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Abstract

The aim of this study was to evaluate the potential of near-infrared reflectance spectroscopy (NIRS) as a rapid method to estimate the
cooking characteristics of rice. A total of 586 samples from rice breeding lines from 1999 to 2002, which had high variation for agron-
omy, location and year, were scanned by NIRS for calibration optimization by chemometric methods. Two subsets of 212 samples from
one year and 400 samples from three years were employed to find suitable sample status for extending the NIRS utilities. There were
three algorithms of PCA, PL1 and PL2, in which the first one was only based on the sample spectra variant and the remaining two based
on the variant of both spectra and chemical characteristics to describe the relationship between any two neighboring samples. According
to the results of calibration and validation by the three algorithms used, the suitable calibration samples could be chosen by the cutoff of
neighborhood distance (NH) of 0.35, 0.4 and 0.45, respectively. For the cooking characteristics, the combination of SNV+D/‘1,4,4,1’
was the best pretreatment and the accuracy models were obtained with low SECV and high 1 � VRof amylose content (1.42% and
0.95%), gel consistency (9.49 and 0.76 mm) and alkali spread value (0.86 and 0.79 grade) . The models developed using brown rice
and milled rice were superior to those using intact rice grains, but slightly poorer to those using their corresponding flour samples. There-
fore, on-line monitoring of rice quality could be conducted in rice processing at milling stages. Due to the fewer sample mass destroyed,
the brown rice (3 g) and brown rice flour (3 g or 0.5 g), by which the NIRS models were successfully developed for cooking characteristic
analyses, could be introduced into quality evaluation of germplasm and intermediate lines selection in breeding projects.
� 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

Rice is one of the most important staple foods in the
world, specifically in Asian countries. For improving the
rice quality, it is necessary to test rice quality character-
istics in the breeding projects and product process. Near
infrared reflectance spectroscopy (NIRS), which possess
the merits of minimal sample preparation, high speed
and multi-characteristics testing of analysis, is being
widely applied to estimate rice quality characteristics
(Batten, 1998; Wu & Shi, 2003). By using milled rice
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flour, accurate NIRS calibration models for amylose con-
tent (AC), the most important cooking characteristics,
have been developed (Bao, Cai, & Corke, 2001; Bean
et al., 1990; Delwiche, Bean, Miller, Webb, & Williams,
1995; Shu, Wu, Xia, Gao, & McClung, 1999a; Sohn,
Barton, McClung, & Champagne, 2004). The NIRS
models of this characteristic have also been successfully
obtained when using other samples status such as milled
whole-grain (Delwiche, McKenzie, & Webb, 1996; Wind-
ham et al., 1997), brown rice flour (Shu, Wu, Xia, Gao,
& McClung, 1999b) and single grain (Wu & Shi, 2004).
NIRS has been used to estimate rice nutrient character-
istics, such as protein content of milled whole-grain sam-
ple (Barton, Himmelsbach, McClung, & Champagne,
2002; Delwiche et al., 1996) and amino acid content of
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Table 1
Collection of rice samples and calibration sets

Location Sample number

1999 2000 2001 2002

Hangzhou 56 31 69 34
Fuyang 49 33 68 23
Wenzhou 8 10 10 –
Zhoushan 10 12 10 –
Shaoxin 25 5 10 –
Ningpo 3 – 5 –
Taizhou 10 10 10 –
Jiaxin 15 20 20 –
Jinhua 10 10 10 –

Total 186 131 212 57
Set 1 586
Set 2 212
Set 3 400

–, no sample collected.
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milled rice flour (Barton, Windham, Chanpagne, &
Lyon, 1998; Wu, Shi, & Zhang, 2002). Furthermore,
NIRS model of some other cooking-related characteris-
tics, for example, texture, gelatinization temperature, gel
consistency and RVA-related characteristics from various
samples have been well developed (Bao et al., 2001; Del-
wiche et al., 1996; Meullenet, Mauromoustakos, Horner,
& Marks, 2002; Windham et al., 1997).

The NIRS technique can estimate amounts of rice qual-
ity characteristic due to good relationship between refer-
ence data and spectra data obtained. But the NIRS
models with different accuracy potential can be developed
by using different sample geometries such as large bulk
sample cups, spinning cup whole kernel, and spinning
cup ground (Barton II et al., 1998). Meanwhile, sample sta-
tus, another main factor affecting the determination by
NIRS, must be chosen in order to increase the accuracy
of NIRS model. Sample selection of calibration set and
chemometric methods are other two important aspects
for developing accurate calibration model (Shenk & West-
erhaus, 1991).

Accurate NIRS models are based on sample’s represen-
tation of the product in calibration sets. Many aspects such
as physical status, chemical constitution, origin (location or
year) would affect the sample’s representativeness. It is
important to develop new approaches on available meth-
ods to select a representative set of samples for calibration.
Abrams, Shenk, Westerhaus, and Barton (1987) used the
method of a statistical clustering procedure to select sam-
ples and found that the calibration based on clusters are
not consistently better than those based on random sam-
pling. Another approach developed was useful to select cal-
ibration samples in a program called SUBSET, which used
r2 as a criterion for eliminating redundant samples (Wind-
ham, Mertens, & Barton, 1989). This approach relied on
the correct r2 limit setting, which is dependent on the spec-
tral variation of the population and must be set by trial and
error. Shenk and Westerhaus (1991) developed a powerful
approach to select samples based on their spectra by elim-
inating samples with extreme spectra and those with similar
spectra. They used the program CENTER to define popu-
lation with maximum standardized H distance (GH) of 3.0
and then use the program SELECT to choose samples with
minimum standardized H (NH) distance of 0.6 from their
nearest neighbors. These procedures could assemble a com-
prehensive set and provide an acceptable number of sam-
ples for calibration. But the NH distances are relative to
the population broadness and spectra similarity of samples.
Therefore, the suitable NH distance and number of sam-
ples should be optimized for the individual raw popula-
tions when used for calibration. Based on original sample
population with high variable characteristics for year and
location, the goals of this study were to find the suitable
sample number in calibration set, optimize the sample
status and compare the calibration effects by using vari-
ous chemometric methods when NIRS technique was
employed to estimate rice cooking characteristics.
2. Experimental

2.1. Rice materials

A total of 586 advanced lines of indica rice from the
breeding projects within four years (1999–2002) were col-
lected as original sample population. The rice samples were
from eight locations in Zhejiang Province, with high varia-
tion for agronomy, location and year (Table 1). By using
milled rice flour, all the rice accessions collected were
grouped as sample set 1 and were used to optimize chemo-
metrical methods for the calibration of rice cooking char-
acteristics. Sample set 2 composed of 212 samples from
2001 and sample set 3 consisted of 400 samples from
2000 to 2002. These were employed to find suitable sample
status on NIRS calibration analysis. Rice sample seeds
were dehusked in an electrical dehusker (model B-76,
China) and milled by sample miller (model JB-20, China)
to give brown rice sample and milled rice sample. These
two kinds of rice samples were further ground using model
3010-019 cyclone grinder (Fort Collins, Colorado, USA)
equipped with 0.5 mm screen, yielding the other two flour
samples, brown rice flour and milled rice flour, respectively.
The milled rice flour was analyzed for reference and NIRS,
and the others only for scanning by NIRS.
2.2. Determination of cooking characteristics

Three important cooking characteristics including amy-
lose content (AC), gel consistency (GC) and alkali spread
value (ASV) were analyzed. AC was determined according
to the protocol of Williams, Wu, Tsai, and Bates (1958)
with modifications by Juliano (1971). GC and ASV were
measured by the methods of Cagampang, Peterz, and
Juliano (1973) and Little, Hilder, and Dawson (1958),
respectively. Duplicate assays were performed for all
characteristics.
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2.3. Spectrum collection

All the samples were scanned on a NIRSystems model
5000 monochromator (NIRSystems, Inc., Silver Spring,
MD, USA). Either 3 g or 0.5 g rice sample was loaded in
a small ring cup of 36 mm or 18 mm inner diameter respec-
tively, and reflectance spectra (log 1/R) from 1100 to
2498 nm were recorded at 2 nm intervals. Each sample
was subsequently scanned 32 times and average spectrum
was collected.
2.4. Population definition and sample selection

In order to avoid calibration model disturbed by
abnormal or extreme samples, population definition was
introduced to this project. The CENTER algorithm
(Shenk & Westerhaus, 1991) was used to compute Maha-
lanobis distances (so-called Global H distance, GH) The
scatter of spectra were first corrected by a standard nor-
mal variate and detrending (Barnes, Dhanoa, & Lister,
1989) and derivatized with a 1, 4, 4, 1 math treatment.
In the procedure of principal components analysis, three
loading types of PCA, PL1 and PL2 were used when the
variations were limited to the spectra only, combined
spectra with a single reference or with all reference val-
ues, respectively. The population boundary was defined
using GH = 3 and the outliers must be removed. In
order to select a suitable and representative samples for
calibration set, the other algorithm SELECT (Shenk &
Westerhaus, 1991) was employed and the pretreatment
method for spectra used as in the CENTER program.
Then Mahalanobis distances between all pairs of spectra
(neighbor H distance, NH) were calculated. The cutoff of
NH was optimized to select the representative samples
for best calibration effects.
Table 2
Standard deviation and sample number of cooking characteristics in calibratio

NH distance AC

PCA (spectra) PL1 (spectra + AC) PL2 (

1.2 6.08 (43) 7.19 (62) 7.18 (
1.1 6.51 (49) 6.67 (65) 6.37 (
1.0 6.25 (68) 6.60 (80) 6.39 (
0.9 6.25 (68) 6.94 (94) 6.67 (
0.8 6.34 (87) 6.60 (123) 6.47 (
0.7 6.61 (103) 6.24 (161) 6.32 (
0.6 6.59 (140) 6.20 (211) 6.11 (
0.55 6.41 s(158) 6.16 (234) 6.17 (
0.5 6.30 (182) 6.11 (264) 6.16 (
0.45 6.20 (221) 6.11 (311) 6.01 (
0.4 6.24 (255) 6.10 (348) 6.02 (
0.35 6.29 (290) 6.04 (401) 6.06 (
0.3 6.12 (333) 5.98 (446) 5.90 (
0.2 5.97 (460) 5.93 (548) 5.89 (
0.1 5.90 (571) 5.88 (584) 5.88 (

Note: selected sample number are bracketed.
2.5. Calibration and validation procedures

All procedures were carried out with WinISI II (version
1.04) software (Infrasoft International, Port Matila, PA,
USA). By using modified partial least squares (MPLS)
regression method (Shenk & Westerhaus, 1991), calibra-
tions models for cooking characteristics were developed,
previously using the spectra pretreatment ss in the CEN-
TER process. Cross validation for the MPLS calibration
was performed for avoiding overfit. The statistic 1 minus
variance ratio (1 � VR) and standard error of cross valida-
tion (SECV) were calculated as an estimate of the coeffi-
cient of determination and validation error, respectively.
The similar two parameters in calibration, the coefficient
of determination (RSQ) and standard error of calibration
(SEC), were given for evaluating the calibration models.

3. Results

3.1. Rice population definition and sample selection

The spectra of milled rice flour in set 1 were used to opti-
mize the sample selection and calibration parameters.
According to the spectra data, Global H distances (GH)
were calculated by using CENTER program, and the pop-
ulation was defined through a cutoff of GH = 3, resulting
in the new population of 584 sample. There existed spectral
similarity between sample spectra in the population data,
which was unsuitable to develop robust calibration models.
The sample spectra in the population observed were very
dense in the global space calculated by the first three prin-
ciple components. Because of model accuracy being influ-
enced by redundant samples, the calibration set should be
selected. In defined population, Neighbor H distances
(NH) between every two spectra were computed by the
SELECT program. Calibration set was constructed by a
n set derived using the three algorithms of principle component analysis

GC ASV

spectra + all characteristics) PCA (spectra) PCA (spectra)

66) 17.43 (43) 1.83 (43)
82) 18.87 (48) 1.99 (47)
95) 18.30 (67) 2.01 (67)
116) 18.31 (67) 2.01 (67)
146) 18.90 (87) 1.97 (86)
186) 19.45 (101) 1.86 (99)
234) 19.90 (137) 1.93 (135)
265) 19.18 (155) 1.90 (152)
304) 18.75 (179) 1.91 (175)
348) 18.91 (218) 1.89 (214)
386) 19.45 (252) 1.91 (247)
438) 19.45 (287) 1.90 (282)
493) 19.13 (330) 1.92 (325)
569) 18.89 (457) 1.92 (452)
583) 18.84 (568) 1.88 (561)
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Fig. 1. Calibration and validation effects on different subset from
SELECT program. top, middle and bottom were the effects on amylose
content (AC), gel Consistency (GC) and alkali spread value (ASV),
respectively. PLS method applied to scatter corrected spectroscopy with
SNV+D and treated by 1,4,4,1.
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cutoff of NH = 0.35, resulting in the selected samples dis-
persed in the global space.

Table 2 listes a series of calibration sets selected by a cut-
off of various NH distances. Before NH distance calcula-
tion, the principle component analysis was performed on
the defined population. The different algorithms could
affect the principle component number and further affect
NH distance. Therefore, three algorithms such as PCA,
PL1 and PL2 were applied to principle component analy-
sis, where PCA was based on the variant of spectra only,
PL1 based on the combination variant of spectra and
AC, PL2 based on that of spectra and all three references.
When the smaller NH value was used, the larger number of
samples was selected by using all three algorithms, and vice
versa. The standard deviation (SD) of AC, GC and ASV
were fluctuated when PCA algorithm was used. The SDs
of AC from PL1 to PL2 algorithms decreased fluctuant
when NH distance declined from 1.2 to 0.1. When the same
NH distance used, the sample number selected from PL1
algorithm was larger than that from PCA, while it was
smaller than that from PL2. Those indicated that the calcu-
lated variant of population was enlarged by combining
spectral data and references’ data.

3.2. NH distance optimization by calibration and validation

Three cooking characteristics of the calibration sets as
their NH distances calculated by PCA algorithm were cal-
ibrated and validated (Fig. 1). The determination coeffi-
cients (RSQ and 1�VR) of calibration and validation
fluctuated slightly for all characteristics, whereas the stan-
dard errors (SEC and SECV) fluctuated dramatically. With
the decline of NH distance, the SEC and SECV of the AC
tended to decrease gradually and they decreased signifi-
cantly at the point of the NH = 0.35 (Fig. 1, top). There-
fore, the selection by this point resulted in a 290-sample
population, which was suitable to calibrate the AC. For
the GC and ASV, the SEC increased fluctuant with the
decline of NH from 1.2 to 0.1, while the SECV decreased.
From the point of NH = 0.55, the curves of SEC and
SECV for these two characteristics began to fluctuate
faintly (Fig. 1, middle and bottom). The populations for
the GC and ASV selected at this point was only 155 and
152 samples, which were considered enough as calibration
set. More than two thirds of population samples were
redundant for these two characteristics. Regarded as the
AC, the calibration set can be selected at the point of
NH = 0.35.

When the principal components were calculated by
using the PL1 and PL2 methods, the different NIRS models
of AC could be developed (Fig. 2). The RSQ and 1�VRof
the AC models developed by these two methods showed
that their value gradually increased with the decline of
the NH value (i.e. increment samples selected). The SEC
and SECV of the models developed by the PL1 exhibited
the same rule, which fluctuant decreased when the smaller
NH values were used. From the point of NH = 0.4, they
decreased dramatically (Fig. 2, top). Therefore, the samples
selected by this point were sufficient for NIRS calibration.
As for the SEC and SECV by the PL2 method, they
showed different rule, in which the former fluctuant
decreased and the latter did significantly (Fig. 2, bottom).
At the point of the NH = 0.45, the curve trend of these
two errors became plain. So the samples selected by this
point were sufficient for calibration model. When the PL1
and PL2 were used, the suitable points defined by the
NH = 0.4 and NH = 0.45 resulted in the same 348 samples
selected for calibration set, which was larger than the sam-
ple number (290) designated by the PCA method. Thus,
three algorithms for principal components analysis, which
resulted in the various calibration set, could be used for this
population. But only the PCA algorithm can be used to
define the calibration set in order to select the representa-
tive samples and thereafter reduce the chemical analysis
work, when the new characteristics were used to develop
the NIRS models.
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Fig. 2. Calibration and validation effects on amylose content based on
principal components determinated by PL1 and PL2 methods. Calibration
methods were the same as those in Fig. 2.
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3.3. Spectra pretreatment methods

By using PCA algorithm and the cutoff by NH = 0.35,
the achieved calibration set having 290 samples was used
to optimize the spectra pretreatment methods. The spectra
pretreatment methods of scatter correction with SNV + D,
mathematical treatment with derivative and smooth, and
the combination of scatter correction and mathematical
treatment showed the variant effects on calibration and val-
Table 3
Calibration and validation effects on NIR model of AC, GC and ASV by
different spectra pretreatments

Constituent Pretreatment methods Calibration Validation

SEC RSQ SECV 1 � VR

AC (%) Control 1.66 0.93 1.91 0.90
SNV+D 1.49 0.94 1.73 0.92
1,4,4,1 1.16 0.97 1.43 0.95
2,4,4,1 1.21 0.96 1.71 0.92
SNV+D/1,4,4,1 1.18 0.96 1.42 0.95
SNV+D/2,4,4,1 1.10 0.97 1.59 0.93

GC (mm) Control 9.90 0.73 10.34 0.70
SNV+D 9.52 0.75 10.05 0.72
1,4,4,1 8.89 0.78 10.19 0.71
2,4,4,1 9.00 0.78 10.93 0.67
SNV+D/1,4,4,1 8.32 0.81 9.49 0.76
SNV+D/2,4,4,1 8.72 0.79 10.58 0.69

ASV (grade) Control 0.83 0.81 0.87 0.79
SNV+D 0.76 0.84 0.87 0.79
1,4,4,1 0.77 0.84 0.86 0.79
2,4,4,1 0.82 0.81 0.93 0.76
SNV+D/1,4,4,1 0.74 0.85 0.86 0.79
SNV+D/2,4,4,1 0.79 0.82 0.89 0.78
idation for the AC, GC and ASV (Table 3). For all cooking
characteristics, the NIRS models developed using the first
derivative were generally superior to those developed using
the second derivative for log1/R of rice flour spectra. For
AC, the effect of the ‘1,4,4,1’ was better than the control
and the ‘2,4,4,1’, which was similar to SNV+D. The com-
bination method with SNV+D/‘2,4,4,1’ showed better
effects than their two individuals. Furthermore, the meth-
ods of ‘1,4,4,1’ and SNV+D/‘1,4,4,1’ showed the best
effects on the AC models. Compared with the control,
the GC model was improved by the pretreatment of
SNV+D, or ‘1,4,4,1’, or their combination SNV+D/
‘1,4,4,1’, and the first method was better the second while
the last one was best. The GC models pretreated by the
‘2,4,4,1’ and SNV+D/‘2,4,4,1’ were overfit because they
showed lower 1 �VRand higher SECV than the control
in the validation. For the ASV, no obvious effect was
improved on the model developed by the method of
SNV+D, whereas the methods of ‘1,4,4,1’ and the combi-
nation SNV+D/‘1,4,4,1’ showed good effects. Similar to
the GC models, the ASV models developed by the pretreat-
ments of the ‘2,4,4,1’ and SNV+D/‘2,4,4,1’ were also over-
fit and showed lower prediction accuracy.

In general, the method of SNV+D/‘1,4,4,1’ was the best
pretreatment to the NIRS model development for the cook-
ing characteristics. When this method was used, the models
produced the following validation statistics: low SECV and
high 1�VR for AC (1.42% and 0.95%), GC (9.49 and
0.76 mm) and ASV (0.86 and 0.79 grade), respectively.

3.4. NIRS models of grain sample status

Set 2 including 212 rice samples were chosen and their
spectra for grain sample status of rice grain, brown rice
and milled rice were collected (Table 1). For small sample
set, only CENTER program was used to define the calibra-
tion population based on the whole rice grain spectra,
resulting in 210 samples being collected. In this defined
population, the means and ranges of the GC, AC and
ASV were 64.54 mm and 30–100 mm, 17.36% and 2.0%–
27.0%, 4.81 grade and 2.0–7.0 grade, respectively. The
effects of calibration and validation for cooking character-
istics from three-sample status were obviously variant
(Table 4). Using the rice grain spectra, good calibration
models for AC and ASV were developed with low SEC
and SECV of 3.13 and 3.82, 0.44 and 0.59, respectively.
But for GC, calibration model developed using these spec-
tra was poor with high value of SEC and SECV and low
value of RSQ and 1 � VR. By using brown rice spectra,
the calibration models for GC, AC and ASV were
improved dramatically with low SEC and high RSQ of
9.17 and 0.79, 1.84 and 0.92 and 0.32 and 0.91, respectively,
when compared with rice grain spectra. Furthermore, their
validation results were increased again for these character-
istics with lower SECV and higher 1 � VR. When the
milled rice spectra were used, SEC and RSQ of GC or
ASV were worse than brown rice in calibration procedure.



Table 4
Calibration and validation effects on NIRS models from grain sample
statusa

Sample status Constituent Calibration Validation

SEC RSQ SECV 1 � VR

Rice grain GC 13.30 0.56 14.97 0.45
AC 3.13 0.75 3.82 0.63
ASV 0.44 0.82 0.59 0.69

Brown rice GC 9.17 0.79 12.08 0.73
AC 1.84 0.92 2.37 0.86
ASV 0.32 0.91 0.44 0.84

Milled rice GC 10.83 0.76 11.73 0.75
AC 1.67 0.92 2.13 0.90
ASV 0.31 0.84 0.33 0.88

a Scatter correction: SNV+D; Mathematical treatment: ‘‘1,4,4,1’’.

Table 5
Effects of NIRS models in small sample of brown rice and brown rice
floura

Sample size Constituent Calibration Validation

SEC RSQ SECV 1 � VR

Brown rice grain (3 g) GC 9.57 0.74 11.22 0.73
AC 2.36 0.85 2.74 0.85
ASV 0.79 0.80 0.91 0.73

Brown rice grain (0.5 g) GC 11.80 0.63 13.41 0.52
AC 2.46 0.84 2.85 0.78
ASV 0.78 0.80 0.87 0.75

Brown rice flour (3 g) GC 8.03 0.83 9.40 0.76
AC 1.09 0.97 1.31 0.95
ASV 0.55 0.90 0.64 0.87

Brown rice flour (0.5 g) GC 10.08 0.72 10.91 0.67
AC 1.27 0.95 1.60 0.93
ASV 0.57 0.89 0.69 0.85

a Scatter correction: SNV+D; Mathematical treatment: ‘‘1,4,4,1’’.
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However, all the other parameters for all characteristics by
using milled rice were better than by using brown rice.
Therefore, calibration models for these characteristics were
slightly superior to those using brown rice spectra, result-
ing in lowest SECV and highest 1 � VRof 11.73 and
0.75, 2.13 and 0.90, and 0.33 and 0.88 for GC, AC and
ASV, respectively.

Briefly, the models developed using brown rice spectra
and milled rice spectra were superior to those using rice
grain spectra. Thus, these two types of sample status were
considered as candidates for NIRS analysis.

3.5. Brown rice grain and brown rice flour analyzing

From 2000 to 2002, there were 400 rice samples in set 3
which were collected for NIRS analysis after the sample
preparation of brown rice and brown rice flour have been
made. By using the CENTER and SELECT programs with
PCA calculated method, 372 samples were selected for cal-
ibration set whose reference values were not listed. Due to
data missing, fewer sample numbers for GC and ASV were
370 and 369, respectively. The variant for all characteristics
was good, covering a wide range presented in the common
rice breeding. GC, AC and ASV had the corresponding
ranges of 30–100 mm, 2.0–27.9% and 2–7 grade and means
of 66.46 mm, 17.22% and 4.87 grade. The calibration set
was, therefore, suitable to develop the NIRS models for
these characteristics for the purpose of screening the breed-
ing intermediate lines because of the requirement sample
size used.

Table 5 shows various effects of the calibration models
developed from brown rice grain and brown rice flour
scanned by using the full cup (sample mass about 3 g)
and smaller cup (sample mass about 0.5 g). The models
of brown rice grain using full cup had high determination
coefficients (RSQ and 1�VR) and low standard error
(SEC and SECV) for AC, furthermore, the models for
GC and ASV had better calibration effect with high 1
�VRof same value of 0.73, and lower SECV of 11.22 mm
and 0.91 grade, respectively. When using smaller cup, the
calibration models for GC and AC possessed lower accu-
racy and reliability than using full cup because the models
showed slightly lower RSQ and 1 � VRvalues and slightly
higher SEC and SECV. But the model for ASV showed the
same effect in calibration procedure and the better effect in
validation procedure. When the spectra of brown rice flour
were used, the calibration effects for all cooking character-
istics increased significantly by comparing the same cup
types. By using the full cup, the models for all characteris-
tics (GC, AC and ASV) were best with highest RSQ (0.83,
0.97 and 0.90) and 1 � VR(0.76, 0.95 and 0.87) and lowest
SEC (8.03 mm, 1.09% and 0.55 grade) and SECV
(9.40 mm, 1.31% and 0.64 grade) values (Table 5). Simi-
larly, compared with the full cup, the calibration effects
decreased slightly by using the smaller cup. But their
SECVs were all smaller than the models developed from
brown rice grain scanned using both full cup and smaller
cup. In short, the calibration models developed from the
spectra of brown rice flour were superior to those of brown
rice grain. Except for the brown rice grain with smaller cup,
the models developed from these two types of sample status
could be used in the cooking characteristics prediction
because of their lower SEC and SECV and high RSQ
and 1 � VR.

4. Discussion

In this study the calibration results were used as crite-
rion to determine the NH distance and the corresponding
number of samples. It was found that the NH distance of
0.35 was a suitable value to select the samples based on
the spectra for the calibration of rice cooking characteris-
tics. This rice population might be narrower than the pop-
ulation of forages used by Shenk and Westerhaus (1991).
The WinISI II (version 1.04) software provided two more
algorithms of PL1 and PL2 to choose samples forming
the structure set for calibration. When based on the
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combination of spectra and the AC (i.e. PL1 algorithm),
and extension of all cooking characteristics (i.e. PL2 algo-
rithm), the suitable NH distances used for sample selection
were 0.40 and 0.45 for rice cooking characteristics calibra-
tion, respectively.

Through the Pearsion correlation analysis, the pheno-
typic correlation between AC and GC was significantly
negative in rice grain due to their high coefficient of
�0.698 (p < 0.01), but their calibration results were more
different. The model with the method used was the best
for the NIRS model development for cooking characteris-
tics. When the best pretreatment method of SNV+D/
‘1,4,4,1’ was used, the AC model (with SECV, SECV/SD,
and RSQ of 1.42%, 0.23% and 0.95%, respectively) was
obviously better than that of GC model (with SECV,
SECV/SD, and RSQ of 9.49, 0.49 and 0.76 mm, respec-
tively) (Table 3). These might be caused by the determina-
tion method of GC. According to the modified protocol of
Cagampang et al. (1973) the length of test tube is consistent
for only 100 mm, if the length of gel consistency (GC) is
larger than 100 mm, the higher part is shifted and consid-
ered as equal to 100 mm. Thus, the variant of GC length
between samples are eliminated when their GC length are
more than 100 mm, while the NIRS spectra exhibited all
the information caused by the chemical–physical character-
istics in rice grain. In order to improve GC calibration, the
length of test tube must be elongated enough to ensure that
all GC variant of sample can be tested.

Besides intact rice grain, there are various sample
statuses such as brown rice, brown rice flour, milled rice
and milled rice flour during the rice processing. The sample
status of milled rice or milled rice flour had been employed
in most studies on developing NIRS calibration models for
rice quality characteristics. In this study, all of these sample
statuses have been used and their calibration effects have
been compared. In general, the models developed using
brown rice and milled rice were nearly equal and superior
to those using intact rice grains, but slightly poorer to those
using their corresponding flour sample. So the NIRS tech-
nique can be used in rice processing to monitor the quality
on line at every milling stage. Among these sample statuses,
the milled rice grain and milled rice flour need a further
process of milling from their brown rice samples, and it will
destroy more than 25 g samples from the intact rice grain.
Thus these two sample statuses are unsuitable to analyze
for single plants, which cannot provide sufficient sample
mass for analysis. For the few sample mass (less than 5 g)
destroyed, the brown rice and brown rice flour samples
should be, hence, emphasized to be introduced into NIRS
analysis on rice breeding. Single plants or few sample mass
analyses of NIRS can be employed in many research areas
such as the intermediate material selection in a breeding
project, special quality plants screening in germplasm,
mutation library, and genetic material analyses in big pop-
ulations. In this study, good calibration models of brown
rice samples were successfully developed for rice cooking
characteristics analyses.
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