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Soil Moisture Prediction Based on Hyperspectral Image
using CNN(Convolution Neural Network)
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Abstract

Since plant growth is greatly influenced by moisture, it is important to control the soil to have optimal
moisture for the plant being grown. Recently, researches on automatically analyzing plant growth
information including soil moisture using spectral images are being conducted. However, hyperspectral
images are difficult to use due to huge amount of data appearing in spectral bands. In this paper, we
propose a method to solve the complexity of hyperspectral images using a CNN. Since the proposed
method automatically analyzes the entire band of the target hyperspectral using deep learning, there is no
need to make an effort to find a specific band for analysis of each image. In order to show the
effectiveness of the proposed system, we conduct an experiment to analyze moistures using hyperspectral
images obtained from soil.
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Table 1. The experimental results
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Table 2. Configurations of systems
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Table 3. The learning time of each system

) 45 95 | g -
/\]i\—% (Epoches) gll:l iB—A]Zl' (_J_)
Rk 2= 198 1,188
ALEXNET 150 2,850
VGG16 290 11,326
5.2 B
WoeRol At B FRAS RGNS
ogaie] EFAoR PAT 4 At MEE T
QTN WS AdSAE ALT FAFA
Ao EGRE 24 99 Be NeE 74
A Az B 2Rade e wey
Haks & ohgete] =2 e Bt 4

o nf

>

of "

41 ¥ M &L omt of

> 2 & rlo

o

ol
% -1}
Orr‘

fi
o
o
M
o of
. =
byl
ot
i
it
lo

,d
SE, ol
o
ol
£
fol
&
a2
o
fru
gh
1%
of
ol

o>

o o gt
ot o

N
-

FAARE ARl FHE A e R
FoALge] Wil e Aok gel el
e AAe wge] Bax et gl

Bl
>,
[~
i
2
=
:Oé
>
e o
EN

= =

[

o = 4y
fu

off o

ol

ol

9

=

il

P

o2 =
i) S o_?:, sy
IHCG o
M
r*?j Y
o
=)
oo of
> P
= HE
o o
o =
2
02
e

ko
1t
po)
o
O,

(1]

(2]

|
]
©
|

T. Lillesand, R.-W. Kiefer and ]
Chipman, Remote sensing and image
interpretation, John Wiley &  Sons,
Hoboken, 2015, https://www.wiley.com/en—
us/Remote+Sensing +and+Image+Interpretati
on%2C+7th+Edition—p-9781118343219.

A. F. H Goetz, “Three Decades of
Hyperspectral Remote Sensing of the
Earth: a Personal View”, Remote Sensing
of Environment, vol. 113, pp. 5-16, 2009,
https://doi.org/10.1016/].rse.2007.12.014.



(3]

[4]

(5]

[6]

[7]

(8]

S. H Kim, J. G. Kang, and C. S. Ryuy,
“Estimation of Moisture Content in
Cucumber and Watermelon Seedlings
Using Hyperspectral Imagery”, Protected
Horticulture and Plant Factory, vol. 27, no.
1, pp. 34-39, 2018, https://doi.org/10.12791/
KSBEC.2018.27.1.34.

C. Rodarmel, and J. Shan, “Principal
component analysis for hyperspectral
image classification”, Surveying and Land
Information Science, vol. 62, no. 2, pp.
115-122, 2002, https://www.proquest.com/
docview/202974751 ?pq-origsite=gscholar&fr
omopenview=true.

Felix M. Riese and Sina Keller,
“Introducing a Framework of Self-
Organizing Maps for regression of Soil
moisture wiyh Hyperspectral Data”, IEEE
IGARSS, pp. 6151-6154, 2018 https://
doi.org/10.1109/IGARSS.2018 8517812

V. Slavkovikj, S. Verstockt, W. De Neve,
S. Van Hoecke, and R. Van de Walle,
“Hyperspectral image classification with
convolutional neural networks”, Proc. of
23rd ACM International Conference on

Multimedia, Brisbane,  Australia, pp.
1159-1162, 2015, https://doi.org/10.1145/
2733373.2806306.

Y. Chen,, H. Jiang, C. Li, X. Jia and P.
Ghamisi, “Deep feature extraction and
classification of hyperspectral images
based on convolutional neural networks”,
IEEE Transactions on Geoscience and

Remote Sensing, vol. 54, no. 10, pp.
6232-6251, 2016, https://doi.org/10.1109/
TGRS.2016.2584107.

H. Zhang, Y. Li, Y. Zhang and Q. Shen,

“Spectral-spatial classification of
hyperspectral imagery using a dual-
channel convolutional neural network”,

Remote Sensing Letters, vol. 8 no. 5, pp.
438-447, 2017,  https://doi.org/10.1080/
2150704X.2017.1280200.

[9] M. He, B. Li, and H Chen, “Multi-scale

3D deep convolutional neural network for
hyperspectral image classification”, Proc.
of 2017 IEEE International Conference on
Image Processing, Beijing, pp. 3904-3908,

2017, https://doi.org/10.1109/ICIP.2017.
8297014.

[101Y. Li, H Zhang and Q. Shen,
“Spectralspatial classification of
hyperspectral imagery with 3D
convolutional neural network”, Remote
Sensing, vol. 9, no. 1, pp. 67, 2017,

[11] Alex Krizhevsky,

[12] Karen

https://doi.org/10.1016/j.patrec.2018.10.003.

Ilya Sutskever and
Geoffrey E. Hinton, “ImageNet
Classification with Deep Convolutional
Neural Networks”, Proceedings of the 25th

International ~ Conference on  Neural
Information  Processing  Systems,  pp.
1097-1105, 2011,  https://papers.nips.cc/

paper/4824-imagenet—classification-with-de
ep—convolutional-neural-networks.pdf.
Simonyan, Andrew Zisserman,
“Very Deep Convolutional Networks for
Large-Scale Image Recognition”, Proc. of
ICLR, pp. 1-14, 2015, https://arxiv.org/
pdf/1409.1556.pdf.



2021 122 et=AZEOZZE7Iee =24 M172 M2z

A7H

& (Nam-Youl Jeon)

20012 Avtoheta AaEA s A AL
20203- @A) : AF o)t 1aHE A o))
AA A

<FIAEE> ABAF, A

ol (Bong-Kyu Lee)

1995.2 /\1311}]5]'—7 A FE F8r3) kAl
1996.3-AA) : AF e uF
<FHA RO AT AT, HEI



