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Fig. 2 The original spectra of yellow rice wine
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Fig. 4 Structure of supervised auto-encoder structural
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Table 1 Prediction results based on different
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Table 2 Prediction results of corn data sets

using different modeling methods

Tr

RMSEP

RPD

PLSR
BP
SAE
SSAE

0.182 9
0.130 5
0.105 3
0. 060 4

1. 425
1. 998
2.477
4.313

11.0
10.8
10.6
10.4
10.2

Moisture/%

10.0 1
9.8 1

(b)

—— true—— predict

9.6

11.0 4
10.8 1
10.6 A
10.4 A
10.2 4
10.0 1
9.8 1

Moisture/%

9.6

(d)

T
6 11

Sample number

T
16

—— true —*— predict
T

1

6 11

Sample number

8 ERBBFEABEEFEHMARILL

(a): PLSR A (b): BP##; (c). SAE A ;

Fig. 8 Prediction results of different modeling methods for corn data
(a): PLSR model; (b): BP model; (¢): SAE model; (d): SSAE model
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Table 3 Prediction results of yellow wine data

sets using different modeling methods
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Fig. 9 Prediction results of different modeling methods for yellow wine data
(a): PLSR model; (b): BP model; (¢): SAE model; (d): SSAE model
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Near-Infrared Spectral Modeling Based on Stacked Supervised
Auto-Encoder

SUN Zhi-xing, ZHAO Zhong-gai” , LIU Fei
Key Laboratory for Advanced Process Control of Light Industry of the Ministry of Education, Jiangnan University, Wuxi
214122, China

Abstract The near-infrared spectrum contains the characteristic information of the hydrogen-containing groups of organic
molecules in the substance, and it has the characteristics of high dimensionality and large redundancy. Traditional near-infrared
spectroscopy techniques are based on shallow correction models, such as principal component regression, partial least squares
regression, artificial neural networks, support vector regression etc. » which cannot extract the deep information of the spectral
data. This paper proposes a near-infrared spectroscopy modeling method based on stacked supervised autoencoders, which can fit
the complex non-linear relationship between spectral data and target physicochemical values and extract the deep feature
information of the data. First. the optimal preprocessing method is selected by comparing the effects of different spectral
preprocessing on the model prediction results. Then the correlation coefficient method is used to extract the characteristic bands
of the preprocessed spectrum. The method uses the processed near-infrared spectrum data as the input signal. Then use the
target physicochemical values to perform supervised pre-training on multiple supervised autoencoders, and stack multiple pre-
trained supervised autoencoders. The stacked supervised autoencoder is obtained, the pre-trained parameters are used as the
initialization parameters of the stacked supervised autoencoder, and then the target physicochemical values are used to supervise
and fine-tune the stacked supervised autoencoder. Finally the optimal parameters of the model are obtained. Established partial
least squares regression prediction model, artificial neural networks prediction model, stack auto-encoder prediction model and
stack supervised auto-encoder prediction model on the corn water content data and the total acid content data of yellow wine
respectively, verifying the feasibility of stack supervised auto-encoder modeling. The root means square error and residual
prediction deviation are employed to evaluate model performance. The accuracy of four modeling methods of partial least squares
regression, backpropagation- artificial neural networks, stack auto-encoder, and stack supervised auto-encoder are compared and
analyzed. The analysis results show that the model established by stack supervised auto-encoder has a good prediction effect.
The two evaluation indexes of the corn water content data set reached 0.061 1 and 4. 271; the two evaluation indexes of rice

wine’s total acid content data reached 0. 126 6 and 4. 006, excellent for the other three methods.
Keywords Near infrared spectroscopy; Deep learning; Stack supervised auto-encoder (SSAE); Quantitative calibration model
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