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[Abstract]

Recently, parking guidance systems have been increasingly popular for efficient management of parking spaces. It is often used as an
insider's guide to find a place to park, but it can also be linked to a parked vehicle search service using a camera-like image processing
technology to find where the driver has parked his vehicle. Therefore, researches on parking occupation recognition and licence plate
recognition using various image processing and pattern recognition technologies are continuing. In this paper, we propose an algorithm that
recognizes parking occupation detection quickly in addition to increase the recognition rate. In order to analyze whether the parking slot is
occupied, multiple thresholds are applied in parallel as a pre-processing part. Object recognition rate is increased through the voting
method. Extraction of objects in the camera use deep learning(YOLO). It was possible to reduce the error rate of possible parking. Also, we
can obtain high recognition rate through the proposed algorithm even in the factors that may decrease the recognition rate (light,
circulation).
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Fig. 5. Light Interference in Parking Slot
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B =Ro X YOLOZ o] &3 M4 814 1 AZwpge 12
19¢} 2t FapPgiell AEsloF A AAE A5kt Ao 2
27FAZ ClassE 7433 2™, YOLO2] Custom Object®
WS A 27 (RFsAE Abeh A= Skssaal i 14].
olu T8 YOLO WESA 74-& & 13 2th. 197]¢]
Convolution layer®} 57]12] Max Pooling Layer2 HIE$ A&
2J3}33 2.1, Fully Connected LayerZ Global Average Pooling=-
AH&-3te] Parameter 7} 571 AS BASkAL A EE
7z 18 200014 = F=APd U YOLOE ©]-8-3 244 4
= ANES BoFEh
# 1. YOLO HE®3 F4[15]
Table. 1. YOLO Network Model

Type Filters Size/Stride Output
Convolution 32 3x3 224x 224
Maxpool 2x2/72 112 x 112
Convolution 64 3x3 112 x 112
Maxpool 2x 272 56 x 56
Convolution 128 3x3 56 x 56
Convolution 64 1x1 56 x 56
Convolution 128 3x3 56 x 56
Maxpool 2x 272 28x28
Convolution 256 3x3 28x28
Convolution 128 1x1 28x 28
Convolution 256 3x3 28 x28
Maxpool 2x2/72 14 x4
Convolution 512 3x3 14 x 14
Convolution 256 1x1 14 x 14
Convolution 512 3x3 14 x 14
Convolution 256 1x1 14 x 14
Convolution 512 3x3 14 x 14
Maxpool 2x 22 Tx7
Convolution 1024 3x3 Tx7
Convolution 512 1x1 Tx7
Convolution 1024 3x3 Tx17
Convolution 512 1x1 Tx7
Convolution 1024 3x3 Tx17
Convolution 1000 1x1 Tx17
Average Softmax Global 1000
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Fig. 20. Object Detection using YOLO at Parking Lot
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Fig. 21. Parking Slot Setting for YOLO Detection
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Table. 2. Algorithm Comparison

Algorithm ARR ARS

(%) (sec)

Object Detection 81.41 16.67
CPU base 91.53 2.12

GPU base 98.76 4.53
CPU+GPU base 98.89 3.47

CPU base = Stopper Object Detection + Multiple Thresholds
+ Voting Method

GPU base = YOLO Algorithm

ARR(Average Recall Rate) = Average Recognition Rate in
300 Parking Slots during 7 Days

ARS(Average Recognition Speed) =
Speed in 300 Parking Slots during 7 Days

Average Recognition

v.zd B
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