AWBIAPBIIPF L PREH SRR sEEEM2EY

Research on Parameter Optimization of Neural Network Parameters for
Rear Vehicle License Plate Detection

IE SIS S
Lin CHUN PU WU'!, TUNGKUANG?
'® = VS FREEAL Pyl
"National of ChangHua University of Educcation Student
E mail: lincfgate@gmail.com
PR RS TRE YT R
2National of ChangHua University of Educcation Professor

E-mail: tkwu@im.ncue.edu.tw

i &

&K BR 250cc P EAI D B d 3 jE AR T - 4L 250ce M £ A8
B IEIRE T o (e 250cc M P EAIHE w S OB E X E AR B P RE GRR
T omE BB gR RS IR e ki B 250cc M FEASS g i A iad
Figdro pREAI D FFRT OERAIALAWI I L LB TR E
FA AP FTHRN T - B ERIPBI IR AL AN BN TE R
BH2 FRem FiES B ”W%;*éii—ﬁ PR T S PR R M S AFRe BB TS B Y
W2 F RBEERTIR2 AP AEHR NS IR P IRR D2 RS
B h FEER AL
Mtz e 2R AN AR A SRR EBEY - LD

Abstract

In recent years, heavy motorcycles with engine displacement of 250cc or higher have

W
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been allowed on the roads in Taiwan. However, according to traffic regulations, these heavy
motorcycles must be parked in designated car parking spaces. There is no clear regulation
regarding the placement of the license plate for motorcycles with engine displacement of
250cc or higher. This has caused a problem for motorcycles to enter car parking facilities that
use license plate recognition systems, resulting in competition for parking spaces between
cars and motorcycles when there is a shortage of parking spaces on the roadside. This study
proposes a solution to this problem by using rear license plate recognition for motorcycles and
cars in parking facilities. However, recognizing license plates from the rear is more
complicated than from the front, as the license plate may be affected by surrounding text and
graphics. Therefore, this study proposes a rear license plate detection method to address this
issue.

Keywords: Rear License Plate Detection, Differences Between Car and Motorcycle License

Plates, Neural Networks, Transfer Learning, Fine-Tuning

264



TR

- ~F3¥R
P d gyl i b A Fd o B o R FBAET RN A
A B S N g2 B F R ERIEY N 2L %szgw B

(k% i%, 2014)

B3 2022 70 A0k PR INAKR T2 ddw S 8,395,091 4@ 0 P B R
14,328,497 45 (¢ ERRE LN ERAH, 2022) 0 d ST E P B D HF IS N gt
AR ENAHTEFFR PR BB pHEY A Tty 3 A S T AR AR
<o FP R fLEEH ERT > AR E AT RS AR A A IR o RE
%ﬂiﬁ&dﬁ%%QAJﬁ‘ﬂ%§ﬁ£ﬁ% BATAR LT o B bR S
SIS T RRB-N A 4 ¢ 2 T A S B - (3R 0 2020) o
S FLE8E P

PR R @ FE N - FE G A AP IR BA R 2 % 58 (FE B,
2010)  F A EA] BBk ded (3% §AUE B (BME19,2020)0 SR BAG D F

F RSN o Aokl e
F 1-13§7 B8 g @ 0

BB RN
A1 Em Al g
N N i TR AR
RFID g & BAGE T B R PR B iy
A BB MR B R ED ) 473 TR

;l‘}'j\/}}?l ﬂ\fj %ﬁfr

RoBI R ERPEIERERT N SA ERBAFR I E 1222 %8 =
%%%?%%ﬁ’—Miﬁw‘QSﬁ%mfﬂwlmﬁﬁ@ﬁw’ﬁﬁ FRESE N S
BAEATSN 340 F A (PRI RN B A B A AR, 2023) 0 4ok 2 B RLILp
B RIER R BRIFRY A FEREY > A I E AT o heRLE Y F
s € RRAL

% 678 % P B i RIS ERAELIEE B 2RA F 190 iF
BA 0 #250CC b~ FMAAESD GRS Bl BB PEE S KA R4
T R Rt wfiﬁﬁ%iéﬁjﬁﬁﬁw IR e
oW BERPEn S R P AATERP Y R %\Iﬁ-fﬂ""%%’?’\ﬁ#lﬁﬁﬁf
FFERAI M o FIEPp AR S BNERIRETHD D EHE > BELARE
,Mﬂﬁiﬁ@ﬁw%, g@aﬁg@gwc

EDFPHRFERAE ) A KN W R LN BB N E R kR (Mixed
License Plate Recognition) o #* i Srafs > R[> N LT ~ 458 80 > F i@ ¥ B EF Y
(Machine Learning) ~ P - BB 807) ~ $dcd i3 V7 502 2 2 & ~ #icdy (Big Data) 3
AP INFEH > SUIRA BB M) 7 - REREZ G 5D PR
- HERCRIEY S RFI MRS IRFET T PR

*w%uiﬁgﬁgwiﬂ£92

uh ‘r’*\‘
R0
[ut®

34&«

é‘*
3%

265



1. %0 - RL la‘%i’ B FH Ao I G oo

2. Nﬂzﬁﬁxlj—_' /ﬁw/ '
_ﬂ,%aﬁ;—«#k{

3. B T pia@fr%fﬁ%%'li%ﬁi;iﬁ%ﬁ BrBe o2 QI RE S AD it
— EE N ﬁga T O BB B A .

N
.zn\‘y «-\-\-
o

-~ PRI RFRE L RO

PR MPRR LAY R L PR A RS ZTAAE
(—) TP R :Jf;:,, SRR R TR R E AT KA R B FeE ] 101 &

DR kBl Eg xR 36 2 (4kp ¥ et oal, 2013) 0 @ FE T TALE

(CCTV) # 3£ 8¢ A€ 21 2 (M, 2006) - BT TAE (CCTV) fé&
ALPR k%> #sg iR XE 2 dmd %iﬂlnl TR o e D]t B gk s T g
g;;% Bk arf ﬁfﬁ‘ﬁ' °
(Z) BEFFR AN ek §- RTE 0 BEFAH LR L LRAF T LARE
LEBAIFLLHD AT E R R ot BN B R ‘mifg e
B S AP TR D P ey "i—*ﬁ yoreid? ~ CITY PARKING 37 8 32 %
41\?“*"4“—"“3”39%”;;% FAEE AT R BEi A2 RS o RD N SRk
F“% FNFREY > FEARN RS S B*F’“’ﬁo £ 3N :.la‘?i' HRPRE o AR T F] A
AR EE LR R IRRA R R ERA CPIRFLAEIEE AP LR
PR FRES G BEAT CPE T RREAR- PR HREFLAPI LR LR
H fé-/z‘ HAvrligecind Hd MPERS E > AL AS 2 F 272 B Z ik TP A
B BIGR GO
= ~ Tensorflow

TensorFlow ¢ Google Brain (Tensorflow F &, 2022) B % - 5 Google * "% =
B3 k%o A Apache2.0 T 5322015 & 11 * 9porgm AHER & K BE,2020) &
R BERBFRE Y222 — (TensorflowF %, 2022) > B # % Github * #7% % B F745%

A% 2.11.0 (2 2023/02/15) -

Tensorflow ¢ ¥ £ 3% GPU fv CPU & & > ¥ % Windows % Linux } & ¥ > & f7
% 14 Tensorflow 2.0 % & 2 Windows /i & ,; RA A E ARV B F o Tensorflow 2 * 3%
h vhﬁb!ﬁj N E;ng.é;,[w N ;sg;a ;J;;‘k N E ;,L’I'—}* LN _ m;@;ak.}a 4 *,, mg‘f_f; o B Hp W %K

PIRURRA SRR s F R L9 Google iFAEE Y HAIRY A5 F ¢ G-mail A
#w % & 3t (Raffel etal., 2019) ~ Alpha-Go (Silver et al. 2016) ~FES 4 (Amodei et al.,
2015)~ = p 4p# F mH 1 (Zamiretal, 2018) % 2 &

AmT RS BEFRENT P I I NR FHREY R EOR S @R
Tensorflow 4= i% id ;p] API #-— #5730 > &R Fg i B & M9 > & ed 153 & Ff KB (7 8 Wy
SRR

KA S RELT F IR bl A ; % % CNN (Convolutional neural network) .
TIERA SR (Recurrent neural network) » H ¢ CNN % 4 S p £ £ 50 B2 2 |
(Zhuobao & Hanyun, 2022)  RNN & & p #X3F 7 &JZ (Natural Language Processing) (% 1p

266



43,2020) > Gl4rFrX BB A o d A EEEATR F B FRES ALY S R o
z ~ SSD (Single Shot Multibox Detector) P & /P % B -3

TE ARG 1 # 4 VGG-16 it ticd] & AHFEE AP~ o2 # SSD (Single Shot
Multibox Detector) e B 50722 YOLO (You Only Look Once) 8 07| 5 37 & Kk T 4
4 udf G (Tanetal,2021)° 2 ¢ SSD HFER S F L HF IS > § & % 30188 5
B IRk s (E 4K, 2020) r{mwa’» SSD e e HA) i A F S BB o

FFT1IEZRR

~# 7 14 Github *  Nicknochnack % —‘ﬁ “r B % Real-time Automatic License Plate
Recognition & 55 AA# R * A E Y = N 41* MG oA H 2 8ae F R > BT
#a R & &g yEs k%L (Mixed License Plate Recognition System, MLPR) & (7§ % » B
FHRE -1 E40T

B % 3:% 7  Python 3.6 (64-bit)

2 2 & : Tensorflow 2.6.2

ERF R i E Xl

CPU : Intel(R) Core(TM) i3-10100F @ 3.6G Hz

GPU : NVIDIA GeForce RTX 3070 Ti 8 GB

CUDA Version : 11.0; Cudnn : 8.1

RAM : 32 GB

T % % Windows 10 & 5 & ¥ 5% (64-bit) » %= &  21H2
-~ FHEEERRTE

AT EHT SAFELF AOLP ¥4 % (Hsuetal,2013) &= <~ F ISU 2 & 4
THE (BF% etal, 202]) 2 p (AR dEERApET D B (119 38) ~ 52 B 49 (228 3R)
£ 2183 % 0 SR E o FEFEE LA S BB PR LBISE v BB ETF
FHERTPTD 6325% 488 3933k %% 1,0255% > f347 R 5 640x480 > 96 dpi > #* p @
AR N e R G

HY H @GR - TUEETRETHAB-CP RREEIRN ZRBETHE
BHOODAOEAD I5% 0 488 27 R( L S2KMASRIFEEFT &K -

FoRG e SENEYEE - RM > S-FE 5000 5 HcE g
WA v T & 0L AOLP T @ PR (632 58) 4 + ISU 2 B # (393 %) 2 ' E £ 1,025
o AT BBV RENEE CERB I AR rEF A EELEFARE
FREE OEEY IR FHETD(T5%R)-WERP(TTHR)ZPIFERE -
B i iv P BT & L2 AOLP (536 5&)4c + ISU (220 3&) % 756 3%k 2 '3 E » p (73987 ~
Wa RS R S2BELIPRBEEFT R o
o EfEdE L | BBk & 0 1 AOLP (536 56)fr ISU 2 p (7458357 ~ $528 BB ¥ (220 36)%
756 % 29" E - p IR S BBE RS X 2K ZPIRETRH
FEATEHLAOLP A2 RS 536 % 52" E 0 p FIPET S B2 B Y R 525k LR
R
B a0 ISUE R Y(1095%)% p (740842 B 2 (111 %)% 220 % 22" & >
PR IR E S2RLPIRETR -

267



L N
@5 C %% 112 AOLP i1 2 BB 5 (536 3 )4c + ISU 2 B8 2 (109 %)~ p #4508 B 5 (111
N RERERR

TS AT R SRR 40T BI3-1

ALPRER

ZSE7N
- G

B 3-12F 7 m#7F %ES
T kR AT EE

~ B E I ALE

WIS A 3 & A
7GR & W)

£ A S K

2 W iE i

B 3-2 &~ F % inA%
T kR AT EE

2RSS
- ~SSD & #3 v ”
HAEFFHR A CBC 2w E R BRAT R & TR
Pl > 4k 4-1

\\?{r
e
e
N
i
AR
Ee:|
It

A

268



% 4-1SSD & R i3 R e iE

640x640 Speed(ms) AP AR F1-Score
SSD MobileNet
V1 FPN 40.46 0.995 0.694 0.817679
SSD MobileNet
V2 FPNLite 39.96 0.987 0.653 0.785989
SSD
ResNet101 V1 FPN 108.6 0.980 0.715 0.826785

(RetinaNet 101)

FTHKR: AP R&RES

~ R FEE T
1395 Zhang & §—‘§(Zhang & Jia, 2021) =y 2 &P bR %S S @ &% SSD
Mobilenet V2 FPNLite -] ke 7i2 @ -2 My v E 3| A2 B L 2 Bm R
etk Ay (8§ * SSD Mobilenet V2 FPNlite 640 x 640 4 -7 :8 7 & & 1 i

RS &8
AR ERE T E I SR 2 K #ﬁﬁﬁéﬁﬁiﬁ%@igﬁﬁiﬁ&
gk T A AT AT

45 d B i AP B B3
E AR SR
E S B

Bl 4-1 & ;2 /542
TR AR AP EE
AFEZ Y REBAENTELFTZ LH ) A4 BB &L (Simonyan &
Zisserman, 2014; Springenberg et al., 2014) » o 3% ﬂ\k’ﬁ ?L" By BB T BB RS 0 TR
i%ﬁ%%&%@é0i7’%ﬁﬁ%wé%®é2i5°Pﬁ&**ﬁﬂ%ﬁ%%ﬁ
PEVRERZE %1"” <P REVRGE R 0 R H 2 AR Ao R 4-2

the input arguments
pipeline
pipeline

iscion{AP)[E :

print( S
print( = 3 - rnel_size)

B 4-2 77 B 2 4255 A
TR KR D 27 5

269



EEFEEEY 0 A4 280 el A\ﬁ»tma— wh E AP BF I £4-2 -

% 42- EFH E¥ A
B it @ AP & Jé;f%/é, F i L R
- gy 0.9620 6 4
¥ REE 0.9880 1 4
FZHREY 0.9690 4 4
o AEy 0.9790 6 4
1 AEY 0.9820 4 4
o AEY 0.9600 2 4
FoxEh 0.9780 3 4

FHAR: AFT RS
FETERHEE A BR TS 1 EFP L 5 40
T HERR
FF Bl 640x640 2 2122 (Frame) + | % & 320x320 2= % | > § %
1841 £ 4-3 (22 640x640 +* #1) °
3 438 o B ol

Speed(ms) AP AR F1-Score
320x320 102 0.983 0.638 0.773787
640x640 22.4 0.988 0.631 0.77014

THKR D AT T RS

EEP SR A R 0 320x320 2 B4R 4 [ 3B i R R 640640 BT B A
AP & ® % 0.005 it & F1-Score 57 & # 31 »320x320 # & > 640x640 *» 24228 + /] »
PR P EASIA B AR B P R 2 B2 DR D B s T
# * SSD MobileNet V2 FPNLite 320x320 & 7 2 $ ke 7]
T~ ZEERR %

BTREFAB-CZAFRATHR FHE L F&7LE F KB 244977 -

# 4-4A~B~C 5t

AP AR F1-Score
B 5k A 0.923 0.604 0.730179
5% B 0.829 0.581 0.68319
B 5 C 0.988 0.631 0.77014

TR KR AR R

R CBMFELEFERL > AP i 5 0.9880 ~ F1-Score & 5 0.77014 » A /Y * .gwA .
B fifis & F%CHEAIT A FL D Wrpsi e  f» WY %R G
R BB BN AT AT D o

45 FRE

270



B 4-3 siEd
TR KR L AT R

Z~%®
AT ORI TR R {5 B ”3»1 FEABC R 7 B WR] > 4 41 250cc + A
AN LT A b B S B IERP AN BE g F %Y Lk SSD R
B & v s FFER ~ 2w K 2 Fl-Score o ¥ 3k 3 — B ACA A SRk Sk £ 1L FE
ARSI A AR E S AT ARSI N T F—P’t’ Pyt iR
2B rERHRER R L AT .
54 <
HB % B E R AL (2013) 0 BB MR S SRT NR B 52 o 2013
pﬁﬁfQﬁﬁﬂmPfg
ég.i;»lé . ?}Z"J:@fr N NTCEELE (2021) 7%”?‘1% T PEE N TR e & S
B (TANET2021) g ® BB g R (NCS2021) -
SR EFT E (2020) ¢ AL * %fw 1 %F%#iﬁr%ﬂ L4 Al pFisaip s - 0%
e dU AL o
4 &~ 4R F (2020) - #££LF € Google TensorFlow 2.0: A 1 FFERRF Y F (TR o
BT 1 ADRAL o
A EE ~FFEE (2020) ° Tensorflow2.0 JFR & ¥ B » * - AR 2 i JiRAE o
s;%@ (2020) « &4 BT ERD 2 PREHE - TRD EAE 266 B -
B3R (2020)0 A L E 2 BMFER A AR oL BHFEAE FTRIRFTL N ALY

2 o

FHEm Q02D 4 B B SRR M RS TR RS mLiF ko

K (2020) %gu‘h CEERAS IR RF Y PURLAR R BOR R R ST Y o B
HAE —? LB =k o

B v2s (2000) o ﬁé§¥‘€’ Tef FEHRL T M A § L EHAT T

ﬁi?&%?°

Tensorflow F % (2022) - https://www.tensorflow.org/guide?hl=zh-tw o Ff B p #
2023/2/15 -

PEAF LA MR (2022) c D RF A A B A
https://stat.motc.gov.tw/mocdb/stmain.jsp?sys=100& funid=a3301 - # P~ p
2023/12/15 -

271



poFTER (2023) poFTiR A B AR W &A% o httpsy/lvr.land.moi.gov.tw/ e REE~ P Hp
2023/12/15 -

Albuquerque, C., Vanneschi, L., Henriques, R., Castelli, M., Povoa, V., Fior, R., &
Papanikolaou, N. (2021). Object detection for automatic cancer cell counting in
zebrafish xenogratfts. PLoS One, 16(11), €0260609.
https://doi.org/10.1371/journal.pone.0260609.

Bhagat, T., & Thakur, R. (2021). Automatic Recognition of License Plates. International
Conference on Emerging Techniques in Computational Intelligence (ICETCI).
https://doi.org/10.1109/ICETCI51973.2021.9574072 .

Girshick, R., Donahue, J., Darrell, T., & Malik, J. (2013). Rich feature hierarchies for
accurate object detection and semantic segmentation. arXiv:1311.2524. Retrieved
November 01, 2013, from https://ui.adsabs.harvard.edu/abs/2013arXiv1311.2524G.

He, K., Zhang, X., Ren, S., & Sun, J. (2015). Deep Residual Learning for Image Recognition.
arXiv:1512.03385. Retrieved December 01, 2015, from
https://ui.adsabs.harvard.edu/abs/2015arXiv151203385H.

Hossain, S., Hassan, M. Z., & Masba, M. (2021). Automatic License Plate Recognition
System  for  Bangladeshi  Vehicles  Using  Deep  Neural  Network.
https://doi.org/10.1007/978-981-16-6636-0 8.

Hsu, G. S., Chen, J. C., & Chung, Y. Z. (2013). Application-Oriented License Plate
Recognition. [EEE Transactions on Vehicular Technology, 62(2), 552-561.
https://doi.org/10.1109/TVT.2012.2226218.

Lecun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998). Gradient-based learning applied to
document recognition. Proceedings of the IEEE, §86(11), 2278-2324.
https://doi.org/10.1109/5.726791.

Lin, T.-Y., Dollar, P., Girshick, R., He, K., Hariharan, B., & Belongie, S. (2016). Feature
Pyramid Networks for Object Detection. arXiv:1612.03144. Retrieved December 01,
2016, from https://ui.adsabs.harvard.edu/abs/2016arXiv161203144L.

Lin, T.-Y., Maire, M., Belongie, S., Bourdev, L., Girshick, R., Hays, J., Perona, P., Ramanan,
D., Zitnick, C. L., & Dollar, P. (2014). Microsoft COCO: Common Objects in Context.
arXiv:1405.0312. Retrieved May 01, 2014, from
https://ui.adsabs.harvard.edu/abs/2014arXiv1405.0312L

Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.-Y., & Berg, A. C. (2015).
SSD: Single Shot MultiBox Detector. arXiv:1512.02325. Retrieved December 01,
2015, from https://ui.adsabs.harvard.edu/abs/ 2015arXiv151202325L.

Pugalenthy, K. R., Ibrahim, M. Z. B., Mohd Faudzi, A. A. B., & Othman, M. R. B. (2022,
2022//). Malaysian Vehicle License Plate Recognition Using Deep Learning and
Computer Vision. Proceedings of the 6th International Conference on Electrical,
Control and Computer Engineering, Singapore.

Raffel, C., Shazeer, N., Roberts, A., Lee, K., Narang, S., Matena, M., Zhou, Y., Li, W., & Liu,

212



P. J. (2019). Exploring the Limits of Transfer Learning with a Unified Text-to-Text
Transformer.  arXiv:1910.10683.  Retrieved  October 01, 2019, from
https://ui.adsabs.harvard.edu/abs/2019arXiv191010683R.

Ribani, R., & Marengoni, M. (2019, 28-31 Oct. 2019). A Survey of Transfer Learning for
Convolutional Neural Networks. 2019 32nd SIBGRAPI Conference on Graphics,
Patterns and Images Tutorials (SIBGRAPI-T),

Sandler, M., Howard, A., Zhu, M., Zhmoginov, A., & Chen, L.-C. (2018). MobileNetV2:
Inverted Residuals and Linear Bottlenecks. arXiv:1801.04381. Retrieved January 01,
2018, from https://ui.adsabs.harvard.edu/abs/2018arXiv180104381S.

Simonyan, K., & Zisserman, A. (2014). Very Deep Convolutional Networks for Large-Scale
Image Recognition. arXiv:1409.1556. Retrieved September 01, 2014, from
https://ui.adsabs.harvard.edu/abs/2014arXiv1409.1556S.

Tan, L., Huangfu, T., Wu, L., & Chen, W. (2021). Comparison of RetinaNet, SSD, and
YOLO v3 for real-time pill identification. BMC Medical Informatics and Decision
Making, 21(1), 324. https://doi.org/10.1186/s12911-021-01691-8.

Wang, T., Wu, D. J., Coates, A., & Ng, A. Y. (2012). End-to-end text recognition with
convolutional neural networks. Proceedings of the 21st International Conference on
Pattern Recognition (ICPR2012), 3304-3308.

Zamir, A., Sax, A., Shen, W., Guibas, L., Malik, J., & Savarese, S. (2018). Taskonomy:
Disentangling Task Transfer Learning. arXiv:1804.08328. Retrieved April 01, 2018,
from https://ui.adsabs.harvard.edu/abs/2018arXiv180408328Z.

Zhang, J., & Jia, W. (2021). A New Approach for License Plate Recognition in Smart Parking
Based on SSD and Image Processing. [EEE International Conference on
Computational Science and Engineering (CSE), 312-323.

Zhuobao, T., & Hanyun, W. (2022). Image Classification Based on TensorFlow and
Convolution Neural Networks. International Journal of Social Science and Education
Research, 5(3), 28-34. https://doi.org/10.6918/IJOSSER.202203 5(3).0007.

273



	08



