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Traffic sign recognition based on improved YOLOX-S

Liu Kai
(College of Mechanical and Automotive Engineering, Shanghai University of Engineering and Technology,Shanghai 201600, China)

Luo Suyun

Abstract. Traffic sign is an important guide for vehicles in the process of standardized driving. Traffic sign recognition
is an essential and important content in the environmental perception of driverless vehicles., Based on YOLOX-S
algorithm, this paper strengthens the features obtained from the feature extraction network by adding CBAM attention
mechanism module at the end of the backbone network. Utilizes Focal Loss function to better eliminate the imbalance
between positive and negative samples and focuses on samples difficult to classify. Using the GIOU Loss function, the
problems of inconsistent optimization and scale sensitivity of the original loss function are solved, and the recognition
accuracy of the model is further improved. In this paper, the proposed algorithm is tested based on TT100k data set,
and the recognition effects are compared with which of several mainstream algorithms. Experimental results show that
under the premise of high FPS, the detection accuracy of most target categories is improved. Compared with the

YOLOX-S model, the coco accuracy evaluation index Map_50 of the proposed model increased by 1. 9%, Map 50:95

increased by 2. 1%, and FPS is 35. 6. The effectiveness of the improvement is proved.
Keywords: CBAM attention mechanism;Focal Loss; YOLOX-S; GIOU
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UM IRE A BB YOLOv3™ i 8 e 5 F1E 48 B
2, S I PN A5 B 3 T (A 45 B R B 43 15 AT AR K 3
B THREN B ERANSHEMTRE R, £T
DT SSDYY R F AR T R R T BN E K
3 0 7 SR AR O 1 B v ARG B T A DU 288 (A 32 b A D
Hbrpia, £ 3cpE% i Shufflenet V2™ () S fily 24 70 85 e
T HEME YOLOVS M %, #3] AR &® XN %
Peleenet ™ rf1ff) Stem B3, ST AT 5 X 5 5838 47 1R
P S ARG T 9 A 2T A R S TR 9 R ) 46 B (spatial
attention pooling, SAP) #i ¥t % YOLOvA"™ 347 de ik , Ffd
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TR AE A IR B R VT AT M I T E R R ER TR
YOLO & & SSD, HE A F # & —F Anchor-based &
P T AR — KB, SE B A LT/ Anchor
boxes, ot LA IR —# 7 B & H 32 B A I g bR id 0 IE
FEA R E N RFEARW S AIERER bR T IEfRAE AR
B T, JC IR 5 43 B RE AR 23 (i 4545 2 () B R 2 o)
R BRSS9 B T i R B A ) TR #E .

BFXTLL LB, A SV 2 TF 2 E WA R AR
AT Anchor-free f YOLOX 553 #4776 ZE 0 17 30 o 12
o A2 A 7 R 09 R IR B BN S AL T AR B
(convolutional block attention module, CBAM) ¥ 2= 1 HL5%
SRk E TR MY FRAE , I ] Focal Loss 14 BR IE 4
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1.1 YOLOX-S &k

YOLOX 20 MR 58 Be 2021 48 32 i 14 7 PR RE K
W2, B A B R AL B SO — B RS IR A E B
YOLOX 7& YOLOv3 #yJEfli b i il CSPDarknet53 $#1iL #2
BEFML .5 A YOLOvVS # Focus JBiE I £ A . 815
P b S A f% $5 3% Decoupled head #3745 IF #f 4% VU g J5 &
SimOTA, iz ] Mosaic fll Mixup BT #E . YOLOX
Z31+ YOLOX-S,YOLOX-M,YOLOX-L,YOLOX-X,
YOLOX-Darknet53, 7 £ H B fh 2 B % M 4 YOLOX-
Nano,YOLOX-Tiny. # 34 T ¥ & £/ ) YOLOX-S
T 7R D90 4, i it P o A8 3 A R P A TR R

Bl 1J2 YOLOX-S (B R M4 254, H AR AR 2 30X
4% (Backbone) ffi [ ) 2 CSPDarknet, JfiIl & 45 1iF $2 B ® 2%
(Neck) % FH B 1F & 5 # W 4 FPNU'7 (feature pyramid
network) , # Mj 3% (Prediction) j& i T & #8 3k (Decoupled
head) , %t A F#E Backbone [ 45 H7 i 17 7 AE $2 B, i
3 FPAS 6] )2 W R AEAE A Neck 5584k W 28 b 3147 B R 2R AE
55 W ERVE R IRAL I A RRAE , Z 5% £ a3 3R 40 )5 B B 7 F
TEST A G iR I Cls R 3k A1 Reg 45T Sk k4T H FRAE
I, R Reg 4332 tF3ghn T 10U 40 3%, IR TR IS5 5 .
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CBAM 405 BN N7 1 TR, 43 312 T8 R 0
Pt (channel attention module, CAM) #1125 [6] 1% 2 7 #& B
(spatial attention module, SAM) , BB IEE FJHE SR WA 3
B B A RAE B, A Gt B TR AN 2R Bk
WAk (Max Pool) #14 J& 3 3t 4k (Avg Pool) , 18 5| i 4>
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1.3 Focal Loss 1 GIOU
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B, A R LAIA BIAR 0 v AR R HE B AR R MRS
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2.4 ELWIHITESHITE

KT YOLOX-S ML, 5 BRI S SHRIER
TT100K #d4e5e/h, Jy B 1k Bt #A R .  & : Train
epoch 2 120, & 8 Ay [ e 19 46 B 10 1) )l i 2 R

Al LAWLZE B H YOLOX-S 5 I E B A 7 epoch ik
B 100 ZFH 0, Loss AR 2B T EFRERE KA 4%
sl , I B Zhod #E R R BT AR A .

MR DL A2 07, 76 M YOLOX-S 9 28/ J] 8 Il 25
epoch BN 120, BARBIEHEBEBEERKEE T AW EE
£ T T WIS ML 0% B F) Mosaic S8 1 58 4 %
WNGE RO REEME T AR FWEITA, IFH
Mosaic K& crop #E & kR £ AT IR T AE. 2
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7150
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®
X 10.0
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5.0
25
0 15 30 45 60 75 90 105 120
BARIKE (epoch)
Total Loss=lou_loss+L1_loss+Conf_loss+Cls_loss
8 YLk Loss Hik &
BB )z AR ) A8 22 s IR TE RS 20 RS G
P BE3 0% . 8RR Loss I NI 9 B,
25¢
20+ ~= Total Loss
% s|
S
K
oot
5
0 25 50 75 100 120125
HARH (epoch)

Total Loss=Glou loss+L1 loss+Conf loss+Cls loss

B9 BHEM4ilI4: Loss i £E &

Kl 9 R A 20 WOR IR 38 )5 Loss b — 7B
SRR B by R B R AR L B R S 20
YR PR B0 3 5 XA R A A AT — E Y 4R T

SRR NGSHBEME 1 PR,

®1 NESHRER

S8 BoE
max_epoch 120
no_aug_epochs 20
batch_size 16
device 2
input_size 640,640
data_num_workers 4
mosaic_prob 1.0
mixup_prob 1.0
wight decay 0.000 5
momentum 0.9

A BT AR SR R B
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SRR T "R BRI YIRS A _
7R SO &) g #5843 0 X &% Pk BE 1 52 WA, B S 5 32 i 4%
YOLOV5-S, YOLOV3-S BA % J§i  YOLOX-S [§] % fi xf o BT
b 25 A A AT et X 25 B A A PR RE . g 0.65 |
2.5 FHIRIRR AP fHE LI
ASCR B AR ke A A B S PE Al 8 AR mAP (mean N
average precision) M & FPS(frames per second) ™ #1781 045 |
BPPEAL ., AP 48 PR (precision-recall) fi 2 F 1@ 2 . mAP 1§ 1IO 3|0 SIO 7|0 QIO 1 1IO I
AN AP B9 W {E, AP DL K& mAP {8 # K B &, W LrE B epoch
Precision il Recall A3+ AR AR (6) ~ (DR (a) APSORE/E
Precision = ’I% (6) 0.6 : 8
Recall TP FN (7 % 0.5 ﬁ(;f‘f
RHr. TP Ctrue positives) 671 4 4 4 TERE S L 40 % 60 ol
FP (false positives) # /8 B IEFEAR B 4509 FN
(false negatives) F/R 50 N TUFEAH 4511 . 03

Mt YOLOX-S % TT100 3 iF £ 9 mAP i &
&l 10 . ATRAUEE B ZE AP 50 5 AP 50_95 Pi~H
PRET G 20 WG EHAHE MR A, FRRIERE
20 YRR 3 AR v 6 A A5 0 1 5 09 R T
2.6 HBAEIS

S AT AR SCRTAR Bk v R R e, 3R T
3 U S E XN RIS HE SR AT A3 0T . A 4 S 56 A FE A [P0 I 25
SRR TR BRI P 25 b AT O, RN M R A I 45 R
R 2 FoR, B IR R BGAE R T il A SR, X
R 25 FE T AR TR o G {8 ) SR

HHZR 2 Ml ot 1 %N T CBAM & S ML
WSS T #2230 Bl e i) R &, mAP G TR, it 2 72
1R E 6 GIOU #26 R F R B 10U #74%
RECRIE R AEES XL WESENRE . Bk 3 &
Meuk 2 BERL E LT Focal Loss &5 1E A REAR , 3548
YEGIREA . mAP k2232 ),
2.7 MBI

HUEHI G YOLOX-S BUAL AR U0 68 e H S £
YOLO F 5B L SE 5 3] 12 ~wo 45 2838 BHR K
RS 0 KE 5 P (FPS) 036 3 Frs . JLrp ikt 2651

10 30 50 70 90 110
I3 B/epoch
(b) APS0_95KEEE

Kl 10 IRiE4E AP #hR
K2 HBMTELR

N Focal mAP mAP
DIk CBAM GIOU

Loss 50 50+ 95
YOLOX X X X 0.819  0.613
Wik 1 N/ X X 0.824  0.619
i 2 N N X 0.826  0.622
Pt 3 N J N 0.838  0.634

BAE AR YOLOX-S gk f oM i fe imi . A7 26 28 5C
TR R AR X L AR S T HE R 4 AR RS B A L OF HL A
AP 50 5 AP 50_95 PiFP RS BEIFMM 845 T - 7 906 E mAP
A PR T P AEHT H bR N mAP $27F 1900 e R
M AR ME T mAP $2 5 2. 100, B0k 5 vk Y 30 50 )5
36. 5 FPS, il i 52 24 sl 175 00 T B S I PEAS 0 285K . otk
YOLOX-S Kl R A 11 iR
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A
RI TREFKRNEEBEN LR
wm AP(IOU=0.5)
i2 i4 i5 1100 160 il80 io ip p10 pll pl2 pl9
YOLOV3-S 0.80  0.85 0.85 0.92 0.8 0.98 0.8 0.76 0.70 0.84  0.60 0. 90
YOLOV5-S 0.84 0.8 0.87 0.94 0.8 0.96 0.8 0.79 0.70 0.84 0.58 0. 90
YOLOX-S 0. 86 0. 88 0. 90 0.98 0. 90 0.99 0. 88 0.78 0. 74 0. 84 0. 60 0.92
WPt YOLOX-S 0.8 0.8 0.91 0.91 0.98 0.99 0.8 0.77 0.79 0.82 0.52 0.93
p23 p26 p27 p3 p5 pb rg ph4 phd. 5 phb pl100  pl120 pl20
0.77 0. 81 0.98 0.8 0.8 0.73 0.8 0.8 0.81 0.51 0.83 0.83 0.72
0.78 0. 81 0.98 0. 80 0. 85 0. 80 0. 86 0. 80 0. 89 0.53 0. 88 0. 85 0.73
0.79 0.82 0.99 0.8 0.8 0.76 0.8 0.82 0.89 0.54 0.89 0.88 0.74
0. 86 0.86 0.99 0.81 0.8 0.73 0.93  0.82 0.80 0.53 0.91 0.89 0.77
pl30 pl40 pl5 pl50 pl60 pl70 pl80  pm20 pm30 pm55 pn Pne po
0.72 0.76  0.75 0.81 0.67 0.79 0.81 0.70 0.48 0.72 0.84  0.88 0.72
0.73 0. 80 0.76 0. 85 0. 66 0.79 0. 81 0. 80 0.53 0.75 0. 88 0. 90 0. 80
0.75 0. 80 0.79 0. 85 0.69 0. 80 0. 85 0.73 0.48 0.75 0. 89 0.91 0.73
0.78 0.78 0.80 0.8 0.72 0.77 0.8 0.82 0.58 0.81 0.88  0.91 0.69
pr40 wl3 w32 w55 w57 w59 ) mAP_50 mAP_50:95 FPS
0.91 0. 90 0.49 0. 81 0. 82 0. 81 0.79 0.763 0.559 26. 3
0.95 0. 90 0. 60 0. 90 0. 80 0. 60 0. 86 0. 806 0.596 36.9
0.98 0. 96 0.55 0. 90 0. 87 0.91 0.77 0.819 0.613 35.2
0.97 0. 90 0.47 0. 85 0.90 0. 96 0.90 0. 838 0.634 35.6
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