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Fig. 1 Correlation between soil nitrogen content and self-col-
lected spectrum and its differential spectrum

(a): The original spectrum; (b): The first order differential spectrumj;

(c): The second order differential spectrum
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Table 1 List of strongly correlated wavebands for spectral data
% H A ST G I B/ nm
JE R 6% 918.7~1 878.7, 2 047.9~2 378.5

1356.0~1 448.4, 1624.4~1 628.5,
1710.2~1726.1,1 733~1 742. 3,

— skt 1 768.5~1 830.9, 1 906.3~1 931.9.
2 149.8~2 274.2, 2 294.3~2 298. 4,
2 314.8~2 327.3

1412.2~1427.6, 1 726.1~1 740,
1742.3~1771, 1 920.4~1 931. 9,

TR O6EE 1 997.4~2 025.5, 2 128. 6~2 374. 2,
2 427.5~2 441. 2, 2 450.5~2 459. 8,
2 473.9~2 478. 6




1374

HeiE 2 5Ot 842 %

iz R (2D 0 200 B 1 14 i R S I B AR S BURR D B S
S=A" UAYNA (2
R, AL ATRLA" SR BN RS S — B O S A
B B Ol 1 O 2 ) SR AR DG i B
2 588 K 2 k7 BRI Sk o s A O D B 1Y e O g A O
H DU A BT S RRAE BB, I 180 AN I (L3 2) A Sy 4
R .
R2 BHERBRREREMNEKERE
Table 2 Characteristic bands and model

input wavelength selection

FAIE 3 BE/nm P Wl R/ nm PR
1.356.0~1 448. 4 1.5 62
1624.4~1628.5 2.0 3
1710.2~1 830.9 2.4 51
2128.6~2 374.2 3.8 64
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Fig. 2 The basic structure of auto-encoder
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Fig. 3 The schematic diagram of CNN network structure
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[ £ 25 44 1 [ £ 25 4 2
g 25 )2 45 CNN-1 CNN-2 CNN-1 CNN-2
Y Rt Ko R~ Gy R~ Bk R=F
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B 3 64 3X3 128 3X3 128 3X3 128 3X3
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3 X3 X X X
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Fig. 4 Changes of evaluation indexes of CNN-3 model

(a): Coefficient of determination; (b): Root-mean-square error; (c): Relative percent deviation
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Research on Prediction Model of Soil Nitrogen Content Based on
Encoder-CNN

JI Rong-hua'*, ZHAO Ying-ying®, LI Min-zan’, ZHENG Li-hua®"
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Abstract Poor generalization ability of soil nitrogen content prediction models based on spectroscopy is the bottleneck of its
actual application in agriculture production. However, the deep learning model shows strong potential for generalization because
of its automatic feature extraction and excellent nonlinear expression. In this paper, a spectral prediction model of soil nitrogen
content combining the auto-encoder and convolutional neural network (Encoder-CNN) was proposed, the influence of model
structure and parameters on model performance was explored, and its generalization ability was investigated. After researching
the previous references and analyzing the correlation between wavelengths and soil nitrogen content, 180 wavelengths with the
highest correlation were selected and taken as the input of the Encoder-CNN model. The output of the Encoder-CNN model was
the soil nitrogen content. The Encoder-CNN model first used the auto-encoder to reduce the dimension of 180 wavelengths and
then predicted the soil nitrogen content by its convolutional neural network. Two network structures were designed. Each
network structure had two different parameter settings. Therefore, four models were used to explore the effects of structure and
parameters of the Encoder-CNN soil nitrogen content spectral prediction model on modeling performance. Encoder CNN models
were trained by the LUCAS data set. According to the 3¢ principle, 20 791 data were obtained from LUCAS and then divided
into a training set (18 711) and test set (2 080). The results were analyzed and discussed, and several conclusions were achieved
in this research. The reproduction effect of the automatic encoder reached the best when the number of neurons in the last hidden
layer was set to 30 with the same number of hidden layers as the others; the more hidden layers, the better the reproduction
effect. As for the prediction part based on CNN, increasing the number of convolution kernels, especially 1 X 1 convolution
kernels, could improve the prediction performance and reliability. By adding pooling layer in CNN, the model’ s prediction
accuracy was improved to more than 0. 90. The model’s performance could also be improved by increasing the number of neurons
in the full junction layer. The Encoder-CNN model built by the LUCAS data set was migrated to the Heilongjiang data set, and
the generalization ability of the model was observed and evaluated. The prediction accuracy of the model, which was trained 100
times by the Heilongjiang data set, could reach more than 0. 90. When the number of iterations was set to 900, the model’s
prediction accuracy could be as high as 0. 98. The results showed that the proposed Encoder-CNN spectral prediction model of
soil nitrogen content had good generalization ability, and it could be used to detect soil nitrogen content after the model migration

process.
Keywords Soil; Nitrogen content; Spectral prediction; Convolutional neural network; Auto-encoder
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