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ABSTRACT

With the development of IoT devices, large amounts of data must be
processed. Cloud computing is used to solve this problem, but there is
a disadvantage in that data is not transmitted due to latency and
network instability. To solve this problem, edge computing has been
developed, and this edge computing has a GPU attached for real-time
data processing, enabling deep learning on the edge.

In this paper, we use edge computing and vision systems to find out
the porthole detection and size. When detecting a porthole in real
time using the YOLO algorithm, image binarization and ROI region
setting are decided to reduce the computation volume.

In order to find out the size of the detected porthole, we want to
find out the size of the porthole through the equation of the length,
location coordinates, and pixel length between the car and the
porthole. The reliability of the system was verified by comparing the
results of several experiments with the actual results
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EG gojRrh
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1% 12. NVIDIA Jetson AGX Xavier

Jetson AGX Xaviere= NX$} wl7FX| 2 qAof] vl ¥ 4 e AFE ¥ ]L‘V]
&4 2 Al FE 7159 dg AEE 7|ES 235ty dE F d= X]"E 7%

2E %Y A AFYS D3l 64719 Tensor Z©], 8] NVIDIA Carmel ARM
v8.2 64H]E CPU, 16GB 256H]E LPDDR4x, 7+ NVIDIA Deep Learning AcceleratorS
¥33 53 512 F°] NVIDIA Volta GPUZE T4 ©t}. Jetson AGX Xavier& NVIDIAS]
JetPack SDK4.1.1°]+= CUDA 10.0, cuDNN 7.3 & TensorRT 5.0¢] ¥ Ht}. o]& F3f
25, "4, A8 7|7]9 Ajet AIE 7HE3E & 4 UATH9).

Jetson AGX Xaviert 74 7|5 CNN(Convolutional Neural Networks)d F&&
L X223+ 27019 NVIDIA DLA(Deep Learning Accelerator) dlZo] 3 olt}, o]2fgt
AFE vz ZEAHL MM GPUE FrIY AR FEET BERT

UEAIS 54 AYde A4S F Utk

Y 132 Jetson NX Xaviere} AGXE H|3}7] ]3] #®]A DNNS NVIDIA
NVDLA(Deep Learn Accelerator) <133} GPUE EF INT8 AEEZE FAld APt
Aot}
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Deep Learning Inference Performance

1% 13.]etson NX, AGX Xavier TensorRTS A}-£-3F H|A 7]¥F DNN A&

"—] =0
<

A3E B Jetson NX Xaviero] H|3l] Jetson AGX Xavier’} Asdo & 453

AS& ¢ 4 Atk Classification®} Object Detection©] 28] 7}7to] A% x}o]7} Wt
Th¥st T3 BERTY oidt A3} E3 918 & 4 glEvdl BERTE QA IEEF,
R B4, dY9, AF ¢4 F 4z NP AP Huld AX AHF3HA

of &2l A o] ol
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BERT QA Performance

Jetson Xavier NX Jetson AGX Xavier
300
283
250
- 200
o)
]
v
o
Q
© 150
=
Y
- 115
@
(%a]
100
86
50
31
0
BERT Base BERT Large
(sequence length 128) (sequence length 128)

1% 14.BERT Large HEIY A%

NLP 2] 50ms th7] Azt 4AZS A3t FE 3F Al BERT Base @ BERT
Large®] HAEIY AeS BHAFEH o] Ze 2 Jetson Xavier NX9 AGX©| BERT
Based| A& 28] o]4e] A% xlo]Z H.ojF 1 BERT LargedlA+ 3uldl 7Me A%
ZolE B 4 gtk olEd ATAo|R A3 B =FolAE Jetson Xavier AGXE

Agstel BlzES ABenA P,

2.2 YOLO ¢xgl&

¢4 UL Real Time Object Detection®] ¥ &< d ¥¢38F2 Region Proposal®}
Classificatione U Object DetectionS +335l= 2 Step A W2 o]A| 7k YOLOE
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gHH o) Object Detections 33 et Tha-2 o2k 79 713 oA o|tie6].

.
—

e | [N L BLLL

Bounding boxes + confidence

Sx S gridoninput Final detections

Class probability map

1¥115. YOLO Unified Detection

dA A omAE sxs 2= FHor Ytk o W, AA 4F onAE
= o] otk ofFd o] FE UE& AFAHOE UFEEF grh
oA A Zt 2= I EAVL S wHeE X FF3= N7IS Bounding
BoxZ 9353t ol& (x y w, )2 YERNo] X &6 (x, y)E Bounding Box? 4174
#FEoH w, he Holst Fololth o] HdeRFozs Y 222 ConfidenceE
Adste =g A ol A a=d AV & FE Pr(Object)9t
53¢ ¥29t Ground Truth ¥F29ke] HAA = JFS HlE&S UEE UE F31A
=8

hY)
e
e

truth

Pr(Object) IOUpred (@)

oy
T2 ol ¢t 2. o] w], Sold HL 7|ES Object Detectiond| A& 3 S
F +10173)S Fojygo] B5F sled, YOLOE 18X @thE Ao|th
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Pr(Class;|Object) 2)
olgA YOLO= ¥ o|v|AE ZYEE Ui, 7—]' ag= ¥z nedg dxg

258 BA0 Fu TAAA WED dRde e gon oF Ea T
AR BN @ 5 o

448

n2 S
I
56
3 3[
448 3 Q 28 36
3 b 7)) 7
nz 56 3 3 ] >< ><
28 12
| 7 7
3 192 256 512 1024 1024 1024 4096
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers ~ Conn. Layer  Conn. Layer
7x7x64-5-2 3x3x192 1x1x128 1x1x256 7 . 4 1x1x512 2 3x3x1024
Maxpool Layer ~ Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x25-2 2x2-s2 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-52
Maxpool Layer ~ Maxpool Layer
2x2-52 2x2-52

1% 16.YOLO Network(1)

A7 agL =4 JHAL UEYIS a¥elth °] TZE GoogleNet?]
o7 |2 HE JE Wol Inception BF tiil @ed HEFHOE YEHIE
TA% Zo|t), 224%224 F7]9] Image Net Classification® 2 Pretrain A]Z1 Zo|H,
o] %<l Y olW|X|E 448x448 7] o|m|AE ¥ oz Wt oI IS AX
$ZE 20709 AEFA #olojlv 1A, R @9 471 #o|oirt Object Detection
Taskell 2A gFAZT 218 172 ¢ @A 1Ho|th

Inference

WV

GoogleNet] 2 cR / crR / CR s CR FCR|| FC || Reshape
Input Image || = | Modification > > N I Ij N | Ij N | N i @
(20 Layers)

7x7x30

14x14x1024 14x14x1024 14x14x1024 7x7x1024 7x7x1024 4096x1  1470x1

448x448x3 Train from Scatch

% 17.YOLO Network(2)
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m\n

471 A® AES FH VEHIY 4 7X7%30 HAH B £A T
of etelle A AdFE 2= E v d was A= A, ada 7 FH= E
dEEC] £FH 3Tk

Tensor values interpretation

t/:

30

grld cell-- l

r

~

| two bboxes for each grid cell

ll
-'—
s |

1% 18. Process for Getting Result of YOLO(1)

A 7X7L 2P EE e, 474 JdHAE F 3049 WE e 7ok
ad 1894 E & fARe] 7x7 = ke 3}491 Qe zo] FE A HpA7L
PE RS B 5 ok $A e Ad92oA B/l Bounding BoxE F53HH,
YOLOOI A& o] E 22 AAsTh 3039 Ag 7129 <9 10719 & HE o] F
7ol w2 g ofugitt. dhte] vhaE FAA x¢ y, U8¢; Fo] w, h 283 JFE
A g T F N A dHE Yed § JoH, F ) dxe 1034
HEo] ety 1 tF o= 209 HEHE D Y2t §F 2Y92d gF
#EolH, A7IME ST 2020 HolE A AREET] Wil 2039 HEHE
B g4 vtz AR S92 gE FE ASHUE T dE FEHE
gom, o] 5 FIFH AT Hxrt EF SH2A FE o] "k ol dg9x
i9 EE B/ vle® ¥rzo] AHE3tal o]E thA] SxS QEzo] AHLEHW v
e AHE 4s 5 Yo

oft °"

+
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bb1 bb2 bb3 bbd bb97 bb3s bb1 bb2 bb3 bbd bb97 bb98 bb3 bb1 bbos bb2 bb4 bb38 bb3 bb1 bbog bb2 bb4  bb98

NMS algorithm se
Setzero Sort descending scores or

if score < thresh1 (0.2) redundant bboxes
—_— . —_—

1% 19. Process for Getting Result of YOLO(2)

P AFE AU HHL Bo TF AHEL BF AYsH] BB ALE 7Y
292 8 AA weY grdAe] G8 ke A + Yok
e YoLoS] £AFS W Holth £H e thest gk,

Aeoora Z Z 15[ - %0 + 00— 907

i=0 j=0

c,,,,mzz i |- w0 (V- JZ)]

i=0 j=0

3

+ ZZH"I”(C A an,,o,,,zzn"‘”’”’(c -t

i=0 j=0 i=0 j=0

52
Y (00 - i)’
j=0

ceclasses
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coordzzn o —20% + 0 - 907]

i=0 j=0

4)

s Z i |- v+ (V- i)

i=0 j=

+ Z Z 1°%(c, - )’

i=0 j=0

i

o $4& 47 &4 @5 & wolth AF THGHY T vy HxE
o] x, yRES}H w, h &, € &2 3 = %7} Ground Truth 7o) & T3
2F HHEt o) W, x y C e Ve Aol o w hi W& iy PR
AEZE FE3 Aol FEE ZolHo] stk ddl £& e A7F IS H9
osh g e @3k Aole] W& AT A ol

mb,zzn"‘“’”’(c —C)'+ Zﬂ""’ Y wm@-p©) ®

i=0 j=0 ceclasses

= 47 £4%9 F dolth o] FE2 Fojop ARt HohA] X
EA S diE HEEE Wrl= ot H'-'-OOb’t A7 gtk #dd idE s
A vk e WA 7E AAI 2= Ground Truthe} IoUZ} 718 2 A EE on| g
HFHor BRE EAV o #dd dHEx g9 U3 EE EHE B0 U@

= #% AA #&e zelE T3 P
Hro g st Y2 Yolo A= 5 FH4Al B Yolo V49t Yolo V5ol tidfiA

2.2.1 YOLO v4

YOLO v4E H o) 2EEUTH YOLO v3dlA] vk AL WE YEF7} Darknet-
53914 CSPDarknet-532 W HIo= FHolth. YOLO v4E i3I =& 7|EY
AAME Yoloo] HES= FHA 7|€¢EL AESY SFARES W 49 Z2HES
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Rt =Folth old g 4¥ Ax}E AA CSPDarknet-537} 7} %ol F&
= % T AN, B =BAAE ol HLEA TAE AATTHT).
CSPDarknet-53+ DarkNet-532 Al83}+= Object Detections ¢33 AHFH A7t
52 HE JEIFo|th CSPNet AFE AHE3] 71& AFY AAPS F FES
283 & Cross-Stage HierachyE &3 Width £8 % Hﬂ‘{]—z‘s} ATFS AFLF
Y EYIE F3 o B2 GradientFlow?} 7}53} & =t}

I Qo= Edo]dolA Bag of Freebies(©]3} BoF)—% /\}%—3}%9_13% 7]1&¢] Spatial
Attention Module(©]3} SAM)3} Path Aggregation Network(©|3} PANet)S =74 3l|A]
A48t 4% SAMT PANS] T2E 13 200 Uit a8z H2 J#d
AL v oE F9FE Z2E 1 Bo] €83 Data Augmentation”|& A

HEH Aok

il
~ @ . i &S
(a) SAM 7 \7 g @ adivion @ e

; ; E concatenation
- 7é¢i 37
( J
Convolution Sigmoid
/ / (a) PAN (a) Our modified PAN
[ ® )
(b) Our modified SAM

¥ 20.Yolo V42 93] 7/lAE SAMI} PANet

PANeto] F7/lE A]7]o|= Object Detection®] 7]&Zo] uwl$ Fu} o] Hde
Bounding Box®| EAHE TEs= ZA7MA o4, A =04 MY A AE3
Mask7}A] 295+ Instance SegmentationZ7}A| 4=3J & oo} gir}, o] w] PANet= F2
Aes Boledl S A "ok o] 7lsd td A% v ZTh PANett
YOLO v44] NeckolA SAM3} 37 AHEHled F= Edd F3Ho ¥ JRE
BEIY QQ2gA B T2 AN 2E FAFATIT] PANeto] YOLO v4oll A QIAR2~ 2
HAo] Add o= L FRE HEL F e 7I5°] 4o Mask Formations
A JAY HAHZ A AR =S F F V] "WEoth vy ¥
PANet?] o}7|8lx & yehd 3ol
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(€)) (®) © (@

1% 21.PANet?] o}7]1€ A

o= AAFY I Layergs FH3HEA EAY EFRPLS AsIHA
ojm| 8] FIHA EITS HATTh olE s, JA FF] ¥ FFEY F
AgstA ¥d2 5 §lA drh YOLO v3elA AMEEAT FPN2 Top-Down HAZE
AHE3l AEE 91X AR u|EA o FTHI EAES AP FEIdTL
azjy & AAd tig MaskE AFEe 730'?—, olFg Jed F

S dHololE Aol vt s BEE AUAA Aozt o] x|
PANet2 7] 239 @A & 4 3%, FPNolA Q] Top-Down ZA=Eol| F714<l
Bottom-Up AZE 33t} o] Bottom LayerEZFE Top LayerE7HA9 W
AARE ZAREA st AT HAEE dEA7|=H =S £ ©|E€ Shortcut
Connection®]2+3L 3}, ¢F 10709) Layers AE ¥ X g=th

o|A7tA AME-EHY Mask R-CNNF} ZE 7]&E2 Mask Predictions 93l Single
StageE o] &3 FE3IF EAHAES ALY RoIZF £ 7% ROI Align Poolings
AHEEte] A9l FEdA BEAS FEITh ol H @Qﬁ}ﬂ?} 10 34 AHZ9
zZlolE 71K F Y dFeo] F A & AT ¥FE F dvh. 1YY oA
HAAZE v ARG AQbelr] W&, AX FE AFAE 2T F Utk o]
BR8] 3] PANetE EE AT 7o S AME3IA UE I A "
€A 23 7 J=EF vk 7 A PA ROl Align ZES FHHA
AE FE2UT gSoE 84 Max Fusion 3o F=35 o] Y EH I}
AY F I

l

)
il
z

to dn Jo oz

Azl
7HA 2

=
N,
olf
l*N
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ROI convl conv2 conv3 conv4d deconv

55 50 5
P/

onv4_fc conv3_fec

19 22, Fully-Connected Fusion®l| 4] €] Mask Prediction Branch

Mask R-CNNYAE= FRARE BEIFL YEHIY WARSF 5 Fol7] i
Fully-Connected Layer ™4 Fully Convolutional Network(FCN)7} A}&-€t) 2y 2E
33t AX diE mAESFEE FRE7] wE EEe 45E S5 A HF
AgsE e AR WA Ret Rdes oux AddE s
3ol =22 BoFErh old] W Fully-Connected LayerS<S x| <wla}

2 373 RS0 82 4 dt. PANet= U ¥ Mask Prediction =S
7] Asl = dololsyE Be 4SS AT

i I‘

to

3

A

oH

2.2.2 YOLO vb

FHF2A 2 Z YOLO v5= 2020 6€o] EA8t] YOLO v4o] &2 212 Pytorch, K
mean anchors, genetic learning algorithms®] J¥3<l & Aoz & 4= 9t} YOLO
v49l 7+ CSPNet 7|¥ke] ¥WlRS MHA St ARG A|TF Darkneto] ©bd PyTorch®
TE3AE o] U Pytorch 7N ATo] opbd Tensorflow 7|Wto2% 2o
7Fs3ltt. FHA 2= K mean anchors®} genetic learning algorithmsS % -8-3le ALE
4] E= Image detecting =71 2 WA B} JjMdo] HJA ARER AA T4
oJggo] Rt Darknet®] YOLO v4Z AR3tE Zo] 7P AR T Azt
e BA AAES ZAEC XA FEIAY] AsAM yoLo v5 EuHES
ARg-shE Zlo] ot
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2.3 XEEZ HE HAA AuZFS E017] A

e
as
-l_l

rE

2.3.1 olmx] |3t 7Y A&

olu|x] ol olvXe HA FE 0 TE 2552 EF WHEs= Aotk
HAZ-E 03} 255702 ulE7] Q18] threshde YA#E WA AsjoF vl dAg
ot & J4de 2% 0 1384 oW 2552 #HIAstE HAo| Hasith AR
AR L Ago 2 HAF+= Otus's method LB FE o83} 10].

Othus’s method ¢i2]F2] 7|[EAQ HA= o|u|A|7} bimodal distribution °©]Z}&
Zlojtt. &, o|mx] FJAPEY 3IFEEIHLS = & F NY FJARAA
Hdjzto] YEYE double peak EEE ZIKIteE Zojth. 9% FHL9 HIE
WA, 8% Y29 Jae EAY #Y Aolth o F £X & M T ¥
IARE Fe Aol o] &agFY FAHolth o] HA A A tFd FAE A&
T Ut

of = 65 (t) + o}(D) (6)

o|A9 oujE AA BE Eilere F FI2 W9 (within-class) 4o, ) F
Zd 2 Aol (between-class) ¥4H(0,) 22 o] Fo]A vt AL S=dch

02 (t) = w1 ()05 (1) + wy(t)op(t) )
T Zd 2 Atol9] £4F (between-class variance)2 T3 Zo] AojH).

05 (t) = w1(Hw2 (D[ () — 12(D)]? (8
oldf, 7 FH; 29 AA#UL o,= HAS ARF FAY 6,8 HUSIATE #2E
Atk WA F EHL X F SHUE AN F FY92E MY F FESE
2 A 9] thresh 72 Zoll= Zolth. 2 5 WA Between-class =¥ & o] &3t}

2.3.2 ROI(Region Of Interest) A&
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ROI O|O|X|

ZEF 2718 AEH) A WA A A=) TS Golof @k Apeke A=
Fde wolg ol oz AR AFo] ATk olPF olfz FHWolA
Solot Yol JRNR 24F Toh} RelAY oA w4 Utk ol
BAZ Q18 Fhiet dolne] 4 gke) w4o] Wastch Fae 91X wirh ol
A=) R4l BRWA B £49¢ 7] A5 4F HA B4 ol g
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AoAM 2 Ao LEZ HRE o83t o|nAdA ZEE FV|E HEH
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2 A7 23S 3] S8 Zad AHE =29 X
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CanonAle] EOS 750D& ARS8, FhHgtza ¥ Q%4 vlolEdA XEEZ A&
A71& £4317] 98 NVIDIAALY] Jetson AGX Xavierg A&-3}31ct.

13 26. Jetson AGX Xavier

Jetson AGX Xavier

GPU 512-core Volta GPU with Tensor Cores

CPU 8-core ARM v8.2 64-bit CPU, 8MB L2 + 4MB L3
Memory 32GB 256-Bit LPDDR4x | 137GB/s

Storage 32GB eMMC 5.1

DL Accelerator (2x) NVDLA Engines

Vision Accelerator 7-way VLIW Vision Processor

Encoder/Decoder (2x) 4Kp60 | HEVC/(2x) 4Kp60 | 12-Bit Support
Size 105 mm x 105 mm x 65 mm

Deployment Module (Jetson AGX Xavier)

USB-C 2x USB 3.1, DP (Optional), PD (Optional) Close-System Debug and
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Flashing Support on 1 Port

Camera Connector

(16x) CSI-2 Lanes

40-Pin Header

UART + SPI + CAN + I2C + I12S + DMIC + GPIOs

HD Audio Header

High-Definition Audio

eSATAp + USB3.0
Type A

SATA Through PCle x1 Bridge (PD + Data for 2.5-inch SATA) + USB
3.0

HDMI Type A HDMI 2.0
3% 1.]Jetson AGX Xavier
! canon
1% 27. Canon EOS 750D
Canon EOS 750D
g2 gAd, U<t ¥kAL2], AF/AE FhHl 2k
olu] x| AlA 7] ok 22.3x149mm
oW A & 3thF oF 2,420% 34
olW]x] A HE 3:2
HEZY o|wA| FA JPEG, RAW
EEACEEC R 3:2,4:3,16:9, 1:1
Y 71E B4 MP4, MPEG-4 AVC/H. 264
9% 715 27 FHD, HD, VGA
3a7) °F 131.9x100.7 x 77.8 mm
A ¢k 555g
E =& HY 0°C-40°C
E F% 85% ©]3}

3% 2.E0S 750D
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3.2 YOLO Custom Training Set ¥&7]

E =R AE LEE(Pothole)S W5 Ao 2 3},

3.2.1 XEZ HolH +3

ZEZ WolHE U8 98] LAelN TET] Bo| JE P& Fo} AHE
olgste] XEE HolHE e} Ao B TETY omAE AZw).

< vidbe

a9 28. =2 9 XEZ HolH 3

3.2.2 Edo|yg olu]|x]| Y

A onAE B3t FA e J9S AAsta HAY A
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@ Acions ® Community Project Name: my-project-name

1 Rect
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Line

Polygon
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Ol Redt

Selectlabel
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Line

pothole (1) jpg Polygon

13 29. Image Labeling

B =24 #AdE REZLS g5 22 HolHE RdHEH.

0 0.257937 0.087500 0.246032 0.165000
00.690476 0.127500 0.253968 0.245000

T HloJE oA
0 0.257937 0.087500 0.246032 0.165000

W gel dolEE EFOUE Pothole)E E3T 1 He| BlolHE ofuRdA
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X-axis
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Y-axis

right X | bottom Y

a3 30. A oy 4H
3.2.3 ol"|#] Ede]d

& B9 g T2Ax AANN Edo] stgol Hr HF £4 of W%
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Base current avg loss = 0.2314 iteration = 10000
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pothole 0.65

N\ A

1% 33.YOLO v4Z o|&3le] FEZ A&

pothole 0.73

1% 34.YOLO v5Z o|&3le] FEZ AS

YOLO v4 YOLO v5
FPS Detection rate FPS Detection rate
A 14.20 0.65 16.80 0.73
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942 14.70 0.69 17.00 0.77
343 14.30 0.75 16.90 0.78
94 14.50 0.71 16.50 0.75
945 13.90 0.67 16.10 0.74
3’36 14.10 0.69 16.00 0.70
347 14.80 0.72 16.30 0.73
348 14.70 0.71 16.10 0.71
349 15.10 0.76 17.50 0.80
%10 15.00 0.77 17.00 0.83
g4H11 14.30 0.72 16.90 0.77
3’312 14.50 0.71 17.00 0.79
9413 14.20 0.68 16.50 0.75
3414 13.80 0.65 16.30 0.77
F4H15 14.00 0.66 16.60 0.71
F7d16 14.20 0.71 16.90 0.75
P17 14.90 0.70 17.30 0.76
9418 14.50 0.78 16.90 0.80
9419 14.00 0.77 16.50 0.81
3720 14.80 0.79 17.20 0,84
¥ 3.YOLOv4S} v5FPS 2 AEE
YOLO v49} YOLO v55 H| 135S o FPSe} AEE 2 YOLO v5&

LAYFLE AHEST=

3.4 LEEZ 7]
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olW|A] A ¥EF AV|E AHA XEEF AV ZA FE F JEF L o
IS Colabs ©|-&3te FHFT.
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799.91cm2

wye

dolHE dstel MY HA AL E
ZEE s00cm?3} w19 HAR FA7E AEHE AL B @ 5 9t

T

X 3HH ROl &7 3tH

19 38.ROI 99 &
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13 39.ROI 99 Z-& A FPS

13 40.ROI 99 28 3 FPS

e PN GG sl Boer olHA HelHE I ROl
Aga9de W FPvt 457 S3ATh 2 A5E ST 99 44E o F
AAAR ZFe © 292 5 Qe Aol wusel ROI 99 ¥AL AEH=
sk

3.5.2 AuFE E°17] A% ofux] o]}
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a3 41. o] 3} AL o|u]x

A9 aFe G ol A hor Gyl

pothole 0.85

5
g

ojm|x] °]3E F A HAEEFR Zdd TolEZ Eojd AE E F AUtk

ojFZE A HW =2 =W Aol wet AHIH} HJESo] Bol
AE AFsHA Fria dadn.
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799.51cm2 pothole 0.84

e

% 43.10km/h oA EEE AE A7) A

Detection rate Size FPS
%1 0.84 799.51cm? 19.40
3 2 0.87 798.80cm? 19.70
43 0.70 801.00cm? 19.90
Y 4 0.80 800.99cm? 20.20
5 0.82 799.86cm? 19.70
346 0.42 800.47cm? 20.00
7 0.67 799.18cm? 20.40
34 8 0.68 797.53cm? 19.80
349 0.63 800.22cm? 20.40
F4 10 0.65 799.60cm? 19.50

¥ 4.10km/h HAEE 2 3Z7] A&
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800.32cm2 pothole 0.42

e

1% 44.20km/h 94 EEE A=

Detection rate Size FPS
B4 1 0.42 800.32cm? 20.10
3% 2 0.56 802.00cm? 19.60
43 0.70 801.87cm? 20.00
Y 4 0.55 800.76cm? 20.30
5 0.71 800.99cm? 20.40
3 6 0.52 801.10cm? 19.80
7 0.51 799.98cm? 19.70
34 8 0.68 802.27cm? 19.50
9 0.74 801.06cm? 19.90
F4 10 0.56 800.30cm? 20.00

¥ 5.20km/h AEE 2 7] HAE
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809.64cm2 pothole 0.32

19 45.30km/h oA XEE ASE

Detection rate Size FPS
B4 1 0.32 809.64cm? 19.20
3% 2 0.50 810.76cm? 19.30
43 0.58 806.87cm? 19.70
Y 4 0.56 802.20cm? 19.60
5 0.42 815.56cm? 20.00
34 6 0.45 811.41cm? 19.90
I 7 0.51 810.80cm? 20.10
34 8 0.73 812.73cm? 20.10
9 0.42 812.00cm? 19.80
F4 10 0.67 809.21cm? 19.40

¥ 6.30km/h AEE& 2 37] A&
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839.13cm2 pothole 0.41

1% 46.40km/h dA EEE A=

Detection rate Size FPS
341 0.41 839.13cm? 19.20
B4 2 0.58 833.55cm? 19.90
3% 3 0.52 843.54cm? 19.60
Y 4 0.28 837.89cm? 20.30
%5 0.33 832.78cm? 19.50
3 6 0.41 836.90cm? 19.80
7 0.56 839.70cm? 19.80
34 8 0.36 840.34cm? 20.10
3% 9 0.47 847.68cm? 20.00
F4 10 0.41 837.00cm? 19.60

¥ 7.40km/h AEE& 2 7] A&
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840.22cm2 pothole 0.76

%Y 47.50km/h SA XEE HE

Detection rate Size FPS
341 0.76 840.22cm? 20.40
B 2 0.38 842.99cm? 19.70
3% 3 0.37 849.91cm? 19.80
3 4 0.50 837.33cm? 19.20
5 0.27 839.43cm? 19.60
346 0.22 845.27cm? 19.80
7 0.39 839.83cm? 19.30
34 8 0.30 848.47cm? 19.30
9 0.47 840.39cm? 20.10
34 10 0.49 843.81cm? 19.80
¥ 8.50km/h AEE& ¥ A7) A&

Detection rate Size S.A}& FPS

10km/h 0.708 0.1% 19.9

20km/h 0.595 0.13% 19.93

30km/h 0.516 1.26% 19.71

40km/h 0.433 4.98% 19.78

50km/h 0.415 5.35% 19.7

¥ 9. &£ P AES, I7] 248, FPS X
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E A¥e YEZo] gt F7HA £%E 10km.hAFE] 50km/h7FA] 10HAR
e

FYP3e AL JAE Xz HAEES Y. 24 A 10 ~ 20km/holA
AEE0] ERo™ 30 ~ 50km/hoA 0.20]1 B AL & 5 YU FPS FX|+=

A 5Y Pon XEZ FJ| FE FEIAAE 10 ~ 20kmholAE AA] TEZ
3719 FAHA YA 30km/hFEE 10 cm? 237 BRAS™ 40 ~ 50km/h
30~45cm? AE9 27l AZSFUL Sx0 WE HA LAEL 10km/hol A 0.1%,
20km/hol A 0.13%, 30km/holA 1.26%, 40km/holA 4.98%, 50km/holA 5.35%=
Yehdth £8o] Fold wnitt XEES HEE 730o] Zotxloen QIAE I
golga A7) A& U3 QA= Folzh
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4.1 A+ %

E =FoA XEE AEH XEE IVE SAHIE= dudFd Ui A7k
ANFE 7] §3 oA o]F3le}t ROI Y HAFS 33 YOLO v5E ©]83Hd
dx XEEZS ASH A FH AE | 9X FEUE % ‘H FHd #E EH‘?JsM
FEEY F7E ANZLE B F on HdA =2 F3 FAdA FHE s
AL B F At XEE AE4 #F AT ojv] B2 ?7} o] A A A=k éhﬂ
F FAQAA AHE37dE B o el AT AL HE L XEE AVE
E£3& AA F3 BHA AA HFH(Edge Computing)S °] 839 FEIH A=
433 Fovlsith B A7 A¥E AYPsy] A8 TEE HES E 1 YOLO
HAE vzt 59 ME e th FAE v S WYOLO v4ol ]3|
v5E FPS7} oF 15% A5o] S71et L, HEES oF 1% vv|etAl S/ A& <l

Ol’

F AR FPSE F7HA1717] H18] ROI 49 & AR5t XA A7} FPSE 27%
*3%01 F7h AE ¢ F ATk A="EE TR SEEH SHZE T AH
10km/h9} 20km/hollAd EEE F7] HEC Wtigk oxk&o] ¢ 01% JAIR
30km/ho|l 4 1.26%, 40km/hollA4 4.98%, 50km/holA 535%% £E7} Fold4=E
Q&0 AXTh

2 A7 A¥e AP E 1 TEES AESE FEAAME A7 AR
37 A&EdAXE £=7F 7HE Rk =3 AT ol
sty fs AP A EHES W] A, EEH FAXF HoHE FUISh
H2EE 718gstax} it

Hir
o
Y,
ol
S
©
b
o
olN

ERAAE AT ZEE 94 2 D21E Sohly] A% AW APHA
oF B3 A AFY FAIA TEF A4 £ 7] AF 71$¢ FANAL GPS

EﬂOlH% 275k AA b gEE B4 TEE Q43 37 AR @ o
X ARE Uehol o= gHe] FEET ASH 7] dHolglE AYY 5 Y=S
s,

E A A &8 Jetson Xavier AGX & AW AQ] Orin ©] FZ &A1Y
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8x DL/ Al 3.7x CUDA 9x DLA 1.85x CPU 1.5x DRAM BW

275
5.3
1S 259
205

°
" & £ g 2
3 9 =] P @
= = o = ©
2 = 2 P
z S = &

& 137
140
1.4
32 1.4
Jetson AGX Xavier  Jetson AGX Orin Jetson AGX  JetsonAGXOrin  Jetson AGX Xavier Jetson AGX Orin Jetson AGX  Jetson AGX Orin Jetson AGX  Jetson AGX
Xavier Xavier

Xavier Orin

18 48. AGX Xavier ¢¢ AGX Orin Xavier A% H| ¥
AGX Orin & 71&2) AGX 4%l 3 ¥] o4 E#}E 9 & Utk o8 Aas

Z0] AF AGX & AHg3te Znch A #4¢ o At AAE el AGX
Orin 2.2 =& vtH FF A7l A8z I
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[1] 97 "EET AES AT AT Hso T2 ARG A FPEE,

[2} AAF “2D LDARZ|Yr 3z EEZ AE A2d" 73" Adusta AA
9=, 2017.2

[4] FFsh &, olsd AN HFFE Jle IYF IFHATAITH

AAZEASFEAN 354 A 63 2020.12

[5]1 2Ed “2&EEZ 9 A FEEF &3 dldw 1H9009A” FELR
2020.10

[6] Joseph Redmon, Santosh Divvala, Ross Girshick, Ali Farhadi “You Only Look Once Unified,
Real-Time Object Detection” University of Washington, Allen Institute for Al, Facebook Al
Research May 2016

[7] Alexey Bochkovskiy, Chien-Yao Wang, Hong-Yuan Mark Liao “YOLOv4 Optimal Speed and
Accuracy of Object Detection” University of Washington, April 2020

[8] NVIDIA, “Bringing Cloud-Native Agility to Edge Al Devices with the NVIDIA Jetson Xavier
NX Developer Kit", https://developer.nvidia.com/blog/bringing-cloud-native-agility-to-

edge-ai-with-jetson-xavier-nx/

[9] NVIDIA, “NVIDIA Jetson AGX Xavier Delivers 32 TeraOps for New Era of Al in Robotics”,
https://developer.nvidia.com/blog/nvidia-jetson-agx-xavier-32-teraops-ai-

robotics/?ncid=so-fac-mdjngxxrmllhml-69163

[10] Voyager, [OpenCV] ©]H]A] ©]Z3}(Image binarization)E ©]&3t image
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segmentation (Python), https://gmnam.tistory.com/263
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