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Abstract: Traffic sign detection is an important link in the field of autonomous driving, and given the problems of
missed detections, false detections, many model parameters, and common and complex representative real
environment conditions, such as poor robustness in foggy days, an improved YOLOv5 micro-target traffic sign
recognition algorithm was proposed. Firstly, the dataset was atomized to adapt to the accurate identification in the
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foggy weather, and the PC3 feature extraction module was constructed by using a lighter partial convolution
(PConv), and then the Extended Feature Pyramid Network (EFPN) was proposed in the neck network Finally, Focal-
EIOU is introduced to replace CIOU as the loss function to solve the problem of false detection and missed

detection of micro targets, and the CBAM attention mechanism is embedded to realize the lightweight model and

significantly improves the feature extraction ability of the network model. Compared with the original YOLOv5

algorithm, the improved model is increased by 8.9% and 4.4% respectively on P and mAPO0.5, the number of

parameters is reduced by 44.4%, and the FPS value on NVIDIA 3080 device is 151.5, which can meet the real-time

detection of traffic signs in the real scenes.

Keywords: small object detection; deep learning; YOLOV5; lightweight convolution; EFPN; loss function

(1

AZEFR AR IR (Traffic sign recognition, TSR) J&7%
% A sh 2 9 R G R B B AR G TR Y — > LA
SENEY . HEISCEEEOE SR, EIAR, 22
K%, BHEEE M AL (intelligent traffic management
system, ITMS) & 22 Bh A T 55 BE 5 AR e figt e ix — [7]
R, B sk 5 ST B A B R e R, B
B RE . EbRETFUINEN ITMS R R 224
B Sy, MEFE R T REMR TR, o+
FUREE N THFAESREL, 4R A% X" (local binary
pattern, LBP), Gabor™ ., J7 [ 56 B F 7 1" (histogram
of oriented gradient, HOG) &5, Jf- i Jf] 37 4% 1] 42 #L"
(support vector machines, SVM)., AdaBoost'” 257325 2%
SE AR . BT A EARPLIT I B AR R
HAREG G RO, BB R SEmI, N TARHESE
WOFANBEWE R SEPrmg 28, HAid sl —MA i Jr ik
RN/ IN BARSS AR 2 1 e AR B AR A 42 i o

AR, LT TN Z W28 I TR B 22 I i RUAE H
B I ST A 1 3 R . TR BE 2 ) v ik o AR 2
R EARARSIASEARY . e X SR L i 79y B A
W, 0 XA BB 22 4% R-CNN'!, Fast R-CNN',
Faster R-CNN" 45 5 55 — Bl & BB BEAG U 5503,
YOLO. SSD"", ‘BrfiTn] LA 32 DA I 4 v $2 BUREAE o
T H bR 328 F147 B . YOLO b die F oA J2& iy
IK Redmon #2111, Bl/F MR, 2R AN R TEY
PRI 7 T BEAT )2 5, TR AR B YOLO B3
e, A TR Z R A AL, YOLOv4A! |
YOLOvS™ . YOLOX"', YOLOv6"”, YOLOv7" fil
YOLOV8"", AHLL T HEREE I Bk, Hp B
1% YOLO RS R s AT R, Hrf YOLOVS
SRR AE RS B R R Ty T S I AR, AT ARG S

T

b S ARSI 5 oK

AP ORAN SR TSl L vy alll L RN R ARG b oo (AN 7 i
R, IRZIREES: ) 2 H AT T A R e IT
B T — 5 MR T AR B I 4 X 5g 3 s
(HEERAE T, Yang % N 74 4544 rp 3 Jin s J2 1%
B, 45 %FRHE 4 53 (feature pyramid network, FPN)
W2 b E BRI AR, MG T2 AR, R L%
FRIEPUIRGEE . B T/NEARRSTRUN, FEAR IS Al
BB EEAR S, R TR R R 24 5N/ HARA A
R BIPERE, Zhang %5 A" X /N H RS E AR IR B,
FEH JUBE R-CNN 145 & FIE I 2 RUBERFAE, i a5
B FUR Softmax MR ZE REERHIE, M7 kie 7358
FR AR I A AERA P . Zhang 25 AP AE HSC & R
MSA_YOLOV3, Afifi/IN H bR i bR i 75 2 A A
For2s, ERRA RS, 5l AZREZ R4
PERTHOR 2 S = E B RHIE, IR TERIN N HARAS
XA R RS AT YOLOV3. Guo %8 A iy 17—
P T BUR 22 45 (CNIN) P800 58 114 25 4 Y 35 1
S5 RYKGIN 71, & e oy A ARG DO 5 0 %) ot e
Lin % A" 3 F YOLOv4 [y AL Z5 4y, 38im T — 4>
160x160 (/N B FRFIZ , W2 T 2020 B H
PR Z , FKF ECA (efficient channel attention) 1 il
TEmAR E T4, &7 TERIVERE . Wang 5%
NV ARG T X 246 R8I T 55 e L A R, AR
HE N MR R . Lang % N6 CA (coordinate
attention) HL il #x A %] YOLOvS iR dr , BETF T 40X
JINEARXT S ARG RE . Zha 258 A Bk T #4544
{#i | BiFPN (bidirectional feature pyramid network) 2
FEFAERIFRI, FRAT TR A2

Wk IR, BN EHAR IR EEG . T
15, DARGE RIS o T ] DL BT B0 e 25 A )
AR —FhEGHE YOLOVS 19 /0N B b 22 38 b i 1 51
BETE, HEETAEWT 1) XEIEFEARIE 75
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HEGRALHE ;s 2) i FHET N 5 Y PConv F4 & PC3 RHE
PRIUBLE s 3) SRAHAEMPIHRRIE 4 7 (extended feature
pyramid network, EFPN) “A/N HARESI—>/N H AR
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2.1 YOLOvV5 Birtilli=sy
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network, FPN) FIZ A2 (5 Bl 5 4% (path aggregation
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Fig. 1 YOLOV5 network structure
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J R RGB Hir A ) =i EM% . W5l i e wos
TER MG AR K2 XS e 20—l HoAg 4k
WA FRE ., ST IREEER, FHEEIRE A
AEEAR, =k (2) R

1(x) = J(x)1(x) + A(1 —1(x)) , (2)
K Jo) WG TLEEG, 4 hKRE06, (x) ik
PER L AN 0~1, TR WIKE. 4
A=1 BHINAZEE %S, 24 4=0 BHINA LS . «(x) BI7E
FElR O0~1, 27 il RGN 55 fb it R i L 431
ox)=18F, BRI SsA Dal s, A%
2 t(x)=0 I, AR LR aEE %, R
WEEAZ . AFBEIEER () BZEAERGINE 2 BiR.
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B2 FiEB
Fig.2 Fogimage

2.2.2 BEEBTPMHEM%

£ YOLOVS (9 & T & A2, C3 & 7 & 34
Conv Fl 1 /> Bottleneck, P45 HRIEATE M2 5 it
1T—IK Conv, HIRIXFIZEH: 7 0] DL RALALHE
JE2E 5, (0 A R ) 2 A AP ot She i B2 1) A
R R T fRYe IR 8, A SO B AR o B
PConv Fr#fafii Jil C3 Hp il & A, R )5 bt
PR PC3, PIRMES AR 350 anlsl 3 F7s .

PC3 #H ] TSR AL, i B2 5
R ek 2 G I BOR PR IO [F] R R 2 PR A RFAE
AW, ZEih sy BRI/ 11, T REIK
W AFHERIG R IES, IR, Ao SOk
ITHHESR AL, BRI 3%3, it KA
FUZI R RS IRz B, feJa Bl 11 ROk E

—PREURGURE . BT TR R P4 AR 7 T
HERA P Rl A S5 A e Ak
PConv BTN (3) PR

sum(1) .
—y +b, if sum(M) > 0 0

0, otherwise
H: XM ARRIEZ, whEBR, b hERE
BRI, FA R RMEER . MO A RIHE,
SR RHIER X B AR R A 48 2 0 A8 (0, 1) M
sum(1) ' 1 248 5 ERE w4 EAHFE TR 20 11
FERE . sum( ) PRECAR FXT A (0, 1) HE BT FE SR A
iBE.

WM
X =

B3 C3#4PC34#A
Fig. 3 Structure diagram of C3 and PC3

nE 4 Fras, PConv 76 A2 M AR I 8 A9 [R] s o
IR T AR R . Kk, i PC3 itk
N OR A I (- S T i D1 25 =8

Conv

PConv (ours)

B 4 Conv F= PConv
Fig. 4 Conv and PConv
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A SCARIE SCHR [29] 7N B AR B 8 - H ARASHE 1Y 58
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XK/ T VSRR TE = Feor A, anlsl s e,
BRI A CRARAE TE o L BTk R o], Horr, 3l
SrArh H bR 58 L BB TP M TE 0.1 LAY, [UfE
£ 0.05 LAY 7 FEBAR A, i AR Sl AR S AT 4
/INHBRRFIE S
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0.150
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.
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B5 HERESLSAHE
Fig. 5 Distribution of label aspect ratio

IR R I BRI S e AR R N AR
{H7E TT100K Bt h A impras AR 2/ N H R, 0
RAEH] YOLOVS FffA a9 =6 sk, &5/ H g
A HARR IS A AL R — %2 P31, i 6(a) th
YOLOvS Bk s @B TR . h T S —[n)
A, ERVCRE I Y RRIE £ TR B — AN B 2 O
A HE R Y R AE 4 735 EFPN, EFPN MY 25 #5411 6(b)
FiR, Herpar (e s P22 RO A B i A /1N B AR Al
2, RN E SR N H AR S bn A, ek e R
ZPUNE IR /N B AR SCE bR

YOLOV5 BRil k4t

EFPN %1%

E 6 YOLOvV5 BKiA#&k 425 EFPN 3442
Fig. 6 YOLOVS5 default path and EFPN path

2.2.4 MERKEHHRN)E EFPN
2515 5 4381, TT100K b 5 FP i FR 2 K/ it
BN, FrPL YOLOVS ¥ 8 1)k B ARk 2 GE A8 R

B, ETU, A TSRS R AT,
2 EFPN iy P5'2 20x20 K H A f I 2, & XK
EFPN’ 4%, Wil 7 fizas, P2'. P3', P4 #itm AL
RIS, DASEIE— AL X R R4S, SEBE
ANRGE BARB LRI

B 7 MEXE AN &% EFPN
Fig. 7 Removing the path EFPN' from the large object
detection layer

XTI 6(b) 456 (EFPN) FE| 7 4544 (EFPN”)
77 SE8eXT b, e 1 aran, BRI B sk ks ,
SEER L AR AR S T R 23.4%, FEAE S TR
A rhAEXS N B AR, B0 pn (BE1E1E %), w32
(i T). phd (B 4 m) PIRCIDRG B R AR A U —20 B4
T, 1T EAS I AR oA A

%1 EFPN 5 EFPN'# 45ttt
Table 1 Comparison of EFPN and EFPN' structures

T8RP %
[UeTlpiniS Params/M
pn w32 ph4
YOLOvV5+PC3+EFPN 0.93 0.70 0.76 4.96
YOLOvV5+PC3+ EFPN' 0.96 0.96 0.98 3.80

ALY . YOLOVS+PC3+EFPNZ/RYOLOVS 1 C3H (- 45 TR A
AL FRPConvE i, H R PC3FHimiFC345H , Kk HIEFPN
Fffe; YOLOV5+PC3+EFPN'#/RYOLOVS H1C3H 4338 5 A i bk
I ERPConvE, 4 PCIRHARCIZEH, sk HIEFPN'

MRAE A 45 & AR ABIE, RO YOLOVS BRiA
BEHER/ININGE 2 B, RIE AR defiEas ), ik
AR HIFEET TT100K B4 4 19 K ¥ R A H ok
FHTTT R R (Y RT R L], SREREE R . 3
J7R

P 20 22 3 EHER/DN, 38 3 rhilad K ¥R
JBATEARAT OB B AE R T g bl O AR SCRAFF 9 /N H
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N BN SR S P N SR e S i Ay AV DM T SRITWDAN
TR e /s F B 00 ) TR 3R

% 2 YOLOV5 BRIAGIAE K )
Table 2 YOLOVS5 default anchor box size

e RUEE Anchor1 Anchor2 Anchor3
IR [10,13] [16,30] [33,23]
R [30,61] [62,45] [59,119]
KRF [116,90] [156,198] [373,326]

A3 KYERLFE xR

Table 3 Results of K-means clustering algorithm

A R Anchor1 Anchor2 Anchor3
NN} 5,5] 16,7] 18,9]
N [9,14] [9,14] [14,15]
R [19,20] [19,20] [25,26]

2.2.5 R KB B
BIRSEEALTITEL (complete intersection over union,
CloU) 7 [ 1 341 S HE i v s PR B2 0 5 ey L — Bk
BA R B R RIS G- 0], A B R B
Xf/N BRI BEATO0A . SSilAR AR i 3 K/ NG
bR, BOHERIN, 52480 0CTE . CloU il 1 ik
SOAE IS 45 2% pR B, TSI 0 AN - A ] ) 2
FAM A0 R BRI (N A2 U 2% ) R e o 402K R KR
Focal-EloU"" jifi j3 4% 4 Focal-Loss, & 7£ H #—i 4k
PRI R I A 32 SFAE (BT U=R/ IS EARAS D [, T,
AR Focal-EloU MUY YOLOVS ¥R A B8 %L CloU
P TR X 22 43 2 9 ARUH A B2 R B i M . Focal-
EloU AN (4). 20 (5) P
Litoy =Lioy + Las + Loy = 1 = [0U
p’(b,b*)  pPw,w®)  p*(h,h*)
WPy ey

“4)

Lgocar-grou = 10U” Lgiou (5)
Arbe y BESE, RS G R, P
T FRE B /NPT DX S JRE I g BEAE 2 ST e
W FoR; 10U RR3SIFI, by w. b 553 R BHUAE Y
bl SEREFIERE s b% . wh AT A3 B SEBRHE Y
TS SEEERIE ;s p'(0.6%) . p(ww™). p’(hh™) 53
IR RN 5 L SHE 22 JR] g rhte s L 5 BE R e JBE 22 (1]
AR RS .

2.2.6 FEESIHLH

CBAM"" B WA ST [ FASEHR 2R A, B3 3 1
JIHEHR (channel attention module, CAM) #1458 [] 1# &=
Ji#5HR (spatial attention module, SAM), ‘& {I]7E i i&
Fas [ 4E R EHATH E IHEAE . CBAM iR RE 42
KyFEEMG PR E A Xk, 2R THRRIE R 2 (a3
IKAETT o AR TERAL T8 f7 — 1> C3 Btz
JEHA CBAM %3 [H] R 3 1 3 ) B . CBAM &3t
kg BRIV B HASEER AR B BB 19 CNN 424 rh, B —
MR ERA BSOS B A R, gt
8 FIR .

Spatial
Channel attention
attention module _
Input module Refined

feature ;IZ g feature
F - F = .’
F F F"

B 8 CBAM & A L4
Fig. 8 CBAM attention mechanism
CAM Xt AFFIE R F o B 4518 1E #EA T A8 1
BIGRT, RE I BN X R R IE SRR F3 SAM
E— B XTRIE R F s [ 4E R EA TSR A, aR AR AR
PG SCBE B BE g, RR R P Bk

AR (6) Fin:
F’"=Ms(F)QF’
=Ms(M(F)®F)®(Mc(F)®F), (6)

A FeRT™VRHEARHER, MceRO™HIMs €
RPN 43530 3% 38 T8 1 7 IR R 2 [ B DR
QF/RFEFEITCRMUARTe, Frolvfim b AFIER . EIE
EAESp R LRI (7) P
M, =0(MLP(AvgPool(F))+ MLP(MaxPool(F)))
=o(Wi(Wo(Fy,)) + Wi(Wo(F,0))) (7

e e
Hrp: o3RR Sigmoid %L, MLP 2 — A XUZIL 1
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Fig. 9 Improved network structure
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Fig. 10 Distribution of traffic signs after expansion
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Fig. 11 Comparison of accuracy effects of traffic signs before and after improvement
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Fig. 13 Comparison of false detection effects of traffic signs before and after improvement
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Table 5 Performance comparison with other algorithms

il FH EF %Al PI% mAPO.5 /% FPS
Faster R-CNN MMDetection ResNet50 Anchor-based 71.9 79.9 57.7
YOLOv4 Darknet Darknet Anchor-based 58.7 82.2 80.9
YOLOvVS YOLOvV5 Darknet Anchor-based 84.2 86.1 145.7
YOLOX MMDetection Darknet Anchor-free 72.6 79.7 93.6
YOLOv6 YOLOv6 EfficientRep Anchor-free 77.7 81.1 162.8
YOLOv7 YOLOv7 E-ELAN Anchor-based 72.0 77.4 130.2
YOLOv8 YOLOV8 Darknet Anchor-free 87.7 83.7 171.4
Ours YOLOvV5 Darknet Anchor-based 91.7 89.9 151.5
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A traffic sign recognition method based on
improved YOLOvV5

Qu Liguol’z*, Zhang Xin', Lu Zibao', Liu Yulingl, Chen Guohao®

nnnnnn Nock

Improved network structure

Overview: Traffic sign detection is a crucial component in the field of autonomous driving. Current traffic sign
recognition methods face challenges such as missed detections, false positives, high model complexity, and poor
robustness in these representative and complex real-world conditions, particularly under the foggy weather. To address
these issues, this paper proposes an improved method for small traffic sign detection based on YOLOV5. Firstly, to tackle
the problem of imbalanced sample data, the traffic sign dataset is augmented with foggy conditions to enhance the
model's generalization capability. This augmentation helps the model to better handle diverse environmental conditions,
improving its robustness. Secondly, a lightweight Partial Convolution (PConv) is introduced to construct the PC3
feature extraction module, replacing the C3 module in the original YOLOv5 model. This modification reduces the
number of model parameters and enhances processing speed without compromising detection performance.
Subsequently, an Extended Feature Pyramid Network (EFPN) is employed in the neck network, adding detection heads
specifically for small objects while removing the heads for large object detection. This specialization optimizes the
model's performance for small object detection. Additionally, the K-means clustering algorithm is used on the TT100K
dataset to recalculate and adjust the size and ratio of anchor boxes, better accommodating small object detection. The
Focal-EIOU loss function replaces the original CIOU loss function to address class imbalance and false positive issues in
small object detection. Finally, a Convolutional Block Attention Module (CBAM) is embedded in the backbone network.
This module performs attention operations on both channel and spatial dimensions, further enhancing the model's
feature extraction capability. Compared with the original YOLOvV5 algorithm, ablation experiments on the TT100K
dataset show that the improved model achieves an 8.9% increase in precision (P) and a 4.4% increase in mean Average
Precision (mAPO.5), with a 44.4% reduction in parameter count, reaching a frame rate (FPS) of 151.5 on NVIDIA 3080
devices. Furthermore, comparative experiments with mainstream object detection algorithms such as Faster RCNN,
YOLOvV7, and YOLOv8 demonstrate that the improved model achieves optimal P and mAPO0.5, reaching 91.7% and
89.9% respectively, leading other models in detection accuracy. The model parameter count is 3.95M, realizing a
lightweight design while maintaining high detection performance for small traffic signs. This improved model is suitable
for real-time traffic sign detection in real-world scenarios, ensuring the reliable operation in autonomous driving
systems.

Qu L G, Zhang X, Lu Z B, et al. A traffic sign recognition method based on improved YOLOvV5[J]. Opto-Electron Eng,
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