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Real-Time License Plate Detection Based on Faster R—-CNN

T

Dongsuk Lee" - Sook Yoon™ - Jaehwan Lee™ - Dong Sun Park

ABSTRACT

Automatic License Plate Detection (ALPD) is a key technology for a efficient traffic control. It is used to improve work efficiency in
many applications such as toll payment systems and parking and traffic management. Until recently, the hand-crafted features made for
image processing are used to detect license plates in most studies. It has the advantage in speed. but can degrade the detection rate with
respect to various environmental changes. In this paper, we propose a way to utilize a Faster Region based Convolutional Neural Networks
(Faster R-CNN) and a Conventional Convolutional Neural Networks (CNN), which improves the computational speed and is robust against
changed environments. The module based on Faster R-CNN is used to detect license plate candidate regions from images and is followed
by the module based on CNN to remove False Positives from the candidates. As a result, we achieved a detection rate of 99.94% from
images captured under various environments. In addition, the average operating speed is 80ms/image. We implemented a fast and robust
Real-Time License Plate Detection System.
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Table 1. Variation Factors of License Plates

Factors Explanation
Location | location variations of the license—plate
The license-plates are many or
Number .
Nothing
Plate Size Change of the size of license-plates

variations according to the distance and type

Font Change of the font

Color of the character, Background and

Ete distortion of LP

Weathers | Rain and Snow

Day, night, and Lighting such as

Environ- | Brigh .
rightness headlights

ment
variations | Occlusion | It obscures the plate

Background | Similar to those license plates
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Fig. 1. The Structure of Convolutional Neural Networks (CNN)
for License Plate Filtering
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2.2 Faster Region Based Convolutional Neural Networks

Faster R-CNN[14]+= R-CNNI[21], SPPNet[22], Fast
R-CNN[23]& &3t %224 Fast R-CNN[23]¥} H|5=¢h
TZE 7 gl oAl AAE Y¥ o ARttt 7]
9] R-CNN T-%E< Region Proposalg $13t9] Selective
Search[24]E AF&3l$th. Faster R-CNN[14]& o] 3t
Selective Search[24] ™41 Region Proposal Networks(RPN)
& Aletatsitt. Faster R-CNNI14]+= Fig. 29} #Zo] CNN9| ‘&
AFE'E Zd Feature Maps 4448t o]& Slide-window

2072 convolution 3te] WMEES A3t} o= B3 k
78] Fre] et ke R H4(2-dim: AAY BE A
A7F old #FE)9l, Bounding BoxE 9% ke FHE
(U-dim: < z;,y; > < Xy Yy >)E A, o]E 7IHS
2 #ADAYRODE w50 Ho] dAbFY] o5& Aoyt
o]8 7 <do}x ROI Layer ZA¥ol thste] CNN9J ‘%%’gé
ALE o TA HEFHORE EA

=
T
A

= of

p

f

3} Fully-Connected layers<
ol A&E dE3A "otk

Classifier (CNN)

proposal | Rol pooling

ConvNet
(CNN)
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1t Stage License-Plate Detection Based on Faster R-CNN
Input image

Feature extraction of
CNN (ZFNet, VGG-16)

Training Phase

Initialization of CNN by
using Caffemodels trained
from ImageNet

| ren ||

Feature Map

Classifier of CNN
(ZFNet, VGG-16)

RS
Ag AEs AsA Msd 9 HE| O}E} 5} ]
v E odolE 2 FH 357 FEIA ¥E Agede
True Positlveg} $HA| False PositiveZ} ®A st A7)

Aﬂ%—% oF 4o golgom, of7]o Negative 9
& E& AFA Fkstel FAAIE A
A9 Fig 13 2¢ 49de2 42 29 ONE A48
o719l A8 ONN 72t
?2&% CNNelth.  &pAsl 33 W&
A zloay FiHor

3
o
x
a0
N
o mu
e
N
N
o
pae
o _i
o

OH OV}‘j*JJr “L—J ol dE d7] Hate, Tx7, bxbet 2
W dH g4l 3x39 22 HE o8 W 24H *F‘lo}+
= AASATH19]. E3F Fully-Connected Layerel Dropout
[26]5 A &3to] vyl FA92 A4S Bo=2ZA A0S
H A3t ke s FAS AT

2n Stage License-Plate Filtering Based on CNN

BBOX Images of
License-Plate

from 1+ stage

Simple CNN

License Plate or
Non License Plate

Fig. 5. The Structure of License-Plate Filtering Based on CNN

A% AAe, B Yo FEARD, oIF F
WEwe] REANE ARG o)) BE A% True 7
3, 0% 2718 Azds] A AnE FYFES A9

Ag L Table 20149} 22 oA o]FoH o, g5
A8 & Linux 7|4¥F Caffe 7494 Cuda 759 cuDNN4
22]31 openCV 3.0& #-&3to] A= STt

Table 2. Experimental Environment

Processe Intel I17-5930K@3.5GHz
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Table 10. Average Running Time in Faster R-CNN

ZFNet VGG-16

4% (Avg) 68ms/image 158ms/image
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Table 11. Experimental Results of the Proposed System
Using 2 Stages

# of correct detections (# of all cases) Detection Rate
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Table 12. The Performance Comparison of the Proposed
Method and a Previous Method Using the Same Dataset

True False Avg running
Method Positive Positive time
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