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Detection of ash content in wheat flour based on hyperspectral technology
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ABSTRACT: Objective To realize the accurate detection the ash content of wheat flour based on hyperspectral
technique. Methods A model for predicting the ash content of wheat flour based on partial least squares regression
(PLSR) and deep extreme learning machines (DELM) was established by collecting spectral data from wheat flour
based on hyperspectral imaging techniques. The best pre-processing and wavelength selection methods were selected
respectively by analyzing 3 kinds of pre-processing algorithms and 4 kinds of wavelength selection algorithms.
Ultimately, a prediction model based on the spectral information of the characteristic bands was constructed and the
results were compared. Results Standard normal variable (SNV) was the best pre-treatment method; successive
projections algorithm (SPA) outperformed random forest (RF), uninformative variable elimination (UVE) and genetic

algorithm (GA) were better to select the model of characteristic wavelengths; the DELM model was more suitable for
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the detection of ash content, the test set coefficient of determination of the optimal model reached 0.968, and the root

mean square error of prediction reached 0.024. Conclusion Hyperspectral imaging technology allows fast and

accurate non-destructive detection of ash content in wheat flour, this technology can provide a theoretical basis for

the development of an online system for testing wheat flour quality.

KEY WORDS: ash content of wheat flour; hyperspectral imaging technology; deep extreme learning machine; wave

screening
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Table 1 Comparison of modeling results of different

pretreatments
wp— T
g 2% MIESE WAL
RS RMSEC Ry RMSEP
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FIR 9 0.862 0.063 0.829 0.087
SNV 10 0.918 0.050 0.884 0.059
MSC 8 0.878 0.061 0.859 0.074

A IEAERY iR 22 (root mean square error of calibration, RMSEC);
TS J AR 1% 2% (root mean square error of prediction, RMSEP),
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Table 2 Analysis of PLSR modeling results based on
feature wavelengths

o 2¥ e IE 4R M4
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UVE-PLSR 15 0.915 0.051  0.867  0.068
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