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Preprocessing and correction of mixture spectra have been an important issue with
regard to the removal of undesired systematic variation due to variations in environ-
mental, instrumental, or sample conditions. In this article, a new robust calibration
modeling strategy is proposed on the basis of independent component analysis (ICA).
It aims at separating the interference-subject parasitic subspace from the interference-
immune common subspace among all considered cases. The common subspace is fur-
ther divided into two orthogonal parts according to their relationship with quality: one
is quality-irrelevant and the other is quality-informative, in which, only the second
part is employed for quality prediction. Focusing on each subspace, it identifies dis-
tinct types of underlying source components underlying different spectra subspaces,
analyzes their characteristics and roles, and accordingly models them for different
applications, respectively. This approach provides a comprehensive insight into the in-
herent nature of interference-subject mixture spectra. Furthermore, several model sta-
tistics are defined to give quantitative indication on the effectiveness of the correction
strategy. The feasibility and performance of the proposed method are illustrated with
data from laboratory experiments. VVC 2009 American Institute of Chemical Engineers AIChE

J, 56: 196–206, 2010
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Introduction

During the past decades, the use of spectroscopic informa-
tion1–4 had received much attention and begun to emerge as
an important technique, which is being heavily encouraged
and practiced for different purposes. To analyze the sub-
stance composition in mixture samples, calibration model is
constructed using the mixture spectra together with the refer-

ence concentrations of constituents to form a quantitative
prediction relationship. Common multivariate calibration
methods5–9 used for spectra analysis include principal com-
ponent regression (PCR) and partial least-squares (PLS)
regression. They are based on a fact that variable collinearity
is typical in spectral data, and its presence can result in
unsatisfactory prediction performance. To deal with the
problem of high data dimensionality and redundancy, PCR
and PLS reduce the number of spectral variables by means
of feature extraction, so the original spectral data space is
shrunk to a subspace of smaller dimension. Those underlying
features are used for regression modeling.
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The calibration models generally suffer from a lack of
robustness. A calibration model developed under one specific
circumstance usually performs less well under another,
because the spectrum of a testing sample may mismatch
with that of a calibration sample, due to changes in external
parameters G. Variations in environmental, instrumental, and
sample conditions are often called ‘‘interference factors’’
that are different from the parameter of interest. For exam-
ple, different temperatures may cause the measured spectrum
to change even for the same solution with the identical con-
centration. Therefore, the calibration model built at a given
temperature cannot be applied confidently to the concentra-
tion prediction under another temperature. Generally, it is
required that the influence of temperature on spectrum
should be removed prior to the development of calibration
model. A possible solution to calibration transfer problem is
to measure every sample under the new circumstance and
construct a new model for it, which, would be both costly
and time consuming. The problem of robust calibration mod-
eling has been extensively reviewed and chemometric strat-
egies are numerous. One common and basic idea is the pre-
processing optimization of calibration dataset. Some adjust-
ment or correction to remove all or a major part of the
interferences before commencing regression, would be use-
ful. Preys et al.10 summarized the chemometric strategies to
improve calibration robustness into two main types: (a)
‘‘generic’’ methods, which tend to correct spectra according
to their direct contribution to quality atrributes without tak-
ing into account the considered interference factors G.
Among them, variable selection11–16 and certain orthogonal
projection methods, such as orthogonal signal correction
(OSC),17–21 etc., are some usual preprocessing techniques
designed to exclude sources that are of little or no predictive
value from regressors during calibration modeling. (b) ‘‘spe-
cific’’ methods, which make full use of the G-relevant infor-
mation and can eliminate their interference prior to modeling
even when the specific values of G are not explicitly known.
For example, external parameter orthogonalisation (EPO)22

and transfer by orthogonal projection (TOP),23 can identify
the induced variability due to G and then remove the influ-
ence of such variations on spectra measurement. By means
of the above preprocessing, the filtered calibration data only
cover the common variations regarding the response of inter-
est among different cases. Therefore, the calibration model
can be built automatically to be as insensitive as possible to
the external parameter influence and thus may be transferred
without adjustment. Hansen24 introduced a preprocessing
method called independent interference reduction (IIR) to
model the interference effects by implementing PCA on a
large number of spectral samples that have the same level
for the response of interest but are designed intentionally to
cover all known sources of external variation. This was fol-
lowed by subtraction of the modeled interference informa-
tion from the calibration matrix. Roger et al.22 developed an
EPO-PLS method to correct temperature-induced spectra
variation. It derived the variation directions along which the
temperature-induced perturbation located, constructed the in-
terference-orthogonal projector on the basis of these direc-
tions, and then projected each spectra data onto it to obtain
the common variation information for calibration. Andrew
and Fearn23 proposed a method called transfer by orthogonal

projection (TOP) for deriving calibrations robust to between-
instrument variation. The idea was to derive the between-
instrument variation directions by carrying out PCA on a
specifically designed data matrix in which each sample is
the mean of spectra data set scanned on each instrument.

Reviewing the previous correction strategies, it can be
seen that the common idea is based on interference modeling
and orthogonal projection. They generally relied on PCA to
find the G-spread variation information in which, the first
several columns of PCA loadings relate to the main interfer-
ences, and the left ones correspond to the common spectra
variation. To obtain a number of well-defined and represen-
tative PCA loadings, it often requires that the spectra data
should be large enough.24 Moreover, based on only second-
order statistical information, sometimes the variation direc-
tions could not be figured out correctly. Actually, NIR spec-
tra of a mixture are often the linear combination of the spec-
tra of its constituent species. It would be very useful if the
component spectra can be recovered from the mixture.25–27

However, PCA, PCR, and PLS are not designed for such a
purpose. Independent component analysis (ICA) algorithm28

is able to deliver this function. It finds independent compo-
nents (ICs) that constitute the observed variables. It is dis-
tinctive to other methods, because it is aimed at separating
the spectra of the constituent components of the mixture as
well as determining their concentrations, which is called
blind source signal separation process. This is clearly benefi-
cial when all or some components of a mixture are
unknown. Chen and Wang25 have applied ICA on near-infra-
red spectral data, which successfully proved the effectiveness
of ICA for recovering the components of interest from spec-
tra mixture. However, if the mixture spectra are subject to
interferences, the constituent separation result will be dis-
torted in which, the estimated ICs may be far from the real
constituent substances.

In this article, a new robust calibration modeling strategy
is developed using ICA algorithm for spectral data. One of
its advantages is that it does not need so many modeling
samples as previous methods. The proposed preprocessing
approach aims at splitting the original spectral space into dif-
ferent subspaces. The general principle of the proposed
method is that the interference-induced spectra variation can
be regarded as the linear combination of some underlying
unobserved and independent sources. Accordingly, the mixed
spectra of interference sources can be separated as a parasitic
subspace from the spectral space of X by ICA. The residual
subspace is the common part among different cases inde-
pendent of interference factors G, which is further parti-
tioned into two different sections quality-related vs quality-
orthogonal, by revealing their direct relationships with qual-
ity. Then the regression model is created only using the
quality-relevant information in the interference-filtered com-
mon subspace, resulting in an enhanced causal relationship,
and presenting a high potential for the maintenance of pre-
diction performance when it is transferred to another case
different from the reference one.

This article is organized as follows. First, the proposed
method is introduced and its underlying principle is clarified.
Moreover, a quantitative calibration analysis is developed for
model validation and performance evaluation. Second, its
effects on robust enhancement are evaluated by two real

AIChE Journal January 2010 Vol. 56, No. 1 Published on behalf of the AIChE DOI 10.1002/aic 197



spectra cases with respect to between-instrument variation
and temperature-induced spectra vibration. Results are pre-
sented and discussed. Finally, conclusions are drawn in the
last section.

Methodology

Theory analysis

For a set of spectra with J wavelengths acquired on N
samples, X(J � N), and the quality data, concentration ma-
trix, Y(N � Jy) (where, Jy is the number of quality varia-
bles), a common independent component regression (ICR)
model25 can be formulated as below:

X ¼ SAþ E

bY ¼ ATB
(1)

where, S(J � R) is the estimated independent components
from the observed variables, which are the spectra estimation
of the pure constituents in the mixture. R is the number of ICs.
Ideally, if the estimated ICs exactly match the pure substances
constituting the mixture, the mixing matrix, A(R � N), will
agree well with the concentrations of the substances in
mixtures. In practice, they can’t match with each other very
well, and therefore it cannot be taken for granted that the
elements in the matrix A(R � N) are concentrations. There-
fore, like PCR, regression analysis is performed between the
estimated concentrations and real ones to derive the regression
relationship B. E is the residual matrix caused by normal
random measurement noises, which are well controlled by
routine laboratories. That is, if the same sample is scanned
multiple times by the same instrument under the same
condition, these spectra will differ slightly and stochastically.

In this work, the external interferences G are taken into
account, and the spectra are measured with varying interfer-
ence levels. Under the influence of G, the spectra will vary
significantly even for the same sample. Moreover, the result-
ing variation information, which is not useful to the estima-
tion of constituent concentrations, can result in high predic-
tion error. The interference variations, here called structured/
systematic noises, are significantly different from the normal
random noises in nature. They are deemed to follow specific
characteristics and can cause a systematic alteration of the
spectra. One attraction of developing robust calibrations is
that it should in principle be possible to transfer the calibra-
tion to further, as yet unseen, interferences of the same
types. Therefore, the underlying characteristics and rule that
the interferences G follow should be exploited and modeled,
which will form a parasitic subspace. Then, their effects em-
bedded into the mixture spectra can be eliminated by sub-
traction. Calibration analysis can thus be performed within
the left common subspace in which, further considering the
direct relationship with quality, the quality-irrelevant, and
quality-relevant information can be distinguished from each
other. Taking into account the specific effectiveness of ICA
for spectra analysis, in this section, our work will try to fig-
ure out these different subspaces from the viewpoint of blind
source signal separation.

From a mathematical point of view, the objective is to try
to formulate the underlying characteristics of mixture spectra

using ICA algorithm29 and thus construct the calibration
model as below:

X ¼ SnAn þ SoAo þ SqAq

� �þ E

Y ¼ AT
qBþ F

(2)

where, Sn(J � Rn) denotes Rn unknown interference source
signals and An(Rn � N) is their mixing relationship, i.e., their
contributions to the spectra vibration of the same samples
scanned at different levels of G, which actually reveals how
those interference sources Sn influence mixture spectra. Here, it
is reasonable to simply regard the mixing coefficient as the
contribution magnitude of each IC to spectra since the ICs are
mutually independent. (SoAo þ SqAq) reveals the underlying
common subspace among those considered interference-in-
duced cases. So(J � Ro) reveals Ro quality-irrelevant compo-
nents split from those quality-related components Sq(J � Rq),
which both belong to the common subspace; Ao(Ro � N) and
Aq(Rq � N) are respectively their mixing relationships. E(J �
N) and F(N� Jy) are residual matrices, revealing random noises
and errors. In this way, the original spectral space is split into
three meaningful portions, covering two systematic noise
subspaces: one is interference-induced, SnAn, and the other is
quality-orthogonal, SoAo, which are both quality-uninforma-
tive. Only the quality-related information in common part is
used for regressionmodeling and quality prediction, resulting in
the enhanced causal relationship B(Rq � N).

ICA-based interference correction

In the following, based on Eq. 2, the correction solution is
formulated. Let {X1, X2,…,Xk} be k (J � N)-matrices of
spectral data with the same N samples scanned at k different
levels of G, which all point to the same concentrations of
constituents in mixtures, Y. Assuming that the common part
among the k spectral matrices has been figured out, each
spectral data set can be formulated respectively:

X1 ¼ SoAo þ SqAq

� �þ SnA
1
n þ E1

X2 ¼ SoAo þ SqAq

� �þ SnA
2
n þ E2

..

.

Xk ¼ SoAo þ SqAq

� �þ SnA
k
n þ Ek

(3)

Thus, the difference of spectra at varying G levels is
reflected by the linear combinations, SnA

k
n in which, Ak

n

reveals the different contributions of interference sources to
spectra for different cases.

Arbitrarily choose one spectral matrix as the master one
(here X

1 is selected), and then define the ‘‘difference spec-
tra’’ by subtracting the master spectra from the other slave
ones:

X2 � X1 ¼ Sn A2
n � A1

n

� �þ E2 � E1

X3 � X1 ¼ Sn A3
n � A1

n

� �þ E3 � E1

..

.

Xk � X1 ¼ Sn Ak
n � A1

n

� �þ Ek þ E1

(4)
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From the dimensionality point of view, the difference
operation is equivalent to a simple data preprocessing. Dif-
ferently, the reference values, i.e., the chosen master spectra,
X1, are not fixed but vary along wavelengths and over sam-
ples. It can transform the absolute spectral profile driven by
both the inherent constituents and interferences G into rela-
tive spectral changes dominated by G. Therefore, such a pre-
processing allows us to view clearly the underlying charac-
teristics of relative spectra changes.

To get a more synthetical view, all the difference values
between different spectra sets are put side by side: Xd(J �
(k � 1)N) ¼ [X2 � X1, X3 � X1…, Xk � X1], from which,
the interference sources Sn can be extracted:

Xd ¼ SnA
d
n þ Ed

n (5)

Once Sn are identified, their mixing matrix, Ai
n(i ¼

1,2,…,k), underlying each original spectral dataset, can be
derived using simple least-squares algebra and their influence
imposed for each case, i.e., the parasitic subspace eXi, is then
identified from the mixture spectra:

Ai
n ¼ STnSn

� ��1
STnX

i

eXi ¼ SnA
i
n ¼ Sn STnSn

� ��1
STnX

i
(6)

Here, it readily solves the collinearity problem of typical
MLR calculation by guaranteeing an invertible matrix STnSn
because of the mutual orthonormality of the ICs. Actually,
STnSn is a diagonal matrix with identical diagonal elements.

The preprocessing will then transform each original spec-
tral data Xi into X

^ i

by removing those interferences:

eXi ¼ Xi � eXi ¼ I� Sn STnSn
� ��1

STn

� �
Xi (7)

The corrected spectra, X
^
i, are interference-insensitive and

thus should be similar among different case since they are
from the same sample. In contrast, without preprocessing,
the spectra of the same sample scanned at different values of
G might mismatch more than the spectra of two different
samples measured at the same G value.

O-ICR calibration modeling

After the above correction, the left spectra data represent the
common part among different cases. It does not mean that the
corrected spectra are all useful for quality prediction. The con-
ventional ICR, as an exclusive two-step implementation algo-
rithm, has the risk similar to PCR. That is, those ICs decomposed
from the observed mixed signals are not ensured close causal
relationship with quality properties. Besides the systematic and
structured interference factors, spectra observations often contain
another kind of systematic variations that are of little or no pre-
dictive feature. Therefore, it may be observed that the extracted
first several ICs capture most systematic information, but not
necessarily, explain the quality properties. Generally, more ICs
have to be employed for comprehensive quality description.
However, it increases the model complexity although increasing
descriptor information in a regression model will improve the fit-
ting to the training data. In particular, it will often cause a sub-

stantial reduction in the generalized predictive ability of the
model. Therefore, it is a good practice to do a proper filtering
before embarking on calibration modeling so that the process in-
formation that shows the highest correlation with or contributes
most to the concerned quality variations can be paid enough
attention to. Moreover, removal of superfluous descriptor infor-
mation can predigest calibration modeling and improve model
interpretation.

Up to now, there have been various feature selection methods,
which can be used to preprocess those input data, and thus sim-
plify the model structure. Preys et al.10 have ranged them into the
class of ‘‘generic’’ methods. Among them, variable selection11–16

can directly reduce the model dimension by removing those
input variables, which are irrelevant to qualities. In contrast,
OSC,17–21,30,31 as a signal correction technique, tries to remove
quality-irrelevant components instead of directly extracting qual-
ity-related components. It has been widely used prior to calibra-
tion modeling, such as PLS or PCR. After OSC preprocessing,
the relationships between the rest PLS latent variables (LVs) and
qualities are enhanced, which thus compresses the model size by
reducing the number of required LVs in calibration model. Here,
OSC algorithm is employed to further filter the spectra. From the
mathematical viewpoint, it is performed in the similar way to the
ordinary PLS algorithm except for the desired objective and the
meaning of the extracted latent components. Instead of the maxi-
mization of covariance between X and Y in PLS, it minimizes
this covariance, i.e., to get some scores from X, which have no
relationship with qualities. This is calculated by means of orthog-
onal projection operation to achieve as close to orthogonality
between the OSC components and Y as possible. The O-ICR
method proposed here is a modification to the original ICR algo-
rithm. It can be regarded as an integration of the regular ICR
modeling with OSC preprocessing. Moreover, it should be noted
that in spectra data analysis, the mixing matrix directly corre-
sponds to the concentration information (Y). Therefore, the
proper object to be preprocessed by OSC is the mixing vector
instead of each IC. The details of the proposed O-ICR method
are shown in Appendix. In this work, O-ICR provides a way to
further remove quality-irrelevant systematic variation from the
G-corrected spectra data; in other words, to remove variability in
X that is orthogonal to Y with the additional benefit that such a
kind of variation itself can be analyzed individually.

Using the proposed O-ICR algorithm shown in Appendix,
the underlying source components are retrieved and the mix-
ing relationships can be explored as follows for the chosen
master mixture X

^
1:

So ¼ X
^
1W1

o

A1
o ¼ SToSo

� ��1
SToX

^
1

X
^
1 ¼ X

^
1 � SoA

1
o ¼ I� So SToSo

� ��1
STo

� �
X
^ 1

Sq ¼ X
^ 1

W1
q

A1
q ¼ STqSq

� ��1

STqX
^ 1

X
^
1 ¼ SoA

1
o þ SqA

1
q þ E1

(8)

where, the mixing relationship, A1
q, denotes the concentrations

of estimated constituents in mixture.
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The calibration model is then built only using the quality-
related information:

bY1 ¼ A1T
q B (9)

Moreover, based on Eq. 8, it is easy to derive the direct
regression relationship from the interference-corrected master
spectra to concentrations:

bY ¼ X
^ 1T

Sq STqSq

� ��1

B

¼ X
^ 1T

I� So SToSo
� ��1

STo

� �
Sq STqSq

� ��1

B

¼ X
^ 1T

H

(10)

where, H ¼ I� So SToSo
� ��1

STo

� �
Sq STqSq

� ��1

B:
In the similar way, the mixing relationship specific to

each case, Ai
q, can be figured out respectively and the cali-

bration relationship can be readily transferred to them:

Ai
o ¼ SToSo

� ��1
SToX

^
i

X
^ i ¼ X

^
i � SoA

i
o ¼ I� So SToSo

� ��1
STo

� �
X
^
i

Ai
q ¼ STqSq

� ��1

STqX
^
i

bYi ¼ AiT
q B ¼ X

^
iTH

(11)

From the above equation, it can be seen that the transfer-
ability of calibration for quality prediction actually depends
upon the performance of both interference correction and O-
ICR modeling. That is, the validity of this approach depends
on the successful identification of both the important inter-
ference sources and pure constituent species.

For a new sample, xnew (J � 1), the preprocessing is car-
ried out and its concentration can be estimated as follows:

x
^

new ¼ I� Sn STnSn
� ��1

STn

� �
xnew

ao new ¼ SToSo
� ��1

STox
^

new

x
^

new ¼ x
^

new � Soao new

aq new ¼ STqSq

� ��1

STqx
^

new

byTnew ¼ aTq newB ¼ x
^T

newH

(12)

Orthogonalization property

Based on two-step preprocessing, involving both interfer-
ence correction and quality-orthogonal information removal,
the original spectral space is separated into three different
subspaces according to whether they are influenced by G
and related to quality, which are SnA

i
n, SoA

i
o, and SqA

i
q.

Some orthogonalization relationships exist between the three
subspaces, which are clarified as below.

(a) X
^ iTeXi ¼ 0

For Eq. 7, Sn(S
T
nSn)

�1
STn is actually the orthogonal projec-

tor onto the column space of Sn, and I�Sn(S
T
nSn)

�1
STn is the

antiprojector with respect to Sn-space. Accordingly, it can be
found out that the parasitic subspace is orthogonal against

the corrected spectral space: X
^
iTeXi ¼ 0, which means that

each sample in original spectral space is split into two mutu-
ally orthogonal parts.
(b) SToSn ¼ 0

Resulting from the orthogonality claimed in (a), it is read-
ily to know that the underlying source components are or-
thogonal with each other: SToSn ¼ 0 due to
W1T

o X
^ 1TeX1

W1
n ¼ 0.

(c) ðSoAi
oÞTX

^ i ¼ 0 and SToSq ¼ 0

The two subspaces separated from X
^
i, SoA

i
o, and X

^ i
are

also orthogonal based on the similar reason with that of (a),
as well as the source ICs, So and Sq.

Therefore, by means of orthogonalization treatment, the
three subspaces reveal different underlying information,
which are guaranteed to have no overlap.

Total number of components

Possible loss of information and ambiguity regarding dis-
carded variation are issues that complicate pretreatment of
spectral data. There is also a risk that excessive preprocess-
ing may result in an overfitting problem. It is known that
OSC makes use of the rigor orthogonality constraint between
components and qualities to extract and remove quality-irrel-
evant features from the original spectra measurement. From
the mathematical viewpoint, quality-orthogonal means com-
pletely quality-irrelevant, which, however, may result in
such a risk that the spectra of calibration data may be over-
corrected if overmany OSC components are allowed. Partic-
ularly, it may lose generality when referring to new samples.
In the proposed algorithm, the selection of the number of
ICs, respectively referring to the interference sources, the
quality-orthogonal components and constituent sources, is of
importance. On the one hand, from the difference spectra, it
is possible to calculate at the most N interference ICs. Then
this preprocessing can be applied with a number of ICs Rn

varying from 1 up to N, the size of which directly deter-
mines the extent of interference removal. On the other hand,
both number of quality-orthogonal ICs and quality-informa-
tive ICs, Ro and Rq, also vary from 1 up to N, the sizes of
which directly decide the regression relationship as shown in
Eq. 10. Therefore, the number of all components should be
determined with caution to obtain the desired transferable
calibration and quality prediction. Here, two evaluation indi-
ces are defined to determine their respective number.

Fixing the number of quality-orthogonal and quality-pre-
dictive components prior, a similarity index is characterized
as follows to check the effects of different number of inter-
ference ICs:

SimiRn
¼ 1

Roðk � 1Þ
Xk
i¼2

XRo

r¼1

cosðai;ro ; a1;ro Þ�� ��
1þ

��� ai;ro�� ��� a
1;r
o

�� �����

þ 1

Rqðk � 1Þ
Xk
i¼2

XRq

r¼1

cosðai;rq ; a1;rq Þ
��� ���

1þ
��� ai;rq�� ��� a

1;r
q

�� ����� ð13Þ

where, (N � 1)-dimension ai;ro and ai;rq are, respectively, the rth
row vector of Ai

o and Ai
q. Operator cos() stands for the cosine

of angle between two vectors. |ai;ro | stands for the model of ai;ro .
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In this way, the similarity index simultaneously considers the
information of the space angles and their modular differences.
It is apparent that the index ranges from 0 up to 1. The larger
the similarity value, the more similar the mixing relationship.
SimiRn

¼ 0 if Ai
s ? A1

s , while SimiRn
¼ 1 if and only if Ai

s ¼ A1
s

for any one of the k � 1 mixing spaces.
When G-sensitive ICs are determined, the number of qual-

ity-orthogonal and predictive ICs should be selected to get
better quality prediction results. The mean prediction square
error (MSE) is formulated based on validation dataset as
follows:

MSE ¼ 1

kNteJy

Xk
i¼1

XNte

m¼1

XJy
j¼1

ðyim;j � byim;jÞ2 (14)

where, subscripts m and j denote the validation sample and
quality variable, respectively; by is the quality prediction and y
is the real quality measurement. These MSE values from all k
cases are then integrated to quantitatively evaluate the current
prediction performance.

Combining the above two indices, the respective number
of various ICs can be properly selected by cross-validation
or trial and error. Moreover, it should be pointed out that
due to the mutual independency of ICs, it is appealing that
there is no need to re-estimate the mixing model whenever
excluding one IC. It just needs to remove the row coefficient
vector in Ai

s (Rs � J) corresponding to the removed IC. This
can greatly ease the calculation of model validation.

Quantitative model statistics

In this subsection, six quantitative model statistics are
present to analyze the effects of the proposed pretreatment
method on spectral data, which respectively check the
amount of different systematic information located in differ-
ent subspaces. These model statistics will be further quanti-
tatively clarified in the simulation section.
(1) Modeled variation of X

R2X ¼ 1�
P

E2P
X2

(15)

(2) Modeled interference-induced variation of X

R2eX ¼
P ðSnAnÞ2P

X2
(16)

(3) Quality-predictive variation of X

R2X
^

q ¼
P ðSqAqÞ2P

X2
(17)

(4) Modeled quality-orthogonal variation of X

R2X
^

o ¼
P ðSoAoÞ2P

X2
(18)

(5) Predicted variation of Y

R2bY ¼
P bY2

P
Y2

(19)

(6) Quality-predictive explanations:

X ¼ SAþ E

R2XYcorr ¼ CCAðAq;YÞ
CCAðA;YÞ

(20)

where, CCA() stands for those accountable variations in Y

by the identified canonical variates from mixing matrix using
canonical correlation analysis (CCA) algorithm.32–34 The nu-
merator denotes the underlying quality-predictive informa-
tion after spectra correction as calculated in Eq. 9, whereas
the denominator reveals the original one without any prepro-
cessing. In this work, we have made such an important
assumption that the interference factors G have no relation
with quality properties, which means that the underlying
quality-explicable information covered in spectral data
should remain invariable no matter whether interferences are
corrected. By Eq. 20, one can quantitatively check the sce-
nario, e.g., whether some quality-predictive information is
lost during the preprocessing and how much.

In conclusion, by ICA algorithm, the proposed method
can provide more chemical meanings, which are useful for
further understanding and analysis.

Simulations and Discussions

In this section, the new algorithm is applied to two study
cases, in which, its performance is evaluated based on two
types of interferences, between-instrument and temperature-
varying variations.

Experiment datasets

Case Study 1: Robust Calibration to Between-Instrument
Spectral Variation. The first data set consists of spectra
from 80 samples of corn with wavelength ranging 1100–
2498 nm at 2 nm intervals (700 channels), in which, each
spectra sample are scanned on three different NIR spectrom-
eters (m5, mp5, and mp6). Therefore, we can collect 80 � 3
(samples � instruments) spectral observations in all. They
all correspond to the same concentrations, which are
involved in the response matrix Y(80 � 4), referring to four
constituents, moisture, oil, protein, and starch. The corn data
are available at the Eigenvector Research homepage: http://
www.eigenvector.com/DATA/Corn.

Case Study 2: Robust Calibration to Temperature-Induced
Spectral Variation. The spectral data of case study 2,
obtained from the literature35 are ternary mixtures of water,
ethanol and 2-propanol recorded in a 1 cm cuvette with the
wavelength range 580–1091 nm. The short-wave NIR spectra
of 19 samples are taken at different temperatures (30, 40,
50, 60, 70�C), i.e., 19 � 5 (samples � temperatures) spectral
observations in all, and the temperature of the samples is
controlled (�0.2� variation). Besides the spectral measure-
ment X, the quality matrix Y(19 � 3) describes different
contents of ethanol, water, and isopropanol.
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Simulation methodology and results

In order not to interfere with the correction strategy pre-
sented here, no preprocessing has been carried out on the
spectra. In the first case, three data sets {X1,X2,X3} from
three different instruments are used, and in the second case,
five data sets {X1,X2,X3,X4,X5} with different temperatures
are employed, both of which cover only ten samples in each
training data set. The rest data are then used as testing set.
In each case, due to the influences of interference factors,
the spectral profiles are different even they are from the
same samples covering the same constituents with the same
concentrations. In both case studies, master spectra are arbi-
trarily chosen and used to set up the calibration model since
their choice would not impose significant influence on the
implementation performance of the proposed correction strat-
egy. Some idea of the effect of G on the spectra may be
obtained from the difference spectra shown in Figure 1. For
case 1, the two spectra are respectively the difference values
between instruments 2 and 1 and between instruments 3 and
1 before removal of between-instrument variation, in which,
samples from instrument 1 is selected as master ones. For
case 2, the four spectra show the differences of spectra
measurements influenced by different measurement tempera-
tures, in which, the spectra taken at 30�C are used as the

master ones. Both cases show that spectral data does not
agree well with each other. On the one hand, the difference
magnitude is determined by the size of interference levels.
For example, for case study 2 shown in Figure 1b, the
greater the difference of temperature, the larger the magni-
tude of difference spectra. Moreover, spectra on different
wavelengths are distorted and affected diversely. On the
other hand, compare the difference spectra shown in Figures
1a and b, and it can be found that different types of interfer-
ence factors may distort the spectra in different ways.

By performing ICA on those difference spectra, two
underlying source components, i.e., interference source sig-
nals, are figured out and shown in Figure 2 a, taking exam-
ple for case 2. From their spectra, they explain and agree
well with the larger variation of original spectra around the
wavelength of 980 nm. Moreover, checking the mixing coef-
ficients shown in Figure 2b, the two interference components
indicate different contribution values and influence effects.
Generally speaking, the larger the temperature differs, the
larger the magnitude of mixing coefficients is, i.e., the G-
induced effects are more significant on the spectra, which
agrees well the real situation. Moreover, as indicated by the
mixing coefficients, the interference ICs impose influences
on spectra differently in different samples.

On the basis of the extraction of interference ICs, their
effects are removed and the differences of corrected spectra
for both cases are shown in Figure 3. Compared with those
in Figure 1, the magnitude of difference spectra has been
greatly reduced, revealing that after correction, the spectra
are transformed to match with each other better. Taking
example for case study 2, one can clearly see that the large
difference of original spectra around the wavelength of 980
nm has been removed to some extent. The results give one a
good impression of the elimination of the temperature effects
on the spectra changes, which directly and effectively dem-
onstrate the function of the proposed correction strategy.
Calibration analysis is then performed based on the corrected
master spectra and quality matrix for each case. Respectively
using the proposed O-ICR algorithm and the original ICR
algorithm, the regression coefficients between the estimated
mixing matrix and the real concentrations are calculated.
Taking example for case study 1, they are shown as below:

�0:2403 �0:1303 �0:0045 �1:7069

�0:3750 0:0898 2:1178 �0:2757

1:8870 �0:2286 �0:1428 0:1168

0:0285 1:9052 �0:2435 0:1518

2
6664

3
7775

and

0:3560 �0:0644 �0:4363 0:4075

0:2596 �0:0632 �0:2154 0:1731

�0:1519 0:0609 �0:0252 0:0816

0:1841 0:0555 �0:7875 0:8896

2
6664

3
7775

In the two matrices, each row represents the contribution
of each estimated constituent component for four concentra-
tions in mixture and each column indicates the contribution
of all estimated ICs for each concentration. Checking those
coefficients obtained from O-ICR in detail, it is found that
moisture is mainly determined by IC3, oil by IC4, protein by
IC2, and starch by IC1. Therefore, it can be deduced that

Figure 1. Difference spectra before spectral correction
for (a) corn data and (b) ternary mixture.
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these ICs respectively correspond to the four pure species in
mixture. Therefore, using O-ICR algorithm, the mixing coef-
ficients are more close to the real concentration, i.e., the esti-
mated ICs more approach the real constituents in mixture. In
contrast, using conventional ICR, the extracted ICs are more
likely to be the linear combination of real compositions.

Because the effects of interference factors have been
removed to some extent, it should in principle be possible to

transfer the calibration to other instruments or other tempera-
ture-induced situations different from the master one. Table
1 shows the simulation results for both cases using the pro-
posed method compared with those obtained from untreated
original spectra. The root mean square error of calibration
(RMSEC) is calculated for the master spectra (those of
instrument 1 in case study 1 and T ¼ 30 in case study 2).
And the root mean square error of prediction (RMSEP) is
used to evaluate the model transferability when the calibra-
tion model built based on master spectra is applied to the
slave ones for quality prediction. Both of the two statistical
indices are calculated by combining the quality prediction
results from training and testing data. The results demon-
strate that with no correction strategy, the direct application
of the primary model to data acquired under the different sit-
uations may lead to poor predictions. Such a problem is
obviously more apparent when the differences of spectra are
large. As expected, the proposed correction strategy
improves the model transferability in both examples only
based on a small quantity of calibration modeling samples.
Moreover, it can be seen that the preprocessing has different
effects on the improvement of calibration robustness

Figure 2. Interference analysis in ternary mixture (a)
spectra profile of the estimated interference
ICs and (b) mixing coefficients for five tempera-
ture-different cases (T5 30, 40, 50, 60, and 70).

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]

Figure 3. Difference spectra after spectral correction
for (a) corn data and (b) ternary mixture.
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referring to different quality attributes. Further, taking exam-
ple for the master spectra, a summary of calibration model-
ing results are given in Table 2, which show the amount of
various kinds of modeled variation information. For spectra
data X in study case 2, the structured information amounts
to 95.847% of the total variation; 34.345% of the variation
in original spectra is modeled as interference sensitive. The
left variations are interference independent and will serve for
calibration analysis, which, however, does not indicate that
they are all correlated with quality, i.e., they are not all use-
ful for quality prediction. Based on the proposed O-ICR
algorithm, the quality-orthogonal variations are modeled
amounting to 20.161%, which can not describe quality prop-
erty and does not take part in any quality prediction. Only
42.494% of X is used to explain quality variation; 97.724%
of Y is modeled by X with good predictive ability, as indi-
cated by the statistic R2bY. The statistical index, R2XYcorr,
provides important clues to the verification of preprocessing
effect on quality prediction. Ideally, the spectra correction
should not influence the underlying quality-predictive com-
petency. In the simulation, the amount of quality-explicable
information in X after correction is slightly smaller than that
before preprocessing, which reveals that the interference var-
iation may have some relationship with quality more or less.
Ideally, if interferences are strictly irrelevant to quality prop-
erties, i.e., orthogonal to quality from a mathematical point
of view, the quality-predictive explanations underlying the
spectral data would exactly match and the predictive ability
remains constant, no matter whether interference correction
is implemented or not.

The simulations conclude with illustrations of how the
proposed calibration modeling strategy performs on real
cases, revealing the desirable improvement in model trans-
ferability and quality prediction. It also provides the basis
and potential for future work. For example, an important
issue that can be further addressed may refer to the problem
of wavelength selection, which has been mentioned by previ-
ous work.13,14,16,36–38 It directly picks out and thus pays

more attention to those important ranges of wavelengths,
which contribute in an effective way to quality prediction.
Moreover, further analyses can also be conducted focusing
on the comprehensive comparisons between the proposed
method and all the other methods to reveal their respective
advantages and disadvantages. Maybe a better robust calibra-
tion modeling strategy can be obtained if their merits are
combined. It is a meaningful issue and deserves further
investigation.

Conclusion

In this article, a robust calibration modeling strategy is
presented, which demonstrates that it is possible to identify
sources of variation affecting spectra measurement and cali-
bration performance and observe their effects by ICA. Its
underlying idea is to separate different subspaces from the
original spectral data by two-step correction. The assumption
is that they can be described as a linear combination of dif-
ferent source components. This has been verified in this liter-
ature. The first-step preprocessing plays an important role in
correcting the interference-induced spectral variations and
thus makes the calibration model transferable among differ-
ent cases. The second-step correction excludes the quality-
orthogonal information from regression analysis, which thus
enhances the causal relationship with qualities and facilitates
parsimonious calibration model structure. Some quantitative
model statistics are also defined to verify the modeling
results and evaluate the modeling performance. Simulation
examples have shown the effectiveness of the proposed
method with smaller prediction error and less sensitive to
the environmental and instrumental changes. The proposed
algorithm provides a tool for more informative statistical
explanations and better chemically interpretable characteris-
tics for the analysis of interference-subject spectra. It should
be generally applicable to a broad range of multivariate anal-
ysis applications aiding in the optimization of the calibration
model.

Table 1. Root Mean Square Errors of Calibration and Prediction for Corn Data and Ternary Mixtures of
Water, Ethanol, and 2-Propanol

Methods

Index

RMSEC RMSEP RMSEC RMSEP

Instrument 1 Instrument 2 Instrument 3 T ¼ 30 T ¼ 40 T ¼ 50 T ¼ 60 T ¼ 70

No interference correction 0.5496 0.7509 1.1627 0.375 0.9588 1.662 3.1791 4.9397
0.8501 0.8384 0.8272 0.1792 0.2675 0.3137 0.4465 0.469
0.7049 0.896 2.4081 0.1786 1.1412 1.713 1.3048 1.611
0.6043 0.8023 2.3657

After interference correction 0.1239 0.3774 0.413 0.1436 0.2623 0.5378 0.718 1.5547
0.6414 0.6101 0.6177 0.1318 0.1283 0.2886 0.306 0.3924
0.115 0.3837 0.4335 0.1779 0.2245 0.2363 0.2682 0.2182
0.2237 0.2385 0.4192

Table 2. Summary of Robust Calibration Modeling Results for Corn Data and Ternary Mixtures

Number of Features Model Statistics

Sn So Sq LVs R2X R2eX R2X
^

o R2X
^

q R2bY R2XYcorr

1 1 4 2 0.87556 0.29461 0.20731 0.49808 0.96877 0.97950
2 1 4 2 0.95847 0.34345 0.20161 0.42494 0.97724 0.97103
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Appendix: O-ICR Calibration Algorithm

Here, the O-ICR modeling procedure is comprehensively
described on the basis of ICA algorithm presented by Lee
et al.29 to derive the quantitative regression relationship.
First, some useful results about ICA should be clearly

clarified. In ICA operation, there always satisfies AW ¼ I

resulting from the following calculation:

S ¼ XW

A ¼ ðSTSÞ�1
STX

(A1)

Generally, X is whitened to be Z prior to ICA by Z ¼
XQ (where, Q is whitening matrix), the components of
which are uncorrelated and their variances equal unity. In
other words, the covariance matrix of Z equals the identity
matrix: E{zzT} ¼ I. Therefore, it can be further deduced
based on Eq. A1 that

Wz ¼ ðZTZÞ�1
ZTS

Az ¼ ðSTSÞ�1
STZ

(A2)

Consequently, we can obtain AT
z ¼ Wz, i.e., az(N�1) ¼

wz(N�1), which means that they both correspond to the
same information. Thus, vector wz can be used in the calcu-
lation process as a substitute for vector az.
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Denoting wi
z as the ith row of Wz, the proposed O-ICR

algorithm tries to separate the quality-relevant information
from quality-orthogonal one in the ith IC and model them
respectively, which is actually realized by handling the esti-
mated mixing/demixing relationship. The detailed procedure
is given below:

(a) Determine the number of independent components Rz,
and set the counter p ¼ 1.
(b) Perform ICA29 on spectra data Z so as to get one IC

and the corresponding demixing vector wz.
(c) The quality-orthogonal information in demixing rela-

tionship wz is separated by wzo ¼ (I-YYþ)wz and then nor-
malized by wzo ¼ wzo= wzok k. Here, YYþ is defined as the or-
thogonal projector onto the orthogonal column space of Y,
and I�YYþ as the anti-projector with respect to Y-space. In
case Y is not of full column rank, Yþ is the Moore-Penrose
inverse.
(d) Set p ¼ p þ 1. If p � Rz, return to step (b) until all

desired ICs are calculated and their corresponding quality-or-
thogonal information is split. Output the quality-orthogonal
demixing matrix Wzo (N � Rz).

(e) The quality-orthogonal demixing matrix with
respect to X, Wo(N � Rz), can be readily retrieved by anti-
whitening:

So ¼ ZWzo ¼ XQWzo ¼ XWo

Wo ¼ QWzo

(A3)

and calculate the corresponding quality-orthogonal mixing
matrix by:

Ao ¼ ðSToSoÞ�1
SToX (A4)

(f) Remove the quality-orthogonal systematic variation
from X and perform ICA on the residual space again to get
the quality-predictive ICA model:

Xq ¼ X� SoAo

Sq ¼ XqWq

Aq ¼ STqSq

� ��1

STqXq

(A5)

In the general formulation, the feature extraction of O-ICR
can be considered a variant of projection pursuit. It is devel-
oped in statistics for finding more ‘‘interesting’’ projection
directions, in which the non-Gaussianity and quality-orthogo-
nal are both called projection pursuit ‘‘indices’’. It directly
analyzes the quality-irrelevant variation in each mixing vec-
tor corresponding to each regular IC. In this way, the corre-
sponding mixing relationship Aq is closer related with qual-
ity so that the regression relationship between it and quality
can be better derived using PLS algorithm.
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