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ABSTRACT: Objective To investigate the model transfer of the transfer via extreme learning machine
auto-encoder algorithm (TEAM) on near infrared spectrum by analyzing the acid value and peroxide value of edible
oil. Methods The near infrared spectral data of edible oils were collected by MATRIX-F and VERTEX-70 infrared
spectrometers, and the spectral data were preprocessed by multiple scattering correction method. Then, a transfer
model was established based on TEAM, and the modeling effects were compared with those of direct standardization,
piecewise direct standardization and slope deviation correction algorithms. Results After TEAM algorithm model
transmission, the accuracy of the model was improved. In the edible oil acid value model, coefficient of

determination (R?) increased from —1.3984 to 0.8553, the root mean square error of prediction set decreased from
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0.613 mg/g to 0.2578 mg/g, and in the edible oil peroxide value model, R? increased from 0.6170 to 0.8987. The root

mean square error of prediction set decreased from 16.153 mmol/kg to 10.4150 mmol/kg. Conclusion The extreme

learning machine self-coding algorithm makes the slave data better adapted to the host model and improves the

stability and accuracy of the model.
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