
Article

Not peer-reviewed version

Modeling Methods for Evaluation

of Texture Properties of Cooked

Germinated Brown Rice Using the

Near Infrared Spectra of

Uncooked Whole Grain

Kannapot Kaewsorn , Thitima Phanomsophon , Pisut Maichoon , Dharma Pokhrel ,

Pimpen Pornchaloempong , Warawut Krusong , Panmanas Sirisomboon 

*

 , Munehiro Tanaka 

*

 ,

Takayuki Kojima

Posted Date: 13 November 2023

doi: 10.20944/preprints202311.0770.v1

Keywords: germinated brown rice; hardness; toughness; texture; near infrared spectroscopy; partial least

squares regression; artificial neural network

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/3092389
https://sciprofiles.com/profile/3092592
https://sciprofiles.com/profile/2464846
https://sciprofiles.com/profile/2464842
https://sciprofiles.com/profile/2559688
https://sciprofiles.com/profile/3044103


 

Article 

Modeling Methods for Evaluation of Texture 

Properties of Cooked Germinated Brown Rice Using 

the Near Infrared Spectra of Uncooked Whole Grain  

Kannapot Kaewsorn 1, Thitima Phanomsophon 2, Pisut Maichoon 2, Dharma Pokhrel 2, Pimpen 

Pornchaloempong 3, Warawut Krusong 4, Panmanas Sirisomboon 2,*, Munehiro Tanaka 5,*  

and Takayuki Kojima 5 

1 Department of Agricultural Engineering, School of Engineering and Innovation, Rajamangala University of Technology 
Tawan-Ok, Chon Buri 20110, Thailand; kannapot_ka@rmutto.ac.th 

2 Department of Agricultural Engineering, School of Engineering, King Mongkut’s Institute of Technology Ladkrabang, 
Bangkok 10520, Thailand; thitimap.june@gmail.com, palmpisut1994@gmail.com 

3 Department of Food Engineering, School of Engineering, King Mongkut’s Institute of Technology Ladkrabang, Bangkok 
10520, Thailand; pimpen.po@kmitl.ac.th 

4 Division of Fermentation Technology, School of Food Industry, King Mongkutʹs Institute of Technology Ladkrabang, 
Bangkok 10520, Thailand; warawut.kr@kmitl.ac.th 

5 Laboratory of Agricultural Production Engineering, Faculty of Agriculture, Saga University, 1 Honjo-machi, Saga 
University, Saga 840-8502, Japan; kojimat1733@gmail.com  

* Correspondence mune@cc.saga-u.ac.jp (M.T.); panmanas.si@kmitl.ac.th (P.S.) 

Abstract: The models of partial least squares (PLS) regression and artificial neural network (ANN) for 
evaluation of texture properties of cooked germinated brown rice (GBR) using the Fourier transform near 
infrared (NIR) spectra of uncooked whole grain combined with data separation methods, spectral pretreatment 
methods were investigated in this study. The ANN was outperformed in evaluation of hardness by back 
extrusion test of cooked GBR using the smoothing combined with standard normal variate pretreated NIR 
spectra in the range of 12,500-4,000 cm−1 of 188 whole grain samples where the calibration sample set was 
separated from prediction set by Kennard-Stone method where the best ANN model for hardness from hidden 
layers of 25 and 8 iteration time provided R2, r2, RMSEC, RMSEP, Bias and RPD of 0.9987, 0.9447, 0.1021 N, 
0.7699 N, 0.0216 N and 4.3 respectively. The PLS regression of 64 sample KDML GBR group and 64 sample 
various variety GBR group, provided models for the hardness of the former and the toughness of the latter 
which developed by using 7506−5446.3, 4605.4−4242.9 cm−1 which included the amylose vibration band of 6834 
cm−1 while toughness model was from 9403.8-6094.3 cm−1 where included 6834 and 8316 cm−1 vibration bands 
of amylose which influenced the texture of cooked rice. The PLS regression models for hardness and toughness 
were with the r2 of 0.85 and 0.82, and the RPD of 2.9 and 2.4, respectively. The ANN model for hardness of 
cooked GBR should be implemented to the practical use in GBR production factories for the quality assurance 
and further updating using more samples and several brands to obtain the robust models. 

Keywords: germinated brown rice; hardness; toughness; texture; near infrared spectroscopy; partial least 
squares regression; artificial neural network 
 

1. Introduction 

Rice (Oryza Sativa L.), as the world’s primary staple food, holds a critical role in providing 20% 
of calorie intake for nearly half of the global population [1,2]. This essential crop accounts for 19% of 
dietary energy worldwide [3,4]. Among the leading rice-exporting nations, Thailand, alongside India 
and Vietnam, stands as a consistent top performer in the global rice export sector [5]. This not only 
bolsters Thailand’s economic prosperity but also solidifies its historical moniker as the ʺRice Bowl of 
the World.  

Thailand cultivates a wide variety of rice, with Jasmine rice (Thai Hom Mali) being the most 
famous [7,8]. Other varieties include glutinous rice, black rice (Riceberry), red cargo rice, and various 
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fragrant and non-fragrant rice types. Brown rice is a whole grain rice variety that is minimally 
processed, retaining its outer bran layer and germ. 

As Thai consumers become increasingly health−conscious, there is a growing preference for foods 
that offer health benefits [9]. As many other countries, Thailand faces a rising burden of 
non−communicable diseases (NCDs) such as obesity, diabetes, and cardiovascular disorders [10]. 
Germinated brown rice (GBR) has potential in mitigating these health issues, owing to its low 
glycemic index and antioxidant properties, which provide health benefits such as reducing blood 
pressure, improving sleepiness, reducing cardiovascular diseases and diabetes regulation, and it may 
limit weight gain[11,12]. Thus GBR is positioned as a valuable dietary component in the battle against 
NCDs. . As global demand for healthy and specialty foods continues to grow, Thai GBR has become 
an export commodity. Its unique nutritional attributes make it an appealing product for international 
markets, contributing to Thailand’s agricultural exports and economy. 

If a non-destructive and rapid technique to determine the textural properties of cooked GBR is 
developed, it holds immense potential for enhancing the quality control process in large−scale 
commercial rice production. 

The texture of cooked rice plays a pivotal role in defining the palatability and overall dining 
experience [13], refers to the physical feel and structure of the rice grains, including attributes like 
firmness, chewiness, stickiness, and grain separation [14], which determines the market value and 
become the driving factors in consumer preferences for rice. However, the consumption of brown 
rice is limited and some of the barriers are the perceptions of the rough texture and unpalatable taste 
and increased the length of time for cooking [15].  

A number of methods have been employed to improve the textural properties of brown rice, e.g. 
soaking, gamma radiation, ultrasonic, enzyme treatment, high pressure cooking, freeze thaw cycle 
treatment and germination [15] and a germination level of 70% is considered the minimum required 
to produce GBR [16]. Germinated brown rice, often referred to as GBR or GABA rice, is also simply 
called brown rice that has undergone a natural germination process [17]. The germination process 
activates enzymes such as α-amylose, proteas, phytase and lipase within the rice grains, leading to 
various changes in the rice’s nutritional content and flavor profile, and resulting in softer and sweeter 
cooked brown rice [18,19]. Because bran layer contributes to the hard chewy texture usually of 
favored by consumers, increasing softness is an important attribute in eating quality of cooked GBR 
[20].  

Traditionally, evaluating the texture properties of cooked rice has relied on sensory assessments 
and instrumental measurements. Onmankhong and Sirisomboon [21] refered to the instrumental 
texture measurement i.e. low and high compression method on milled cooked rice grain and back 
extrusion test by mini Ottawa cell on the crumb of cooked parboiled rice. While these kinds of 
methods are well-established, they may not always be practical for large-scale operations and may 
be subjected to variations in human judgment.  

If a non-destructive and rapid technique to determine the textural properties of cooked GBR is 
developed, it holds immense potential for enhancing the quality control process in large−scale 
commercial rice production.   

NIR spectroscopy can be used to identify the chemical composition of food products and to 
provide in-depth identification of changes in physicochemical properties during food processing, as 
well as to integrate them into control strategies and the physical properties of food e.g. texture of food 
and their chemical composition e.g. moisture content are strongly correlated and can be reflected in 
the characteristic NIR spectra [22]. Machine learning (ML) can be used to model such predictive 
relationships based on NIR spectra, commonly used by principal component regression 
(PCR), support vector machine regression (SVR), partial least squares regression (PLSR) and back-
propagation artificial neural network (BP-ANN) algorithms. For example, PLSR and PCR were 
combined with the NIR spectra for evaluation of hardness and toughness of cooked parboiled rice, 
respectively [21], however, the models were only applicable for screening and approximate 
calibration. PCR, SVR, PLSR and BP-ANN were used in prediction of quality indicators of frozen 
samples which were drip loss, texture parameters including hardness, chewiness, gumminess and 
gel strength, respectively and by comparison, the BP-ANN modeling approach performed better than 
other [22]. 
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In response to these challenges, modern analytical techniques, such as NIR spectroscopy and 
machine learning, have emerged as powerful tools for predicting and assessing the texture of cooked 
rice and of other food quality. 

This research embarks on the journey of marrying the science of food texture assessment with 
the NIR, the running giant technology. The overarching objective of this study is to harness the 
potential of machine learning in conjunction with NIR spectroscopy to predict and evaluate the 
texture properties of cooked GBR. NIR spectra of uncooked rice grains have the potential to serve as 
the gateway to understanding the inherent characteristics of the grain, enabling the creation of 
predictive models capable of discerning textural nuances with precision. In pursuit of this goal, we 
bring together a diverse collection of rice samples, including both self-generated GBR and a variety 
of commercial GBR from different brands and cultivars. Through meticulous data collection and 
rigorous experimentation, we not only explore the correlation between NIR spectra and texture 
properties but also delve into the repeatability and reproducibility of these measurements. 

In this study, two algorithms: Partial least squares regression (PLSR) and Artificial neural 
network (ANN) were used to develop a model. PLSR is a traditional statistical method, that is a 
multivariate technique that constructs latent variables, their factors or components, to capture the 
maximum covariance between predictors and response variables. PLSR particularly effective for 
high-dimensional datasets with multicollinearity. ANN is a highly advanced deep learning algorithm 
that is considered to be highly effective for building model overcoming problem of working with non 
linear relation. 

This study, at the intersection of food science and machine learning, not only enhances our 
understanding of rice texture but also exemplifies the transformative potential of modern technology 
in shaping the future of food quality assessment. By the conclusion of this exploration, we aspire to 
unveil a novel approach to evaluating the texture of cooked GBR, ushering in a new era of precision 
and accuracy in the assessment of rice quality. Up till now, there have been no report on the 
evaluation of texture properties of cooked germinated brown rice using the near infrared spectra of 
uncooked whole grain. 

2. Materials and Methods 

2.1. Rice Samples 

Rough rice of Oryza sativa L., cultivar Khao Dawk Mali 105 (KDML 105) was collected from a 
field of P.J. Brand germinated rough rice factory in Chonburi Province, Thailand. The GBR was 
created using the technique described by Kaewsorn and Sirisomboon [23] and Kaewsorn et al [24]: 
rough rice water soaking time at room temperature was 24 and 48 hours and seven different 
incubation intervals (0, 6, 12, 18, 24, 30 and 36 hours) to create germinated rough rice (GRR). The GRR 
was dried using the fluidized−bed process and air dried process. Prior to the experiment, the GRR 
sample was dehusked and will be referred to as GBR in this paper. Each treatment condition 
employed ten kg of GBR. There was one control condition (regular brown rice, 0 h soaking time, and 
0 h incubation time) and 14 treatment with 2 replicates resulted in 30 samples used. While 32 
commercial types and brands of GBR of various varieties and some of the same varieties indicated 
were purchased from local department stores in Bangkok, Thailand, and stored at room temperature 
in the laboratory. The commercial GBR for 32 brands with different varieties were specified in 
Kaewsorn et al [24]. There were 16 brands for the KDML 105 variety (2 replicates, 32 samples) and 16 
brands for the other variations (2 replicates, 32 samples). As a result, 64 samples from local 
marketplaces were obtained. 

2.2. GBR Uncooked Sample Scanning for NIR Spectra 

Each sample was emptied from a vacuum bag into the quartz bottom−sampling cup (87 mm 
diameter and 87.5 mm height) placed in the rotational diffuse reflectance holder of a Bruker Ltd. 
(Germany). The NIR spectra was measured in diffuse reflection mode with an FT-NIR spectrometer 
(Bruker Ltd., Germany) at a wavenumber of 12,500−4,000 cm−1 (800−2500 nm). At a resolution of 16 
cm−1, each rice sample was scanned 64 times. In absorption mode (log 1/R), the scan findings were 
averaged and recorded. Prior to future usage, the bottom quartz−sampling cup was vacuum−cleaned. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 November 2023                   doi:10.20944/preprints202311.0770.v1

https://doi.org/10.20944/preprints202311.0770.v1


 4 

 

The background compensation was done before scanning of each sample by internal scanning gold 
plate as reference material. The scanning was done in 25±2 °C air condition room. 

2.3. The Approximate Repeatability of NIR Scanning 

The scanning was done twice per sub−sample at the same location and there were 2 sub−samples 
per samples. The standard deviation of the absorption value at each wavenumber of every 
sub−sample was calculated and the values of every sample was averaged. Then the values of every 
wavenumber were averaged to obtain the approximate repeatability of NIR scanning. The genuine 
repeatability can be obtained by scanning the sample at the same location for at least 10 times 
continuously [25].   

2.4. Method of Cooking Rice 

The technique of cooking rice utilized by Sirisomboon et al. [26] involved personal rice cookers 
(RC−10 MM, Toshiba, Thailand) to prepare 200 g of GBR samples using water to rice ratios that were 
1.6:1 for GBR. To produce cooked rice with the customary texture that customers want, the required 
water to rice ratio was employed. The cooked GBR was placed in a plastic cup with a weight of 
approximately 5 g.  In total, 5 cups per sample were prepared. 

2.5. Back Extrusion Test for Texture of Cooked GBR 

The cooked GBR samples were next submitted to the back extrusion test followed Kaewsorn et 
al [24], which involved inserting 3 g of cooked rice into a back extrusion test rig (BE) that was 
pressured from the top entrance of the rice container by a stainless ball for 99 mm of the total height 
of 100 mm at a ball probe speed of 1 mm/s. Each sampleʹs mean was calculated using 5 duplicate 
tests. It is determined the hardness, toughness, stickiness, and adhesiveness of cooked GBR. The back 
extrusion test was performed on 94 samples, with the average of each sample obtained using 5 
replications. 

2.6. The Repeatability and Reproducibility of the Measurement of Texture Properties 

The repeatability and reproducibility of the measurement of texture properties were determined 
by measuring four duplicates (four pairs) that were randomly subjected during the experiment at 
different times. These were reported in Kaewsorn et al [24]. 

2.7. NIR Spectroscopy Modelling by Machine Learning 

2.7.1. Calibration Set and Prediction Set Separation 

For checking model performance, several methods of sample division for calibration and 
prediction set were employed as it significantly impacts the model performance [27]. The calibration 
set should contain enough representative information to model unknown samples in the future [28], 
be the largest among and coverage of validation data. If the calibration setʹs value range does not 
adequately cover the validation set, prediction errors may occur because the model has not seen data 
with higher or lower values. The validation set is essential for effectively evaluating the model [29]. 
In this study, we focused on four methods for sampling, with an 80% calibration set and a 20% 
validation set: Interval sampling (IS), Kennard-Stone (KS), Hold-out cross validation (Hold-out CV), 
and sorting.  

The IS method was obtained by selecting validation samples using the following steps: 1) sorting 
samples in ascending or descending order of the reference value. 2) dividing the samples into subsets, 
each containing five samples. 3) selecting the middle sample in each subset as the validation data 
[30].  

The KS method involves selecting samples that are uniformly distributed based on Euclidean 
distance for distance computations [31]. This method is implemented using the following steps: 1) 
find the sample that is closest to the mean of the samples to be used as validation data and remove it 
from the dataset. 2) find the sample that is the most dissimilar to the sample selected in step (1) to be 
used as validation data and remove it from the dataset. 3) find the sample that is the most dissimilar 
to the samples that have already been allocated to the validation set based on the minimum distance 
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from any sample allocated to be validation data and remove this sample from the dataset. 4) repeat 
step (3) until the desired amount is reached [32].  

The CV method using a hold-out strategy involved random sampling without considering the 
data distribution. The data split proportions could vary, ranging from 90%:10% to 80%:20%, creating 
two mutually exclusive datasets: the training (calibration) dataset and the test (validation) dataset 
[33]. 

The last method is sorting, which is similar to the IS method. It involves dividing the samples 
into subsets (each subset containing ten samples) and then selecting the 7th to 8th samples in each 
subset to be validation data. 

All four sampling methods provided different information for the calibration and validation 
sets, including sample distribution in each dataset (S1). To determine which method is most suitable 
for our data and yields the best predictions, a comparison is needed. 

2.7.2. Spectral Pretreatment 

The spectral interferences show by a combination of several additive factors, multiplicative 
factors, polynomial baseline shift and spectral noises, hence, the empirical methods are widely used 
for spectral pre-processing [34]. Naturally, the raw spectrum may contain noise due to factors such 
as sample size [35] or moisture [36] that affect to light scattering [37]. This issue can be effectively 
addressed through spectral pretreatment. Pretreatment techniques play a crucial role in various 
analytical and data applications as they serve to enhance the quality of data before further analysis is 
conducted [38]. 

For modeling by OPUS, v. 7.0, (Bruker, Germany), the following pretreatment algorithms were 
used in both spectrum pretreatment and model development. NIR absorption spectra were combined 
with the reference data. After sorting the texture data, the entire spectra data were divided into 
calibration and prediction sets in a 7:3 ratio. The NIR spectra used for the model development were 
not pre-processing, constant offset elimination, straight line subtraction, vector normalization (SNV), 
min−max normalization, multiplicative scatter correction (MSC), first derivatives, second derivatives, 
first derivatives + straight line subtraction, first derivatives + SNV and first derivatives + MSC. 

In case of MATLAB spectral pretreatment was done by no pretreatment where the abbreviation 
was Raw − raw spectrum, and when there were pretreatment applied the methods including: BL – 
baseline offset spectrum, MC − mean centering spectrum, MN − mean normalization spectrum, MMN 
− max−min normalization spectrum, SMT − smoothing spectrum, SMT+SNV − smoothing+standard 
normal variate spectrum, SMT+MSC − smoothing+multiplicative scatter correction spectrum, 
SMT+1D − smoothing+1st derivative spectrum, SMT+2D − smoothing+2nd derivative spectrum 
spectrometer, were used.  

The mean centering transformation, the mean of the absorption values of every sample spectrum 
in each wave band in the spectral data matrix is subtracted from each value in that wave band, hence, 
the mean centering centers the values corresponding to each band about zero (modified [39]). The 
mean centering amplifies the different among the sample spectra [40]. The mean normalization and 
max−min normalization normalize the spectra to have a common feature by dividing each absorption 
value of each band in the raw spectrum by the average absorption value and the range (subtracting 
maximum value by minimum value) absorption value, respectively, of the spectrum. Normalization 
pretreatment correct spectral change caused by small of light path different [40]. 

Baseline offset correction only removes the baseline shift where every band absorbance of each 
spectrum is corrected by subtracting either by its absorbance at the first band (or another arbitrarily 
chosen band) or the median value in a selected range of spectrum [41]. 

The standard normal variate (SNV) method was employed as a pretreatment step before 
modeling. SNV operates by centering each spectrum around zero, achieved by subtracting the mean, 
and then scaling each signal value by the standard deviation of the entire spectrum. SNV is highly 
effective in removing systematic variations in spectral data, rendering it well-suited for subsequent 
analyses [42]. 

The spectra are shifted linearly so that the minimum y−value is equal to zero for the pretreatment 
of constant offset elimination make the linear baseline shifts eliminated and by subtraction of a 
straight line pretreatment, in each selected frequency range in the spectrum, the straight line is fitted 
by partial least squares method and then the straight line is subtracted from the respective spectrum 
make a linear tilt of the baseline shift eliminated [43]. Min−Max−Normalization (for absorbance 
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spectra): The spectra are shifted linearly, so that the minimum Y−value equals zero and then the 
spectra are expanded, so that the maximum Y−value equals two absorbance units where this spectral 
pretreatment can eliminate the influence of optical path length in changing height of the signal but 
not its structure in the transmission mode while in the diffuse reflectance mode the effect of different 
density or different particle sizes can often be minimized [43]. First derivative spectral pretreatment 
is done by taking derivative on each gap consecutively along the raw spectrum and the if another 
derivative is done on the first derivative spectrum, it is the second derivative pretreatment spectrum. 
By these pretreatment methods the baseline of every sample spectrum is same baseline (common 
baseline), the baseline shift is eliminated. The first derivative makes the peak of raw spectrum to be 
zero intensity point in the pretreated spectrum and the slope change point in the raw spectra will be 
peak of the first derivative spectrum. The second derivative pretreatment make the peaks and the 
overlapping peaks shown but upside down where the NIR radiation absorption by corresponding 
bond vibration are better shown. The slope change points along the raw spectra will be the peaks of 
the shoulders of the second derivative spectra. These pretreatments can make if the absorption at the 
amplified peaks correlated well with the dependent variables, the model performance to be 
improved. The smoothing pretreatment is needed to suppress noise before derivation if the raw 
spectrum has noise signal which is in the spike form. However, in the presence of complex 
interferences or when inappropriate smoothing parameters were used, the result of derivation may 
be rendered ineffective [34]. 

Multiplicative scattering correction (MSC) is used to compensate for additive and multiplicative 
effects in spectral data [41]. The effects are caused by physical different of samples such as different 
particle sizes, fruit sizes and or density of samples and the uncertainty of spectrometer due to change 
of humidity and temperature. MSC spectrum is obtained by the linear relationship calculated by 
ordinary least squares regression between the absorbance of the average spectrum of calibration 
sample spectra and of the sample raw spectrum where the additive factor and multiplicative factor 
are calculated for treated on the raw spectrum to transform to be MSC spectrum and the factors are 
saved for treating on prediction sample set spectra. 

2.7.3. Modeling Algorithms 

Partial leasts squares regression 

Partial Least Squares (PLS) regression is a chemometric algorithm used for modeling to predict 
dependent variables (Y, in this work is texture) from independent variable (X, in this work is NIR 
spectral) which helpful to evaluate data in both X and Y with large, noisy, collinear, and even missing 
variables [44]. PLS was based on principal component regression (PCR) but PLS was created a new 
variable called latent variables (LVs) combined with regression [45]. The LVs are linear combinations 
of the original independent and are constructed in a way that maximizes the covariance between the 
independent and the response variable [46].  

In this study, PLS regression was employed to predict the texture (quantification) of cooked GBR 
by using the spectra of GBR grains by OPUS software (Bruker, Germany) and by MATLAB version: 
9.13.0 (R2022b) [47]. In MATLAB calculation, LVs from 1 to 20 were used for modeling to compare 
their performance. 

Artificial neural network 

Artificial Neural Networks (ANN) work similarly to the human nervous system in training the 
independent variables to describe the dependent variables [48]. ANN is a nonlinear model that can 
be used to handle complicated relationships for classification [49]. It is based on a supervised 
procedure and consist of input (X), hidden, and output (Y) layers with connected neurons (nodes) to 
simulate the network and compute weights/bias trade-offs [50,51]. 

In this work, hidden layers of [5, 10], [10, 10], [15, 10], [20, 10], [25, 10], and [30, 10] were used for 
modeling. Every set of hidden layers was generated 20 times to find the best-performing model. The 
modeling was performed by MATLAB version: 9.13.0 (R2022b) [47]. 

2.7.4. Model Performance Determination 

The prediction performance of model was evaluated by the error (e) occurred in each prediction 
of sample i while i was equal to 1 to n which calculated by subtracting reference measured value (y) 
by NIR predicted value (ŷ) of either calibration set or prediction set. The averaged value of yi (ӯ)was 
used together with yi and ӯ to calculate the coefficient of determination. 
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The coefficient of determination of calibration (R2) and of prediction (r2) were calculated by 
equation 1 

R2 or r2 = 1 െ ∑ ሺ௬೔ିŷ೔ሻ೙೔సభ మ∑ ሺ௬೔ି ȳሻ೙೔సభ మ   (1)

Where, the model should be improved 
The root mean square error (RMSE) of calibration (RMSEC) and of prediction (RMSEP) were 

calculated by equation 2 

RMSE = ට∑ ሺ௬೔ିŷ೔ሻ೙೔సభ మ௡  ൌ ට∑ ௘೔೙೔సభ మ௡    (2)

The bias was calculated by equation 3 

Bias = 
∑ ሺ௬೔ିŷ೔ሻ೙೔సభ ௡ ൌ ∑ ௘೔೙೔సభ௡   (3)

The ratio of prediction to deviation (RPD) was calculated by dividing standard deviation of 
prediction set (SD) by RMSEP in equation 4 

RPD = ୗୈୖ୑ୗ୉୔  (4)

3. Result and Discussion 

3.1. Spectral Characteristic of Whole Grain GBR 

Figure 1a,b show the raw spectra and standard normal variate (SNV) pretreated spectra, 
respectively, of GBR grain samples on different condition of germinating processes which the 
structure of the spectra was same as the raw spectra and SNV pretreated spectra, respectively in 
Figure 1c,d of commercial GRB bought from markets. It was obvious that the GBR spectra from 
different condition of germinating processes show less baseline shift than the spectra of commercial 
GBR even with the SNV pretreatment obviously due to different production protocol make the 
different in constituent and matrix of GBR.  

 
(a) 
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(b) 

 
(c) 

 
(d) 
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Figure 1. a) the raw spectra b) standard normal variate (SNV) pretreated spectra of GBR grain samples 
on different condition of germinating processes and c) the raw spectra b) SNV pretreated spectra of 
commercial GRB bought from markets. 

Table 1. The statistics of texture properties of cooked GBR using for modeling by OPUS 

parameter treatment total cal pre Calibration set Prediction set 

range mean SD range mean SD 

Adhesiveness, Nmm 
 

Condition 

adjusted GBR 

(24 and 48 

soaking hrs) 

60 42 18 (-81.15)-(-

56.70) 

-67.41 6.28 (-

77.93)-

(-56.99) 

-69.09 6.78 

Toughness, Nmm 60 42 18 162.32-

245.79 

201.78 20.50 172.99-

245.40 

203.87 21.97 

Hardness, N 60 42 18 16.55-24.87 20.29 1.85 17.88-

23.71 

20.86 2.00 

Stickiness, N 60 42 18 (-7.67)-( -

4.48) 

-5.78 0.88 (-7.37)-

(-4.65) 

-6.15 0.88 

Adhesievness, Nmm 

KDML 

(1-16) 

64 46 18 (-78.86)-(-

39.13) 

-64.22 7.71 (-

76.41)-

(-40.69) 

-62.77 10.58 

Toughness, Nmm 64 46 18 109.69-

240.80 

196.85 25.63 112.22-

233.45 

193.51 35.98 

Hardness, N 64 46 18 11.90-24.52 20.24 2.73 12.11-

24.27 

19.59 3.62 

Stickiness, N 64 46 18 (-7.12)-(-

2.84) 

-5.15 1.04 (-6.85)-

(-3.12) 

-4.82 1.13 

Adhesievness, Nmm 

various varieties 

(17-32) 

64 46 18 (-84.93)-(-

52.45) 

-69.04 8.59 (-

83.79)-

(-55.22) 

-69.44 9.24 

Toughness, Nmm 64 46 18 131.94-

300.55 

197.98 39.34 152.77-

276.90 

212.36 40.37 

Hardness, N 64 46 18 14.23-29.86 20.27 3.33 15.87-

27.93 

21.93 4.05 

Stickiness, N 64 46 18 (-7.20)-(-

3.12) 

-5.31 0.88 (-6.18)-

(-3.18) 

-5.08 0.95 

Adhesievness, Nmm 

Market 

(1-32) 

128 90 38 (-84.93)-(-

39.13) 

-66.71 8.54 (-

83.79)-

(-40.69) 

-65.94 10.12 

Toughness, Nmm 128 90 38 109.69-

300.55 

197.80 33.01 112.22-

276.90 

201.73 38.76 

Hardness, N 128 90 38 11.90-29.86 20.27 3.12 12.11-

27.93 

20.69 3.76 

Stickiness, N 128 90 38 (-7.20)-(-

2.84) 

-5.14 0.95 (-7.12)-

(-3.12) 

-5.17 1.08 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 November 2023                   doi:10.20944/preprints202311.0770.v1

https://doi.org/10.20944/preprints202311.0770.v1


 10 

 

parameter treatment total cal pre Calibration set Prediction set 

range mean SD range mean SD 

Adhesievness, Nmm 

All sample 

188 129 59 (-84.93)-(-

39.13) 

-67.17 7.80 (-

83.79)-

(-40.69) 

-66.43 9.28 

Toughness, Nmm 188 132 56 109.69-

300.55 

198.20 24.74 112.22-

276.90 

199.41 36.72 

Hardness, N 188 133 55 11.90-29.86 20.16 2.37 12.11-

27.93 

20.45 3.40 

Stickiness, N 188 131 57 (-7.67)-(-

2.84) 

-5.38 0.93 (-7.67)-

(-3.12) 

-5.49 1.12 

Table 2. The statistics of texture properties of cooked GBR samples using for modeling by MATLAB 

 

Hardness Toughness Stickiness Adhesiveness 

calibration prediction calibration prediction calibration prediction calibration prediction 

IS 

number 150 38 150 38 150 38 150 38 

min 11.90 12.11 109.69 112.22 -7.67 -7.37 -84.93 -83.79 

max 29.86 29.86 300.55 300.55 -2.84 -2.84 -39.13 -39.13 

mean 20.39 20.52 199.75 201.32 -5.39 -5.35 -67.00 -66.69 

SD 3.32 4.51 34.40 46.02 1.10 1.35 9.83 13.68 

KS 

number 150 38 150 38 150 38 150 38 

min 11.90 15.87 109.69 152.77 -7.67 -7.67 -84.93 -83.79 

max 29.86 29.86 300.55 300.55 -2.84 -3.12 -39.13 -52.45 

mean 20.32 20.79 199.31 203.05 -5.36 -5.48 -66.33 -69.35 

SD 3.27 4.67 34.00 47.23 1.13 1.25 9.97 13.25 

sort 

number 150 150 150 38 150 38 150 38 

min 11.90 11.90 109.69 112.22 -7.67 -7.37 -84.93 -83.79 

max 29.86 29.86 300.55 275.84 -2.84 -3.12 -39.13 -52.45 

mean 20.46 20.46 200.39 198.77 -5.38 -5.40 -66.83 -67.38 

SD 3.33 3.33 34.39 45.84 1.10 1.34 9.98 13.29 

cv 

number 151 37 151 37 151 37 151 37 

min 11.90 12.11 109.69 112.22 -7.67 -7.37 -84.93 -83.79 

max 29.86 26.32 300.55 300.55 -2.84 -2.84 -39.13 -39.13 

mean 20.31 20.84 197.92 208.80 -5.41 -5.28 -66.78 -67.59 

SD 3.39 4.33 33.50 48.59 1.09 1.37 9.92 13.57 

Table 3. The PLS regression result by OPUS software for prediction of texture quality of cooked GBR 
by using GBR grains spectra. 

treatment parameter Pretreatment Rank Wavenumber 

Calibration Prediction 

R2 RMSEE RPD r2 
RMS

EP 
RPD Bias 

Condition 
adjusted GBR 

(24 and 48 
soaking hrs) 

adhesiev-
ness 

Constant offset 
elimination 

2 
9403.8-6094.3, 
5054-4242.9 

0.63 3.94 1.64 0.75 3.33 2.13 1.20 

toughness 
Constant offset 

elimination 
5 

5778-5446.3, 
4605.4-4242.9 

0.79 10.10 2.17 0.86 8.10 2.73 -2.10 

hardness no spec 2 6102-5757.3 0.59 1.22 1.55 0.92 0.55 3.95 0.26 
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treatment parameter Pretreatment Rank Wavenumber 

Calibration Prediction 

R2 RMSEE RPD r2 
RMS

EP 
RPD Bias 

stickiness no spec 1 
8454.9-7498.3, 
4605.4-4242.9 

0.12 0.84 1.07 0.03 0.84 1.01 -0.19 

KDML (1-16) 

adhesiev- 
ness 

first+MSC 9 7506-5446.3 0.84 3.44 2.51 0.74 5.29 2.05 1.64 

toughness first+MSC 5 
9403.8-7498.3, 
4605.4-4242.9 

0.68 15.50 1.76 0.84 14.00 2.51 1.27 

hardness SNV 9 
7506-5446.3, 

4605.4-4242.9 
0.87 1.12 2.74 0.85 1.39 2.90 -0.67 

stickiness first+straight 7 7506-4597.7 0.76 0.55 2.06 0.68 0.63 1.94 0.26 

various 
varieties (17-32) 

adhesiev-
ness 

Con off eli 8 
7506-6094.3, 
5454-4597.7 

0.70 5.23 1.81 0.87 3.19 2.91 0.82 

toughness SNV 9 9403.8-6094.3 0.84 17.40 2.53 0.82 16.90 2.35 2.45 

hardness MSC 10 
9403.8-7498.3, 
6102-4597.7 

0.97 0.63 5.95 0.32 3.25 1.29 1.13 

stickiness no spec 7 
7506-6094.3, 
5029.7-4597.7 

0.71 0.52 1.84 0.73 0.48 2.00 -0.14 

Market(1-32) 

adhesievne
ss 

SNV 5 
9403.8-7498.3, 
4605.4-4420.3 

0.34 7.13 1.23 0.48 7.20 1.49 2.70 

toughness no spec 10 
9403.8-6094.3, 
5454-4597.7 

0.64 20.90 1.68 0.71 20.50 1.87 1.61 

hardness MSC 7 
9403.8-6094.3, 
5454-4597.7 

0.50 2.31 1.41 0.61 2.31 1.62 0.33 

stickiness first+MSC 5 6102-4597.7 0.42 0.77 1.32 0.44 0.80 1.34 -0.07 

total sample 

adhesive-
ness 

Min-Max 7 
9403.8-7498.3, 
4605.4-4242.9 

0.52 5.54 1.45 0.21 8.16 1.14 1.33 

toughness no spec 10 
9403.8-7498.3, 
6102-5770.3 

0.53 20.10 1.46 0.63 22.20 1.69 -5.11 

hardness SNV 9 
9403.8-7498.3, 
6102-4597.7 

0.55 1.89 1.50 0.56 2.23 1.51 -0.16 

stickiness SNV 10 
9403.8-6094.3, 
5454-4597.7 

0.53 0.70 1.45 0.21 0.98 1.14 -0.14 

The average raw NIR spectra of germinated brown rice acquired throughout a wave number 
range of 12500−4000 cm−1 appear in the peaks at 10013, 8262, 6781, 6333, 5763, 5608 and 5161 cm−1. The 
peak at 10013 cm−1 (about 990 nm) corresponds to the absorption band of the second overtone 
associated with starchʹs O−H stretching, while the peak at 8262 cm−1 (1210 nm) relates to the second 
overtone associated with the CH2 groupʹs C−H stretching (usually found around 1215 nm), at 6333 
cm−1 (1579 nm) due to the absorption band associated with the first overtone of C−H stretching of 
starch (1580 nm), at 5608 cm−1 (1783 nm) due to the first overtone of C−H stretching of cellulose 
(typically found at 1780 nm), and at 5161 cm−1 (1938 nm) due to a combination of vibration due to the 
O−H stretching + O−H deformation of water [52]. Furthermore, the Savizky−Golay second derivative 
spectra of the GBR samples show that the CH3, CH2, CO2H and cellulose (data not shown) [52]. 

3.2. Overall Precision Test 

The spectral precision of the condition adjusted GBR and the commercial GBR of 32 Brands 
indicated by the average standard deviation of the absorption value of every wavenumber were 
0.00154 and 0.00080, respectively. The spectral precision of whole wheat grains scanned by FT−NIR 
spectrometer reported by [25] were 0.00310, 0.0034, 0.00494, and 00782 at 10373.4, 8665.5, 8333.3, 
5896.3, and 4262.6, respectively. Figure 2 shows the different repeatability with reducing of 
wavenumber where the beginning and end shows low repeatability and in the middle shows higher 
repeatability, though the pattern of the two GBR groups were same. 
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Figure 2. Standard deviation graph of absorbance of condition adjusted GBR samples (Blue) and 
commercial samples (Red) changed with wavenumber. 

Repeatability and reproducibility of texture measurement of cooked GBR of the same sample 
sets as this experiment which reported by Kaewsorn et al [24] were 1.31 and 1.42 N, 13.97 and 13.34 
Nmm, 0.83 and 0.38 N and 2.87 and 12.79 Nmm for hardness, toughness, stickiness and adhesiveness, 
respectively. These values provided the maximum R2 for the NIR prediction of 0.8395, 0.8312, 0.4605, 
and 0.9171 for hardness, toughness, stickiness and adhesiveness, respectively, by calculation using 
the method used by Sirisomboon and Nawayon [53], Pornchaloempong et al [54] and Lim and 
Sirisomboon [55] and the statistics of the calibration set obtained by KS method. These maximum R2 
can be obtained when no NIR error but only the reference laboratory error. This indicated the back 
extrusion test for the stickiness must be researched why to high error obtained or the variation among 
samples with low standard deviation of stickiness. 

3.3. Prediction Performance of PLS Regression Model for Texture of Cooked GBR by Uncooked GBR Grains by 

OPUS 

From Table 3 it is obvious that the prediction using total samples for the texture properties was 
poor with r2 only 0.21−0.63 which was the same as the GBR production condition adjusted samples 
and the commercial 32 brand samples where the r2 of 0.03−0.92 and 0.44−0.71, respectively but with 
under−fitting prediction. However, when separated samples of commercial brand sample into KDML 
GRB group and various variety group, the model performance was better but only for the hardness 
of the former and the toughness of the latter with the r2 of 0.85 and 0.82, and the RPD of 2.9 and 2.4, 
respectively. By Williams guideline [25] the r2 between 0.83−0.90 indicate the model was usable for 
most application but with caution including research and the RPD of 2.4 indicate poor model which 
can be used for rough screening and between 2.5−2.9 the model was fair and could be used for 
screening. Sampaio et al. [56] showed the pure amylose NIR spectrum where the major peaks of 
amylose were at 4633, 4996, 5184 and 6834 and 8316 cm−1. The model which was best for hardness 
prediction was developed by using 7506−5446.3, 4605.4−4242.9 cm−1 which included the amylose 
vibration band which was 6834 cm−1 while toughness model was from 9403.8−6094.3 cm−1 where 
included 6834 and 8316 cm−1. Amylose content is correlated with the retrogradation behavior, 
influencing the textural properties of cooked rice [57,58] 

3.4. Prediction Performance of PLS Regression Model for Texture of Cooked GBR by Uncooked GBR Grains by 

MATLAB Using Total Samples 

By calibration and test set separation using IS the hardness, toughness, stickiness and 
adhesiveness of cooked GBR were poor predicted by PLS regression model using full wavelength 
range which r2 were 0.26−0.38, 0.38−0.55, 0.07−0.22 and 0.02−0.41, respectively. In case of KS 
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separation method, the poor r2 were 0.46−0.60, 0.45−0.56, −0.00−0.27, 0.05−0.41, respectively. These 
model predictions were not acceptable obviously. 

3.5. Prediction Performance of ANN Model for Texture of Cooked GBR by Uncooked GBR Grains by MATLAB 

Using Total Samples 

By ANN, the model performance was better than those of PLS regression remarkably, where by 
IS data separation method, the models by using raw and SMT_SNV spectra, showed overfitting 
prediction for evaluation of every texture parameters while by KS, the overfitting was occurred only 
on 3 parameters except on the hardness where the R2 and r2 when the hidden layer increased from 
5−30 were between 0.9172−0.9989 and 0.8133−0.9248 (raw spectra) and 0.9598−0.9992 and 
0.8918−0.9523 (SMT_SNV spectra), respectively. The best ANN model for hardness from hidden 
layers of 25 and 8 iteration time provided R2, r2, RMSEC, RMSEP, Bias and RPD of 0.9987, 0.9447, 
0.1021 N, 0.7699 N, 0.0216 N and 4.3 respectively. Williams et al [25] indicate the model can be used 
for most application including quality assurance when the r2 between 0.92-0.96 and the model can be 
for any application when RPD more than 4.1 in case of functionality parameters which in this case is 
texture properties.  

From linearized modeling by PLS regression for our case of total samples the r2 for hardness was 
less than 0.6 but when the ANN was applied the r2 was 0.9447 indicating the relationship between 
NIR spectral data and hardness data of cooked GBR was nonlinear. ANN accurately fit nonlinear 
variables, which is an advantage compared to multivariate linear analysis [59,60]. ANN have shown 
its outperformance compared to PLS regression in estimation of texture properties of cooked rice by 
the models developed by using the spectra of whole grain. Aznan et al. [61] used a portable near-
infrared spectrometer coupled with ANN predicted the rice quality traits (color, texture, and pH of 
cooked rice) of 17 commercial rice types and a high correlation coefficient (R) of 0.98 was obtained. 
The prediction of hardness and toughness of cooked parboiled rice by using FT-NIR spectra of whole 
grain parboiled rice combined with PLS regression and principal component regression (PCR), 
provided the r2 of prediction of 0.70 and 0.66, respectively, which indicated the lower performance of 
PLS regression. Sitakalin & Meullenet [62] reported that the sensory texture prediction of cooked rice 
achieved by ANN model was superior to that of PLS regression model [63].The models developed by 
using 166 rice flour NIR spectra combined with interval partial least squares (iPLS) and synergy 
interval PLS (siPLS) were characterized the texture related properties i.e. pasting parameters of rice 
flour which provided the R between 0.57-0.90, but the ANN provided 0.70-0.99 of R [60] 

4. Conclusions 

By machine learning the ANN was outperformed in evaluation of hardness by back extrusion 
test of cooked GBR using the SMT_SNV NIR spectra in the range of 12,500−4,000 cm−1 of 188 whole 
grain samples where the calibration sample set was separated from prediction set by KS method and 
the model developed can be used for most application including quality assurance use. Though the 
lower performance, the PLS regression of 64 sample KDML GRB group and 64 sample various variety 
GBR group, provided models for the hardness of the former and the toughness of the latter which 
were usable for most application but with caution including research. The model which was best for 
hardness prediction was developed by using 7506−5446.3, 4605.4−4242.9 cm−1 which included the 
amylose vibration band of 6834 cm−1 while toughness model was from 9403.8−6094.3 cm−1 where 
included 6834 and 8316 cm−1 vibration bands of amylose which influenced the texture of cooked rice. 
The hardness and the toughness of cooked rice can be predicted by NIR spectroscopy for the texture 
reference test was accurate as confirmed by high maximum R2 and high R2 while the stickiness and 
adhesiveness cannot be predicted due to the low maximum R2 indicating the inaccurate measurement 
of stickiness by back extrusion test and the uncorrelated between the adhesiveness with NIR 
absorption of samples even though the maximum R2 was the highest. The ANN model for hardness 
of cooked GBR should be implemented to the practical use in GBR production factories for the quality 
assurance and further updating using more samples and several brands to obtain the robust models. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org, Supplement data of separation methods. 
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