IE PO R ) a2
>J AN [v) 388 T8 22 ) ) O R R R PP s 5 8 RS ARRAE v
O Y S I WS BT R A b S el 1] )
SEENE, XASHLE] VLY [ 3 2 ) 8 TE AL
1 DL WA [T 55 A A5 08D T TR A
SSZe B T AR I PERE  [RIORRE TRRARAY
THEE 24, 8 T AU 88, Shuffle Attention
BHREERIE 6 Fis

58 BRI A RRE BIZ 8 45 Shuffle Attention
Fbe, 825, Shuffle Attention 23X ERAE R H 1) 18 i i3k
AT e e B, DAfEE T 4y Hb A 4R AN [) 3 1 2 (] 1) DG Bk
PR BXRhIETE ] A E 73 B BY T 58 AR
fiF $ e TR B I Ah, Shuffle Attention i
SIA T B AR, DA 2 A 55 R sl
MNTTHGER THRAERIRIRRE ST . i X R =, fEfS
SR b AN [ 5 S, 2 — 204 TR
A, 2 A SCHYSLIRAT TR Tl AE R 26 Neck #5
43 C2fGhost AHL 1) J5 1% ] Shuffle Attention , AS VX AF
FEARER T AR EARAR H AR i PERE



146 o ofe

2N A | = T A ¢

ERRES

C Concat
/2g
/g Fa Fuse
Group
Split /2g
Fuse
GN

F()

Product F(x)=Wx+b o (x)=Sigmoid(x)
)

o (x)

Aggregate Channel

Shuffle

C s

o(x)

6 Shuffle Attention 11k
Fig. 6 Shuffle Attention module

3 XWRITSERSN

BIRE S5 XWIME
TT100K K tE 2 Hi i 6 27 5 TH 92 36 4 Bk
B R AT B 5 S AR i AT EIR
BAKIEE— I BT 151 FPORTR A2 5], 45 25 51
SEGVEAEAE ™ AN BT IS , P R IR IE O, A
SCHfi 3 H 2R 100 W38 AR A, IR sk
ARSIz AR, e fa SR E] 45 28 Ho
6 793 SKAERIIZREE 1 949 FRAENIRIFLE
YIZRIREE . T A4 E R 480 Windows10),
FHE B M 1 9K NVIDIA RTX 2060 &4 %A )
HEZL A Pytorchl. 8. 1, YIZkif SH0KX & . ik A% 1k
JHEBf MBS FE F F%  ( Stochastic Gradient Descent,
SGD) , B EE A 0. 937, WIhH2: 1%k 0. 01, 3L
25 100 1 epochs .
3.2 iFriERR
ASZ Wl RS B0 % (Precision) . 13 [l %
(Recall) . “F ¥ K5 1 ¥ {H (mAP@0O0. 5) Params Fl
GFLOPs XFRGHATIF . Horh R 5248 IR0 130

3.1

MR IERG(TP) W 2FH (TP + FP) WL, Al
AR AR T
_mw (4)
TP + FP

A ]R8 I 8 TO S IE AR (TP) 19 5L PR
(TP + FN) By, i8N E AR

TP

TP + FN ()

Params 1 GFLOPs F THEEPRE NS % n
DI R AT .

1 & !
mAP = — 2 f Precision( Recall) d( Recall) (6)
n;-17o0

BRI L A5 R ILR 1, AR 1, YOLOV8s #H It
YOLOvSs SSRSHR A g (HRAS 5, JF A
ot SN, AR S A R AR ERE TR
B T B A AR R A5 A A T T RS, S A
IR 2, RPEFR 2 HIHAILEEEEH, GhostCony AN JE
BT I AE £ 1 Backbone B4 VR AN T ki
(1) GhostConv , 23 P A S50 AR 3 A A 42 B A 8,
RE I SRR M R AR 22

Precision =

Recall =

Fz1 HEEXLE

Table 1 Model comparison

Model P/% R/ % mAP@ 0. 5/% Params/ M GFLOPs
Faster—RCNN 72.3 71.0 74.2 28.5 369. 1
YOLOx-s 73.2 67.2 70.2 9.3 35.1
YOLOv5s 63.7 65.9 69. 1 7.1 15.8
YOLOv8s—C3Ghost 72.0 62.4 69.0 5.2 13.2
YOLOv8s-C2fGhost-SE 79.7 65.2 75.7 9.0 24.4
YOLOv8s—CGSA (ours) 80.6 69.6 78.2 8.9 24.4

x2 HELZW
Table 2 Ablation experiment

Model P/% R/ % mAP@ 0. 5/% Params/ M GFLOPs
YOLOv8s 76.9 65.4 74.8 11.1 28.5
YOLOv8s—C2fGhost—Neck 77.8 68.9 75.5 8.9 24.4
YOLOv8s~GhostConv—ALL 75.5 65.1 73.4 8.0 21.6
YOLOv8s—CGSA (ours) 80.6 69. 6 78.2 8.9 24.4
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Table 3 Model deployment performance

Model ONNX- mAP@0.5/ % TRT-fp32 mAP@0.5/ %  TRT-fpl6 mAP@0.5/ % fps/ (f-s™")
YOLOv8s 75.8 75.8 75.4 17
YOLOv8s—C2{Ghost 75.5 75.5 75.2 20
Yolov8s— C2{Ghost-SE 72.3 72.3 71.8 21
YOLOv8s—CGSA (A3X) 78.2 78.2 78.0 24
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Fig. 8 Experimental results
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