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[Abstract]

This study proposed a system that manages parking spaces for the disabled, this will lead to the promotion of welfare for those
who are disabled by using deep learning and cloud platforms. Deep learning used you only look once (YOLO) for license plate
detection concerning car images in parking areas, and convolutional neural network (CNN) was used for license plate character
recognition from extracted numbers and text images. This system can be managed in real time, and it has been simplified so that
it can be managed only with video. In addition, it is recognized and accurate by increasing the recognition rate of Korean
characters compared to the existing optical character recognition (OCR), and it has the advantage of scalability in the management
area by enabling parking management but only if closed circuit television (CCTV) is installed. This system requires a study to
increase the accurate license plate recognition rate. This is an important factor, and a continuous study on the processing speed
problem to execute YOLO and CNN algorithms in a somewhat low performance raspberry environment.
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Table 1. YOLO Learning Model.

Model mAP FLOPS FPS
YOLOV3-320 515 38.97 Bn 45
YOLOV3-416 55.3 65.86 Bn 35
YOLOV3-608 57.9 140.69 Bn 20
YOLOV3-tiny 33.1 5.56 Bn 220
YOLOV3-spp 60.6 141.45 Bn 20
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Fig. 1. Charact extraction using EAST.
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Fig. 2. EAST and Tesseract OCR model pipeline.

EASTE B¢ 21,
Soll thaliA] =2 F<ol

A Q1A FAF QS HFETL ol E < e ZER
W35l Zlo]t). OCR(optical character recognition)< A1
218 98k Az ESO 24, Q1F A5olut 714 Al ZH(machine
vision)®] A" EoFE A|ZHE ATE OCRE i £4} /&0l
7], A%, W], 28 5 540l thEm, QAT " AE 9 ¢
2|7} EtE A o] 7] wiitel] /el whet Q1A1E2] Zo] 7} 2l
Z]<+ol] Easy OCR¥} Tesseract OCRS- o] AR8-ght},

Easy OCR Q7dollA 2 495 FE31aL, £ &8
skal, FARE /1A gtk &, Y Ao ERH A HAE
3 dAE QlAlste] BlAER &9 3t} Tesseract OCRS
EAST ¢318]% 5 o4 2 S AA- U= ddox 53
A& FEste], LSTM¥ 22 Held 71t (&5 v 71y
ARR3Ie] RS 9143t} w2bA] Tesseract OCR- A} 3=
AR A B} 17 20 EAST 298 g-8-3lo] HE
& FE3)AL Tesseract OCRS &85l HETS Q128

Easy OCR- B A E Q1 2]of] & AJ7Fo] 4 Q ¥] 31 Tesseract
OCR-E 8H2 7 Q12of] thas A7} A ko), B3k OCR &
NEF2 GOde] Al W) Q12 Eel B2 2ol 7} whA st

. FEXFEE] A2
SRR} AL Q1481 8l

MEB IS ol gk = A5
EEREELED

o
o
f
il
)
ot
1=

jur]

https://doi.org/10.12673/jant.2021.25.2.162

164

¥ 2. 3 HIE £A Y 2R
Table 2. Domestic License plate number and character.
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Fig. 3. Overall system configuration diagram.

e S BAR T

S 2P W E e 24 ol
sio) om, 107e] 5k} 3570e] B 1o 9]
BB P oF Sl 2 T 3 Aeloln, 92 4 1 A2
T3 ) S 4 Al R B 7 8 AR sl 9
3 200 S MBS % A i ek

AN FAhgh) A|2E e 3 A2 A% CCTV i 5
ol7hvliek, ehzule] shol, ) Mw, FEhS= SHE 1w
gAe] b Eo 2 PR, gz stol= YeE A
A Pl ME AE, G, WEB 9 g AR
S Ak Abegell lE A E YA 09} Fehs SeFo]
S, YA S} welE 9 A R0 dlolElulo] 2

B F A 208 Bedn, FHes RS Y
Aepel ARE A, AKLOE AHgAL] SrEEe] B
A 2] A0S AST 1Y 30 AR A2H THE

A8 B darknet O 3H5310], AR} o dellA] A
% G o]S FEIIATE T, CNNOR 3155317] 9138 4571
ZApet EAE W ARk EAR SAske] CNNe| 9
0], 457112] S2x}9} F-ALE: one-hot 917G 5l 2hil
a3k 27 40 CNN U ES] =10]) thai ekt

ol
o
38
(o

Conv
a

—>

Conv

—>

Pool
1

=3
=2
=0

Input
image

o= w

NG
[T
G o=w

B

3

rs 3
176x160x16 88x80x16

7y

44x40x32

f

s

p
16filts

3

fil

=

176x160x3

P

Pool

—

f=3

=1

p=0  44x40x64
ers

T -
Wt
oMw

f=3
s=2
88x80x32 p=0

@ Flatten
14080

11x10x64

641

1000

=
=

J8 4. CNN HIE®Z
Fig. 4. CNN network.



YOLO Plate Number
L oik (i model ™| Detection
Plate Number CNN Image
Recognition [ | Model %—| Processing
using openCV
lllegal Car lllegal Car legal Car
Search — Database [—| Database
Save Management
Cloud Sender
Platform  [— Push . M:‘lager
Save Messagre PP

a3 5. MH 58X

Fig. 5. Overall flowchart.

CNN 222 F215 918 4748 3¥9] convolutions -3
54 W] FETE S3oH, 3 max TR o= 54 9
A71E E5tE 18k S 52 209 ¢ A4 softmax =
45711¢] & o= S} S DAS) 4 relus AR
o, 4k o] HA ks el adam 2SS ARSI
o}, 8k skl & 14,701,485 7lo]H, S5 8195 500
ojt}. Z19 50l B FAb whE] Al 2le]l g A S5 s
ERleh FAF 2] A28 B SRS Q1A e flal okt
L A= A2t

1. YOLO £} CNN R4S 0|83} Als2t et 4o A&
57 g 2t 2 24} 558 she] gy RdS

2 F2F L] CCTV i vjo] FHlelz e S 2t=
W] o] = 9le

3. YOLO 35 REs o] g3le] Hegt JHE &3,
Open CVE o}-g3te] F-5A17, olsl, AAA %, ¥4 +
= 5 9AE 2 22 9 Exbe] oA AE S FEiA HuE
olgg & 44

N 2 52 dloleiulo] s} nlaste] ell e of -
= 9

5. 8 T3} 2] AP, I, AL 9 52 dele
Wo|2eo] A gste], Fepso FhEA A%

6. FrelA) 2nkE Fo ] wlAlA| s} S B T} 2}l
ARPAE, i, A7 9 FE AH)2

7 1€ A|25he] A1z A2l $lske] YOLOSH DNN Ul

E9128 ol §3te] MEw 1B B4 94 915 A

& 3k Aelh, 3, Wl 39 94 Hel e FEE WS

] 14 7] 93 YO R el JE A, A
T

oIR8}, T Q1S 9T A2 ALg Ak 1

=
& wgskglon, OSTURIE]GS o83l Hale

AH3P] 3] 2 Sexbsk EAfe] S o) &

W2 AL 5 Gl oGP FHA go
24 2] AL} B8-S Adte] QNsH: AL FAR ol
STk 3, WA 0 S THA sel B2 4o 2
AAT 79 e 549} 54 B 912} A} A o] 91
ol A o] G o2l e e mefste] M AT ) s

A} gz 29l

2 Foz do] FETAL. HE FE AN FIE
“EP, sk o] A8} B89 TAS S EE P 5
of 910B 2 4} 91X19] x HE S | FOR AL} 2.5
TS WA AT kS ol g3te] stetslel, B BAe) AE
S A Alteled, Aol N AR ehiol 9 BAE o
A Q1 3.

B ATE 2 A4S A45] Ao AN E Mg 2
CCTVE] AARE S Re AL 2, YOLOS] 4417
MER 75 /)5S ol§5te] A WE7H WA E B35l
MBS AN S BaelHE AHESA 18 6ol Wy
Q14 ehare] ol thshA Lheblieh, Waw Q14 elEe

P

AU

1. AFs A s3] 7] 358 None o= A A3}
o= PG 9] CCTVOlA 973S st

2. TR AA Y Zede] dAFo|ng Fapgel 9
gy J-S 1 Bt 2 992 JX3ke] YOLO &5 &
9 F3l Hevs FEsta, 4 A e E Sl A was
S

R
-
o
rﬂ‘.
I

5 dlolefio] o A}l Ang Ageu], o) Fekg
Z9F ] WA dolElulo] 2o AT,

4. Q148 W57 o) W sl A5 of | B %
3L h Ak e HiTk o)1 ofn] A Fap s
W FAre1A) A2l E Aol 7] whelch

5. QhERo|m EE Fehn Y] AT dlolEu]o]
22} 55 o] BhelAfol A FAAA R By Fapeo] 9l
22 el BRI ARE A%

N N
bt
ol
X

165 www.koni.or.kr



J. Adv. Navig. Technol. 25(2): 162-168, Apr. 2021

S N
{  Number = None )

probelm = 1 probelm = 1

Transfer Firebase
Current Time
Recognition_Num
Catured_image

. B2 2Xt oA 2me|E

= T

. Hangul character recognition algorithm.

HULL
HULL
NULL
NULL
NULL
NULL

|
plate_number |
date I
time |
image | »
region |
location |
Aot

a8 7. 29 FRF Al 2700
Fig. 7. lllegal parking schema.

27 70 Y F2F A% Elolge] 27InkE Bk 7+ A
& A, FARARE, FAAE B A A, A TS
2 ol el BRI dge Ageb] Sl
mediumblob 0. & 3T} E A| Bl AE ] o] F21A )
el vie] ) Aeg wele 4 s Akl %
region A H 2] S2AP7F thRe] FARS] 9 A] 0], location ZH

2 the) F2 Hjgol et

B AT gk o] 4 9 BE ARgslgl o, £9A
Al ehzH] ]t S-S 918 sholad 3.6 2oL HeldS 918
A E 290 ARpAE o] 883tk 7, AleAt e AE
< 918l YOLO v4s} 241 Q145 $18] CNN& AHg-513itt. El
OB H] Ol*b MySql& AHga3lom, 43S 98 Zolel &
A Vki dlojefo] 2ol S=at3iet. B3t Seh-
SNFS T20] LA HlofE] Hlo] 2Rl stoloful|o] g
OI%GPEiE}.

1

I:

https://doi.org/10.12673/jant.2021.25.2.162

166

33 8. YOLOE o|E%t Hsmt HE
Fig. 8. License plate detection using YOLO.
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