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Improvement of Object detection by developing

framework of data augmentation
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£ 1% do
2 oy o i
Lot ol

Dagased Traiming Deployment
{ N T 3
Imiage Gathering YOLOwA Nanio
Labeling =+ YOLOw3-giny =+ TS2
Augnweniation YOECred Nawvier

M SN R J

<Oy 1> AA 2 =YY 9=

= oA FFEE =7l M= Wi olnX]

212 ]
Fol dFHola, w AFHA ¥ vgFd delHrt dasith 71E AxH
g odelEAle] AR E A

A = AIZEY B]go] AgA o7 HeolH o @ s
stH 7)o = ojE 2] Atk T3 Object detection?! 7 %ol olw W9 E}
A 5 X ¥38H= Annotation IdS AAsHE 2

22 B
ot dAHQ Aok A T &S =ol7] HAdl, o =
Data preprocessing= 4!

ol 7}z B Held 7|uke] ojulx] AT Al
= et gl 2d4S T
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229 % 95 T voH & I HelHAE FSsde T
T AT 7EAS ERE viel o
o Ao Az W 3, wol=,

7
a}
2] = °] Image manipulation®] i, < H&Hd AT
=21 GAN 9] dHlolgl F2le] At} 20149 334 Yan Goodfellow #
Zpe o)s] ¥ GAN(Generative Adversarial Net) B A% 8hgx F-iEof A]
A7 A = AF7F A EE 1 dtt Generator 9F Discriminatore] 742 A<l S 71

o g AN AR 5 FH AdAE Aol F8 Aol

-

2 ox -1 Mo

4 ) r N

Manipulatons Deep learning
I Color space ] Kernel filter DCGAN
[ Moise filer ] | Boration/ thip WilaAN
[ Cur/Mix } SRGAN

N . \_ y,

<" 4> doly 4 1

f
2
Mo
e

webA 2= Akl A" A A folHAl &5 AES dZ
7] €8 o)m A Manipulation® H#W 7|¥ke] GAN & 1ug]&S £33 o|n
A FAel Y AE AASH T4 HolHAS S5t 7E FHE dol

B Ha g F& dadE des A5

1) Image Manipulation

© wwddlAe @, 4=, e e R ghrEke 549 Sl ofs wd
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HE olmAE wddtr] 913 Image manipulation 7155 IE=E AA AT
I F syl ol R A kA2 g 2oy ol A A e A
Aol ZAAte] wrE Jhvel dZFe] WEE AL gAY AHE e 4
A= HolHE wkdstazt skl olef o] Ad HAHHI WY wol=E F
st Ao Y AE&E =ol7] fal wmolxE AEste] oFA<d 89S Wk
dd F e THE Jd3A AT ES Bl EAe| wek thdst s
kg ste] 14sl7] & A2 H3S slax}l 3F T
<3 1> Manipulation®] A¥ 7|5 % &3}
Manipulation gy s =2AL
T2 A, olFA 244 &
Geometric transform kel = L |
Orientation 3} W<
Kernel filtering s3s g3t e} 2 SHEE 271 vk
Random noise TF-AIQF o]z | GX] 2 ZA 3 27 HkY
Color transform =4 A W3t thorsl B4 A7k wked

upeba Zkzte] Ts s AEske WAl s 919 ®;1d o] A&ekth =
3t 71Ee] oluxe] ExE HiEzto] ¥t Annotation Y I 2 A A E o
mhel Wely = gk gk kg o] AAstE slo] I
" 5 A A JRE AAFSY] Annotation 3+

N
N 4
o
1
g
ol
ol
N
vl
=
—r
a2
‘0,
2
k]
ik
i
lo,
[H
ot

A== ofefle] w2 2k WA ZF F2 dol"HAl S 9 Operation &9
ProbabilityE g 9]3slal, 7]& o]V X592 PathE List® A &3t s o]nl A
o] 9IAE 7lA2t. el dds Wy W4E AA S| Operatione] &&= 3
Hlaste] & o, Operation®] #-8&% oA & AAstar, HgH ojn|x|e gt

Hsle S3E 4 9% ARE @2 Annotation 3¥& AFsArt 2+
Operation®l] Wz} sl 49 WIS viedsly] Yo Loz &4 9% o

o s
e A

oo X
N
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<E 2> oln A F2 % annotation BA ZEA| A

order process
1 Initialize parameters of augment operation probability
2 for path in train dataset path list
3 for operation in augment operations
4 Set a random variable a in uniform number(0,1)
5 If operation.probability > «
6 Create augment image as operation
7 Calculate changed target pixel location(x,y) as operation
8 Save annotation file applying new target pixel location

Rotation 7]&9] olu|A o] FAAS 7o =2 3|HE AA ovAE A3t
At 53 W ArE -15% T 165 Afo]E AFS Fow oju EF¥ ofn
A= 719 ol Ar|ef FdatA il I wE oule] Fke B 9T
t os Ay go] HxE A AXE Axtsgn. WA, gl gde] x y 9
A= 1% Normalization ¥ o] E7]€lt} o|u|x] FAloA] 7]& o]mA] W9 7
Apolel A r2 AAetm, £ FAORRE ZREAA ]S AT xF Abol

o ZEE F5g

delEfAle] ojmA 52 BHAlo] TAlolvt fjAskA] o vkt A9k 913l
o & 7 7] Wol Annotation®] FRE FAsHA A ojop ek
H 2 zhE=el weEh Annotationytd W8= 2 Al 22 WskE A A
A2 F3te] Annotation F9L AZ3ATE 0= 71E oluH] U F4 7|#
o) EA4 s HaEire] A=oln, yi= Al A ZEelth

tan 1(2’36?)1fy<0.5
= (lz=05])+ (ly—05]” 05— (1)
180 + tan ™ !( :r‘—Og )ify > 0.5

X+ rcos(@—~)

Y — rcos(f—~) (2)

target pixel location = {
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Flipe olv]9l 43t ®i 25 wad olnAg gyshs ol gshs

4] A Al Fo]oF ¥ =], Horizontal flip¥} Vertical flipell whel 3} =]
= AAGS otdiet & A 33 Zo] B 9A= o]Fd Aolth w
S

target pixel location = {1Y X , target pizel location = {f(_ v (3)

Kernel filtering= ©|"|#]& Blurring, Sharpening, Embossing % Edge

detection S 8= 750z g 58d onAE dolgAld xEs}
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A<l ol 3t& Y dk= Uniform noise
o} Asfx W PSS tdtE Gaussian noise, IAZEo] 0 =& 19 7S

o]2Z ©|dl= Salt&Pepperso] Urt ¢+ S&P =
o} Gaussians LS &R o|u|XE AL Seed= 04= HAH3A
obgfjo] 17l 8& WH wol=7t A&H o= T onA e Gaussian
2 S&P7F A &9 olm
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Color spacex $-g]7F HE AMS 324
B, A, S ol&ste e A& 1
A 2] Color spaces Yoz xH3sle] o]n
H, A= 9 Axe e EAES WEgdo=y st 374
Yk b vt Az x Fs bogHAs 75
thr], A=, MZe] Random factorEe 042 AA3th. 743k Factor
[max(, 1-factor), 1+ factor | W<¢lol AHsIA 8= o] olwjA]o] 37} A&
Ht}. Color space transform W3ke] b o 22 ofge] 19 99} . YZF ojn
A= FHE QB olnx &, ZF EAd Random seedE F¢3dte] =7+ <

ojm x| ¢} zFo] kst

st Operations(Color space, Blur, Random noise)< ©]U]
AE A= ExE XS AVle= WHEetx] FoerzE 7]E9

_A
Annotation 2] HlolHE Itz ¢lo] So e AL AAFgT 99

olulA JlEe 9% sebulE AWe ®3u 2ol AdatArh o mgaI
BEd AHE FA AR Basd 22 AL $As7) s 4de F

A5t
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<3 3> Manipulation®] operation 3}2}v]E

Parameter Name Value (Option)
operation probability 1

Rotation limit -15 ~ 15 deg

Random noise mode Gaussian, S&P
Random noise seed 0.4

Blur filter 11 x 11 pixel
Brightness, Contfrast, Saturation, Hue 04

actor

2) GAN 7]¥te] o]z =4

95t o] etel AT MY o|nAe|A AT /£ HolEAe
A9 BARel EAGE 55 AA S4ol weh £x ALAAN g 4
2, @E Fol WAl dF = e gEe AL
2 EFOR o] §H7lel R Sde] Swstn uAH BEi wsHe
2ol felath 19 s Wuel At Asas 715
i omopel WATA i AZwhA thksiAl ATk A%
= dlolEzt Ho) HelHAl FE#7I W ojHh o
lolH AL A7) f18) Pl kel GANe olwux A& st

E_/

7]

GAN(Generative Adversarial Networks)< 2014\d %0l Al & A s o] =2l
g Fofoll A AlFA T ofolrjo]®) oA & ¥hEo U= Generator?t %
o 4 91 (Adversarial) ¢ *ol| 4] Generator?] %%5< % 7}8+= Discriminator’} <&
Attt staS Fal AMEO s HA st AA oln A AEA A
st 7h oA E FEE ¢ gle 505 EEste AS HiaE AAE B2

Wolt,

Discriminator &l = 7] o]u]#] Sample x= D(x) = 19] ¥ X% 3},
Generatordl] 9] ¢] Noise distribution®. 258 #E Input z& T #Hs5o{A

Sample®] W&l A= D(G(z)=00] %= 53t} o] Minimax problem©] 2}t
g g o ol FAom Ayt e Zol xdo| 7bssith

@ DCGANI11]

FgAel WolAE AAT FAF £k

% ] R4 -
TS0l Z Sampled FdHF4 ZHE7F gl7]ed 24 /‘é%
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H7b7E el oy Aol Adrk ofFd 2016 i DCGAN(Deep
Convolutional GAN)2 7] GAN©¢|] Fully-connected Neural Networks T4 &
o] 3l& A ZE CNN 725 AE&3qrh ol9fo= FgAQl gt EdS ¢
& o2y e FxE AYsYrh. 7€ Discriminatorol A A 8% Pooling
layersE Strided convolutions® W3,  Generatorel 4] Fractional-strided
convolutions A}&3lo] Feature map?l Alo]=ZE ﬂﬂﬁ}ﬁ’&‘:‘r T3k Fully

connected hidden layerE A|73}al Generator &4 45 Tanh 9 ReLUE A}
43191t} Discriminators LeakyReLUZ A}-&-3}9) T}, ‘:}okd Txo thI A3
of HAstE Fx5 A A o]FE o] FRE HfEoR T4 GAN &

k=)
5] wxyEa r}. ol¥ul olye}t GANQl Input noise zol W3k u|E B~
=

Real or Fake

<29 10> DCGAN =

FoE oA Sl FES @ AL ohU, AP Foke] Ao 72T 44
4S5 ATk webd S AxGd dolE e HHse ey
AL W SHe Ba wa 2AsEn et ol MAstdith Epochi

1000, Batch sizei= 64, Learning rate of generator+= 0.00004, Learning rate of
Discriminator+ 0.0004, Adam initial decay + 0.5, 0.999, Image sizex 128x128
°]' P E]’
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19
L J4

<% 11> DCGAN 7|5t 3748 o]n| %]

@ WGANI12]

A & 8t ol Q= HlolHAlo] ofd Fojx= HolHe #XxE THs
Ex= oAl ®©vh Latent variable z9 wXE 7F4ste]  F=Ys)
Discriminator®} Generatorzte] #AIE 5 sttt sho wal 9y o]w
Ao Bxol M A mEetes Stk

I3 GAN2 Discriminator®} Generator7te] &S FX317] o $-HA,
ggo]l ¢RE o]Folx Mode droppinge] HAst= 2

¢l Discriminator’} F#3] 7HE3sk= &g 54 X

2] BF5ElA] HeElel ] wlEolth ol d EAAS | Ast7] 93] Wasserstein
GANZ 7] offe] F 7px] Weka AAZH.

Discriminatore 42 AAS F¥H37] 93] SigmoidE AF&3te] Z3EL2 9
=35 e 2 gl Q2 A3 Critics AHE3te] EM distance® &
X 9 AgE FASA saS AAsteE Blolth o]& 7[Eo| Ab&she
JS(Jensen-Shannon), KL(Kullback—Leibler) divergencei= w®i-$ Strict3}A 7 &
5 3439 Continuousst#] &2 A7t FEF @A oA
EM(Earth-Mover) distancex= XU Gradient® & HAEA7]3  Critic?}

Generators A Q{714 sk5S 7FaA st

EM distance™ + & #Xx9 A% &F BX FoA x, v A 7
] < © 2 %Xt} Earth Mover's distance:™

NE $71E del i mge EdT olsh go] @
[e]

A 2t} EM distance: o}
o] 4 4} %01 T oEE v¥e A% g8 B¥ /(P,P) FoA x v e 7



inf

VV(P”"PQ):’)/HH(P P) (2,y) [||£U yll] (4)

= HF=3 dolHAle s Bzt DCGAN(Deep Convolutional
GAN), WGAN(Wasserstein GAN) 5-4 YENAE T3t DCGANS 7]
< GANeol| CNNE AHE3sto des &F4AF 3, WGANS 7] Discriminator
o} Generator?] ¥dS FA|3lHA & %-4 Oiﬁﬂ‘-ﬁ—g &) 23 122} Discriminator?]
A 2L Critics AF&3}a, SigmoidE A &3kttt =3 EMo] DistanceS A A sf
o] &85 BE¥IHe] AgE ZAHs= 7]1£9 KL divergenceES WAt o] F
Mel HEHAZE vy o2 Batch sizew 64, epoch &= # W 5000, Learning ratio
of Discriminator + 0.0004 , Learning rate of Generator+= 0.0004, Momentum

of stochastic gradient descent(beta) 05 502 s 37 2 Hil greES

3 shae AAsta olvAE s

<19 12> WGAN 7]RE A4 o] m| X]

® SRGANI13]

?1¢] DCGAN, WGANE H&3steq olnA] 545 AAjstalth. ey 99 &
1EES ASYE W, 1A 4Y onAE wEoR T4 A7]9

oM A& AAIATE ol DCGANE 128 x 1289 olw|xA& A3}

=

WGAN+= 256 x 256 9] o]H]

s, Shsks elrAe] A7k mAYE olrAst AT
Hare olrAE Aol meh 285

A A Q49 dmeFe] we



o & 36l SRGANS o] &3ttt SRGAN A= onAg usfdee]
oluj A2 W3 SR(Super-Resolution) S H4 o2 AAEACE Ldk 7]E9)
SR ¢7-o) EA4A ¢l High frequency detailEo] =3+ 4 ® stz ah¢dct.

{3.64.1) (26411 (3640

(3.64.1) (3.64,1)

i

SRGAN %+ 9ed +x ¥d 253 37 Skip connection +%25 A=
3lo] Residual blocksE & o] Fol# o™ Leaky ReLU% 2o HA3d A
s} 5 AL

{3.64.1} {3.256.1)

<71¥ 13> SRGAN %

T2 SRe 3 w AU} QAdAE o7|= PSNRS ¥o|1x MSEE #HA4s3)
Al713zp gheh. 1y PSNRO] Eohar sho] AlA|skAl dikeo] Aoldle ﬂﬁﬁ’%
o] ouAE AAsATIL ®HY] ofHrh o= QY HANES F&ste] HA
A71% F743sh= Bicubic WA vlaste FrhstH 2] ) OMH a9 14

S Dz

= 85 Alell &<1g SR o]H A9t Bicubic ©|P|AE HluE Folt} 1% o]
A= 128x128 A A7]e] AR oju Aoty YA oju|x| = 4uf 2 H}b =

of Aggk ol Aot} FXF o]W| A= Bicubic 7IWM& &3 AL, LEX

ol A= SRGANS Fall AT o|m A oft}.
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bicubic (x4) SRGAN (x4)

<29 14> 4v) &)’ %= Super-Resolution A4 <

(912 : 1 o)u]x], Z7}F : Badhic A4 o]u]R], 922 : SRGAN A4 o]u]x])

2 =i A= DCGAN, WGANE 215 HlolBHAlS gy oz F{iste] 4|

o 4w 278 Sged nagEe] A4T 4 AES Stk ol DCGAN

3 WGANS] %3 olu]x|el 128x128 Asj4w=e] ofu]

2 2748 AL oua. olg Eal A4 A4 [ s

vtk obdle] 19 155 s SRGANS B3 A4 o
H

EHO
Ao B8 ol ouA o] Detaile ol d7to] =AXA FEZ ma e of
A

o

AE AA

SRGAN (x4)

GAN 7|dtoz ojux] F4 5 fJsir= AAstaa st HxEo ovAS
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FalA deFolof Ak A omAE AeA AL A oA A
= EAgel BARG JE § 289 Er 94 il F9E ovAne
gale] DCGAN 7]ke] 4R olm A= olgle] 17 163 2}, A4 +49
MAE wgon THE BEZolsd FAHAE BEEE FE g4
2 ool glt}

<™ 16> R E o|n x| 7|¥te] H3FE DCGAN A o]n]| A

ol¢} Ze A4S Hstux FE ouAE 7|¥FeE  Manipulations ]
Color transformE #-§3te] vhgsk AMom WMAR ehrlo] X33k olm &5 A
A3ksitt. Color space o7 #sk 23] o]m 4|5 DCGAN, WGAN 358 913

Holr A2 FYdtAth. DCGAN¥ WGAN 5o g AAdF on A& HeolH

oln] 2] Bl AA57] 918 SRGANS 9 v A2 stgetel walAEe)

Mlosx @

x&shal, F7HA 02 DCGANY WGANEZ A" 2 olnA & a4

9

nAE At 1284 GAN &darg]Fel o3 AT T2 on %], Color
space ©|U]X| Ho]n|x]E Manipulations® Kernel filteringS % 83}o] &3l
olu]x] ¢} Gaussian noiseE #H 7} o]v]X| Geometric transformS % &3k 3] %
2Rk oA E AT ook o] dlolHAl A ZES= ol 1

=

j g

173 &3ttt
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N pe—

DCGAN Kemel
filtering
=3 0|0 — }
' Random =
} SRGAN Noise 34 Hf|o]E{4
Color
Transform ]
Geometric
WGAN Transform

<y 17> doly F24 Zddea

2 B ouA 2L Fd 549 ol

Fa 42 olv A= 52087, DCGANS -3l Aol m) A= 106371,
olm A= 139070, SRGANS &3l A% o|n =] 245371,

5ol 93568712 A4l HelHA F A7) 110450702

A= 1197678, Color
]

fo,
1
fi
o o
A=
of
oz
-

Image manipulation<

e,
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III. 889 7% &4 <14 g5

1. 989 ¢ +F

e
o
N
ﬁ—‘

T%E0]7 HloE A

S 7Ivte® ey g5s S8 X we dags
Aefo]l wojxjof gt} 53] AA QAo duglForE= F 7FAQlH, 1-stage
dug] 53 2-stage daglFoR EFEUT 1-staged) WEAC dudEHES
YOLO, SSD, RetinaNet, EfficientNet %©°] 13il, 2-stage L1 FOZE=
R-CNN, fast R-CNN, Mask R-FCNN, RepPoints %°] thxZAo|t}. E3
RCNNL o|n| 2 25 7o ol2& " X5 A|tsl= stagest 0]—% 7]
Hho = T3l stagedl £F7IE 2AE A=t FHjolth ey =2 g
Lo ws) Wk AibsFol oaf W AlRbe] AQFE= WA txﬂ?&ﬂr. a4
7] o] 2R A ol wWE SHS 8t A2 WelA= 1-stage ¢l
gas 7Ivte® F2 A8dr. o= AREARY FY Al 8 MoA Fest=
s 7HA A WE Sl 7heely] wEolnh 1E 7] wiEe] AAY 2
SHES RS ¥ ATs FEIe dugF A7 AEHL Jdok a1 F
oM miH E£X B ASEE st AYgR B £ Efol= Q3 A
Al ES ATE M3 EEl2H 3 e YOLO Alge] dags 7|vte= 9
o] i Agat7I= A vH14][15]1[16]1[17]1[18].

1) YOLOv3 & YOLOv3-tiny

719 2-stage yEHES =¥ 2% &x FAFE HUsaz YOLO=
1-stage &ae]Fe] Adg-Atolty. 1 o] % X]—.x A

Feature F%2 $3] AF&% & Backbone?] ZlolE ojd WU} F7A7|HA &
e vl a&4¢ AFS 74 O}‘ﬁ’ﬂ FHoR Ee A 9 owE
Hxo AFE Ak ofgle] a9 188 HW o] = 19719 AT oz o] F
©] % Backbone®o 2 TFAEJIH YOLOv3E 537019 Als +%2E5 53 +44
AL B F dr. w3 71F9 Convolution layer®t Max—pool T-Z ol A
Convolution layer2} Shortcut +x2E =Y Ho] A HAT. o]= 7]E YOLOV2
of Hdl tha =AY =& HAISEE JHAtE ofgle]l ¥ 18% 2ol
Residual Skip connection® Up-sampling= %3] & 2AURE o] Fojz 3714
o AEVIE FAH Utk ol& F3 ofd WA A S =i A9
S BgrE st A =& FAth Convolutional module> Conv.
1x1¥ Conv. 3x3 Kernel 5712 F+A o] At}
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[l Convolutional 1x1 Bl Upsampling

[ conv2d 1x1 B Concatenate

[[] Convolutional module [] Residual

<719 18> YOLOvV3 +%

YOLOv3-tiny= ©oFele] 198 183 #o] 7]¥ Darknetl99] Backbone?!
Convolution layer®} Maxpool layer= A% o] At} T3 YOLOv3e fHEHly+=
3709l scale® HAE3dFE= Aol W] YOLOv3-tinye A= gEgE 2719
scale® Aol v}k 7]F YOLOv3E 53709 Convolution layerE 333k
Backbone®} 74 F 1067H2] layer®Z A% oAttt YOLOv3-tiny= 7709
Convolution layerE ¥3Fst % 237§¢] Layer®= “A o] Aot wepas] §&% 9
TEE §3 A5Y AIdEv FAHJARN HE AFE dFA7= 2948 7t

A skt

] cConvolutional 3x3  [J Maxpool

[[] Convolutional 1x1 [ Upsampling

[ Concatenate

<29 19> YOLOv3-tiny T2

2) YOLOv4

YOLOv4 = o]x B¢l YOLOv3 the] SAlAel +x% w3}
Aoz 7H 78X k) 2 7

rir
POy
flo
B
2
Lo
Al
i)



5 A4S E=REY T Activation function FEo|AE FE MishE €189

o= Ay o & ActivationsS Dropout Al 7] A a1 *J;‘?ﬂ
A4S Ad ZLF T79< Dropout A17]& DropBlocksS #8331t} Data
augmentation oA+ Mosaic, Self-Adversarial Training®| # &%t} o}
e 28 209 #Zo] CSP moduled BiFPNol|A Al-g& ¥ Multi-Input Weighted
Residual Connections(MIWRC)¥} Cross Stage Partial connections (CSP)7]WFo.
2 Backbones A4 3te] CSPdarknet53S %34t CSPdarknet53¥ © &
o} SPP block?/PAN block, SAM block & F7}3te] of7|d X & FA3tAt)
o] 2o %= Cosine annealing scheduler, Optimal hyper-parameters, Random
training shapes ¢ #Zo] HAl A&A|ZTE ol& &3 YOLOv3el Hlal| H]szgh
L5 FASL AFEE Folv AHE @A sk v19]1[20](211[22]1[23][24][25]
[26](27].

Regularization -
=

=

B Modified SAM B Maodified PAN

[ Convzd 1x1 [1 C5P Module

<718 20> YOLOv4 ++%

2349 7l s

Held e 918 GPU AME 3 2012 olgaie] Adasid. et
Tesla VI00= 27§12 FAE o] i, Y™ A]:= Tesla pl00 27§, Titain xp 27§ =
TAE o k. GPUY A5l wel Batch, Mini-batch Alo]|=& @& sto] g
shial dpepulE A B S WA ol o] ARy o] xlsgetgitt

1) Parameter setup

H4d g5 Aty 98, Hyper-parameter 242 th53 3ol sl
Class7} 27091 71‘3'% 343}04 Sk Stepe 12,0002 3t91al, Step decay
learning ratex= %7]9] 0.01S % &3}1l, Learning rateE Z4AE 93 dh55 Step
9] 80,90% wANA 0.1 & #3Fdth. Momentum® 0.949, Weight decay 0.0005
2 443t 64 Batch size®} 32 =% 162] Mini batch sizeE % 38}%th.
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2) Training method

YOLOvV3 &5 Aol th53 22 #eks A8=H AT YOLO9000o A 2 -8-%
Dimension clustersE 83} Box predictionE Z &3ttt o] K-means
clustering e 233t &2 Anchor boxe] F3nH|9} A7|E L= At o]
& &3 U AZEE Zoliuxt sttt F7F4 2= Batch normalization}

Multi-scale 8+ S°] 485

YOLOv4 8589t 7] 8% 10% 59 4 Hyper-parameter’ 8-S 2 A3}
+= Genetic algorithm ©]-&3}% 3L, T3 EA oju]x] FAo| HA3¥ Optimal
anchorgs F7F4 o2 A 83te] d53l . Bounded box regression?] IoU loss
5 4217171 918l Ground true BBox®} Prediction BBox& EU (23t 7}
4 Z2 BBoxE Zolvl= GIOUSH TAxe] AgE 183 DIOUS E#shs=
CIOUE AF&3tath 71 YOLOv3el 8% Batch normalization 2.t} & 32 <l
Cross mini-Batch Normalization”} %€ % %lt}. 1 9o %= Sigmoid activation=
13+ Class label smoothing, 43¢ o|n| X & Z3sle] g ol F&3sk= Mosaic
data augmentation, 8% FTZFl Gy Al shxE 4 &= A AolA w2 A
HojuA al= Cosine Annealing Learning Rate Scheduling o] % -8 3ith
[28][29][30][31].

MA A e Ee] A%
si7h wes BAE A
(Intersection over Union) % .=
sbol elEs A& as wag)
Al o he] Wbl g wA e
.

$18) A Precision®} Recall, ToU®| o3} ©]
ZHFEA 7&%0]3}5 7]$°

ARz 0 Z4 (Predict result)

(Ground Truth Positive Negative
Positive TP (True Positive) FN (False Negative)
Negative FP (False Positive) TN (True Negative)

<3E 21> AAFT dSghel wE A
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AU = (Precision)= HEE7 A& A3 T 224 HES v &S =
§ & & (Recal)> A A F(Ground Truth) o AH=E A& v S-S E3r). 9
5o AA gho]l HAQ Aol 57 F, YEEHI &A A& ol 4712 o]

N

Precision< 4/5=2 0.8°]th. 12y o] uf fEE7F F 10/ME x40l 2
A THA o] = Recall 4/10= 0.40]t}. o= AA| gkol Hl&] teg 7t 4=
F3ok Zlo] Fud oz wol Precisione 24 recall
o™ Recallo] YolAE 7 ko] dar
+ Trade-off TAE zZte=th o]¢f o)

Q3% AA=H FFMA HTS HUsl7] Y8l AP(Average Precision)”}
A= AT

O PR S P A 2 of

—

P

P .. _ At

recision TP 7P (5)
P

Recall - W\f (6)

1) AP

AP(Average Precision):= PR =4l 93] &zl WAL AAse] e <
A2 %3 Aoltt PRHFA-S Confidence @™o we} Precision® Recall W3}
of we} 2 A= FAolt}. Confidencer UHEE 7 gl & A& Ay
of ths] g4l HA=E owu gttt welA Threshold #kell B Confidence?} So
H HdE AHRE FAsteE Aot dnty o=z AP H7F Wk Pascal VOC,
MS-COCO ¢} & &4 A9 HriiA o= F= &8st vy 53 2
Zote AAE9 72 APE Hd AS mAPE s, T2 X HAISEE X
kst ToUgkel wel S8~ ¥ =& ¥ 35t mAP(@0.5), mAP(@0.75),
mAP(@0.9)%} o] 455 H7Mgth

2) Result

T dolHAS g5 dolHAl 2 HAES HeolHAoR TS, F
22 91 " &2 583 HAEAS Uy o et dHed g5 AyEQ]
2dE AF3AY. mAP= 24 U229 AP# e HIT @S st ol & F4

dolgAle] FR¥, Hed AA A4 FREZ U¥d 4¥e W
= AgEE 9ugtt. AP(@0.75)+= IoU
3 Aol Fels A= ohe
vl el 91X AHE P NP YHE=F ovsth YOLOVA TEE F
2 49} 2o 2

H}E FE3AT. 9% Dataset
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H2 APO AYgEE FEHATL
39S uwl, AP+ 6321%9 A
transformo] #-8&¥ oA & T3
Az o)ol7l vlolEl Moz d#at
487t F4HE Ak =3 SRGAN
AL AP(@0.5) 71+ 70%<] 4 A
Aoz dLro)zl 2dlS HuwstygS w oF 20% o|Ate =& A=
. a8l AP(@0.75) 7Eoe® 7
42.36% B ERE Hol Ak F2 o] H Al
de=E ?‘%} A T

N
i
=2
rlo
k)
2
>
)
(i,
=
-
o
2
o
f
o
>,

olo] Hla] 4 e]wu =} Color

H‘I
o
N
rr
O

:d
¥ 1%
by Mo =y
H?‘_‘, =}
o <
o
i T
o= -
> O
)
e
e
w
X o
X
-0,
0%
1o,

o

H‘I
Gl
iy
oX,
ol
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<3 4> "HolHAWE 512x512 =€ eoln A 71§k YOLOv4 4 &%

Dataset Accuracy
ICH A2
Origin  DCGAN  WGAN  SRGAN  Manipulations AP(@0.5) AT  AP@0.75) RIYE
e F7HE
v 63.21 42.36
66.26 47.74
v v (+3.05) +0.00287 (+538) +0.0051
66.50 48.59
v v (+329) +0.00247 (+623) +0.0045
69.95 50.88
v v v v (+6.72) +0.0014 (+852) +0.0022
87.59 76
v v v Vv Vv (2438) 10000186 43,y +0.000265
12131 YOLOv3E A&atds w, 4g=s= ofefo & 59 o] 45 + UM
. YOLOv49t sdstAl HolHAE E7ete] gFs AAsA. 71&d +F
F odlolHAl 7|o 2 °F 61% mAP(@0.5)E 2433 i1 DCGANZ|RHEe] A3
H]O]EM-L—O— 2%, WGAN7|HEe] dlo] B Al of 3%°] s & 7hA ke =
St 25 GAN 7]HEe] HlolHAlS 68% AT =E EASATLE Add &F4 7]
Bl Eﬂ oMo SrFHolxl RulS wuwstlS o, of 20% ol =2 Ag
TE At mAP(QO.D)E 7IEoE= ¢F 30%° ASEE dAs A7 94

O

HE EF P AUE BYLS ¢ F ek olde YOLOvas vwsg e @
AP(@05) ZEoz 2% AFE AsdHE AL AAsgn =D



AP(@0.75) 7]Zo=z ®HW 5710%9 AHIZ7 oldozm xAHILI}
YOLOv3el H]3] YOLOv4e] Aol AdaL o = 9t}

<3 5> dlolHA™ 512x512 ¥ olw#] 7|9k YOLOv3 A &&=

Dataset Accuracy

N N

Origin  DCGAN WGAN  SRGAN  Manipulations  AP(@0.5) A= AP(@0.75) A=

e F7hE

N 61.75 37.25
v v (a0 000196 230 +0.0076
N N (f‘z’“:g) +0.00175 (fgﬁig) +0.0061
68.06 46.37

N v v v Gean 00013 (R +0.0021

v v v v v (oiag 0000213 9888 +0.00027
22131 YOLOv3-tinyE A &3S W, A=+ ot & 69 2o d&
AATE YOLOv3¥ YOLOv4St & dskAl dlolHAS #/3ste] st5S AAISHA
th, &3 ® g8 Al(Origin) 7|WFe 2 ¢F 50.28% mAP(@05)E wAsty
DCGAN7Z| 8ol AAE o] E A& 54.74%, WGANZ]HEe] dlo]E] A& oF 53.49%
o] A3 AS JRAgY T3 BE GAN 7]k dlolH A 5697% A=
5 gAslh Atd £F4 7wke] golgAle ol mdls Wwsl
92% W, oF 67.96%¢ e AMEES AUk mAP@OT5)E rFomE of
15.59%9] A7t Ads vold s sttt o] e YOLOv3# H|ushsl <
@ AP(@05) 7lEom 18%° A=t Xi*s?ﬂt e Sdein. Ed
AP(@0.75) 722 BW 50%° AZwrt tfF doldS gRlstdrt. Ay
Z YOLOv4, YOLOv3e} t= 4 YOLOVS*tmy-* A A7t dds] FAg
SUs JFHor 1839l

= [e) = O~ = =] 2~
S & gAY ol FERE WEE] st &
1

-
Aol 99k ge A% Ak AT AL & 5 Ak
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<E 6> "olE A 512x512 ¢Holu]x] 7]uk YOLOvV3-tiny 4%

Dataset Accuracy
N2 WK
Origin DCGAN WGAN SRGAN  Manipulations  AP(@0.5) e AP(@0.75) e
=7 &
N 50.28 12.91
v v Cibe 000438 TR +0.00098
v v Cazhy 00031 (315 +0.00084
J N N v (32:23) +0.0014 (1‘11:%2) +0.00026
v N N v v (+6177'9668) +0.00016 (g'gg) +0.000024
o] Aol gro] B =AM AekstE F2] HolHAL Al JHA Y 2E
My TEE stgHo A #HES AASATE A MY Hed xR gad
B2 g oz GAN AAZH o|uXE F718 S Wl H]s] Manipulations
F7F ke w 92 AHIEo FrFEol ¢ F& & F AT o= 9 e
s FE SARE 7129 FHE dolHAS F 9642710] 1, GAN ¢ig &
o2 AAE olu X = 490670, Manipulation A4 ©] 7| #] = 9356871, FHF F2
B odHegAL 117BIsNE 7" ow FEHy]  wEo|th oA

Manipulation®] A7 o]m| A7} A o= @Wr] o] F7F%c] ¢ Zth 19
4 YOLOv4 7l GAN F7Fd olmx] /Y <7 Hl&2  0.0013%,
Manipulation F7F8d o|n|#] 179 571 H] &S 0.00018% = GAN©] 10u] o4+
o2 7S & AT V1= FHE ou oA Hloju Hed T4 7|9

[¢)
> E3 AFA BHE B4 oVAS Gl BFH GE LA WA

S v ey,

Tk B A4 A4S S dolHAl FEet=d AdEd Aol AREE
e 1dsgS w, doleAl 759 A8 A7t AHE F&Ao] UL ¢
T o FAFe R 2l A ou X L ) AEY, A olnH] F
=3 AMEs=d AL_AZRS oF Huhypdo] ARy oju X Yo B4 ARE X%
718t gpale Ze o 3E7F 225tk DCGAN, WGAN, SRGAN, 7214
A HeEd Fxo 7 o AE Egete HA RdS RS |, sk
o] EAo] HHyd e +F & 370l 2L HT o] GPU AW ATl u
g st )7k t} o]} o] d5El EE GAN S5 RdE 2L o]



B4 A7

oA AHE dolEHA 75

g0, &
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IV. 2% 7|8t 45 HZE

A AN B0 42 29 B L A
zZegel FHS astar 53 239 e
B oHE AR AMAE S0 AFHES Tl
Fhulel el G4k Aels Abgel w3 el T #7e] X 2 ARl A
n¥E WEsE Aol AAHA GTL Ik 0B AY Lx

27 ol A <] Eﬂﬂo}ﬂ A8 Heid Nes HL7] A

2] = 3
I L I i el OPX”“” R %aﬁ%% 7IRko.z ofg o] 1y 223
2ol FAsAT vy ® 7S UGV 2 Jhvlgt #d Al%S Bk e
&l 3 82 47 thE AFgS AW b= Alag vake] dd SYE T
=5 vestain

1. Robot Configuration

1) Robot hardware : AECOBOT

8= ot Ao Ak A 2ol 7153k Clearpath AF2] Husky 4%
T5 ol EES 7Wo=z A2"E AASATt olE 7o R Intel AR
RGB-D 7heletst QMU= wEg Paste] Yoy /ute] 94 A28 283
of A <A FE=59a, 1 e% 3D CAD 5<& o]&ste] zholtl, GPS,
LattePanda, §%4 &57], Wig g & F2ele] st 7)5S F3o] 758t
£ FF3AT ol &8st HA }AAA HAEE I EE ghrh(32].

— )

Depth Camers MVIDLA Mano or THZ or Kavier

(S | [ () () (<)

Chearpath Husiy Lickar GMES  japesnet Modem  Latte Fanda L

<Y 22> 2 F=dgo] A
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EXE QA4S 9% 94 vl FHE52 Intel A d4351 FhHlEtE AFE-S1
t} 1920x1080 3}A2] 30fps HlolHE 4133, 3ZH(Field of View) & %7t
T 694 Deg, TAZEE 425 Deg, W22t =+ 77 Deg AE9] A5S AY
1 9lth wElA Embedded Al22®l3} USB 3.0 XEZ &8&3lo] d4d3ste] b
HE #5333l

o

_—

<E 7> RE O A~A® AT

module detail
Battery Li-ion 25.2V-68Ah
Embedded Nano, TX2, Xavier
UuGv
Internet Modem ASUS
Camera Intel d435i
RGB Resolution 1920x1080
Frame rate 30fps
Camera
FOV(H x V x D) 69.4x42.5x77
Connectors USB 3.0 Type-C

2) Embedded System

ol =X ey 7|uke] AARIAES Fdsty] s Wdig AL AEE
= A1ZE el A gl7F 7Fs GPUZF ¥3d¥ NVIDIA JETSON €] Nano, TX2,
Xaviers Adstdnt o= AdY £ Held B F4 FR A A
9 =2 AHeS AFIFYYg. "€yd dAAS 93 TensorRT, OpenCV, CUDA
toolkit, CUDNN &2 A9t NVIDIA Al A A&3ks A gt =
B 37FA Nano, TX2, Xaviers o=z 3¢ om o= A|gx2 2 H
ol mE AMY AREE Fol &4 A5S Al TH341351036].

1Y

WA Nanow NVIDIA AtolA Agsh= 7 A7Fekle] AlFo =, 22 5W

o Ae AEZ gy dugFe oy A4S HERE Adgste] g&%9 A
5 AF3th o]E Eaf olnx B EA A E A AHY T3 e o=
gl Aol o] HL7ts StEF AFEHATE NVIDIA  AFelA] 319ksk GPU

Architecture ¢l Maxwell 7%E A€} 128 =2 o] Fox ity 1 ¢
o 4core®] ARM cpu ¥ 4 GB W28 & FAHo gt} o= 428 =
kA9l H| &S 7otElA S uwl, NanoE AM&38ts AL dAHWst Aes vyt =@

+ gk
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TX2i NVIDIA Abell Al AT 773 578 22 AFshs AFo=, bdd <
HO= BEo 7|5S AFsta 9 & golHey 9 s ts Z2AA
7]~~ X3tsl= SDKE AlFsyth. GPU architecture 91 Maxwell 7325 A

3l 128 ZojZ o] F oA 9t 1 29 4 Core®] Arm CPU % 4 GB H|
#ﬂi TA o] 9tl Maxwell tte o5 WE3l Pascal 32 o]Fojx glo
1 Nano tH] %2 CPU core 9 %2 AHS o] &3to] olnjx EF 9 &9
de SR E uf Nano®l ¢F 2vjo] A7 v¥H& 7HA L 2

Xavier= #<tol W33 Volta architectures A€t 14459 AFS=, CPU
Tk o] dWgE= HEd v B2 8/le] FojE o]Fojx 1o Tensor
coreE A Y3lE= AWy e ®HEo|t) ¢k Nanod o|n|A BF 9 A9 A%
= oF 20W) oo wHE 7HA L, tx29k = oF 10 Wi oo s AluTsteE A
o= dHA

Al 7FA1 9] AWt = Al 2~ES 2 E(AECOBOT)o| ®Alste] 253
Nano+= 5V ﬂ%% Q17FaFl oL, TX2, Xavier+= 12Ve] AHAS FU o=
il ete] F HolHE &8st Held RddE QA

<E & 9y HE A% H

Nano TX2 Xavier
Architect 128-core Maxwell 256-core Parscal @ 512-core Volta @
rehitecture @ 921Mhz 1.3Ghz 1.37Ghz
d-core ARM A57 4-core ARM A57 @ 8-core ARM
CPU @ 1.43Ch 2Ghz, 2- core Carmel v.82 @
' z Denver2 @ 2Ghz 2.26 Ghz
Memor 4 GB LPDDRY4, 8 GB 128-bit 16GB 256-bit
y 25.6 GB/s LPDDR4, 58.3 GB/s LPDDR4,137 GB/s
Tensor cores - - 64
Size (mm) 100 x 80 x 29 170 x 170 x 30 105 x 105 x 65
Power (W) 5/ 10 7.5 /15 10 / 15/ 30
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<19 23> AHt = Al 9 (9% Nao, 78 TX2 , 28% 1 Xavier)

3) ROS & Communication

o] ¥ 227 #Zo] #+4H 4 WHEELS 22§ 7|ve
£ 2 dolg #E = ROS(Robot Operating System) =
ROS G AAE TaA] o5 25X 7lve}t dHoly el 2ol
2] Al AbE AE(ER, Mt 22 doHE 3% F AE
HS 539, 94 ZUHY 9 Alojrt 7hEstEE ASUS AR
71E &5t WI—FI 6 71¥ke]l H 10Gbps®] é.‘—E% A3 Fg e
H #73 glo] 974 dxagoea AAgtoem gQlo] 7hsstEE s

o] .
ROS Z# &S ol &sto] dA &40l =2XS F35FA 3L Object detection %
3

o

O

2. Experiment

A mAe AABGAA ANz A4S A5 8
71 9138, 2E(AECOBOT)dl #lolA A7ish thefst dut= Al 28-S g A sho]
HAES dAshsit. A3 Fas Sadistn 7339 63004 A dsgirt. ofe
o] AR o] WIALE EA] u

9oy 5 ol Aol
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obelel 19 259 ol olBAT FAL

2} = (Accuracy)
A2l

o y= 4

3L

Ak e

S

=
=

Felsh 2ol F

Class

2129

A

P
confidence

YOLO

2 (Inference) Al

=
T

ol A 2]
score

&

Al

=l
confidence

-
R

P (Object) 3}
% X 7 (Bounding

T
Score—

914

Class

F,

o

P.(CQlass| Object) Fo.= A2tg T
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YOLOVv3
Nano
X2
Xavier
YOLOvV3-tiny
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19 & 9% ol oY omx A Ar] 416x4160.% FHEHAS W,
YOLOV3 71592 Nanox ¢ 2-3 FPS, TX2% 7-8 FPS, Xaviert 13-15 FPS
2 stk =3 YOLOv3-tiny 7|52 2 Nanot ¢F 12-13 FPS, TX2+
23-25 FPS, Xavier= 50-54 FPSE E1atait). o] e} #Zo] AA7E 124]o] 7ha
SteE A A By $138] Xavier YW= Al2El vgto g A
A4 Fdo Agata, 7o wlel TX2, NanoE A€t zlo] &% ot}
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ABSTRACT

Design and Implementation Object dectection

framework based Deep learning with Robot system

Lee Dong Hee

Graduate school of Electrical Engineering
University of Ulsan

Ulsan, Korea

Recently, the development of artificial intelligence has led to rapid environmental
changes in various industries. Already, many factory lines are being replaced by
automated equipment and unmanned robots on behalf of humans, and demand for
them is growing. In addition, beyond limited environments such as self-driving
vehicles and unmanned delivery robots, the boundaries of our daily radius are also
breaking down, accounting for an increasing portion. Therefore, technical demands
that can be responded to in such diverse environments should be steadily raised
and robot movements in unexpected environments should be robust. As a key
technology, it i1s essential to build a robot platform that can perform various tasks
and image object recognition technology based on deep learning.

Research such as improving deep learning structures and optimizing deep learning
methods in object recognition-related fields is steadily underway. In addition,
research to improve recognition performance through data proliferation is also
making significant progress. In particular, for the stable and good performance of
object recognition technologies, it is unbiased and requires dozens to millions of
vast datasets. Shared datasets, mainly available online, consist of common objects
such as vehicles, people, cups, animals, etc. However, datasets on objects that can
be seen in industrial or personally specialized environments are not only difficult to
obtain, but also take considerable time and manpower to build.

In this paper, we present a dataset construction framework for improving the
performance of object recognition in specialized environments. To verify this,
performance evaluations are conducted through deep learning and accuracy is
verified through testing in real-world environments. We construct a customized

dataset for object detection. First, we conduct online data collection on custom
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datasets that are not obtained from shared datasets, and to compensate for the
msufficient amount and biased data, we conduct data proliferation by building
processes consisting of data manipulation and deep learning Generative Adversarial
Networks (GANs). We apply rotational, inversion, blur, and random noise as image
manipulation, and deep learning-based GAN are trained via DCGAN, WGAN, and
SRGAN structures. We build a data proliferation framework for optimizing
efficiency and performance of these techniques.

To wvalidate the performance of the corresponding dataset, we conduct learning
with a YOLO family structure, a 1-stage object recognition algorithm. This is a
compromised algorithm of accuracy and real-time recognition time, which is applied
because it brings appropriate accuracy results in a short time. Deep learning
learning is conducted based on the total YOLOv4, YOLOv3, and YOLOv3-tiny
structures. In YOLOv4 learning, we leverage the state-of-the—art deep learning
techniques, Mish activation function, DropBlock performing interrelated zone
dropout, and CmBN to generate optimal models. In addition, we generate a learning
model with YOLOv3, YOLOv3-tiny structure per dataset.

For performance verification, we leverage AP evaluation metrics to compute the
area of PR curves containing factors from Precision and Recall. The performance
was verified by extracting AP accuracy with the same test dataset for each
collected dataset, proliferating dataset, and verification was conducted based on
various YOLO structures. The presented multiplication dataset confirms an average
accuracy improvement of 10-20% on an mAP basis and a performance
improvement of up to 36% compared to the existing collected datasets.

Additionally, we conduct embedded-based object recognition performance tests in
real-world environments using the generated optimal model. At this time, we
leverage the platform of ROS-based UGV to verify object recognition performance.
We also confirm the cognitive accuracy and speed performance on the mounted
embedded boards of UGV, NANO, TX2, and Xavier. Real-time accuracy is checked
by learning model around the object we want to recognize to confirm the accuracy
improvement. We also provide a rate of 54 FPS based on Xavier, 24 FPS based on
TX2, and 12 FPS based on NANO on YOLOv3-tiny basis. We provide
Xavier—-based average 14FPS, TX2-based average S8FPS, and NANO-based average
3FPS on the YOLOV3 basis.

we present a framework for building a dataset of customized objects, which we
conduct deep learning with the structure of the YOLO family to generate an
optimal model. The performance verification of the generated model was conducted
based on AP, and the stable and high performance of the dataset presented by
testing according to the dataset type in real-time environment was verified. In
addition, performance evaluations are conducted using various embedded systems to

improve the cognitive speed of object recognition.
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Key Words : Deep learning, Object detection, Image augmentation, GAN(Generative
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