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FHE A ad B A7 SB AR EAR M 77 ik 2 0 R v A K, B AU AR R, 4R R — A B T X A R AT 2 W 4 (faster region-
based convolutional neural network, Faster R-CNN) ¢ X i@ A7 &AM ik, 4 AR PR ZE5ER TR RO LB R GAL,
FINA G % e 38 5% s aB AR E AR P eGSR R K e A A A A T AERIEE A3k 69 & & M %4 (convolutional block attention
module-based an efficient network, CBAM-EfficientNet) f s M 245 B i& 4L 5] A ?fie Z R B W A AR R AL ) IR AT,
A2 W 4 SN A T IR S AK R B R B AR, 3 3R W 2 R R R STl AR & 0 B g il A Bk STl AR & R £ R
M, XIEREY ,EH k& GTSDB ##% % Loy -+ ka4 44 P, ik 3] 99.79% , /£ CCTSDB2021 # 4% % L&y P, ik 5|
87.62% . A X BRI G BAG B AR EAR M IRAE —FF S A F ik
FKEEIA ; 2@ A7 £ 4 M ;Faster R-CNN; BAR38 5% ;45 4 & F 35 ) % ; CBAM-EfficientNet
R E 525 :U463.6;TP391.41 MR SRS A
SRR B, XK, ST 45, B0 Faster R-CNN BSCEAR SR [ T]. (WA P22 4R ( T27RR) ,2024,54(5) :34-41.
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Traffic sign detection algorithm of improving Faster R-CNN
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(School of Computer Science and Technology, Shandong Jianzhu University, Jinan 250101, Shandong, China)

Abstract: To address the current limitations of illumination effects and low accuracy of model, a faster region-based convolutional
neural network (Faster R-CNN) traffic sign detection algorithm was proposed. It addressed uneven illumination between sky and
non-sky areas using Gamma transformation to improve the feature representation of traffic signs. The use of the convolutional block
attention module-based an efficient network ( CBAM-EfficientNet) counteracted network depth degradation, improved shallow
network feature extraction and reduced parameters. The introduction of a feature pyramid network facilitated the detection of
different-sized objects, enhanced the network’s ability to perceive traffic signs of different sizes. Experimental results demonstrated
high accuracy, with an P_, of 99.79% on the GTSDB dataset and 87.62% on the CCTSDB2021 dataset, provided a highly accurate
solution for the detection of unevenly illuminated traffic signs.
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SZ¥# M) &AL (support vector machine, SVM) mf %
125 B £% ( convolutional neural network, CNN) 4§
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only look once) 25k =140 | 33 B LY I By B 5 %
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W75k 3 B DL L T IX 846 AR A 28 I 4% ( region-
based convolutional neural network, R-CNN) % %]
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BE . SCHERL 10 ] 48 3 — Fh 2 X5l AE 3 M 45 (region
proposal network, RPN % B 5L T X I 45 B 48
W £% ( faster region-based convolutional neural
network , Faster R-CNN) J7 16 #E 47 ZE 4 /6 I, 3 1
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block attention module-based an efficient network,
CBAM-EfficientNet ) ; 4% i 45 5 % 18] 5 o A [R] )
AL BR & ORI BE J7 , 51 ARRE 4 548 [ 4% ( feature
pyramid network, FPN) ">
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Fig.1 Structure of Faster R-CNN model
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Fig.2 RPN model structure
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Fig.3 The improved structure of Faster R-CNN model
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Fig.4 Comparison of Gamma transform

W EUR A YUV 28 ()R] LUK 5 B 25 () Rl
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S=cr, (1)
K r MR RS BUEREE N [0,1]5¢ K
FEARTIOR BN, G H L 5y AN AR B 2850, T ol
TRBER VR RERRRE | 285 X Hik g0 5 3 v = 0.4, ¢
ANy (y< 1) S8 A5 72 46 i 38 i I 5 BE 35 4, A
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2.2.1 EfficientNetV2

15 30 B 2% ( efficient network, EfficientNet) J&
— ol KT 8 K ) o B e 2 I 4 A T e e
25 M #4548 2% ( neural architecture search, NAS) i A&
[ AR TR B | 5 B RN G o0 B3, S B R AR
PSSR 455 T8, E A B /N ) S 500 T e B8 18 B 48
I AERR P, 529 1 S R UR A A S o] T AR
EfficientNet "% ) § % Jffi 5 £ #1 ( mobile inverted
bottleneck convolution, MB Conv ) #5 £ fif FH 5 i 45
1 ( depthwise convolution,
Depthwise Conv i # b 3 i % 1 ( convolution,
Conv) Z 4/, 7E A W9 14 25 14~ , Depthwise
Conv FINH SR 5 2% , 5 30 EfficientNet Y| 25 i &
B,

EfficientNetV2 & 7F EfficientNet [ 3 Al - #E17
SRR R | 3= LR B EfficientNet VI 2k 3 5 45 ok 2%
12 By ) BEH ) EfficientNetV2 Y #& BI 45 ¥4 F1
MB Conv .l & # o1 B % il #1 % X ( fused mobile
inverted bottleneck convolution, Fused-MB Conv ) ##

Depthwise Conv ),
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Fig.5 EfficientNetV2 model structure
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Fig.6 CBAM model structure
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Fig.7 CBAM-EfficientNet network architecture
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31 REBIEE

T[] 52 30 B 75 4G I £5 45 £E ( German traffic sign
detection benchmark, GTSDB) 4 T [F 60 £ 4
T AYIE B3, A0 B 900 A R B 2] B KR
)52 s EUR  Hh I ZR4E IR 600 5K, ik 4
1% 300 3K, BHZ /N H 1 360 14 %800 5211
AR ST 4 25 AR E fal R AL, R
BIREETA 1213 D AgiEbrak, BikKEHR A 0~6
AAGEARE B AR R B RST /N 16 1R R x
16 8%, I KN 128 R Ex128 B R, N ki
LR ZREVE il FELER BT KF B o B AR AR A
PAE BB SEY FE 2 6 900 TR EIE .

CCTSDB2021 J& K v TRk 2% T 2022 4E & A
{18y F A2 B 3 K T v L 17 856 SR AN
RS 5 T W 288 5 5 G, 28l bR ik o3 2%
1k SRR 3 25, YIZREME 16 356 KR,
FL45 13 876 A bRk 4 598 NEEARE N 8 363

#1
Table 1

A SRR MK A B 1500 SRR 4%, A 3 228
AR
32 RWIEE

R >R FH TR B2 2% 2] HE 2 Pytorch, Python iR 4%
3.9, CUDA i 4~ 10.2, GPU 2y NVIDIA GeForce
RTX 2080 Ti, & KWNFF11 GB,

AR SR 106 T B A R 25 22 68 Pytorch ‘B
Ji TR ZRA EE s REAILBE T BRI 25, sh &k 0.9,
B R 0.000 1; #4652 Rk E M 0.01, 5 3
A ERAC U 2 2] I E— IR 0.33 i dib &
KANBEE N 6, EREE N 50,
3.3 RITEMIERR

REEETVEN R I L A PR RS, A 5T 2 8 H AR
AT 55 s TN R b P A R ME P AR
SR INRG R BT B S A, P, S i A A 28
SEYMERG R P, MEA L HERRS P AR TN
FLIbR A 20 SEFR o B, A % R AR SRR
HIYBF A 200 ok, PR P, P, T
CR G pilo R

TP
p= , (2)
TP+FP
T,
R=———, (3)
T,+Fy
1
P= | P(R)dR, (4)
0
1 C
PmAzzszia (5)
i=1

A T, A E B A FO R E NG F R ]
BRI Ay A9 A8 Fy S TG R0  33 F000 y
TR C SRR RIS, AT C=4,
3.4 GTSDB ##E&EXIEER
341 JHRALRLE

A LB T BRI 58 | REAE B2 O 4% | FPN
BEHOTASIRG B2 152 g 45 R a3k 1 s,

AFFEHAE GTSDB #4141 Rl i

Ablation experiments of different modules on the GTSDB dataset

FEAE SR U 4% EG S FPN PoA/ % SHa B/ (WT-s™")
Vggl6 x X 89.44 29.45%10° 15
Vegl6 v x 90.75 29.45x10° 15
Vegl6 x v 96.67 31.33x10° 12
Vggl6 v v 97.71 31.33x10° 12
EfficientNetV2 x v 99.55 37.45x10° 13
EfficientNetV2 v v 99.78 37.45x10° 13
CBAM-EfficientNet v v 99.79 21.64x10° 20

T v AR AT S e xR B2
FEHEAl FasterR-CNN A 431 5] A B4 5
K FPN MEHLS P Ay B4 T 1.31,7.23 F 4T AL,

[ 384 i P45 185 58 F FPN A B s | P, 4555 178.27
B, AR AE R BN 2% B 4 A EfficientNetV2 3
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P, 4 . Bt Faster R-CNN A AS 38 b s A 50k 39

BTN ER 345N FPN ASSHS | L Veg16 [RIFESIHR T
[ P BE R 2.07 F 43 a5 Y RRIE 42 ) 2% B 4 Oy
CBAM-EfficientNet i}, P, 4t Veggl6 [RIFEA LR T
P21 2.08 HAr A, SECR D T 31% , 4R A 2
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342 XTHARE:

R4l LA g 4R 1 B O vk S A AR 5
EPERE AT 42 775 5 GTSDB %idis -
A b 7 35 (A0 35 oo oF #E 6% R-CNNTY |k it
YOLOv3'™'" Bk #E B Yk £ HE A% I ( single shot
multibox detector, SSD) ' it YOLO™' | i ik
Faster R-CNN!*' fh #¢ 4 IE 0| 4k Faster R-
CNN'»D) YEA7 b iR IR 45 2 2 R, Hi#E 2
TLLE M T Hofh 6 By vk, ABF 5T 7 B A
GTSDB ¥l 48 L UG B dr g ke I 25 SR, 28 LT
HI L AHIE T $ 0 5 AT A RCER T 2 38 A R
H0F i

%2 RFEBFSE 7 E7E GTSDB KURAE I PEREXT H

Table 2 Performance comparison of different research
methods on the GTSDB dataset

TiA FRIEERINGS P /%
RS R-CNNT ResNet101 96.16
et YOLOV3™ DarkNet53 97.00
et SSD Vggl6 99.66
et YOLO™ ResNet50 9721
it Faster R-CNN™* Vegl6 93.59
PhREAIENIL Faster R-CNN'®'  Vegl6 99.68

AT Tk CBAM-EfficientNet ~ 99.79

3.5 CCTSDB2021 #iE&EiRIEER

Stk — AR B R ()32 AL RE T BB R M A
WFFE 4 A9 5 ¥E7E CCTSDB2021 % #is 4 b k471
5, 5 A A TR H A RN 3 s, ik
3 A[LAE Y AW GEHE 1) J5 5 fE CCTSDB2021 %%
PR b R A B MERE
3 REIBIFETEETE CCTSDB2021 4 I HEREXT

Table 3 Performance comparison of different research
methods on the CCTSDB2021 dataset

AT P,/ %
Faster R-CNN'"’ 56.58
YOLOv3[™' 50.48
SSDM! 49.20
YOLOv5™' 76.30
B YOLOVS ™ 78.40
etk YOLOvSs™ 82.00
ARWFFE Tk 87.62
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Fig.9 Images of detection results of different models
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Fig.10 Local images of detection results of different models
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