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

AEY] AKE ol A A FH7] wipel EGo] Auiske Ao HAY FEE THESE
Aot AL T8tk T 28390E Foto] AEY ASHRE AsoR BASE A7 Ay 9l
om EYY FEIES FAHE AE et 2y 283 A9 B 2EwEA vehde Wl
tolElZ Qlste] EAFA o] EZsty] wite] Algo] oyt E =EdAle 2E39YY EREE P4
2173 (Convolution Neural Network, CNN)& F3ato] s dst= Wis Ateet Aekst Wi oy 2&
Fo] AA UGS ASSFUH S A As A5 wied ZF ggel dis] el Zaek 54 oY
S e wys & Pa) gloh A A2Ee] a8 Holr] Y8 Bl A 2RFdTE o] 83
FETFEY A4S Fdstn 2GS Bl

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
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