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Spectroscopy and Spectral Analysis
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(a): Multispectral camera; (b): Drying oven
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Comparison of three models
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Abstract In this paper, we studied the correlation between multispectral soil reflectance and soil moisture content. In this pa-
per, the Tongzhou experimental station of China Agricultural University was selected as the research area. In the experimental
wheat field of this experimental station, wecollected100 groups of soil samples on the spot. According to a certain gradient, we
prepared the soil moisture content between 10% and 50%. The real value of soil content was determined by drying method.
Multispectral cameras are convenient. Red Edged-M multispectral camera was mounted on innovative Phantom 3 UAV. The
multispectral images of soil samples were collected in a sunny environment. The multispectral images of soil samples were pro-
cessed. The spectral reflectance of soil samples was extracted, and the model between multispectral soilinformation and water
content was established. The multispectral information of soil samples was extracted by ENVI5. 3 software. We, asthe reflec-
tance of the standard whiteboard is 100%. The spectral reflectance of soil samples in five bands of blue, green, red and near-in-
frared was calculated. In order to explore the correlation between spectral reflectance and moisture content of soil samples, we
established BP neural network algorithm, support vector machine algorithm, andpartial least squares algorithm prediction models
of soil moisture content based on UAV multispectral images. Based on 80 sets of soil sample data as a training set, a prediction
model of soil moisture content based on the multi-spectral image was established. The BP neural network algorithm is improved
bythe Levenberg-Marquardt method, which improves the training speed of its BP neural network model. When the network
structure is 5-10-1, the number of iterations is the least, and MSE is the least. This paper chooses the network structure. The
support vector machine algorithm adopts the Gauss kernel function, and when the parameter is 0. 56, the model has the best
effect. In this study, normalized root means square error (NRMSE) and decision coefficient were used to compare the three pre-
diction models of soil moisture content quantitatively. We used 20 sets of soil sample data as the test set, the results showed that
the normalized root mean square error of soil moisture content prediction model based on BP neural network was 0. 268, and the
decision coefficient was 0. 872; the normalized root mean square error of soil moisture content prediction model based on support
vector machine was 0. 298, and the decision coefficient was 0. 821; The normalized root mean square error (NRMSE) of the pre-
diction model multiplied by soil moisture content is 0. 316, and the decision coefficient is 0. 789. According to the analysis of the
three models, the prediction model of soil moisture content based on BP neural network has a good effect. Through the research,
we can know that itis a close correlation between soil spectral reflectance and water content. The multi-spectral camera can effec-
tively monitor soil moisture content in real-time on the UAV. In this study, multi-spectral technology is applied in the field of

soil moisture content detection to provide technical support and theoretical support for monitoring soil moisture.
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