$£49% F11H Computer Engineering iT&EH T2 20234E 11 A

FERMRESTENR- TEHS: 1000-3428(2023)11-0311-10 X EARERG A th[E 422 . TP391

—MEXGETESREXBEREKRNER
EEELAZA Y RS K L ERA

(1.F B R Ber SHBENLERE, B B 330031;2. 7 B K2 JUF 9 AF5E B, 7 & 330031 ;
3L VE A E ki S0 =, M B 330031)

O S bR A 7E R R 5 A0 1 A A AR L B AR . X TR A AR AL 1Y) 28 3 A 2 AR RUEE AR fb
T A BRI ME DR BB T2 B A A 2 5 SRR B A IR 2. AN IR AR T, AL AR R 2R 5 B R
K A Al AR . UL, $ H — PR )2 R AE A0 ARG AR A MY B S0 G A A TR 2 R R HE N A R R 2
RAHAE ARG B AR RO X B0 42 43 2 938 1 K-means 25008 3R M 2 B HE | B 47 b 335 107 38 38 s 5 28 77 1 RUJE A%
b, o 2 A5 R X6 SN AR AL B4 28 591 o 28 - BT T 48 2K pR B, 48 5 A5 10 o P A1 58 308 A 5 [ 10 400 A 2 B, DA TG AR AR A 1 4
. TE Neck JZ I 55 18 SC 43 # 4 e FRRAE 40 AL AL H | 30 5o 55 1A 40 BB Bz o) 32 2 45 R SCfE 8, DT 43 1 H
AL A5 X A0 AR AT (5 DX Ak, ) 4R A 4 A AR B 38 Al AT A5 Xk BETRSCAR R, = shE 0 OF T B i ARG i T, T
I8 AR Al AR B0 I B IR A o 559 S 0 S R e R 0 A0 A R B 45 5 3B VR R R )2 AN AR R 4 I S BT
% FUBE FRAE 0 5 PR AR Ak OF £ i B TRUAE i oK . SE G 854 R W, 1% 7 ¥ 7F TT100K Al GTSDB 58 3 A ik £ 41 (1)
AP B FRSTBIIA £ 97.0% F1 98.6%

KRR SRR RN s B 2 5 5 40 2 RIS 5 A AL OS5 550 Ay I s RRAE A AL A B

e

FHE R ZE (FRRSS )RS (0SID) '_

=
H3C 5 AR e, B IR B 4 AR Pl R 2 7 50 T o T S A G A I L [ 0 ] S LA, 2023, 49(11) -
311-320.
FE5 AKX LI T H, MIN'W,/D, CHEN J'J, et al.A high precision traffic sign detection model in complex scenes[J].
Computer Engineering, 2023 ,49(11).:311-320.

A High Precision Traffic Sign Detection Mod¢elin Complex Scenes

L1 Jiahao',MIN Weidong'*?*, CHEN Jiongjin',ZHU Meng',ZHAN Guowei'
(‘'1.School of Mathematics and Computer Science, Nanchang University , Nanchang 330031, China;
2.Institute of Metaverse, Nanchang University , Nanchang 330031, China;
3.Jiangxi Key Laboratory of Smart City ,Nanchang 330031, China)

[ Abstract] In an intelligent transportation system , traffic sigh detection plays a crucial role. However, existing models find
it difficult to extract the subtle differences between certain signs with similar appearances under scale changes, resulting in
misclassification. In addition, in complex scenes, other\similar objects are easily mistakenly detected as traffic signs. To this
end, a layer-by-layer feature refinement detection model is proposed. Based on the characteristics of traffic signs, a
hierarchical clustering anchor box and group loss are developed. The hierarchical clustering anchor box layers the dataset
according to the target scale and obtains‘each anchor box layer by using the K-means clustering algorithm, enabling better
adaptation to the flexible scale changes of traffic signs. For group loss, similar appearance categories are grouped and a loss
function is designed to guide the“model in learning the subtle differences between similar traffic signs, thereby reducing
misclassification. A Weak Semantic Segmentation (WSS ) module and Feature Refinement Module (FRM ) are added in the
Neck layer. The WSS module learns shallow feature context information, enabling segmentation of trusted and untrusted
regions. The feature refinement module mines the contextual information of untrusted regions, actively learning and
eliminating interference that causes false detections, thereby reducing false detections of other similar objects. The two
modules combine channel attention to construct a layer-by-layer refinement feature pyramid, achieving overall optimization
of multi-scale features and improving model accuracy. The experimental results show that the method performs well on the
TT100K and GTSDB traffic sign datasets, with AP, indicators reaching 97.0% and 98.6% ,respectively.
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Fig.1 Overall structure of layer-by-layer feature refinement detection model
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F 38 WA HE AT R o3 BC AN EE AN R, [ A
FEAAG G 3 AR 21 56 S0 TRA AN (] J2% 52 B 43 Te AH R A
00T B B 2 W 4% 2 o) B AR R SRR RS
JA AT B LAA AR B ) sz BY A R, =X (3) T

W=0(C;.; (Cepr (x))) (3)
Horir, Cope 78 1 x 1 £ FUF Batch Norm DA & ReLU
PO pRRC, T 4R U 2R AR R R AR R T 38 1 2
WS B 73 SCEK(K=4) 3 C, ., R 1T RIZER,H T
RPAG Z S JH 15 B 5 0 R Softmax PTG #R 4L,
ARICASN R 43 S L8] o A 0 2 ROBE R BRI
S 1) A% 16 A1 Softmax J I pREICHS 58 Jm) 5 R B AR,
2B BRE RIRZ B oy SAEE W,




B4k B

TR, TR BRI 2, 25— Bl A2 2% 7 50 e e 2 5 30 s A 0 46 7Y 315

RO 2 N R R B M) 3 8 1 4 03 21 4
U /D T3 5 S B0k . FRMOEE A9 A 3 0 2 R
FERBBRS RN R R b Ax4 Fom B R
RANK A r Fm BRI KRR

®1 FRMEAMBENZRERZTERSY

Table 1 Parameters of the adaptive multi-scale

exploration module used by FRM

EH 4331 GrX2 433 Gr 4
1 Ix1 3x3 3x3 3x3
2 — — 3x3,r=2 3x3,r=2
3 — — — 3x3,r=3

J& A7 WY Ix1 3x3 7x7 13x13

R 2 NOER R BRI AT <1 Ax e 45 LU 45
iy ARRAE @ 8, Hoh  FRM BB FD SSW B He 41 %} 1
25 5 A RRAE 8 TE A BT S[R3 1 Dy 5
B 50% , 5 & 4 3 3 A T TE E 25% , 38 15T
4AAT I 5 46 BURIBE J5 HoA AR 5K S 1 43 41
Pk 5 B2 20 U SZ B 43 3 TR /MR S AR AR R 2
V1] A 2850 A R Az B O AR TR 4 1) R R s R
(9 5k 2 iR E bR SN 2 LR BRSO A AL
Vg SO (TR A N E | U S o R e R e S A E Y
WSS 55 g fir {1 42 g 2 R0 IR B He 2 5o
F 2T, WSS 8 i R 1955 et 2 RE IR R
He Sz 90 B2 B PR N Lx 13 18 % 13 By 4k, 43 45K
H 16,

1
! Down:Maxpool

1

K2 WSSHERAMEELSREFZERSH
Table 2 Parameters of the lightweight multi-scale
exploration module used by WSS

24 syl 4r32 4r33 532 4
1 3%3 3%3 3%3 5%5
2 — 3%3,r=2 3%3,r=2 3%x3,r=2
3 — — 3%3,r=2 3%3,r=2

g 3x3 7x7 13x13 15%15

FIOE N 22 RO B AR AR A5 31 3 A M2
A0 SCH AR IR, X W 2 AT R AR R, n s (4)
IR

4
Fol= G D, By (Cogn (1) (4)
i=1

HJ1 €y n 11 45 1 & FLF GroupNorm LA J
Hardswish¥ 1% pR 0, F T 1 46 R AF 8 18 B0k 52 B0R
FEAE AL ;5 B granen, 22 718 B HUAS [ JER 37 YRR AIF 19 55 74 JR%
A2 W4y 3 W RN B I8 I A R RS B AR OGR4 32 i
H AR (K] 5 - R 7 e IR B 5 €, 3R 7R K A2 30 38 58017 o5
e
2.3.2 5915 U HILH SRR 41 Ak A

BB 4 15 A A Fh T 32 38 A 7 A ARLRY 9 A 3 R
AT EA 22 18 bR B RE AT BT YE L)L B AR AT B, BB
i 3t B 37 X 24 FEA AR B 5% )

B X6 3 A TA) L, A S L RR AR 20 AR RS A 58 ) 2
Bl > IF I BRAFAE TP T P ok B AR iR A R . 5915
SCAr EIEHL SRR A0 A B H S A A ] 5 TR

FRM

B5 SBENSEERHEALEREN

Fig.5 Structure of weak semantic segmentation and feature refinement modules

R E 2] T HURE @A A A BRI
oA B W TR A S 0 A2 B R AR SCES A H IS N
Z R RRBEH 1A 7 x THEFL 1 1A 5518 L5
TR, IE R G B R 3 80 Ko 2 19 i K Ak 3k
BN [ R B 4 018, Heasd R an =X (5) s

Fon=Conv, ,(Ps+ S5 (P )= m,,, =(F,,>0)

(5)
Hop: Sgep R IE TR 2P S BN HE N 2 REIRE
B B, OS2 BF BN 3 % 3 3 15 % 15 (9738 4k, 43 4

map

R 32; PR E R4 5 W ZFRHE ; Cony,,, TR
7T R A FFORE 3H TE RS A 1, DL SIE A O AR 7y 1
P&, A 7 A S 1) A% R 52 e B R AE A0 AR e 1) 64k o

WS B R T 4 B R AE 40 AR LS 38 TT LA
R AE S AR B (Punishment Module, PM ) X 1 il 2% S ##F
oAb, X7 T HE AT A DX Y 100 25 S E AT AR L 4
TR ECR 0.5, N (6) Frs «

Pr, 1 =M 15 Pprg [1 =m0, 1¥ 0.5 6)

Horbt Py, RRH RS L EWGE R, RR G



316 Computer Engineering

R TR 2023411 H 15 H

55 1 J2 XN A 55 18 SCAr L AR AR AT A X 4 T
G5 LB AT REEORE B AR SR SEY 50%.

FRM 25 #4151 5 (4 47 B T 7, 46 1 54 18 L4y
F P AR BCR R AT KRR IR S L F R i R
LG S (T = 1o 2 £ B N = = K e S W i R e
T, SR I R TR ERL 0 o0 2R ek = ARE AT I B
XL T AT A5 B A0 Ak R AR P, o R X (7)
JTR

F,,=F, —0(C¢ (F. x(1-map,)) 7)
HorpF R i J2 FRM B BB A RAE 5 Co R7n R
WRIPSHER B IE N2 RERRER, HT
2 2] AR AT A X8k B T R RRAE 5 0 R ReLU &

W 4k J5 1 F, 15 4 AR & 3 1) B A% 3 1Y TR
B A8 1 1 38 R 22 R R A B AR B4 Ak R
fEFE&ER LR UERRRF,,, X (8) s :

Fo=F, +Ceq (F,)) (8)

CE,, fil CE,, i) Z % 1 58 — BURLE A TH) , inas
JEN T AR B SUE BAE T} T SR .

SR T G PR B S A AT A Aok A TR A,

S LRFPN 1 A e | AR SCHE YRR IR N Oy i 2B

B — 26 A B R 55 1R SR LL 50% 11 HE 5 i
PHIEAEAS DB, 4 o A8 e A B8 (B 1 P i e g, ()
FE L 50% Y A 232 AR 1 A 07 BE AL H T AR AE 50%~
150% H A5 4 1F [ 7 PURK Ik, DL & 42 )R 42 48 0T 9 Bk
ATAE XA FH A A R .

3 KREERSW

3.1 ZHHEFEESTEMIER

AR 3CR F TT 100K 178 ] 52 38 A i A6 il i o
GTSDB™ B 4l 42 30 0F 52 56 2000 o 15 4 R 240 1 iR
N ) B A IR 9 B8R 4E TT100K J2& 14 % Rl MG
R B A A B 28 3 A R 10 0004~ 2 FE R Ny
2 048x2 04815 F 1 1 5 K& 1 30 00074538 38 A ks 32
T 2H 18, XTI 200 22 A28 51 [ A SR XE 2 A [ i
PA TT 100K 4778 JE R V- BB AR . 2 2% BUds 42 ok R
(4 SCHik [ 6], A% 3CHk 1 RSl 00 SE 491 14 42 25 51, 4R
P 1 AR b AR 28 5 — B io . po. wo
325, et 45 25 R B B ARk AR 1000 5261
FEHP FEE 1000, GTSDB ) 12 F T 32 18 b i K
Wi P, A 35 900 iR 43 B2 2l 1 360x800 15 K 1 &1
14 (600 1 H T Y11 25, 300 15 FH T3 ) .

AR AP, AP, AP K (P) (A MIF(R) |
F1{EX 6 AR PE MBI PERE . AP, AP, 73 3 %
7R 283 L6 ToU 2K T 0.50 1 0.75 B (4 25 45 7 Y08 1 %

mAP, AP J& IoU 7E[0.50:0.05:0.95 ] F 43 %3+ 5 1k 15
1 mAP, I3 SE S5 R A B, O T X o0 R4~ 200
() SF- S5 05 B, B AN 2000 7 B RS B B i B R ap.
mAP 238 T A 255 P-R 42 F i AR A0S 24, A
H (R :

1 N J‘I
Monpion = — P, (r)dr 9
= Z 0

Forp ciou A BEE U 1 ToU BUE 5 N oA % K0 SE AR AR 2
BVECEL ; P, R iz B A 20 B SRS BE

FUAE (F,) 2 1 RS il 25 0 4 [l 3 T 304045 Y 232
AR, W 10) fros .

B 2xP xR
'~ “P4R

3.2 IZREE

AL A 1 E . CPU 4 Intel Core i9-10900K ,
N ff 64 GB, GPU & NVIDIA GeForce RTX P4000,
A7 8 GB, #:4F & 48 4 Ubuntu 16.04 K 2% ) HE 42
A PyTorch,

TT 100K % 45 4 (14 5 43 B35 K R e vk i A7
Yk o Al PRk A T, A SC 2 BEOSCHR [ 25 ] 09 K4
b BR 7l R A S 12x512 By W kI 2k 4R ok
TR W B LA WE &N 20%, o) U8 A
0.5 H AR (— AR i &5 1 AR 1Y 50% ) LR 1+ & .
GTSDB (1 R EL #5238 ol 640x640 152 2 .

PRLA s 155 o S B BLA T ToU 4 2k
Lo VR A 38 S AR € AR 2 EL L
LD PR :

Lo = Ciou + Loce (11

h T BB N 5 G A SCHR T R A R
SRR FRA AT

L =MLy + Ay L+ Al + 2, L, (12
HoH 2 Ay Ay Ay a3 N D A% T G 1R AL R
Lo Lo L oup ~ Lo 7390 A TR H5 2 43 2540 2K L 4320 43
g 551 Loy EIR
33 S5HMERMMERELL

R VAl AR SCHE R R I A5E 7 LFRD X /N 38 38 A ks
o I R BE ), fF GTSDB 848 A7 5550 . ) B
LA /NE) GTSDB R R il R A AL A A Y7 2K, 5 3
GTSDB %4 £ v i1y H A/ T H 55 RoE 39 1 /)
H b5 7 8O B vh 09 B o A S5k R HE Al 52 3 s 75
I 75 2 45 GTSDB 4 % b iy S g 45 Rk 3 ir
R, HIRL 26 7R e B , AP, 327 K6 I G 25 45 45 51
AR L E S SRR B A 280 E ToU B R 0.5 B
7 4185 B2 ap .

(100




B4k B

TR, TR BRI 2, 25— Bl A2 2% 7 50 e e 2 5 30 s A 0 46 7Y 317

K3 ABEAHEEGTSDBEHIIEE FHTHRER

Table 3 Experimental results among different

methods on the GTSDB dataset %

ik AP, L .
Ak I ke
SCHR[ 17177 % 97.0 99.2 94.4 97.3
ReYOLO®" 97.2 94.4 99.3 97.9
SCHik[28]77 ¥ 81.4 90.3 71.4 82.4
SCHR[291)5 5 96.7 97.9 93.5 98.8
MTSDet?" 92.9 90.9 88.6 99.1
MSE-YOLOv4P! 97.9 99.5 95.3 98.9
LFRD 98.6 99.8 97.9 98.0

M 3T LA AR SO ) #9 LFRD 7E GTSDB
B 32 ap PA LA U E LA R SR
AP, WAL T H Al T5 3% , UL W] LFRD RIVAE 7 %5/ H b
WA B B RS D ROCR 5 HAR 7 240 Lt B AT — %€ #9
VI

gtk — DA B A RIVERE , /R S B RetinaNet ,SSD |
YOLOV3.YOLOVSs  Faster R-CNN , Cascade R-CNN FI 7
SCHR 9 LFRD 36 7 #0828 7 TT100K B dli & T ik
FrVERE 23 BT, 296 45 R W el IR, H a4 1A
F&— B B A I A AU | Faster RECNN | Cascade R-CNN
S PR i B A T A Y 3 ST AR Bl N P T A2 3 AR A
oy 2k AT
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Table 4 Experimental results among different

methods on the TT100K dataset %
ik Kt HEIZ  FI{i AP AP,, AP,
RetinaNet!”! 88.7 90.7 89.7 714 90.0 853
Ssptt! 67.9 97.8 80.1 63.6 903 63.6
YOLOVS5s 67.4 95.2 789 725 945 —
YOLOv3! 73.7 95.3 83.1 726 952 —

Faster R-CNN! 57.2 98.4 723 558 -90.9 659
Cascade R-CNN!" 752 97.8 85.0 590 90.6° 71.8
LFRD 91.5 96.3 93.8 4.76.1, 963 91.1

M 4T DU A SCHE A 9 LFRD (1 AP AP,
1 FLAE 53 9 BUAS 76.1% . 96:3% 41 93.8% , ¥4 fi T Hifth
. 5 — MK %% RetinaNet, SSD, YOLOVSs ,
YOLOvV3 # kb , LERD Y AP, P4 15 b 20 51 2 5 24
6.3.6.0, 1.8 Fl 1.1 41~ H 43 s . 5 Faster R-CNN
Cascade R-CNN #H [, , LFRD 7£ AP,, I 4> 4% & 5.4
1574 H 4 45 . M SSD . Faster R-CNN | Cascade
R-CNN, f 4k LFRD (% 4 [0 F& WA , {H 2 0KG i 8 82 &
T 104N E 435 . Ik, LFRD fE A SR AGIR KR
AT 4 15 2555 DU P i

Ry ik — 20 BRI 5 B PR RE A SCKEFE TT100K

s 4 R I ) 25 R S 2 IR T B B 1 8
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25 15 BN AN 58 B A2 bR R A I 45 2R . B A2 il
F A 7 15 A6 TT100K B 4 b Ay 52 56 45 B % e
s pimn.
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Table 5 Experimental results of existing traffic sign

detection methods on TT100K dataset

WIRES WMARGENE % ETME  AP/% AP /% AP,/%

SCHik (41059 512x512 DarkNet 53  — 96.5 —
SCHR[ 19797 4 512x512 DenseNet ~— — 92.8 —
SignHRNet!*?! 512x512 HRNet-DA  69.5 93.8 827
SCHR[17175 45 640%640 DarkNet 53  69.0  95.1 —
TSingNet®"  1024x1024 ResNet50 67.3 933  81.5
Dense-
& o fineDot™ 1024x1024  VGG-16 623 912 786
SignHRNet? 1024x1024 HRNet-DA 73.77° 97.1  86.0
MEF-SSDP* 1 024x1 024 VGG-16 624 912 788
SegU-Net®™  1024x1024  SegU-Net/ 65.1 925  80.4
LFRD 512x512 ResNet 50 275.4  97.0  89.5

M5 0l LA A SCH A9 LFRD £ AP Al
AP, b U B = 25 R 5 M 75.4% 1 89.5% , 5 it A
JRUSF1.024x1 024 4% 2 ) SignHRNet #f Lt AP, [% ik
0.1/ 7 5, I RE J2& A o i AR ST ok /b 17 P9 B
AW bR . AP ORI AP, XF 1500 25 S5 A0 b
% 2 Jl 1) DU SR BT &y, AR SCTT B 7E AP Al AP, IS
TG g RS 55k L, % W] LFRD 7 3¢ 38 A i A 0 AT 45
HPS T R B 3 A A
3.4 HELSCIE

R B AIE 73 2 5 2 B HE 1 AT RO LA R Sy 2 R A
A R AE R AR SCR T 2 M S BOR R T &L o
BIAE TT100K Eod 4 b BEAT SC 8, SCa0 45 R 41k 6
TN o TH Rl S5 A 2 B T RetinaNet £ S K i HE 48, o8
o 7 BERI Y anchor HLA , 7618 I 23 /2 5 S R HE IR X
W T P~P KN JZ . RetinaNet fifi i SCHk [ 7] v 4 i
A F AN AR HEHE , Kmeans, . Kmeans, f# AN SCHE A9
I3 2 B AE B R S AE B 0 o 3 A6 .
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Table 6 Comparison of experimental results among

different anchor box strategies

RFE KW @M

i i I AP/% AP /% AP, J%
RetinaNet 9 887 907 714 90.0 85.3
Kmeans, 3 81.7 961 757 95.5 90.5
Kmeans 6 715 961 75.6 95.5 90.4
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Kmeans, 76 45 i % AP DL K AP, 1 &% 5 &8 w4 T
Kmeans,. B, A CPEFE Kmeans, X 55 A A8 4
HE HE A7 ekt

T B 22 A SRS, oA 0 DI A e o A Y ()
B, AR SCHET Kmeans, fRKITA 1, LRFPN \PM 7£
TT100K 44 b aFA750 50, L0 25 RNk 7 iR .
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Table 7 Ablation experiment results

S 4 Lyroup LRFPN PM s T 1% 7 [ 2% AP/% AP /% AP /%
1 81.7 96:1 75.7 95.5 90.5
2 N 84.1 96/4 75.2 95.9 90.4
3 N 88.1 96.2 75.9 95.8 91.0
4 N N 89.8 96.8 76.1 96.3 91.1
5 N N N 91.5 96.7 76.1 96.3 91.1
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Fig.6 Detection and segmentation results for small targets
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Fig.7 Heat maps among different modules
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Fig.8 Detection results for different regions

SRV /IN AN 5 B A A bR A A I R ) 5 ) AR
S A ) 25 SR e B T D P A O ) A AR A 0
(Non-Maximum Suppression, NMS) i [§ ¥ &2 Ji .
NMS 3 i o 53 46 0 25 5 22 1] %) 28 IF Bl ™
2424 B A DX B KT (B I D 2 B A BEAIR A 445
B N S 0 S (TR = 2 A= N T £ N
H 5 5 0] 8, AR SCXF NMS 3647 8 b0 A i H 2% i E
15 BE B RUBE R/ VRSB B, Bk NMS 53k
WL 1T 7E A 19 NMS JEGE o AR BE F 1,
M E A B T B Y BRAE B R S AT S R AR 3
SR A T T BRLL TR v 52 0T L 0 B, LA W T
TN 25 R 0 B0 58 R AR 78 40 o e NMES 4 g
XS5 R 28 R .

Bkl Mk NMSH L

BN B={b. by by} S={s, 5 sy o W=w, wy, e wy )

Wl M={m,m,, -, m}

1.while B = empty do/4R 4f 15 5 {E A /N AT 371 v Bk i
1R —L T s

2.B'= {b}, by, -+, bl f, bi=b,+w//b, J& 1 3 52 il Tty
ST 25 S w2 S R B AR S8, b R A L 2 4
114 45 ST % R

3.m < argmax S//AR § T £ (6 I/ AR i Bk 35k fe K
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4.flag=0; B« B-b, /4% T f5 Km {1 50 45 5 K 55000 4
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5.for b, in B do//3# Iy TIWAE G B 8 A 245 2L .
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II45 G 58 I T 2 58 B BT o HG A B A
. area(bl) .
7.if ———>1.5 and 1ou(bm,bi) >0.7 and s,>0.5
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9.end/for EI 45 o
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11.end//while 454,
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Table 8 Test results of improved NMS performance %

Jiik AP APy, AP,
NMS 75.1 96.9 89.1
Mk NMS 75.4 97.0 89.5
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