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Near-infrared (NIR) calibration models are widely developed and routinely used for the prediction of physico
chemical properties of samples. However, the main challenge with NIR models is that they are highly specific to
the physical form of the samples. For example, a NIR calibration established for solid samples can usually not be
used for the same samples in powdered form. Domain adaption (DA) techniques, such as domain invariant partial
least-squares (di-PLS) regression, have recently appeared in the chemometric domain which allow adapting NIR
calibrations for new sample-/instrument- or environment-associated conditions in a standard free manner. A
practical use case of di-PLS can be assumed as the adaption of NIR calibration models to be used in different
physical forms of samples. In this contribution we show, for the first time, application of di-PLS regression
analysis for adapting a near-infrared (NIR) calibration for solid rice kernels to be used on powdered rice flour
without the need for new reference measurements for the latter. di-PLS is a domain adaption technique that
removes the differences between different but related data sources (i.e. domains) to reach generalized models.
The study found that di-PLS allowed a direct adaption of calibration based on solid rice kernels to be used on
powdered rice flour without requiring any reference protein measurements for the latter. Our results suggest that
DA tools, such as di-PLS, can support a wider usage of chemometric calibrations especially when models need to
be adapted to different physical forms of the same samples.

1. Introduction
Near-infrared (NIR) spectroscopy is widely used for rapid and nondestructive analysis of chemical and physical properties in a range of
materials [1]. Modern spectroscopic equipment allows analyzing sam
ples of varying physical forms such as solid, liquid and powders within
just a few seconds [1]. However, to be operational in practice, NIR
spectroscopy requires an extensive calibration step. Ideally, samples
covering the variation that will be met in the future, including the
corresponding reference measurements (e.g. derived from wet chemical
analysis), are included when building the calibration [2,3]. Later,
multivariate regression techniques, such as partial least-squares (PLS)
regression, are employed to relate the spectra with the reference prop
erty of interest [4,5]. However, a major challenge with such spectro
scopic calibrations is that the models are only valid for samples covered
by the variability present in the calibration set and often fail when new

variability is introduced [6–8]. For example, if a calibration model is
used on a new instrument, if measurements are carried out under
different environmental conditions or if the model is applied to samples
with different physical properties, then the predictions are likely to be
inaccurate unless the difference in the sources of variation is modelled or
removed [6–9].
Although several applications dealing with instrument change (i.e.
calibration transfer) [10] or temperature correction [8,11] exist in the
domain of chemometrics, recently the transfer of models between
different physical forms is gaining attention [12,13]. For example,
recent work showed the transfer of a calibration for predicting protein
content between different physical forms of rice, i.e., rice kernels and
rice flour, [12]. Similarly, another recent work showed the transfer of a
calibration for the prediction of amylose between rice granules and rice
flour [13]. Transfer of models between different physical forms has
practical implications, for example, in the pharma industry, several
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powdered active pharmaceutical ingredients (API) are mixed and
pelletized to make a solid tablet during tablet manufacturing [14,15].
Furthermore, NIR is widely used to control industrial processes and
several NIR models are made for both the powered form as well as
tableted products. In a current scenario, separate individual models are
developed for real-time prediction of powdered API mixtures as well as
API in solid tablets. In such a case, instead of making new models from
scratch for individual physical forms, transferring a single model to
different physical forms can save extra efforts, time and cost needed to
develop a new calibration.
Two recent works successfully achieved model transfer between
different physical forms of rice by measuring some standard samples
from solid as well as powdered form [12,13]. Later, standard calibration
transfer (CT) techniques, i.e., spectral space transformation (SST) [12]
and direct standardization (DS) [13], were applied to correct for the
difference between the spectra from the different physical forms [12,
13]. . However, the main challenge with CT approaches is that standard
samples need to be measured to correct for the difference between
different physical forms. Such extra measurements of standard samples
are not always possible as it requires extra work in terms of sample
preparation and measurement. Recently, several standard-free methods
for calibration transfer have appeared [16]. These methods drop the
need for standard sample measurements which are needed for tech
niques like SST and DS [16]. From a practical point of view, this means a
model made on a particular physical form can be transferred to another
physical form without the need for any extra measurements. A powerful
recent method for standard-free model transfer is domain-invariant
partial least-squares regression (di-PLS) [17–19]. di-PLS implicitly
eliminates the differences between spectra from different but related
domains such that calibrations generalize over these domains. Thereby a
domain might be a particular spectrometer, a physical form or a certain
sample matrix type. Successful application of di-PLS for standard-free
calibration transfer [17,18], correction of seasonal effects in fruit
spectroscopy [19] or temperature effect compensation [19] already
exist, however, di-PLS was never implemented to transfer calibrations
between different physical forms and this work is the first in this
direction.
The goal of this study is to present a novel practical use case of di-PLS
regression for adapting a NIR calibration for the prediction of protein in
solid rice kernels to powdered rice flour samples. Unlike earlier works
[12,13], model adaption by di-PLS was performed standard-free i.e. no
standard samples were used to estimate the difference between the
spectra from different physical forms. Rather than “matching” the
spectra of the same samples in kernel and flour form, di-PLS “aligns” the
distributions of the representative kernel and flour spectra in the latent
variable (LV) space that is predictive for protein content. Importantly,
the protein contents of the flour samples must not be known to derive
this subspace. The performance of di-PLS was compared to PLS regres
sion and the accuracy previously reported on the data set used in this
study. A comparison with earlier works was possible as the analysis was
performed on the same data partition i.e., calibration and test set, as
previously used.

Table 1
A summary of reference protein content range in calibration and test set.
Chemical component

Calibration (%)

Test (%)

Protein

9.17 ± 1.39

8.72 ± 1.75

information present in the first article, the calibration samples were
from 25 rice mutant varieties with different protein contents. The test set
samples were from the 2018 national crop variety regional test mate
rials, with a total of 21 rice varieties [12]. The NIR spectra were
measured with an MPA FT-NIR (Bruker, Germany) spectrometer, with a
spectral resolution of 1 nm. The rice kernels were measured before the
flour samples. As said in earlier work, after NIR measurement, the rice
flour was used for protein content (%) estimation using the Dumas
combustion method [12]. The protein content was calculated using the
instrument output of nitrogen (N% × 5.95) [12]. A summary of refer
ence protein content in calibration and test set is shown in Table 1. The
original data used in this study are accessible at: https://data.mendeley.
com/datasets/zvgy65m2rc/1.
2.2. Data modelling
In this study, all the data modelling was performed on the same data
as used in the earlier study [12]. The aim of the data modelling was to
transfer/adapt a calibration developed on solid rice kernels to their
powdered form. At first, PLS regression models were developed on the
solid rice kernels and tested on the test set corresponding to rice kernel
and rice flour. This was done to understand the effect of change of the
physical form on the performance of the PLS model. The PLS model was
used as a baseline to compare the performance to di-PLS. All models
were compared and judged by the root mean squared error of prediction
(RMSEP). All data analysis was performed in Python (3.6) language on a
workstation equipped with a NVidia GPU (GeForce RTX 2080 Ti), an
Intel® Core™ i7-4770 k @3.5 GHz and 64 GB RAM, running Microsoft
Windows 10 OS. The code to perform di-PLS regression is freely avail
able at https://github.com/B-Analytics/di-PLS.
2.2.1. Partial least-squares analysis
PLS [4,5,20] analysis was carried out using the PLS function in the
SciKit Learn (https://scikit-learn.org/stable/). A 5-fold cross-validation
(CV) was implemented to optimize the total number of latent variables
(LVs) in the model. In the 5-fold CV, a model is built on 4 folds of data
and tested on 1-fold of left out data. Furthermore, this is repeated 5
times such that each fold in data is used for model assessment. Later, the
accuracy of models on 5-folds is averaged and reported as root mean
squared error of cross-validation (RMSECV). The optimal number of LV
was selected as the elbow point of the cross-validation error plot.
2.2.2. Partial domain invariant partial least-squares (di-PLS) regression
analysis
di-PLS was implemented with the in-house codes related to the
explanation presented in Refs. [17–19]. di-PLS aims at finding a good
trade-off between a LV space that is i) predictive concerning the
response (i.e. the protein content), and ii) (nearly) invariant concerning
the distributional properties of the source and target domain data (in
this study, the source and target domain data correspond to rice kernel
and rice flour samples, respectively). The rationale behind this approach
is to find a representation where the source and target domain data
appear as if they were sampled from the same underlying distribution in
which case (according to statistical learning theory) generalization of a
calibration model from the source to the target domain would succeed.
An appealing feature of di-PLS is its ability for unsupervised domain
adaptation without requiring reference measurements for the target
domain samples. For further details on di-PLS we refer to Refs. [17–19].
In this study, a di-PLS model was fitted using the rice kernel calibration
set including spectra and protein contents of 148 samples, and the

2. Materials and method
2.1. Rice data set
The data set used in this study consisted of 201 NIR transmission
spectra measured on rice kernels as well as the rice flour of the same
grounded kernels. The data set was first published in Ref. [12]. The
reference property to be predicted is the protein content (%). Out of 200
samples, 148 samples were available for model calibration and the
remaining 52 were used as the test set. A key point to note is that the
data set is available as pre-partitioned into calibration and test set [12].
Such a pre-partition allows the results from this study to be directly
comparable with earlier work on the same data [12]. Based on the
2
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Fig. 1. (A) Mean spectra for rice kernels (blue) and powdered rice flour (red), and (B) difference between the mean spectra of solid rice kernels and powdered rice
flour. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 2. Application of PLS model developed on rice kernel and tested on test set for (A) rice kernel and (B) rice flour.

spectra from 148 rice flour samples. In addition to the number of LVs
(Latent Variables), di-PLS has an additional trade-off parameter
(lambda) which controls the alignment of the source and target distri
butions in the LV space. To choose lambda, the discrepancy between the
source and target data projections for an increasing value of lambda was
explored for each LV (see Fig. 3). The optimal value was then set at a
position where further increasing lambda had only a minor effect on the
discrepancy. Lambda is a hyperparameter of di-PLS regression which
needs to be optimised during model development. In this study, the
search space for Lambda was 104–108 based on the empirical obser
vation that the effect of domain regularization was most pronounced in
this range. The number of LVs was chosen based on 5-fold
cross-validation. The resulting di-PLS model was later tested on the 52
rice flour test samples from the test set.

3. Results and discussion
The mean spectra from the calibration set corresponding to rice
kernel and rice flour are shown in Fig. 1A. Three main peaks i.e. 960 nm,
1140 nm and 1200 nm corresponding to OH, RNH2 and CH can be noted
for both the rice kernel and flour spectra. These bonds are highly
prevalent in the protein molecule and are highly correlated to the pro
tein content in the samples [21,22]. In Fig. 1B, the difference between
the mean spectra of the rice kernel and flour is shown. The main dif
ference was in the region corresponding to 960 nm, 1140 nm, while for
1200 nm, the differences were negligible. Such a high difference at 960
nm, 1140 nm, could indicate that the grounding of rice kernel brought
changes in the structuring of OH and NH bonds compared to the CH
bonds. The grounding of kernels changed its physical form to powder,
hence, the difference in the spectra could also be expected to be due to
light scattering.
The performance of the PLS model calibrated on rice kernels and
3
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Fig. 3. Summary of di-PLS model optimization. (A) Root mean squared error of cross-validation per LV for different values of the regularization parameter lambda.
(B) Domain discrepancy wT Λw for different values of lambda. 4 LVs and a lambda of 1e5 was chosen to derive the di-PLS model for rice kernels and rice flour
(dashed line).

in the discrepancy between rice kernels and flour was seen at lambda
between 104 and 105 (Fig. 3B). The additional decrease in domain
discrepancy beyond 105 can largely be attributed to alignment of the
random noise, which should be avoided. In order not to align the noise,
lambda was set to 105 for the final model.
The model reached with di-PLS was tested on the test set of rice flour
samples and the results are shown in Fig. 4. Two main things can be
noted, the first is that the model performance was drastically improved
as the RMSEP was decreased from 1.9% to 0.4%, and the second is that
the total number of LVs were also reduced from 10 to only 4 showing the
efficient latent space modelling performed by di-PLS compared to the
PLS analysis. The performance of the di-PLS model was similar to the
results previously reported on the same data set [12].
The core basis of the di-PLS is the distribution alignment of the rice
kernel and flour samples (Fig. 5). The distribution of scores was better
aligned with di-PLS (Fig. 5B) compared to the distribution of scores
corresponding to the PLS (Fig. 5A). Further, the regression vector cor
responding to PLS (10 LVs) and di-PLS (4LVs) modelling to predict
protein content are shown in Fig. 6. In Fig. 6, the first thing to note is that
the regression coefficient for di-PLS was less noisy compared to the PLS
regression coefficients. A reason for it is the small number of LVs = 4
used in the di-PLS modelling compared to a high number of LVs = 10
used for PLS modelling. Apart from the noise, both the regression co
efficients have peaks at bands corresponding to OH, CH and NH bonds
are expected to the related to the protein content [21,22].

Fig. 4. di-PLS model with 4 latent variables tested on rice flour samples.

tested on the test set of the rice kernel and flour are shown in Fig. 2. 10
LVs were chosen based on cross-validation (results not shown) and the
model reached an RMSEP = 0.4% when tested on the test set of rice
kernels (Fig. 2A). The RMSEP was drastically increased when the model
was tested applied to the rice flour samples with a RMSEP = 1.9. Such an
increase in model performance shows the need for adapting the PLS
model made on rice kernels before it can be successfully used on the rice
flour samples.
Fig. 3A shows the cross-validation (CV) error on the rice kernel
samples against an increasing value of the regularization parameter
lambda for each (additional) LV that was extracted from the data. As
lambda gets larger, the discrepancy between the domains (i.e. between
the rice kernel and flour samples) in the LV space becomes smaller
(Fig. 3B). Notably, the CV error on the rice kernels decreased signifi
cantly for the first LV, which can be explained by the fact that di-PLS has
the side-effect that it shrinks the variance of the predictors (i.e., the
scores). This is in line with the observation that di-PLS needs a signifi
cantly smaller number of LVs to explain the same amount of y-related
variation compared to PLS (i.e., the RMSECV (Root Means Squared Error
of Cross Validation) did not decrease significantly beyond 4 LVs
compared to the 10 LVs that were chosen for PLS). The largest decrease

4. Conclusions
Near-infrared spectroscopy models are highly specific to the physical
form of the samples and fail when the physical properties change, for
example, a calibration for solid samples fails when used directly on
powdered samples. In this study, we have shown the application of
domain invariant partial least-squares regression to adapt a calibration
between physical forms of samples. The presented case of model adap
tion between the rice kernel and its flour form showed that domain
invariant partial least-squares regression successfully adapted the model
by aligning the latent distribution of the spectra from rice kernel and
flour samples. By aligning the distribution, domain invariant partial
least-squares regression was able to achieve a model that performed well
on the rice flour. The main benefit of the domain invariant partial leastsquares regression approach compared to the other previously proposed
standard-based approaches is that domain invariant partial least-squares
regression does not need any standard samples for model adaption. Such
a standard-free approach to model adaption can be of high-interest for
4
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Fig. 5. The scores corresponding to first two latent variables from PLS (A) and di-PLS (B) model for rice kernel (blue) and rice flour (red) samples. The ellipses
represented the distribution of scores. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 6. The regression coefficients for PLS (blue) and di-PLS (red) models. (For interpretation of the references to colour in this figure legend, the reader is referred to
the Web version of this article.)

practical applications where the same samples are measured in multiple
physical forms, such as in milling and tableting processes that are
common in food and pharmaceutical industries.
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