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Abstract

In this study, a framework has been presented for classifying native starches by using hyperspectral imaging in combination with
machine learning, to improve the classification performance of machine learning models under controlled preprocessing conditions
such as particle size and moisture content. Hyperspectral analysis revealed a substantial overlap among the different types of native
starches, indicating limitations in the classification on the basis of raw hyperspectral data. The starch classification performance
of the machine learning model varied depending on the particle size and moisture content of the starch. The highest classification
accuracy (~97%) was achieved at a particle size of 100 mesh and moisture content of 50%, and particle aggregation was effectively
suppressed to maintain a uniform dispersion state. These results were confirmed using microstructural analysis of the starches on
the basis of their scanning microscopic images and particle size distributions. Overall, the proposed preprocessing approach
demonstrates the strong potential of machine learning-combined hyperspectral technology as a rapid and nondestructive analytical

method for identifying native starches in the food industry.
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Fig. 1. Schematic diagram of hyperspectral imaging.
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Fig. 2. Hyperspectral reflectance curves of native starches with different particle sizes.
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Table 1. Performance of machine learning models to classify native starches with different particle sizes

Particle size Decision tree Random forest K-nearest neighbor Support vector machine
Train 0.994+0.003 0.981+0.004 0.931+0.005 0.813+0.009
80 mesh
Test 0.863%0.017 0.870+0.020 0.873+0.024 0.808+0.030
Train 0.999+0.001 0.980+0.003 0.937+0.004 0.855%0.003
100 mesh
Test 0.881+0.016 0.896+0.010 0.908+0.009 0.849+0.013
Train 0.997+0.002 0.971+0.003 0.935+0.001 0.885+0.002
120 mesh
Test 0.861+0.010 0.884+0.008 0.900+0.007 0.882+0.011
Train 0.997+0.001 0.972+0.003 0.941+0.003 0.870+0.003
140 mesh
Test 0.869+0.036 0.890+0.020 0.904+0.011 0.868+0.013
Train 0.990£0.001 0.966+0.005 0.903+0.006 0.819+0.003
270 mesh
Test 0.821£0.014 0.851+0.019 0.840+0.013 0.811+0.015
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Fig. 3. Hyperspectral reflectance curves of native starches with different moisture contents.
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Table 2. Performance of machine learning models to classify native starches with different moisture contents

Moisture content

Decision tree

Random forest

K-nearest neighbor

Support vector machine

Train 0.942+0.007 0.890+0.009 0.796+0.008 0.549+0.008

o
o Test 0.658+0.023 0.697+0.023 0.681+0.020 0.539+0.040
Train 1.000+0.000 0.996+0.001 0.973+0.003 0.938+0.004

o
e Test 0.957+0.007 0.968+0.011 0.963+0.011 0.934+0.011
Train 0.999+0.001 0.996+0.001 0.983+0.003 0.943+0.003

o
o Test 0.953%0.009 0.970+0.007 0.971+0.007 0.942+0.011
Train 0.999+0.001 0.995+0.002 0.985+0.003 0.811+0.005

o
- Test 0.961+0.013 0.967+0.010 0.973+0.005 0.805+0.017
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Fig. 5. Confusion matrix of machine learning models for native starches (a) and starches pretreated at 50% moisture content (b).
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Native starch

Corn Potato Sweet potato Tapicca Waxy corn Wheat

(b)

Fig. 6. Scanning microscopic images of native starches (a) and starches pretreated at 50% moisture content (b).
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Table 3. Particle size distribution of native starches and starches pretreated at 50% moisture content

Sample D1o (um) Dso (um) Dgo (um) Mean size (um) Span
Corn 14.7+0.01 33.2+0.05 68.1+0.14 39.0+0.06 1.61+0.00
Corn (pretreated) 7.70£0.01 16.6+0.04 33.7+0.04 19.4+0.03 1.56+0.00
Potato 19.3+0.01 41.8+£0.03 82.7+0.07 48.5+0.03 1.52+0.00
Potato (pretreated) 21.1+0.02 44.1+0.04 85.6+0.09 50.9+0.04 1.46+0.00
Sweet potato 12.2+0.01 26.8+0.03 54.0+£0.06 31.2+0.03 1.56+0.00
Sweet potato (pretreated) 7.41+0.02 17.0+0.04 34.6+0.07 19.8+0.04 1.60+0.00
Tapioca 8.86+0.00 19.3%0.01 41.0£0.07 23.1£0.02 1.67%0.00
Tapioca (pretreated) 7.73+0.02 16.2+0.03 31.7+0.04 18.7+0.03 1.48+0.00
Wheat 14.1+0.16 36.3+0.34 83.4+0.56 44.8+0.36 1.91£0.01
Wheat (pretreated) 11.4+0.02 25.3+0.05 52.5+0.06 29.9+0.04 1.63+0.00
Waxy corn 14.9£0.01 33.7£0.04 69.9+0.09 39.7+£0.04 1.63%0.00
Waxy corn (pretreated) 8.98+0.02 18.4+0.05 36.0+0.07 21.2+0.04 1.47+0.00
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