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Lightweight Traffic Sign Detection Network Based on Weak Semantic Segmentation
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Comprehensive Transportation Big Data Application Technology , Southwest Jiaotong University , Chengdu 611756, China)

[ Abstract] Aiming at the problems of slow speed and low accuracy. in detecting high-resolution traffic sign images in
existing networks, a lightweight traffic sign-detection network is proposed. On the basis of MobileNetv3-Large, this
study optimizes the backbone of a YOLOv4 network, discards ;some time-consuming layers according to the
characteristics of the dataset, changes the number of output channels of layers 8 and 14, and improves the attention
mechanism of Squeeze and Excitation Network (SENet) in‘the basic module, so that the weight value of the output can
more accurately represent the importance of the characteristics.This study adds a dynamic enhanced attachment based on
weak semantic segmentation in front of the detection header, and uses its output as the spatial weight distribution to
correct the active region, to avoid the problem of false detection and missed detection caused by the decline of extraction
ability, and finally form a YOLOv4-SLite network.The sliding window clipping method is used to train and predict high-
resolution images, to reduce the training time and increase the diversity of samples. The experimental results on the
TT100K traffic sign dataset show that, compared with the YOLOv4 benchmark network, the mAP@0.5 of the YOLOv4-SLite
network is lost by 0.2%, but the model size is reduced by 96.5%, and the response speed is increased by 227%. The
balance of accuracy and speed achieved meets the expectation.
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Table 2 Comparison of results of different feature

compression methods

VNN " g ) T mIB T
B EREN WAL 8" ot FENCIE S N 4
/(10° frame-s™")
SENet 0.893 0.916 4.6
EN-SENnet 0.915 0.907 5.0

WEAE | 8 X AR SR M (1 208 ATL ] R o 3 A
AR SCHAT T AR OIS ML SE 5% . 43 51K MobileNety3-Lite
FITE: S5y EI B H SSA A SSB ¥ %] YOLOVA [ 45 H.,
AR5 YN S A0 387 1 — B, 45 R 32 3 ow, ey
FORNE T ARR AIREER, “— W FR AV R A
3 BHRUERMRE

Table 3 Module ablation experiment

7 B A

EN-SENet  SSA SSB 9 0
/(10” frame-s™)

iR TR

v — — 0915  0.905 5.0
N N =, 0.929  0.911 113
N X v 0.953  0.927 14.9

i Ao AT 3 BOHE T AT, 43 AR BE g o A
S5 TEJE 1E ), HLAURE Al 43 BB S SSA ik ik
S PR AIMERE . TELR G MR RE AR T AIH R S
I FE RT3 SSB 1 R B 1
3.4.2 TN ZE RSB

3 o A T S 3 e v R LA P R R RS
0 UE AR i A B A O G AR T, 45 8L a3k 4
7 AT DLR IO B v A 0 (424 ) 1 TR0 RS
J£5 YOLOv4 SRR o X5 2475 5t Mk /N ik i
G A% 0 32E AT 40 A, AR T Ak B 1 100 45 2R o
10 B 11 R .
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Fig.10 Forecast results in a complex context
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Predicted results of small targets
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Table 4 Comparison of prediction accuracy between

YOLOvV4-SLite and YOLOvV4 on different prediction classes

Ui 2 5 YOLOv4 M %% YOLOv4-SLite [ 4%
i2 0.974 0.974
14 0.974 0.973
15 0.974 0.977

11100 0.977 0.989
1160 0.982 0.983
1180 0.988 0.985
To 0.940 0.945
Ip 0.985 0.984
P10 0.955 0.958
P11 0.962 0.961
P12 0.981 0.982
P19 0.965 0.969
P23 0.976 0.977
P26 0.959 0.963
P27 0.991 0.992
P3 0.962 0.919
P5 0.979 0.978
P6 0.867 0.854
Pg 0.980 0.984
Ph4 0.927 0.930
Ph4.5 0.981 0.963
P1100 0.974 0.975
P1120 0.968 0.970
PI120 0.978 0.976
PI30 0.987 0.976
P140 0.976 0.978
PI5 0.967 0:960
P150 0.978 0.977
P160 0.984 0.977
PI170 0.960 0.949
P180 0.981 0.981
Pm20 0.979 0.963
Pm30 0.982 0.932
Pm55 0.970 0.974
Pn 0.976 0.972
Po 0.917 0.917
Pr40 0.980 0.978
w13 0.964 0.987
W55 0.944 0.974
w57 0.958 0.974
W59 0.891 0.892
Pne 0.978 0.979

35 SEMMERMERETLL

7K 3 %6 B RetinaNet50™ . YOLOv4!"! | YOLOvV3™ |
YOLOV4-tiny'*’  Cascade R-CNN®  ATSS'*/ PAA"* 3t
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B i AL ATSS WY A RetinaNet AE 48
B 5 7, UE B T R e ARE Y RE 1) S B IR R R OE AR
AR 3 $F R W0 5 910 A9 55X L anchor B9 0 TG
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w7 20 A BL OE R A E — 2D B o TR AL Y MR
Cascade R-CNN i if & 2 46 I 3k % & A [A] (19 TOU 2k
HTYERE, R B AR

B LA R ) P-R fh 28 2 i 78 7] — Ak bR dih T
n &l 12 B, alLL i i & 248 % YOLOv4-SLite (A<
LM E& T HME ks, LTS
YOLOv4HZE & &, B b Wi A SC ™ 4% ik 5 Fopn
B FE MM, 5 YOLOVA R R A Y .
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Fig.12 . Comparison of P-R curve between YOLOv4-SLite
and other mainstream networks

R AT 2 M AR SC R BT A A A
B SR L T AR TR A /N RG89 0 5 s X 3 7
P 28 JE AT XF HE L, 45 SR A2 S s, o] LA #], YOLOv4-
SLite 7 5 B B F1 B 25 & 5 IS 00~ B B AL T 3
i /2% . e Ah , AT YOLOvV4 M 4%, YOLOv4-SLite
W25 76 mAP@O.5 {2k 0.2% BT R R/ NEAI
T 96.5%, 7% s HEAE T T 227%.

&5 YOLOv4-SLite 5 Eft FiHMEHNES LR
Table 5 Comprehensive comparison between

YOLOv4-SLite and other mainstream networks

mAP@O0.5  VFAIEFEY  BEHEIRIN

k% 1% (10° frame+s™") MB
RetinaNet50 ¥ 4% 85.1 3.2 296.9
Cascade R-CNN % £ 94.8 1.7 553.7
YOLOv3 M 4 93.3 3.4 255.9
ATSS [ £ 92.8 3.4 257.2
PAA W 45 93.1 22 253.7
YOLOvV4 ¥ 4% 96.6 3.7 243.0
YOLOvA4-tiny ¥ % 88.9 16.3 238

YOLOv4-SLite [ 4% 96.4 12.1 8.5
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