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ABSTRACT

Several studies have focused on developing the safest and most efficient path from the current
location to the available parking area for vehicles entering a parking lot. In the present study, the
parking lot structure and parking environment such as the lane width, width, and length of the
parking space, were vaired by referring to the actual parking lot with vertical and horizontal parking.
An automatic parking path planning model was proposed by collecting path data by various setting
angles and environments such as a starting point and an arrival point, by putting the collected data
into a deep learning model. The existing algorithm(Hybrid A-star, Reeds-Shepp Curve) and the deep
learning model generate similar paths without colliding with obstacles. The distance and the
consumption time were reduced by 0.59% and 0.61%, respectively, resulting in more efficient paths.

Received 19 June 2024 The switching point could be decreased from 1.3 to 1.2 to reduce driver fatigue by maximizing
Revised 15 July 2024 straight and backward movement. Finally, the path generation time is reduced by 42.76%, enabling
Accepted 1 August 2024 efficient and rapid path generation, which can be used to create a path plan for autonomous parking
during autonomous driving in the future, and it is expected to be used to create a path for parking

(©) 2024. The Korean Society of . . .
i robots that move according to vehicle construction.
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<Fig. 1> Automation Levels

Automation

Vehicle has combined
automated functions,
like acceleration and

steering, but the driver

must remain engaged
with the driving task and
monitor the enviranment
at all times.
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vehicle at all times:
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may have the option to
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<Table 1> Ratio of parking accidents among traffic accidents
Total number of cases Number of parking accident Parking accident rate
8,610,616 2,597,023 30.2%
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<Table 2> Traffic accidents by driving experience

. ) Number of occurrences

Driving experience - -
Total Dead Fatal Slight Minor

Less than 1 year 5,490 75 1,218 3,801 306

Less than 2 year 4,611 55 1,038 3,277 241

Less than 3 year 4,471 50 978 3215 228

Less than 4 year 4,348 53 1,000 3,099 196

Less than 5 year 4,351 62 964 3,137 188
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1. RRT star &12|&
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Algorithm 1: RRT*

1 T.Initialize(x;z:):

2 fori=0toi=Nde

3 Xpand +— Random_Sample;

4

5

[

T

8 e_Parent(Xpoqr: Xnew)
9

10

11 a (Enew-rnear) then
1; T R conmnect| rIII\ Xuear: Cnew -near )
13 return T

<Fig. 2> RRT* algorithm flow
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2. Reeds-Shepp Curve £12|&
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<Fig. 3> Dubins Curve <Fig. 4> Reed-Shepp Curve

Dubins Curve ¥ 8]EF2 A 4 JHRAE T AATHe o] 83t Zd A
AE2E BAst= W ot <Fig. 5>9l4 B 4 9)%0| Reeds-Shepp Curve ¢ F2 22 WAoE HEE
SASA L F7L2 AT olyg 3o 2T HZE BT 4 9o ol EXd A =27

Dubins Curve &1 EHT ¢ &2 AZE AT & dds Aol AthKim, 2022).
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<Fig. 5> Example of Reeds-Shepp Curve
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1. Path Planning &T2|&
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2. Deep Learning 72

CNN

Input — Feature » classifier — Output

extraction

<Fig. 12> CNN progress

34 F A7 HCNN, Convolution Neural Network)S <Fig. 12>9} 740] 53] FZ(Feature extraction)¥} &
7](Classifier) = 738 th. &% FZ-2 Convolution layer2?} Pooling(Sub-sampling) layer2 4% o] 9lom, ¢
ool E(input)e] THI EA(invariance)S 2= DAlolt) ol YHUolHE HEI &I ¥4 F
(convolution) & Al4Fslal, I AIE 0] 83} Feature map= =+ Z1©|T} Convolution layer= Input data®ll
dHE 483 F 43 345 1YsleE 8401, Pooling(Sub-sampling) layer= spatial <] Down-
SamplingS 3 3+t). 5771 Fully connected layerZ T4 F o] 9lon, 2otz EJES 7ML classE 1L
E& @Alolth. Fully connected layer= ©]& Al59 & =7 thg ATY BE =to d49 ASoldh
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<Fig. 13> Fully Connected Layer <Fig. 14> Rectified Linear Unit

3. Deep Learning Input
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<Fig. 15> Example of Deep learning Input <Fig. 16> Example of Deep learning Input
(Vertical parking) (Horizontal parking)

<Fig. 15>} <Fig. 16> Y214 inputgtS YERAT <Fig. 15> <Fig. 16>2] 1HE F3} F7ke] F7]0]t}
SEutete] FAFREY] Arle vFEAN FAPEE Al o] wEW e 2tk

<Table 3> Parking lot regulation

Before the revision After the revision

Classification - -
Width Length Width Length
Light type 2.0m 3.6m 2.0m 3.6m
General type 2.3m 5.0m 2.5m 5.0m
Expandable type 2.5m 5.1m 2.6m 5.2m
Handicapped only 3.3m 5.0m 3.3m 5.0m
Two-wheeled vehicle only 1.0m 2.3m 1.0m 2.3m

B WAE FARS T ARo) AFHAY HNHE A
2ol @3 AeAT T, AY F WA A Ao Unlel Bae] Yul, Polx Yrix: A
YT B ATNAE FAFRE FARES AT AHLe] A4 )7l wel ul 25m, o] smE Al
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<Table 4> Vehicle classification criteria

Classification Light Small Medium Large
Displacement ~ 1,000cc 1,000 ~ 1,600cc 1,600 ~ 2,000cc 2,000cc ~
Length ~ 36m ~ 47m If any of the length,| When all lengths,
Car Body Size Width ~ 1.6m ~ 1.7m width, or height is | widths, and heights
Height ~ 2.0m ~ 2.0m exceeded are exceeded

4. Deep Learning Output
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<Fig. 17> Example of Deep learning Output <Fig. 18> Example of Deep learning Output
(Vertical parking) (Horizontal parking)

<Fig. 17>9} <Fig. 18> H#1d Outputs YEPATE F2AFA) T2 504 Y25 Switching pointe
Az Fo] v = AAE 2 A S =24 5 Inputo]l AHE outputd] Switching point7hA] 5
3e}. Switching pointol]l =2pste] M3 Sxlo] wipAl H I 3t AR OE d4FH E o
Switching point77]-?<] AE2E TA AAg & gt} &, Switching point7} AR O 2 1A E o] inputdtE
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<Table 5> Vehicle classification criteria

Processor Intel(R) Core(TM) i7-8700 CPU @ 320GHz 3.19 GHz
RAM 8.00GB

System 64-bit operating system, x64-based processor
Edition Windows 11 Pro

version 23H2
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<Fig. 19> Example of parking environment setting <Fig. 20> Example of parking environment setting
(General parking environment) (Restricted parking environment)
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<Fig. 21> Example of Algorithm generation path <Fig. 22> Example of Algorithm generation path
(General parking environment) (Restricted parking environment)

<Table 6> Results of Algorithm model path

Classification Distance(m) Switching point Time spent(s) Path generation time(s)
General parking environment 61.4 2 22.10 4.257
Restricted parking environment 64.8 2 2333 3.846
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<Table 7> Data used for Deep learning

INPUT OUTPUT

Size of parking space
Width of a lane

X-axis and Y-axis differences between the starting and arriving points Switching Point

Distance from the arrival point to the wall
Obstacle Location in Parking Lot

o]& 93l Deep Learning> Hybrid A-star ¢ 1.2]%5 3} Reeds-Shepp Curve ¢8| &5S 33| AT 4=
Z, 919 7] duElF A dolA AE AEE SFAT e AZE o)l MATLAB/SimulinkE ©]
Bl xzp3Eo}t y2E A ah AelE 3, FAE A2Ao], FAAE F3} UH] 5 Inpute T B
H 7 29| switching point?] Outputs T3t 33 ElolE S Foll= B FEo] oA E2A4 |
T3] 13 AR F ASAE At AL sE A F HlolH = of 109 JIE YRR Sl A
o3 Y&s 7o g FAHEAE 2dS HAE %, Learning Environment= Matlabd] o =221 Deep
Learning Toolbox$} Navigation ToolboxE A&+ Th. U‘i’ﬂ%‘ = AHES FEA AARPIHES o] &8 A%
< FdATIE §4 AEE HAsAT Epoch 53]ttt 8 %a 0291%kE &Y 4 91O, train P Aol
Epoch 342 5002 AAsy, 7 vkEnjit} 204870 2] #Z3LS 21 mini batch SizeE AA3IHTH 2l
e ANEEE st MEE dolEd tig g53& l“‘o] 7] 98 Train 3 TestAle] B2 8202
AR ol#A Stad Held REo AHEES Rlshr] el Testl o2 &IF 23, A5+ 91.9%
2 Yehsth =3, AUEs 945%, APE2 83.0%, Fl score 88.7%% LEFSTH

<Table 8> Deep Learning performance metrics

Classification Result
Accuracy 0919
Precision 0.945

Recall 0.830
Specificyty 0.966
F1-Score 0.887

<Table 9> Results of Deep Learning model path

Classification Distance(m) Switching point Time spent(s) Path generation time(s)
General parking environment 612 2 22.03 2.397
Restricted parking environment 64.7 2 2329 2.347
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<Fig. 23> Example of Deep Learning model generation <Fig. 24> Example of Deep Learning model generation
path (General parking environment) path (Restricted parking environment)
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B dFME 7] st 9Hds 5 7] flel Al =2
S YT 2o E AT O A, % HJ‘@.P_E U2 AZe & Aol glo] Hixg A27F A4 EH A
AA AREAQL FARA A, ATl AP BHHOE 053% FASAL ARAX % B 0.54% T,
Switching point= 3 137H°1W 1171];?—_ WSt y, AN B 42.40% FasATE A 5+
ak B e A A HFHOE 067% FAEIL ARATHE H 0.68%, Switching points Y+

<Table 10> Comparison of Results in General Parking Environments

Classification Distance(m) Switching point Time spent(s) Path generation time(s)
Algorithm model 587 13 21.14 5513
Deep Learning model 58.4 1.1 21.02 3.176
rate of change(%) -0.53% -10.53% -0.54% -42.40%

<Table 11> Comparison of Results in Limited Parking Environments

Classification Distance(m) Switching point Time spent(s) Path generation time(s)
Algorithm model 715 14 2791 8.261
Deep Learning model 71.0 13 2772 4.709
rate of change(%) -0.67% -4.76% -0.68% -42.99%

<Table 12> Comparison of Results between models

Classification Distance(m) Switching point Time spent(s) Path generation time(s)
Algorithm model (a) 68.1 13 2452 6.887
Deep Learning model (b) 617 12 2437 3.942
Variation of change(b— a) 04 0.1 0.15 2.945
b_
rate of change( @ 100) (%) -0.59% -7.50% -0.61% -42.76%
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