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Abstract

In this paper, a vehicle type recognition system using deep learning and a license plate recognition system are proposed. In the
existing system, the number plate area extraction through image processing and the character recognition method using DNN were
used. These systems have the problem of declining recognition rates as the environment changes. Therefore, the proposed system
used the one-stage object detection method YOLO v3, focusing on real-time detection and decreasing accuracy due to
environmental changes, enabling real-time vehicle type and license plate character recognition with one RGB camera. Training data
consists of actual data for vehicle type recognition and license plate area detection, and synthetic data for license plate character
recognition. The accuracy of each module was 96.39% for detection of car model, 99.94% for detection of license plates, and

79.06% for recognition of license plates. In addition, accuracy was measured using YOLO v3 tiny, a lightweight network of
YOLO v3.
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Table 1. Training data information by car model

Class index Manufacturer Car_model Number of image data
0 Hyundai SANTAFE_TM 48
1 Hyundai Grandeur_IG 39
2 Kia All_new_carnival 41
3 Kia The_New_Sorrento 44
4 Hyundai Sonata_New_Rise 59
5 Kia All_New_Morning_JA 78
6 Hyundai Avante_AD 47
7 Hyundai The_New_Grand_Starex 54
8 Ssangyong Tivoli_Armor 65
9 Kia K5_2nd_generation 75
10 Ssangyong Rexton_sports 59
11 Hyundai Kona 72
12 Kia The_New_K3 51
13 Genesis G80 8
14 Benz E-Class_w213 16
15 Kia All_New_K7 47
16 Renaultsamsung QM6 72
17 Chevrolet The_Next_Spark 55
18 Hyundai Sonata_DN8 52
19 Kia The_New_Carnival 39
20 Hyundai The_New_Avante_AD 64
21 Hyundai Palisade 68
22 Kia All_New_K3 28
23 Ssangyong Rexton_Sports_Khan 26
24 Kia K7_Premier 49
25 Hyundai All_New_Tucson 52
26 Chevrolet The_New_Spark 38
27 Kia The_New_K5_2nd_generation 62
28 Hyundai The_New_Grandeur_IG 26
29 Kia K5_3rd_generation 47
30 Kia Celltos 42
31 Renaultsamsung The_New_QM6 49
32 Hyundai Avante_CN7 36
33 Renaultsamsung XM3 34
34 Genesis GVv80 21
35 Genesis G80 RG3 24
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Table 2. Car model data augmentation parameter information

Parameter Name Parameter Value Augmentation Result Remarks
Add -40 ~ 40 Brightness
Affine(translate) -0.04 ~ 0.04 Move position
Affine(scale) 04 ~0.9 Resize
Affine(rotate) 2~2 Rotation
GaussianNoise 0~01 -
GammaContrast 02~175 -
2. Z2+ majolg 8143} 2B AL2E WEYAL o]nA) ear)E

416*416*3(width, height, channel)>. 2 Fd3}, 1 o=
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Table 3. Car license plate detection model data augmentation parameter information

Model Name Parameter Name Parameter Value Augmentation Result Remarks
GammaContrast 1~15
Affine(translate) -0.06 ~ 0.06
Plate_0(190913) Af|'|ne(scale) 04 ~08 baf:kground
Affine(rotate) - : black
GaussianBlur -
Grayscale -
GammaContrast 1~15
Affine(translate) -0.06 ~ 0.06
Plate_1(190928) Afine(scale) 04~08 background
Affine(rotate) -1 ~1 : black
GaussianBlur 0~20
Grayscale 0~1
GammaContrast 1~15
Affine(translate) -0.06 ~ 0.06
Plate_2(190929) Afl.lne(scale) 0.4 ~0.8 ba.ckgr(.)und
Affine(rotate) -1 ~1 : white
GaussianBlur 0~20
Grayscale 0~1
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Table 4. Training data information by license plate recognition model

Class index Class name Class index Class name Class index Class name
0 0 17 deo 34 nu
1 1 18 leo 35 du
2 2 19 meo 36 lu
3 3 20 beo 37 mu
4 4 21 seo 38 bu
5 5 22 eo 39 su
6 6 23 jeo 40 u
7 7 24 go 41 ju
8 8 25 no 42 a
9 9 26 do 43 ba
10 ga 27 lo 44 sa
11 na 28 mo 45 ja
12 da 29 bo 46 bae
13 la 30 SO 47 ha
14 ma 31 o 48 heo
15 geo 32 jo 49 ho
16 neo 33 gu

5 HEE 1A 29 Hjo|H £ meiolH HE
Table 5. License plate recognition model data augmentation parameter information
Parameter Name Parameter Value Augmentation Result Remarks
GammaContrast 1~15 - Brightness
Affine(translate) -0.06 ~ 0.06 - Move position
Affine(scale) 04 ~0.8 13800054 Resize
Affine(rotate) 3~3 Rotation
TR
GaussianBlur 0~20 IS 10344 -
background :
Grayscale 0~1 - white
jz}o| stod gttt 2U2 4= £ s07elw,

0.001, WA= 642 @@S}MEP.

= o oim
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21 334z
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Table 6. Lightweight model accuracy comparison

7P} dlolg g &4
Proposal for License Plate Recognition Using Synthetic Data

M B 94 % A% Q4 A2Y AL 787
and Vehicle Type Recognition System)

. Model size
Model Name YOLO v3 accuracy YOLO v3 tiny accuracy (YOLO v3 / tiny) Remarks
GE';%S‘;"“ 96.399% 91.071% 235MB / 33.4MB Car model recognition
Plate_1 o o Car license plate area
(Gray, 10U=0.9) 99.994% 30.525% 234MB / 33MB detection
Alitta(bold, Gray) 79.067% 68.036% 235MB / 33.5MB Car license plate
character recognition
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