Information Systems Review
Vol. 22, No. 1 February 2020 http://dx.doi.org/10.14329/isr.2020.22.1.113

YOLOv3& O|§¥tt WEHI] EFHE T
=30 Al

Detection Model of Fruit Epidermal Defects Using
YOLOV3: A Case of Peach

0l 8| & (Hee Jun Lee) At st A FHEEGI ArAA
Ol & 4 (Won Seok Lee) A st FFHEEH ArA
Z @l & (In Hyeok Choi) At st A FHEEH ArAA
0] & A (Choong Kwon Lee)  AlWtsa BPFHIHF ad, w2}
o o
7 9 oM FFS FAEd dg FAS st EEFES R A9 W
Z83g. a8y, Bl FE5%8 AR Qlgoeg sty FAHMY £L8FHe HEH AHS
Asted ool Atk oo B AFE JAFAT Vel ° H9 ¢ugEe ol &5t Hd9
EYE AT EZN EFS AEstaA) gtk HAS Y3 3G oln Aol st FA7IRE AH
2173 % (Region Convolutional Neural Network)S 7|¥tS. 2 ¢ YOLOV3 ¢ ElES &35t RIS
BAE F de S st F a9 FHEE FeA SeS AYs A, F 97,6008 9
epochs FEA S8 459 EFAE RdS 48 F Itk E AFoA ALS #3E EFHE
2d2 dojg 3, 244 HolHE F3 F2¥7), 28a EFAE o2 #A 9 AF )l
2849 F Utk 53], FAEE TR ool 7 A Beols tldo s BARES sk
o, b2 AEE HEd & Js A= JigdEn
JIYE : Beol, BFHE 20E F, §97v g§4F <F%, YOLO
[ A = AR A, WHolE, A3A5, 2 53 A8
st L3S FIAITIE Aot AxelA F
42t A E o]l mEfstH A ALk ol 2 8851 e 2vE AEY 7S Fh0
AHE ok FxA e FH0E wglsla 3 A3t 2~utE Fo] HTo| FzhEa Qo
o} 53], Azl = Bldelg e A3 A% 7 AA o] FRRolE FEATY 1H 3t}
=5 o83 ArtE A EDT}L FAEA =5y AR Qlete A7 mEe o] AWstal 9l
of SERA FA A Tkt Feo A8t 7} A2402017)2 dZFe] dolHE 3, £4%°
oA HATE o]y g AntE A E = FFA X4 Holg] 7|Hk T g9 Hgho] J st

)
S
)
o
N
N
=
w



FEL ol gl M}E B P g
% #AZ A2T 5 9L Rolg s n Yok

AzxG viA = "34‘}-4 A B A b
AHBSE obd 9] Aol Bk nzake
FEZ 7| o] Yehvtar ok

L A= ‘ﬂ:élx]*«] q 84 7les 88
slo] F2Ee] 2] E5S /Adstaat st
7t ol -r@rg"ﬂ gt F249 7= v
83 dFo|Auh F53 A2 Y ”HerH &
SEE HEH AR 7st7] o ol
S7HIA AujEE FAEE - B AE v
Aee Bl TR TS sttt 2 ATl
AMe oy 7k wFEE T4 5 =
S 29g GEL AE SEE A9, ¢
g GagFE FolA 97 T AEH
(Region Convolution Neural Network, R-CNN)<- 7|
HEO 2 3 YOLOV3 & E]ES o] &3t Hgol
o EFS HET 7 v RdS /EgozH
2= FA#AY =80 Huxt gk

Yot Auoleel §3e AzYR 1S
= 2 7V A7t 8
@ ok obed Holeleh. SYEEAN
Huo)% 8ol e 29 £ A7} o) F ol
w3} go] sk e

B70] 7% 580 P T2 UrhAAS,

‘é‘: Xﬂ/\]ﬂ_’ ATHAHA,

2yE TAE AAHE gean AFA
52 olgele] AALEE A3 BFoR

WA RS Aok 4 g A5 198
F Ao 2 E A

Deere= X| &3l Z]“ A A
137 Sletel MEARE
& =il F71A0) B
HE A7t %210}04
Sk AMRIAE Al T3] AR
e oW A E EA5t] Fx
AEO7E 0}051\:}(510 zh,
IT PortfoliosE & Qo &3k
3 JTHKim et al., 2017). 3=
Az 53 SAH 1 Heold
PortfoliosS &-8-3}e] A3 A
Hole B F7tol A Href 4
249l Ao g YEyith

59 ol At Hale] A3} 2718 Z4e)
1 3iede] oA A ol | 2
AT 71€0] 28I UHEEL T, 2016).
salo) Alabn A HolEE AHEAEY 4147
Agalel £381a, ¥ HolE 714e A
S} ARV} £ AAE Tt

HEE BUgozA A48 2B
o2 BT 5 U oHA nUg
f\lﬁ}%it}(gﬁ%, AP, 2017). L} A7E
~ CCD(Charge Coupled Device)
ﬂ“ﬂa‘% o] gate] A9 ofF FHQ A7 ¥
AGE Feshe AAIRE /7 ALES A
S (Kamilaris et al., 2017).

Y FAME Egole thE 2=l vis) <
of F st ‘:‘a“g‘“ T 9;1—'5 Y TR
sttt wekA 8 F
st $lste & 3
gshd A (FFE 5, 2009), AFEFFI 5,
2012; Av]7 5, 2013), EH(A7
7 22 oeFst A77F AT o] 15& ATl =
Egstal el FHokgk Egote] 54 wiwol ¢
ek FHA e Erksl 7ML e d o

ol
=
o
ol
o

T

[o

-HN'[‘—_u,r_&_z
2o
4 ofit off
o o o N
X
o =
0% X |
o af,

H

e (m ooy

e e
QL

il

+

tlo X Olﬂo o rLll
ON
1o
o
[\*]
S
—_
)

OHr&
oX 4
*
F 2
> =
L

0

ov mr mlru
3;
HU
o

[e3

o2 to 4 o my

‘?‘;ﬁ‘r("l Gl

Information Systems Review, Vol.22, No.1



YOLOV3E o83t ED 22zE Y

2HEL HASE Aol e Fadh
2.2 2| olA 917

719 AA Ao A AF= SIFT(Scale
Invariant Feature Transform), SURF(Speeded-Up
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Convolutional 32 3x3 256%256
Convolutional 64 3x3/2 128x128
Convolutional 32 1x1
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Residual 128x128
Convolutional 128 3x3/2 64x64
Convolutional 64 1x1
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Abstract

In the operation of farms, it is very important to evaluate the quality of harvested crops and to clas-
sify defective products. However, farmers have difficulty coping with the cost and time required for
quality assessment due to insufficient capital and manpower. This study thus aims to detect defects by
analyzing the epidermis of fruit using deep learning algorithm. We developed a model that can analyze
the epidermis by applying YOLOv3 algorithm based on Region Convolutional Neural Network to vid-
eo images of peach. A total of four classes were selected and trained. Through 97,600 epochs, a high
performance detection model was obtained. The crop failure detection model proposed in this study
can be used to automate the process of data collection, quality evaluation through analyzed data, and
defect detection. In particular, we have developed an analytical model for peach, which is the most
vulnerable to external wounds among crops, so it is expected to be applicable to other crops in

farming.

Keywords: Peach, Defect Detection, Smart Farm, Region Convolutional Neural Network, YOLO
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