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Abstract; This paper presents a calibration model, namely, improved auto encoder, which can be
used to predict the grade of soil organic matter content in large scale based on near infrared spectros-
copy. First, the framework of improved auto encoder model was proposed, which combined tradi-
tional auto encoder and classifier, and loss function of the model is defined. Then, the proposed im-
proved auto encoder was applied to predict the grade of soil organic matter content based on near in-
frared spectroscopy. The encoder, decoder and classifier were implemented with two-layer feed-for-
ward neural networks. Finally, a large scale soil spectral dataset was used to train the model for pre-
dicting the grade of soil organic matter content. The performance was compared with the results of
principal component regression and support vector machine. The results show that the classification
accuracy of soil organic matter content grades based on the proposed improved auto encoder model is
63.05% , which is better than other methods. This model can be used to predict the grades of soil

organic matter content in a large scale.
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Fig.1  Structure of improved auto encoder
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Tab. 1 Basic information of LUCAS soil dataset
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Tab.2 Classification of SOM in LUCAS dataset
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Fig.2 Mean spectra of soil samples with different grades of

Absorbance

soil organic matter
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Implementation of encoder, decoder and classifier in

proposed improved auto encoder.
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Tab.3  Hyper parameters and activation function of layers in

proposed improved auto encoder
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Tab.4  Classification results of soil organic matter based on

improved auto encoder

BURE W/ % KWE/ % BIRZE/% F1 58 %

AL 85.84 85.88 85.84 85.82
IESE 59.80 60.08 59.80 59.86
4 63.05 62.98 63.05 62.99
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Tab.5  Confusion matrix on test set of soil organic matter
based on improved auto encoder
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Fig.4  Reconstruction of soil spectra based on improved auto
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Tab. 6 Comparison of classification results with different cal-

ibration models

B VR % KW/ % T o8/ %
Bk A g gt 4% 63.05 62.98 62.99
SVM 56.37 50. 16 50. 61
SVR-C 55.82 56. 58 55.25
PCR-C 51.65 50. 82 50.24
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