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Abstract. This study was conducted using deep learning technology to classify for ‘Mihwang’ peach maturity with
RGB images and fruit quality attributes during fruit development and maturation periods. The 730 images of peach
were used in the training data set and validation data set at a ratio of 8:2. The remains of 170 images were used to test
the deep learning models. In this study, among the fruit quality attributes, firmness, Hue value, and a* value were
adapted to the index with maturity classification, such as immature, mature, and over mature fruit. This study used the
CNN (Convolutional Neural Networks) models for image classification; VGG16 and InceptionV3 of GoogLeNet. The
performance results show 87.1% and 83.6% with Hue left value in VGG16 and InceptionV3, respectively. In contrast,
the performance results show 72.2% and 76.9% with firmness in VGG16 and InceptionV3, respectively. The loss rate
shows 54.3% and 62.1% with firmness in VGG16 and InceptionV3, respectively. It considers increasing for adapting

a field utilization with firmness index in peach.
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7] o) A, RIS TSk A% 7175
& 22j57] 917 A)5H AR 5 5 Aio] 48
o]tiSaleem 5, 2021; Gong 5, 2022; Stasenko 5, 2021;
Wang 5, 2022).

SFA A1 Convolutional neural network, CNN) 2] 7|
241 2= AEF4 #|o]o|(convolution layer) 2} &5 2|
o]o](pooling layer), &2 #E|= F|o]of(fully connected
layer) = 5-d %o Qlth(LeCun -5, 1989). &4 gofofet
£ dojol= Y2 ofo]2] ol Elelq B F 2ok ¢
olojar, &) AYE|E glojol= &5 SHEE o835t
ok glofofoltt. HEFA glolol= g elH AdAto| =
9] HE]E cross-correlation AR ?ja olu]z]o]| xL&gH /\-]
oIrAs S ze ok 29

SolEa EAI0) SHE %—%@u}. ool
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7 AT EY lolojsol W FHIE2 Y ES A=
TAEH, Y on|A|= glo]ofE AUHA HEFAN =
B Aito] g At EAEE % 54 W(feature
Map)-& FZsl ek 2120 S| Ato] == TA 9] ¢
ojojof| A A-§ AdAto]=of whet AAH ) w5 TAQl
Zo] AUELE Fo]oj MLPEkT 2290, 212} dlo]o]o
3t wmg e AR AE] dlon, 71 we szt ee)
QARG 711, 0]9} 8- e A= ONN-S- m Aot
glolofe] 27] @o]of7] ol xink(back propagation)al]
sk 8ol ufet 9218 Boi57] Sla) 2 elolole] sietulels
S5 A7ITHLim S, 2017).

2 ol Al B AAE olgelo] ) o), Exf
E QL Al Q) ¥ 3l 3 (Ham 2} Cho, 2020; Park 5, 2020;
Kim3} Choi, 2020), 5} 2]7} A2 ol =(Moon =, 2020),
Al @o]9o] &2 E=(Jeong 5, 2018; Kim 5, 2019), Enf
&, ARt ASEHA T(Seo 5, 2021; Bang 5, 2022) 0] gt
At At B Qlok s A R lE 71
HAlHY 7|3} vl asto] 93t A5 Helko = ookt
o|u) A R 7ol &-8-5]ar Qltk(Park -5, 2020).

2] Aol Tt Held 7]sa A e 71sE AlA
Aol Qlom 252 283t 7|A 2l <7 wicte] gk
A= mER Aotk o 74| ks Q17 Aot A
=1 )14 5 712 7 A Ao, s hdof] ARtk
T2 25 NS SlelAlE o mEdt O] 7]
ol izt A7t A3 Eojof gt} sfe]9] 7% RGB,
Thermal, Depth, Vis/NIR Z2E3GAF 52 o] 88) L U=
& 3 714)(Silalahi 5, 2016), E-E]2)(Tan £, 2018), HRL}
(Mazen¥} Nashat, 2019), "-37(Bhole ¥} Kumar, 2020), 3}
oK Behera 5, 2021), B7|(Li 5, 2022)¢] %% #H4o| &
9] B4 71N ES ek A, oAl wx) T
Aol gt AL A gl Aok
e A, B Q170) B4 2 10 2] Aol po} 3kAle] 7 o
b o] 4510 Bpol mpAle] e g Bakiia ujay 314l
<ol tieh 7| QAL o] & B2 Y] S
g8 dare]E S Q1% 7| 2 AbR & 2-8-5karat =35t
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1. NEME L FA ool S

2 A A B AT FSEA] 24 2] 2Rof|
A A F9) FA] A Epo gy & o alirk, B4
o} THalo] 228122021 6 14, 16, 21, 23, 28 2o|| Z+2} 36
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Fig. 1. The sample image of ‘Mihwang’ peach using the CNN model
development.

W) 214 Thaks Esiel). Held darelgol AR8-E o]
u) 2] F5-2 1807H9] 43 TS iAo 2 574 M2 Tk
wpjollA] ot ThAle] AR FS el olulA] FHEE
]z g7 2l(Canon IXY Digital 220 IS, Kyoto, Canon Inc.,
Tapan) & o} 5101 3 9007He] 2] B4 S Fig.
1), &% W48 dargfE 7 $18ke] 7307l5= training
data®} validation data 2 ARE-5F11(8:2), 1707}+= test data
2 Abgaklr.

2. 250t 2 EFH ZM

50} THA10) 7] PAE SleH BARARE 550 2A
3%, 7184 TR T, Al A, AR S 24519
Eooh b o] 752 HAAE(PB-30, Korea, CAS)2 0]
alo] 24519ic 7k THE P TS HS W T F
-8 F=A|(Pocket Refractometer PAL-1, Atago, Japan)S
o1 g3le] ZBl T, ARIFE T ImL& Hsto] S5
75mL 3} 412 5] pH 8.30] € wj7}X] 0.1N NaOH 2 %] %5}
wejako 2 Shkslel). Bpo} whulo Mt BAlo) B
AL 71zoz HAxw o= AMxA(Minolta CR-200,
Osaka, Japan) S ©]-8-5}0] L*, a*, b*, Hue 412 =43}t
Heol }A19] A== 8mm probeE AHAFSF RHED TEX
SD-700(Sun Scientific Inc., Tokyo, Japan) S AM8-5}¢] Z)0]
SmmE 574 & EY AEENSE H7]513ch
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3. Hloly FXzZ| & oy 5Z

2d 7idkS- 93t training THA| o A= = ufj 7l HH
FAI717] 918l training o]w| =] &] 2 Hlo|¥] Hlo] L a s,
A o CNNo| - 3}HA training =] 4| 231 2.1 7]
o] 1€ 71 = 9lo] Blo]e] 578 Al 1 Aol
A= training H|oTE] NEES 314, &, 8-flipS AR5t
37,0567He] olu A|5 Algato] sl ol el sick

223}

4, HJAE CNN 2%

ALl A= AFA &H5(pre-trained model) CNN 2 E&
v‘)ﬂ/ﬂ image - B A oA 93 A5 Holal Q=
VGG16, GoogLeNet 2] InceptionV3 F $59] a3 A1.8
5= # o] gl5(transfer learning) & & E<=0} é:—E A48 7]
5 08310 ol X)) 4= el et A& 2sieirk

5. NE8Z ¥ 29 4557t

H A151-2-17-11700K 3.60GHz, GPU RTX 3070, 16GByte

| 2 e = g Hl gl A 2gYet o ARE G A
A= Windows 10 AF8-5}9irk AM-E] 322130 <lol, o]
B &)= Pyton 3.8.11, Tensorflow 2.6.0, Keras 2.6.0 5=
Ak

919] AU Si541717] S1aH ALgH7 L 7ol sk
sto]H metu|E & Al =t ehHE 2 Agko] §l7] wi
ofl A2} Alo] ofa) 225k Stotfolof gk, 25 )
Z] A7](batch size)?} 855 (learning rate)S Z4sl=4|,
vl 2] 271= gt shgad uf gk Hol| A 2]sh= o]n| x| 9] =&
ol Sl B Bolehu Heln] e ol S g Al
Blsflof sh=t] & AFolAl= ‘le-6’F ARSI <
(immature), 4 <3(mature), ZHg<s(over mature) 371X 2 B
=3517] 98l 22} $k& = categorical cross entropy 2}
42 Agstelon] Hash JMew ol dslAdam
Optimizer)E AR89 tH(Kingma®} Ba, 2015).

2} ) 20] 57} ATk softmax B4 o] 83 e
o}, A YES mee) 8150 2k Sej2H tainingS}
validation data 2 H-2]% o|u| xS AM&3}9 L sFo]w w2}
u]E]+= batch size+= 32, epoch-2 100022 Z43}%ch

r.*?!

6. S50t £ HEE X|H0| gt 2E ds Eit

Heton 7}11 S 7 et datal
T AERE g o R ERnd
A /\]~9-0}— accuracy(zqﬁ-i) precision( U ), recall( &Y
Hg), FI(YU ot e 2et A 55) = 5785130 4
S A1) Ho]Efo] ol Hlo|El} ot 2 A| S Tkl
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L 2| Eo|tKEuqation (1)— (4); Li &, 2022).

TP + TN
TP + TN + FP + FN

Accuracy = (1)
(TP; true positive, TN; true negative, FP; false positive,
FN; false negative)
Al gl Ao] mdo] o2 LS Ve uf$- 2|34
Q1 F7F A o] SHARE 2 A 2R3t HlolE Sl E
o] It 79 o] x| 3] Tgt Al AJo] rolx|A| Hirk. wkebA
g NE ARG | Hrt o o 5 Ads A9t oA ARE-SH
R

U= ol e positive 2 B A Tl o5 gk LA gk
o] positivei 2 2]3} H|o] g 2] H] &L o3t}

A& AA) o] positivedl 2 Foll &t A4 glo]
positive 2 A X]3} ¢|o]E] Q] H| S-S ,]u]dl:]—

... TP
Precision = TP+FP )
TP
Recall = FNTTP 3)

Fl1& Adeol AdS-S 2338 X832, Adrel A
o] o] A0 R .9H|7) b T ATHA 0.2 e 9 7
=

Precision x Recall

F1 =2~ Precision + Recall )

Zn W o
s ok HEE X179
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st
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Fig. 2. Change of fruit maturity index; fruit weight (A), soluble solids content (B), titratable acidity (C), firmness (D), L* value (E), a* value (F), b*
value (G), Hue value (H) of ‘Mihwang’ peach development.
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AFEIQITE. S 52 AT A T ol A = A< 7A) 7]
of| A Ak TA| = o] ] 2ol A A Q= A A9
WIS} A 0] 214799 710} Al e By
AT Chun¥} Kim, 2013).

wfebA] 2 QoA ol nlg TAlo] 4 g 7|
3874 5 I A e, Mk Huedh, M= a* S 71e o= 3
= ogtol et ules A, T TS The 5 Ol TR
A7 SR SIS, TH0) S 5571 Table |
o] 718 Hgeto] Wald mele] st mal AEg A

st

2. TEX|E Z5=E 0|8%t s M4y Mg An 2AM

Hoeoln|spP o] ke Ar S &k X x 2 &85l VGG16
L e} InceptionV3 Helof] gt A5 B7HE AAISkSITH
(Fig. 31} Table 2). VGG 16 &0 thSttraining A= A&+
T(accuracy) 81.2%, <=21E(loss) 44.1%, 7 U =(precision)
81.9%, A& -E(recall) 80.3%, F1 score( U=} &S
Askst 2 #) 81.1%E H Y} InceptionV3 HEof sk
training 2= A= 83.9%, 541E36.0%, JUE 87.7%,
A &8 78.9%, F1 score 83.0%<= X 9t} validation 23}=
£ 0 B ok e A5S W,

AA7HR] oA FSE G ofw|A]of thgt <ie o S 1
9 gl thgt At wju|gt A7 oloh kgt Ao st
of gHof|x] Fggt /ol tiet 1o A= oS o] A
SATEE, A = IS U O R Vis/NIR 2458 3
& o]8sto] Held 7es 7INo R A ERlNT

ZAA - A

R

HN

fE o O

(stacked auto-encoders, SAE)S 23t -2 Rpredicition” =
0.932, RMSEP = 0.442 N, RPD =3.26 2] =& 92452
Atk Xu 5, 2022). Yu 5(2018)-2 Vis/NIR ZE GRS
o]-8-5}o] SAEQ} A A1 A X1 73 (fully-connected neural
network, FNN) 2 a8 o] &35}o] Ajoku}] ‘Korla Fragrant
Pear’ £59] Ak &S A3 AT}, Rprediciton” = 0.890,
RMSEP = 1.81 N, RPD =3.05.2] o] 2458 H 15}3c). &
ol A=RGB o]u]A|of thgt oS A5 B7HE sheloL,
ZF QT oY QAR om0 K wE FRE
= T S G EEE HEE oS A o2 AHHE gl
tEo] AEA 7 chekRt deld 7S E83 el A
5 B7H= @A 21 EojoRlch

3. $EXE ME Hue®t a*2tS 0183 ST MY
Mg A1 24

ol <ulap o) Thu) MIES BEH |E0 R HET 92
9] 7S =451 VGG16 2P} InceptionV3 EEof tfjsh
A5 715 AAISIITK Table 3314). Bpol 2palo] bl 4
Eu o] wekehs i) 7ol xE Azl 2js) 2
A=) Zfo]7F PRI, AR kAol Basol A S
Be A S0 2t 9i7]o) H2 Tha) Bl
B Ao] HA¥sHA ek AE Hueghoha*ghe 42 A%
2 A4sto] el mee THs A3 s Aolo] 2 e
= UAAE s RS R 2ARE Gl

B AT Hueghe AER 2E A5e 247 Az
InceptionV3 H @19 training A1}7} HEH= 89.2%, A&
32.9%, AT 90.8%, A 84.5%, F1 score 87.5%= 7}
A 2o ATE BT A ar gt ol §3 ml W7} A
InceptionV3 X @of tf g} training A7} &= 95.0%, &=

iih)

Table. 1. Fruit maturity index of immature, mature, and over mature ‘Mihwang’ peach using CNN model development.

Maturity index Immature Mature Over mature
Firmness 20.1 > 17.0—20.0 <169
Hue 85.1 > 80.0—286.0 <799
a* <19 2.0-6.0 6.1 >

Table 2. Preliminary trainning and validation results of CNN models with firmness data for a ‘Miwhang’ peach maturity prediction.

Model Accuracy Loss Precision Recall F1-score

VGG-16 Training 81.2% 44.1% 81.9% 80.3% 81.1%
Validation 73.8% 54.3% 74.0% 70.5% 72.2%

InceptionV3 Training 83.9% 36.0% 87.7% 78.9% 83.0%
Validation 77.2% 62.1% 79.2% T4.7% 76.9%
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Fig. 3. The results of accuracy (A), loss (B), precision (C), recall (D), and F1 score (E) of training and validation with firmness data set.
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Table 3. Preliminary trainning and validation results of CNN models with Hue value data for a ‘Miwhang’ peach maturity prediction.

Model Accuracy Loss Precision Recall F1-score
Hue value of left position on fruit
VGG-16 Training 84.3% 40.0% 87.5% 82.1% 84.6%
Validation 86.2% 38.5% 88.6% 85.8% 87.1%
InceptionV3 Training 89.2% 32.9% 90.8% 84.5% 87.5%
Validation 84.8% 44.9% 85.7% 81.6% 83.6%
Hue value of right position on fiuit
VGG-16 Training 82.0% 46.5% 85.4% 77.8% 81.4%
Validation 84.8% 39.7% 91.1% 82.0% 86.1%
InceptionV3 Training 85.3% 37.7% 90.5% 77.7% 83.4%
Validation 80.0% 483% 82.6% 73.5% 77.8%

Table 4. Preliminary trainning and validation results of CNN models with color a* value data for a ‘Miwhang’ peach maturity prediction.

Model Accuracy Loss Precision Recall F1-score
a* value of left position on fruit
VGG-16 Training 89.4% 34.7% 90.2% 86.3% 88.2%
Validation 80.7% 53.7% 81.2% 77.1% 79.1%
InceptionV3 Training 95.0% 20.0% 96.7% 91.9% 94.2%
Validation 78.6% 47.9% 84.4% 73.5% 78.5%
a* value of right position on fiuit
VGG-16 Training 86.9% 38.9% 89.4% 85.0% 87.1%
Validation 84.8% 41.7% 87.7% 83.8% 85.7%
InceptionV3 Training 86.9% 34.7% 93.0% 83.8% 88.0%
Validation 81.4% 51.4% 83.6% 79.1% 81.3%
A1E 20.0%, AU 96.7%, AH-E91.9%, F1 score 94.2% Pl on, Eaot 1ty oju|x|of ] Hpol & ike I A
o] =3t ELI— HAA validation 2¥h= F 2P HEoF  E IS V|ECR ERStHHE Y 2RED T U=
ZE e A2 mlr W2 Al Ho] 853 2 el Al 81 VGGIG,
oJu|X & &8I IAl9] & BHE 2153} o1 RGB, InceptionV3 2%2] CNN 222 H| 1wl A3 3}t Table 5
HSV(Hue, Saturation, Value) L*a*b* MA|A 22 &85 2}6).

Jo slast 2

A Qo) Helde 283t ERuHE] S W of a* gkt b*
el ol ) HI8S Ao K HHols el
(K-nearest Neighbour, KNN)& 2-835}o] u]<:l(young
fruit), Ad<=7 I (intermediate fruit), AJ<1H)(mature fruit)
2 86.0%, 94.2%, 96.0% = Z+7F B 53} 4= QIQItTan 5,
2018). Mazen} Nashat(2019)+= v} 1} 0] <= & w}a]
AR o] HAG 2 23K (Hue gL =30°)2] H|&= AAFs}o]
A &5 95.5% AlFeEo 2wl 4= QI

4. VGG161} Inceptionv3 ZEIO| MsH|w
B Ao A= Ho] 8H5-E o] 85 CNNS 53 8152

Tas v Ty Z]

il

276

VGG16 74l 7|50 2 =F1 450l 4 Hue left > Hue right
> a* right > a* left > Firmness <=2 & Hue left 7} 87.1% %
71 =8 A= ®H 131, Firmness 7} 7222 7 2 A=

2 B Yt} Losse-2 Firmness 7} 54.3% 2 71 =9F31 Hue
left7}38.5% 2 7P EIth IncptionV3 7|&E 0 & F1 A5
A Hue lefi7} 83.6%2 7F =0 Ao moj=oly,
Firmness7} 76.9% 2 7} W& 452 H Ytk Loss&2
Firmness7} 62.1% =2 7P =9F11 Hue left7} 44.9% 2 714+
u—oh;].

2|24 0 & VGG163} InceptionV3 2o A Hue left &
/g0 217} 87.1%, 83.6 2] “d-5(F1 7|52 WEFHAL T1of| H]
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Table 5. Performance of VGG-16 model to firmness, Hue, and a* in ‘Mihwang’ peach fruit.

Accuracy Loss Precision Recall F1-score
Firmness 73.8% 54.3% 74.0% 70.5% 72.2%
Hue left 86.2% 38.5% 88.6% 85.8% 87.1%
Hue right 84.8% 39.7% 91.1% 82.0% 86.1%
a* left 80.7% 53.7% 81.2% 77.1% 79.1%
a* right 84.8% 41.7% 87.7% 83.8% 85.7%
Table 6. Performance of InceptionV3 model to firmness, Hue, and a* in ‘Mihwang’ peach fruit.

Accuracy Loss Precision Recall F1-score
Firmness 772% 62.1% 79.2% 74.7% 76.9%
Hue left 84.8% 44.9% 85.7% 81.6% 83.6%
Hue right 80.0% 48.3% 82.6% 73.5% 77.8%
a* left 78.6% 47.9% 84.4% 73.5% 78.5%
a* right 81.4% 51.4% 83.6% 79.1% 81.3%

3| Firmness £4J0] 2121 72.2%, 76.9%S LJEFH 11, Loss&

o] 22} 54.3%, 62.1% = ZAFE]QIT] FirmnessS <& X &

2 BT 4 BR BUS A% 2 go] of el Ao Tt

Sch . g el ol el 5k e

A4 W2 7142 28310] sirol W & A7

o} g4l Hemel Al 4 ghio] 15 e Ao v
Ak

H 2

2y 7|0l 28510 %OP JﬂL*e‘ S
Astaiz AAJsIeE 35 G 7307H4 fﬂo]‘ﬂ% tralnlng
3} validationof] ARE-8F L, 1707 2§ HIAE oJu|A| &
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