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ABSTRACT

The objectives were to assess the use of near-infrared reflectance spectroscopy (NIRS) as a tool
for estimating nutrient compositions of corn kernel, and to apply an NIRS-based indium gallium
arsenide array detector to the system for collecting spectra and analyzing calibration equations
using equipments designed for field application. Partial Least Squares Regression (PLSR) was
employed to develop calibration equations based on representative data sets. The kennard-stone
algorithm was applied to induce a calibration set and a validation set. As a result, the method for
structuring a calibration set significantly affected prediction accuracy. The prediction of chemical
composition of corn kernel resulted in the following (kennard-stone algorithm: relative) moisture
(R’=0.82, RMSEP=0.183), crude protein (R’=0.80, RMSEP=0.142), crude fat(R’=0.84, RMSEP=
0.098), crude fiber (R>=0.74, RMSEP=0.098), and crude ash (R’=0.81, RMSEP=0.048). Result of
this experiment showed the potential of NIRS to predict the chemical composition of corn kernel.
(Key words : Chemical composition, Corn kernel, Kennard-Stone, NIRS, PLSR)
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. No. of Range
Selection Type - Mean SD
Sample Min. Max.
R-Calibration set’
Moisture 30 12.94 14.39 13.44 0.45
Crude Protein 30 6.95 7.84 7.31 0.30
Crude fat 30 33 4.03 3.74 0.20
Crude fiber 30 2.03 2.58 2.23 0.15
Crude ash 30 1.01 1.24 1.10 0.08
KS[a]-Calibration set’
Moisture 32 12.94 14.54 13.57 0.54
Crude Protein 32 6.95 8.05 7.44 0.37
Crude fat 32 33 4.03 3.78 0.20
Crude fiber 32 2.03 2.58 2.20 0.15
Crude ash 32 1.01 1.24 1.12 0.09
KS[r]-Calibration set’
Moisture 32 12.88 14.54 13.52 0.53
Crude Protein 32 6.95 791 7.40 0.33
Crude fat 32 33 4.03 3.77 0.19
Crude fiber 32 2.03 2.58 2.21 0.15
Crude ash 32 1.01 1.24 1.11 0.08

Min = minimum, Max = maximum, SD = standard deviation.

" R-Calibration set: randomly selected sample set in complete calibration set;
i KS[a]-Calibration set: absolutely selected sample set using Kennard-Stone (KS) algorithms;
¥ KS[r]-Calibration set: relatively selected sample set using Kennard-Stone (KS) algorithms.
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Table 2. The prediction results if the randomly selected calibration set is applied.

Calibration set Validation set
Selection Type Constituent (30 _samples) (33 samples)
R¥ RMSEC? R* RMSEP'
Moisture 0.95 0.110 0.69 0.410
Crude Protein 0.92 0.095 0.42 0.342
Random* Crude fat 0.87 0.078 0.45 0.191
Crude fiber 0.84 0.065 0.41 0.142
Crude ash 0.96 0.016 0.72 0.062

" Random: the randomly selected calibration set by RapidMiner Studio 6.0.
R%: coefficient of determination.

¥

¥ RMSEC: root mean square error of calibration.
" RMSEP: root mean square error of prediction.

Table 3. The prediction results if the Kennard-stone algorithm is applied.

Kennard-Stone

Calibration set

Validation set

Algorithm Constituent (32 samples) (31 samples)
R* RMSEC! R* RMSEP’
Moisture 0.87 0.181 0.82 0.192
Crude Protein 0.84 0.143 0.78 0.172
Absolute” Crude fat 0.86 0.099 0.82 0.103
Crude fiber 0.75 0.087 0.72 0.098
Crude ash 0.82 0.043 0.80 0.048
Calibration set Validation set
(32 samples) (31 samples)
R™ RMSEC' R™ RMSEP’
Moisture 0.83 0.182 0.82 0.183
Crude Protein 0.81 0.142 0.80 0.142
Relative' Crude fat 0.85 0.096 0.84 0.098
Crude fiber 0.76 0.093 0.74 0.098
Crude ash 0.82 0.043 0.81 0.048

" Absolute: The required sample size of calibration set.
¥ Relative: The required sample ratio of calibration set (sample ratio: 0.5).
Sample ratio: the fraction of calibration set which should be sampled.

$ R coefficient of determination.
'”‘ RMSEC: root mean square error of calibration.
! RMSEP: root mean square error of prediction.
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