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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 the large amount of data appearing in many
spectral bands. In order to solve this problem, analysis of hyperspectral images
using Deep Neural Networks (DNN) is being attempted.

In this paper, we propose a Convolution Neural Network (CNN)-based system,
a type of Deep Neural Network capable of predicting soil moisture. The
Convolution Neural Network learns the soil moisture using hyperspectral images
of the soil. In the recognition step, the soil moisture is recognized by analyzing
the input hyperspectral image.

In order to show the effectiveness of the proposed system, an experiment is
conducted to analyze the amount of moisture using hyperspectral image data
obtained from the soil. As a result of the experiment, the recognition rate was
96.7%. Since the presented technique automatically analyzes the entire band of
the target hyperspectral using a deep learning method, there is no need to make

efforts to find a specific band required for recognition for each image.

Keywords : Soil moisture, Plant growth, Hyperspectral image, DNN, CNN,

Spectral band
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