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Abstract: A lightweight traffic sign detection network incorporating foreground attention, YOLOT, is proposed to address the problem
that object detection algorithm models are prone to error and miss detection on traffic sign detection. Firstly, the introduction of the SiLU
activation function to improve the accuracy of model detection; secondly, a lightweight backbone network based on the ghost module is
designed to effectively extract object features; thirdly, introduction of foreground attention perception module to suppress background
noise; fourthly, we improve the path aggregation network by adding a residual structure to the feature fusion process; finally, we use
VariFocallLoss and GloU to calculate the classification loss of objects and the similarity between objects. Extensive experiments are
conducted on several datasets, and the results show that the accuracy of the method in this paper is better than the current state-of-the-art
methods. Ablation experiments are conducted on the CCTSDB dataset, and the final accuracy reaches 98. 50%, with an accuracy
improvement of 1. 32% compared to the baseline model, while the model is only 4. 7 MB, and the real-time detection frame rate reaches
44 frames per second.
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Fig. 1  Structure diagram of YOLOT
10F — LeakyReLU 10f — siLu
8t gl
6 L
6 L
4 k
2 L
2 L
0 L
2F X ) ‘ ) ) ) ) ) ) 0f
-100 -7.5 -50 -25 0 25 50 75 100 -10.0 -7.5 50 -25 0 25 50 7.5 100
& o . o
€2 LeakyReLU pR%¥I%] &3 SiLU s$A
Fig.2 LeakyReLU function diagram Fig. 3 SiLU function diagram
N T Y FE DA KRR o DRIk | A SCFE I 4% A i AR S v T ) JRR AR
FIH GhostNet ™! it Ha S4B Pl i#E CSP B gtk an He( foreground attention perception module, FAPM) , X} 4%
K 4(b) s, Rk T AT 3830 0 AL, 10 ) 5 e % CBAM'® 1 2%
y = ghost(x) @ part2(x) (4) J1, A 3CH) FAPM @%@ﬁ{ffﬁﬁélﬁ]&%ﬁ,%%lﬁ

K ghost T WA LA I 5 s, AL Y52
BEHE CSP BLHe i 3R 253043, 52 B m ACRFTE S
1.3 BISERNBMER

FESEEY BARRNATE 55, 8 B IR B %, MR 23 5 R

N IR T AR R A T, S ) (R — 3 1 AN TR o AR
R E B, A 6 Fir,

B T T AR S AR R AT 2 R i R A 42 SRy o
PR Al A3 1 x 1 x € iRFIE A , 5 AR BRI AH R



- 24 - LSRR R e o

8375

[ cBa | [ cBA ] [[ehost | [ cBA ]

Bottleneck | xK

(a) CSPHER
(a) CSP block

(b) GCSPAH
(b) GCSP block

4 CSP BLRZEHIFN GCSP BLHZEHy
Fig. 4  Structure diagram of CSP block and GSP block

5%

fiih

K5 BB

Fig.5 Structure diagram of ghost module

s i
EHLES - _—
PN PERURHT
ﬁ)\Cﬁ{ﬁ/ ‘ : w e | \O‘i
| e Hx=1 e
() -

HxWxC HXWxC

Kl 6 FAPM 544
Fig. 6 Structure diagram of FAPM

PEAFRRAE AL, R B, He R kR .

S1=M(S) ®S (5)
A, S LRt AFRIE R, M, R ABGE B SRR R
HRRIRAE, @B R LR RAIBE, S1 FRBIEEREN
FRAEE

23 [8) 7 2 TR R A T R D R AR AR A T
T 3 2 B A R AT 4 Ry B R A RN 4 R S 345t Ak, £ 3
Hx W x 1 FRIERR , S A B R IE A6 |, i Kk 5 2 25 ]
FRAE 15 21 B R RRAE , A 3Rk R

S2 =M (S1) ® Sl (6)
A, ST FIREARRERE, M, R IREUAS 0] 7 72 R
AR B, @ BN TLR R/ BIZH, S2 Fm AW

fER
1.4 BREBRGTEEGMLE

PR 2 PR IZ R 3 B AR, B il A
oMk ZrRIERs R, BARBRLHEGE,
YOLOX i & 42 B A P 4% PANet ™ Bili&y 22 R HRAE (B
23k 390 1) FUIE [) A X a) A, B I 48 R B, 2k T R4y
JRIZFHEAS B . P, A SCAR SR TR % 25 X 45 1) AR #E
PANet ISR 22450 , PR B IGRRHEAR B, A2 7 ik 22
I A 2% ResPANet, H&EH A0 E 7 B,

r

5

(a) BAERA WL
(a) PANet

(b) REBERE ML
(b) ResPANet(ours)

7 PANet 45H9 14 & ResPANet 251
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Fig. 8 GloU schematic diagram
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Fig.9 Target categories for the CCTSDB dataset
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(prohibitory) , 5 CCTSDB A [F] % J2&, TT100K _2021 7 &
DRET /b AR 728, sk 1 o, &%, mdt
4 552 5K B A Tk, 2 314 5k A R,
£ 1 TTI100K_2021 HiEE S %
Table 1 TT100K_2021 dataset classification

ESIEAS TRAR
warning wl3,w32,w55,w57,w59,wo
instruction i2,14,i5,il100,1l60,il80,io0, ip
pl0,pll,pl2,p19,p23,p26,p27,p3,p5,p6,pg,ph4,
prohibitory ph4. 5, ph5,pl100,pl120,pl20, pl30, pl40, pl5, plS0,

pl60, pl70, pl80, pm20, pm30, pmS5, pn, pne, po, prd0
2.2 KWiIRE

1) SEER A I

SIS AN 2 iz, CPU 4 Intel (R) Core (TM) i7-
10700, f2 4 NVIDIA GeForce RTX 3060, N4¥ 32 GB, #4E
FR4 Windows10, BRAS 5 21H2, PR B 2% SJ HESE Pytorchl. 8,
CUDA A 11.1,cuDNN ffiAs 8. 1,Python fiAS 3.8,

*2 FWHEEE
Table 2 Experimental environment setup

2551 78 LS
CPU Intel(R) Core(TM) i7-10700
TR NVIDIA GeForce RTX 3060
NFF 326
BERSGE Windows10 21H2
TREEF 2 HESR Pytorchl. 8
CUDA A CUDALI. 1
cuDNN fiiA4s cuDNNS. 1
AT E Python3. 8
2) TSRO E

T SHOE R 3 s, B ARG 640
640 , ¥11H2% 21 %R (learning rate, Ir) A X107, Fr/h4 ) R
1x107°  BERILEYIZREE T ARIIZR 100 K, EACHYHER R
INBCE R 2,16 32 AR BEBY R INTE , A0 AL a4 R HIBEAL
1 1% T B% ( stochastic gradient descent, SGD) , 2% > IR,
7*7%52]&%( consine annealing, cos) , S E 0.937 s v
HEIE Sx107 BRI E N 4,

x3 ZHRSHEE
Table 3 Experimental parameter setting

SHA R SHUE
AR -
LY GESI 1x1073
F /N 2] 1x107°
BARKEL 100
EiiR- o AN 2/16/32
ik sed
253 R, cos
it 0.937
&R 5%107*
Bie 4

5L 8510 2% 2 R IT R A, cos FiZE epoch 1

I, 27 20 2RI 43 5% R B T B, PRk LT, AW
BRI, E 10 IR,

o10f

0.08

E R
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(I) IIO ZIO 3I0 4I0 5I0
EAR/6
K10 ARIZiIB KR T2 R fe
Fig. 10 Variation of learning rate under cosine

annealing optimization algorithm
2.3 HEELEMIEHR
SEH47K5 FE ( mean average precision, mAP ) SETE AR
FEEERY B S8 br . AR S i R A A R s it 4 78
0~ 1 {0 Fl Aty 2 0 A Bt 22 [ 7% T AR RIORS B2 259 (E AP, BT
A0 AP (VT A ARG I v B, B

TP
Precision = ———— (16)
TP + FP
TP
Recall = —— (17)
TP + FN
1
AP = [ P(Recall) dR (18)
0
g
mAP = — Y AP, (19)
C i=1

FUH: Precision FonUERR | Recall TR B HIR | TP Fon
EHRIN Y IEAEA A B, FP s B A I 1 1E AR A A
0, FN IR0 IEFEARANE, AP 7R BRAS 250 1
BIKGEE , mAP 2T 2850 AP (A,

2.4 YOLOT HgEnH 53ttt

1) SEEBATE VOC _FAYXT L

JEUE YOLOT VB R 4% i 2 M4 A a5tk , 5
K 2% MobileNet-SSD'?! | Pelee' ™' | YOLOv4-Tiny I
YOLOvS-S #4754 FL S5, angk 4 R,

Iy HTEE 4 BE T, YOLOT 76 A 4R B b sk a4 1
FRAT T B O ERA R AR T R R R A A SIE
AAR SCR R A R

2) 5 EWHAFAILE CCTSDB XS L

76 CCTSDB I UE YOLOT 1A & ¥, ¥ £ 4%
Mobilenet-SSD ., YOLOv4, YOLOv4-Tiny, EfficienetDet-
hot?"! .Centernet . Retinanet 2% 3 Jit 3 1 5 48 SO 6 g 47
X H
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S AT RS KPR AT AL, LT R HE B AL, 4n SSD |
Mobilenetv2-SSD . YOLOv4-Tiny . EfficienetDet , YOLOv4 I
YOLOVS , K 4iHE 55 28 8 b i i RUE 22 8Kk, i LAAE
AEIE AR R A b R I 22 T TG A D i
Centernet F1 YOLOX , 7E CCTSDB H:iF4E FikF| 97% &4
HIUERR R . A SO YOLOT A% 53k 5] 98. 50% , 45 i
i A R A | 8 B f v A HERR R AR SO IE I A
RUA 3 BE YOLOT ik % 45 FPS, [F B} YOLOT # A1 {Y
4.7 MB, i /& SRR ER 25 5 TR A SIS

3) 5 ERAFEAIZE TT100K _E A%

HRTUER R Bz AL BE J1, #E TT100K _2021 [, 5 H
Fi 32 744 B B SSD | MobileNet-SSD . YOLOv3 , YOLOv4-
Tiny . YOLOvS-S , CenterNet , YOLOX-Nano #E47 %t 1L, 45
m# 6 Fim,

GBI R 6 BCHE AT BE TR HE Y AR R R I 25 SR O AN
FEAR T JCAHE RS I 3575 YOLOX-Nano A A58 4 46 I 54
I HERG R I8 F) 57, 60% , 1 A< SCH A T YOLOX-
Nano, $27} 7. 87%,

R4 ANEFEBRBETIREERFHREETE VOC LHMERERT L

Table 4 Performance of the algorithmic model in this paper versus the

mainstream lightweight algorithmic model on VOC

Al HT M A I/ FPS LT/ MB mAP/ %
Mobilenet-SSD Mobilenetv2 300%300 67 23.9 67.25
Pelee Peleenet 304x304 13 19.3 71.26
YOLOv4-Tiny CSPDarknet 416x416 130 22.6 75.25
YOLOvVS-S CSPDarknet 640x640 63 27.3 75.58
YOLOT ( ours) GCSPDarknet 640x640 43 4.8 71. 85
*5 FREFEBRGARRHBESHEEE CCTSDB #H#EE L EREXT L
Table 5 Accuracy comparison between the mainstream algorithm model and the
improved model proposed in this paper on CCTSDB dataset
y AP/ %
fRETE BT M4 A HE/FPS A E/MB — - mAP/ %
mandatory  prohibitory warning
SSD VGGI16 300x300 81 91.6 76.49 84.12 90. 84 83.82
Mobilenet-SSD Mobilenet 300%x300 98 15.3 66. 50 78.57 89. 61 78.23
EfficientDet-h0 Efficientnet 512x512 24 15.0 70. 83 79. 98 89.52 80. 11
YOLOv3 Darknet 416x416 48 235 92.70 95. 60 94. 66 94.32
YOLOv4 CSPDarknet 416x416 36 244 84. 66 93.95 91. 45 90. 02
YOLOv4-Tiny CSPDarknet 416x416 137 22.4 90. 75 93. 38 92.30 92. 14
YOLOv5-S CSPDarknet 640x640 71 27.1 96. 60 94. 97 97.36 96. 31
Centernet Resnet50 512x512 63 125 97.30 95.98 94. 71 97.35
Retinanet Resnet50 600x600 28 139 27.89 52.16 63.75 47.93
YOLOX-Nano CSPDarknet 640x640 58 3.7 98. 60 94. 83 98. 10 97.18
YOLOX-Tiny CSPDarknet 640x640 63 19.4 98.25 97.12 98. 54 97.97
YOLOT (ours) GCSPDarknet 640x640 45 4.7 98. 81 97. 64 99. 06 98. 50
* 6 TRMEEER AR HMHEEAE TT100K_ 2021 #iEE &R EITLL
Table 6 Accuracy comparison between the mainstream algorithm model and the
improved model proposed in this paper on TT100K_2021 dataset
s BT M4 A T/ FPS A/ MB mAP/ %
SSD VGGI16 300%300 52 113 15.53
Mobilenet-SSD Mobilenet 300x300 64 36.6 9.51
YOLOv3 Darknet 416x416 46 235 32.35
YOLOv4-Tiny CSPDarknet 640x640 129 22.8 23.73
YOLOvS-S CSPDarknet 640x640 69 27.5 28.94
Centernet Resnet50 512x512 57 124 25.97
YOLOX-Nano CSPDarknet 640%x640 57 3.7 57. 60
YOLOT (ours) GCSPDarknet 640x640 44 4.8 65.47
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YOLOX BikAE N HELk 75 CCTSDB 1% 4% 3 43 o 47 714
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M T B RERZ W T, 4 LeakyReLU #5 4 i
SiLU J&7, mAP # 7+ 0. 13%, {fi il GCSPDarknet [ %% J5
mAP $ETF 0. 22% , Uk A YL BT RCHE T B I 45 14
TEHEELAE J7 , 7E5] A FAPM J, mAP $27} 0. 29% , 1 5
B R fE A A ResPANet Jii, mAP #2£ T+ 0. 22% , A % 2%
MRS B GloU YIZR)5 , mAP $27F 0. 06%,

FHasE, {#i ] VariFocalLoss #F47I1%%, mAP #£ 7} 0. 22% , H £-2&
2007 e F bR ARG BERRIA 2 T AL
175 - %Zégrl\)/{mrkw 2.6 EMSH
15.0 —— ETSBANC‘ DAIH il 5256 % R, GCSPDarknet X 6z il 2% S 45 5
o 0 N N NITRRYN
o 125 ~ VariFocalLoss REGEETE, 1 SN B S0 IR 38 23 B PR BE R Bt iy
% 0o TR SIRL 2 Z RS TF 0 R 5 SR 0 1752 MRS HL A3 BT
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Table 7 The impact of different modules on model performance
pom mandatory _ prohibitory _ warning _ mAP/%
AP/%  Recall/%  Precision/%  AP/% Recall/%  Precision/%  AP/% Recall/%  Precision/%
YOLOX-base 98. 60 96. 64 82.27 94. 83 95. 67 88.33 98. 10 97.71 87.67 97.18
+SiL.U 97. 61 94.63 88. 68 95. 69 92.42 93.43 98. 62 98. 47 87.16 97.31(+0.13)
+GCSPDarknet ~ 97. 83 96. 64 87.80 96. 52 97. 47 90. 60 98.77 97.71 89.51 97.71(+0.40)
+FAPM 98. 23 96. 64 87.27 96. 83 97. 47 90.91 98. 94 98. 47 89. 58 98.00(+0.29)
+ResPANet 98.53 96. 64 86.75 97.17 98.19 92.20 98.97 98. 47 89. 58 98.22(+0.22)
+GloU 98. 25 97.32 88. 41 97.59 97.11 91. 81 99. 00 97.71 90. 78 98.28(+0.06)
+VariFocalLoss ~ 98. 81 97.99 89. 02 97. 64 98.19 92.20 99. 06 97.71 91.43 98.50( +0.22)
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