= 23-48-10-17 The Journal of Korean Institute of Communications and Information Sciences ’23-10 Vol.48 No.10
https://doi.org/10.7840/kics.2023.48.10.1321

)=} a7 = E =
A7 24 0 AFAS AN EebE A 54 34
= -
dyeElEF 74
ol A WA JEH Ay, AuF kA A ke A

Implementation of Texture Analysis and Artificial
Intelligence-Based Tomato Fruit Features Estimation Algorithm

Jeong-Ho Lee’, Jeong-Hyun Baek, Dong-Hyeok Im’",
Tae-Hyun Kim", Man-Jung Kim", Seong-Jin Park’, Oh-Seok Yang’

[0ty o rlo
i
u
)
of,
ook
flo
g
ﬁ
rr
A%
il
A
N

B
=
ol
o
[
o
=)
ut
y
i
=2
>
A‘%
iz o,
2
o
ftlo
o>
il
( mﬁ
2
(o OE

3

7ke g A EARl FAY drE FAs=
Co-occurrence Matrix(GLCM)<S &8sl 94> 54)Ql Dissimilarity, Homogeneity, Energy, Correlation¥} Er}E
34 St AeEnh 3"l EAL eXtreme Gradient Boosting(XGBoost), Deep Neural Network(DNN),
Convolutional Neural Network(CNN) 2 m™Alz{yd oFHE- vbHe] ol dlo|g| & Algslix] T} 98 FAs)
v 7P FZHAe] vhE =E3)7] 93 H7IX|EE Root Mean Square Error(RMSE)$} R*S 43} A3 Zx)
wAled HdEe] 7 $2 ARgks d9led H2d Alde] DNN, CNNellx $4] 23k A3} vepde A

& 1% 4 3Isieh

of

Key Words : Machine learning, Deep learning, Tomato, Fruit feature, Texture analysis

ABSTRACT

Smart farm refers to a technology that maintains and manages a growth environment by applying ICT
technology to a greenhouse, and can increase productivity compared to labor force. Recently, artificial
intelligence technology has been applied to various parts of smart farm, but research related to weight and
Brix degree estimation, which are fruit features that affects production management, is insufficient. In this

paper, we implement an algorithm that estimates the weight and Brix degree of tomatoes, a type of crop
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produced in smart farms, using texture analysis and artificial intelligence. The tomato fruit features estimation

algorithm uses Dissimilarity, Homogeneity, Energy, Correlation and number of tomato pixels obtained by

collecting images of tomatoes harvested in the greenhouse in a laboratory environment and applying the Gray

Level Co-occurrence Matrix(GLCM) that used for texture analysis. The collected features are used as input

data for eXtreme Gradient Boosting(XGBoost),

Deep Neural Network(DNN), Convolutional Neural

Network(CNN) and machine learning ensemble methods to estimate weight and Brix degree, and Root Mean

Square Error(RMSE) and R? are used as evaluation indicators to derive the most optimal method. As a result

of the experiment, it was confirmed that the machine learning ensemble obtained the best result, and deep

learning-type DNN and CNN gave poor results.
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Table 1. GLCM statistical characteristic parameters

Statistical characteristic
Formula
parameter
K K
Dissimilarity Z Z |i—j|pij
i=1j=1
z]\'] K p[]
Homogeneity
S = 1+ G- 5)
K K
2
Energy Z b
i=1j=1
KK (i—m,)(j—m,)p
Correlation ¥\ . U
i=1j=1 0,0,
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name contrast dissimilari ity energy ion pixel_count weight brix
0 0210_A111 672620 13.908 0126 0.014 0.820 372278 17790 39
1 0210_A1511 901.051 16.193 0120 0013 0814 398113 19307 36
2 0210_A1612 715.069 14.258 0130 0015 0.824 390039 187.04 38
3 0210_A1711 921630 17120 012 0012 0.798 373557 16627 39
4 0210_A18.11 766.356 14.656 0138  0.016 0.791 403332 17480 39

ag 3. dlole] ZH3l oA
Fig. 3. Example of data frame
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Output
flatten_4 (Flatten) 150528)
dense_13 (Dense) 512) 77070848
dense_14 (Dense) 256) 131328
dropout_3 (Dropout) 256) 0
dense_15 (Dense) 128)
dense_16 (Dense)
dense_17 (Dense)

dense_18 (Dense)

2l 4. DNN9| 4%
Fig. 4. Architecture of DNN

X
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Fig. 5. Residual block

Layer (type) Output Shape Param #

input_1 (InputLayer) [(None, 224, 224, 3)]

conv2d (Conv2D) (None, 222, 222, 16)

max_pooling2d (MaxPooling2D (None, 111, 111, 16)
)

conv2d_1 (Conv2D) (None, 109, 109, 32)

max_pooling2d_1 (MaxPooling (None, 54, 54, 32)
2D)

conv2d_2 (Conv2D) (None, 52, 52, 64)

global_average_pooling2d (G (None, 64)
lobalAveragePooling2D)

dense (Dense) (None, 64)

dense_1 (Dense) (None, 64)

dense_2 (Dense) (None, 1)

T2 6. CNNY +x
Fig. 6. Architecture of CNN
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max_pool (GlobalMaxPooling2D) (None, 2048)

max_pool (GlobalMaxPooling2D) (None, 2048)

dense (Dense) (None, 256)

batch_normalization (BatchNorm (None, 256)
alization)

activation (Activation)
e]']

(None, 256)

dense_1 (Dense) (None, 1)
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Fig. 7. Changed parts of ResNet
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Table 2. Machine learning model used in ensemble

Weight(regressor) Brix(regressor)
GradientBoosting Linear
ExtraTress Lars
RandomForest BayesianRidge
Huber Huber
BayesianRidge Ridge
E 3. 9w 4 wde| 2
Table 3. Results of Brix model
Model RMSE R’
XGBoost 0.384 0.243
Bagging 0.311 0.505
Voting 0.319 0.479
Stacking 0.322 0.470
DNN 0.746 -1.826
CNN 0.431 0.059
ResNet 1.158 -5.804
E 4. A 74 2] A3
Table 4. Results of weight model
Model RMSE R?
XGBoost 22.079 0.824
Bagging 15.041 0.918
Voting 12.242 0.946
Stacking 14.093 0.928
= R SAolela o) olsirka & 4 aleh. we)
A = dlolERt F7he Hed 2elke *F%HH A4
ZF Y FAS 7X]= ErLE RGB 3Afolx] mdlo] A~
= Er;‘c]% 2,%3 A Q:Tq Utg—_ 27]—/_\.5_—5_1_ /\134,0_ z]z%]

319121} Table 30i|4] #Helet 4= 9l5©] DNN, CNN,
ResNet 257 mAle]y] v R} 2k& Zks- BolFgic)
wAled whel Az F P o 22 2dd
XGBoost &+ mwle] Azjzlel 03841} 3714 w2
Y 2l 2% oF £ A¥E HolFa ¢le] GLCM
dae|5E E3 2 E°HE RGB 4] A7t 54
155 Y FAS 7= hand-crafted S22 143t

B =Fo|xE ErlE RGB %A GLCM <a7E]



=i/ 4% ¥4 2 AT 7 EvkE 3 A 34 odaelE 7
5 59 =5 A3 B S ARSIk Bt Inst. Report, pp. 1-74, 2016.
TAE FAs] ¢8] XGBoost, 1"131 oFAE [31 M. I. Kim, et al., “Remote multi-control smart
DNN, CNN-<- ¥74]7]52 RMSE¢} R°%k ] s} farm with deep learning growth diagnosis
gk 2 A3 9w 323 wdoxE= WAl JArE function,” J. The Korea Soc. Comput. and Inf.,
w)7) whHe) RMSE 0311, R?=0.505, 5-A] 34 =2 vol. 27, no. 9, pp. 49-57, Sep. 2022.
o] 739 wjAlzey ks BE vbo] RMSE=12.242, (https://doi.org/10.9708/iksci.2022.27.09.049)
R?=0.946 2 7} =& A7gks =3} HA9) [4] S. E. Hong, et al., “A study on the prediction
AAE el 7 2 B BE ks Hake R model for tomato production and growth using
Eolgh= 7|5 37} welur) LS RMSE 32 74| ConvLSTM,” J. KIIT, vol. 18, no. 1, pp. 1-10,
sdem R*gle] 055 o] vlolels dAdom & A Jan. 2020.
w5 ok o] AAE Feix =l wel (https://dx.doi.org/10.14801/jkiit.2020.18.1.1)
2 A9} FEE oSSk ZlEc) ofe] mdls- gl [51 K. S. Kim, et al., “Tomato growth rate
A AMEsRE uhio] BEnlEe] A9} g A5l measurement System using image processing,”
o Xﬁ}s}um & = )} thk ¥ 34 mele) Bls) J. KICS, vol. 45, no. 08, pp. 1460-1471, 2020.
e 2wl Rzﬂol ol 3|75 s AL (https://doi.org/10-7840fkics.2020.45.8.1460)
DNN, CNNel| A< d|%48 71X+ RGB A4S [6] 1 C. Hwang, et al, “Prediction of paprika
4 dloje 2 %ﬁ-ﬁﬂ FEE 3191 21} XGBoost, yield using multiple linear regression,” J.
ojAley otrtE Ao} v]ws4] RMSE, R*3elIA £ KICS, vol. 46, no. 11, pp. 2048-2055, 2021.
Z 3l AE woiFglch &d AFHE EaiA (https://doi.org/10.7840/kics.2021.46.11.2048)
GLCM gg|Zol|A] dofzl 2z B Exlo] thre} [71 H. G. Kim, et al., “Early detection of drought
FA ek aF WS 7R BAleletar & 4 stress in plants using hyperspectral imaging
ek and deep-learning method,” J. Korean Soc. for
Z3 1Y% dye]EE F) dlo|EE AlE dlo) Nondestructive Testing, vol. 42, no. 6, pp.
B Aleke] i34 S2la 3 Al HlE diolE 503-513, 2022.
2 F8) il slols geprlelE viAEAs) (https://dx.doi.org/10-7779/JKSNT.2022.42.6.5
= 3go] Basje). o] ool & welA] Aokl gk 03)
BAl B3 o]9)e]] ErlE RGB AbollA] H=s F3e [8] A. R. Song, W. H. Jeon, and Y. I Kim,
T %= AT UEAe] A== BAS SR 2o} “Study of prediction model improvement for
due]Ee] dlele] AHEE = et sk wEAt apple soluble solids content wusing a
2 Z AYA $17o] o 24 A4 el RGB ground-based hyperspectral scanner,” Korean
34 dlelelel| A FAI9} FEE 5shes daEes J. Remote Sensing, vol. 33, no. 5-1, pp. 559-
2 2] 913 Al 23 AARRE Qe 570, 2017.
77} s} (https://dx.doi.org/10.7780/kjrs.2017.33.5.1.9)
[91 D. M. Seo, “Development of artificial
References intelligence model for predicting citrus sugar
content based on meteorological data,” J.
[11 S. H. Lee, Y. S. Park, and O. S. Kwon, Korea Contents Assoc., vol. 21, no. 6, pp.
“Constructing a  tomato  smart farm 35-43, 2021.
optimization model with estimated growth (https://dio.org/10.5392/JKCA.2021.21.06.035)
functions,” J. The Korean Data & Inf Sci. [10] H. J. Lee, H. S. Chung, and C. J. Chae, “A
Soc., vol. 31, no. 4, pp. 619-635, 2020. study on the prediction of citrus sugar content
(https://dx.dio.org/10.7465/jkdi.2020.31.4.619) based on meteorological data using machine
[21 Y. J. Kim, J. Y. Park, and Y. G. Park, “An learning,” J. Korea Contents Assoc., vol. 23,

analysis of the current status and success

factors of smart farms,” Korea Rural Econ.

no. 1, pp. 74-82, 2023.
(https://dio.org/10.5392/TKCA.2023.23.01.074)

1321



The Journal of Korean Institute of Communications and Information Sciences ’23-10 Vol.48 No.10

[11] R. M. Haralick, K. Shanmugam, and I
Dinstein, “Texture features for image
classification,” IEEE Trans. Syst, Man and
Cybernetics, vol. SMC-3, no. 6, pp. 610-621,
Nov. 1973.
(https://doi.org/10.1109/TSMC.1973.4309314)

[12] T. Chen and C. Guestrin, “XGBoost: A
scalable tree boosting system,” in Proc. 22nd
ACM Sigkdd Int. Conf Knowledge Discovery
and Data Mining, pp. 785-794, Jun. 2016.

[13] K. He, X. Zhang, S. Ren, and J. Sun, “Deep
residual learning for image recognition,” 2016
IEEE Conft. CVPR, Las Vegas, NV, USA, pp.
770-778, 2016.
(https://doi.org/10.1109/CVPR.2016.90)

0l & (Jeong-Ho Lee)

20154 29 : AJdidistal AjH
Z&t= MAL

2022 84 : Ak
oul7pE R~ uba}

20221 9Y~&HA : TEXETA

H

-

ol

Rl

51

<ol FgAR, QA 2vkEg

[ORCID:0009-0003-4088-7064]

8 & & (Jeong-Hyun Baek)

dopshd AT
20201 29~¥A  FEREA

s At
<Aool AntE FEle

ZA57H, dlolel 8]
[ORCID:0000-0002-5867-2171]

1328

2l & § (Dong-Hyeok Im)
19994 24 : Aligha A&

[\)
(]
S
()
riL
[\*)
e
o,
AT
<)
=
)
k|
o
=
5

=l sgaste A7
<ol AAA A 2E,

dlofe], 2mhEst
[ORCID:0000-0003-1204-8274]

Z Eff § (Tae-Hyun Kim)

20119 24 : Al sk #5E
&I wAleR

20199 1% : (Pole| A EH =
=24 Al

2019 29~3A] : HEX1EA
SHFdETA A7)

<FAlRol HCL, Q1A% 2~
wtEZ

[ORCID:0000-0002-4478-667X]

Z 9t = (Man-Jung Kim)

2022 29 : ZE Sk 7| A A
2~glFatat whap

20234 19 : 72354 1=3%F
dopshel Al <l

2023 29~3A]: TEX1EA
s aetd A4k

<Ml B 2, A
3}, As3pA|~E

[ORCID:0000-0003-0600-489X]

Ht M Zl (Seong-Jin Park)

20184 84 : A E A 4k4d7]
Al-gstz kAt

20201 29 : AL 41937]
Algstat At

202241 49~3A): HERS
5 g Al

<FHlol 2mtESL 21Es) &

]

S

&

ol

[ORCID:0000-0001-8808-6686]



2k @ A (Oh-Seok Yang)

2018\ 29 : Ak ek 7355
AR} =4

2021 29 : FAMNE L Z55E
ARFE AL

20219 3Y~&A AN
Al Bgsta) Al

<Iltol AR A 2-H, B
dlold], AvhEst

[ORCID:0000-0001-5016-6146]

1329



