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Abstract

Ž .An alternating coupled matrices resolution ACOMAR method is developed for decomposition of three-way data arrays.
By utilizing alternating least squares algorithm to minimize the proposed coupled matrices resolution error, the intrinsic pro-
files are found. Moreover, it yields simultaneously a numerically exact solution for all analytes present in the samples. This

Ž .method retains the second-order advantage of quantization for analyte s of interest in the presence of potentially unknown
interferents. The performance of a simulated experiment and a real analytical example shows that the proposed method works
well when the number of components is chosen to be equal to or greater than the actual model dimensionality. The insensi-
tivity of the ACOMAR method to the estimated component number escapes the difficulty of determining a proper compo-
nent number for the model, which is hard to handle for the PARAFAC algorithm. Furthermore, this method circumvents the
two-factor degeneracy, which is intrinsic in the PARAFAC algorithm. q 2000 Elsevier Science B.V. All rights reserved.

Ž .Keywords: Alternating coupled matrices resolution ACOMAR ; Three-way data analysis; PARAFAC algorithm

1. Introduction

With the development of second-order instru-
ments that generate a two-way data for each sample
it has become demanding and important to develop

w xnew methods to handle these data 1–4 . The attrac-
tive merit that can be derived from three-way data
arrays lies in that the analysis of several components
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of interest can be performed in the presence of un-
known interferents, commonly called the ‘‘second-

w xorder advantage’’ 4,5 . Two types of algorithms have
been reported in chemical literature for decomposi-
tion of three-way data arrays. The first type approach
is to resolve the arrays by directly performing an
eigenanalysis, with the well-known examples of gen-

Ž . w xeralized rank annihilation method GRAM 6–8 and
Ž .the direct trilinear decomposition DTLD method

w x9–11 . These methods yield direct solution to the
component profiles in each order. Unfortunately,
GRAM is constrained to use only one standard and
one mixture sample at a time. Although DTLD
method allows for a direct solution through multiple

0169-7439r00r$ - see front matter q 2000 Elsevier Science B.V. All rights reserved.
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samples, it requires construction of two pseudo-sam-
ples to formulate an eigenproblem, which unavoid-
ably incurs a loss of information in multiple samples.
An additional problem is that these approaches may
sometimes yield imaginary solutions and exhibit in-
flated variance. In general, these methods work well
when the signal-to-noise ratio is high. The second
type of method aims at fitting a trilinear model to the

w xdata by utilizing an iterative procedure 12–15 . This
type of method is exemplified by the PARAFAC al-
gorithm. These methods provide a judicious way to
extract useful information of the multiple samples.
The method, however, does not always converge to
chemically meaningful solutions unless proper con-

w xstraints are placed on the solutions 10 . Addition-
ally, the success of the algorithm is dependent on the
choice of the number of components for the model.
The resolved profiles will be satisfactory only if the
chosen component number equals the actual one,
which leads to a predicament hard to handle in prac-
tical applications.

This paper reports a newly developed method, al-
Ž .ternating coupled matrices resolution ACOMAR ,

with some improved properties. The method aims at
seeking a couple of matrices called coupled matrices,
which minimize a new least squares based criterion.
An advantage of the method over GRAM is that it
provides a statistically plausible manner to employ
multi-sample information. Another salient virtue of
ACOMAR is that the resolved profiles are quite sta-
ble with respect to the estimated component number
when it is chosen to be equal to or greater than the
actual component number, escaping the dilemma in
selection of a proper component number for the
model. In addition, the proposed coupled matrices

Ž .resolution COMAR criterion provides a natural way
Ž .to avoid the problem of two-factor degeneracy 2FD

w x16–18 . The performance of the ACOMAR algo-
rithm is compared with that of the traditional
PARAFAC algorithm on a simulated example and a
real chemical problem in three-way data analysis.

The remainder of this paper is organized as fol-
lows. First, the theory of the proposed method is de-
scribed. Second, the ACOMAR method is evaluated
by treating one simulated and one real chemical data
set and comparing the performance with that of
PARAFAC. Finally, some results and discussion are
given.

2. Theory

2.1. Trilinear model for second-order resolution

Suppose that second-order data are collected in an
I=J=K three-way data array R. A trilinear model
for such array has the following form:

N

Rs x my mz qE 1Ž .Ý n n n
ns1

where x , y , and z are the profiles in three order,n n n

respectively, of the nth detectable species among the
Ž . Ž .component s of interest and the interferent s . Here,

the symbol m denotes the tensor product. E is the
residual array. Let R and E be the k th slices of R..k ..k

and E, respectively, along the third order. In matrix
notation, the trilinear model can be written as

R sXdiag z Y T qEŽ ... k Žk . ..k

ks1,2, . . . , K 2Ž .
Ž .where diag z denotes the diagonal matrix in whichŽk .

the corresponding diagonal elements are elements of
Žz , and z is the k th row of profile matrix Z z ,Žk . Žk . 1

.z , . . . , z . The superscript T denotes the transpose2 N
Ž .of a matrix. It can be seen from Eq. 1 , that the tri-

linear model treats the profile matrices of three or-
ders in a symmetric way. Therefore, when R is sliced
along the other two orders, the trilinear model can
also be written as

R sYdiag x ZT qE is1,2, . . . , I 3Ž . Ž .i .. Ž i. i ..

R sZdiag y XT qE js1,2, . . . , J 4Ž . Ž .. j . Ž j. . j .

The trilinear resolution aims at finding the profile
matrices X, Y, and Z from the measuring data R.

2.2. Least squares-based COMAR error

For decomposition of three-way data arrays, sev-
eral procedures have been suggested. In the GRAM
w x6 , instrument response matrices are collected from
one standard and one mixture sample, as presented as
follows:

R sXdiag z Y T 5Ž . Ž ...1 Ž1.

R sXdiag z Y T 6Ž . Ž ...2 Ž2.
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Ž T .q Ž .Suppose that U s Y and diag z s diagŽ1.
Ž . Ž . Ž .z C, then Eqs. 5 and 6 can be rewritten as:Ž2.

R UsXdiag z C 7Ž . Ž ...1 Ž2 .

R UsXdiag z 8Ž . Ž ...2 Ž2.

where C is a diagonal matrix whose diagonal ele-
ments are quotients of the corresponding elements of
z to z . Therefore, U and C can be resolved by theŽ1. Ž2.
generalized eigenproblem:

R UsR UC 9Ž ...1 ..2

This forms the mathematical formulation of GRAM.
Generally, the QZ algorithm is implemented to solve
the above generalized eigenproblem. Notice in the
formulation, one needs the assumption that all the el-
ements of residual matrix E equal zeros. Unfortu-
nately, this is not the case in practice. It leads to the
method to produce imaginary solutions and inflated
variance. Moreover, GRAM is constrained to use
only one standard and one mixture samples at one
time. In this study, some improvements for GRAM
have been done. It takes the residuals into account
such that the error propagation factor can be reduced
and the imaginary solutions can be avoided. Further-
more, it generalizes the method to multiple samples
case.

In general analytical practice, one can assume that
Ž .the profile matrix Ys y , y , . . . , y has full col-1 2 N

umn rank. Since Y has full column rank, it is known
that there exists a matrix P satisfying

Y T PsI 10Ž .
where I is an N=N unity matrix. Post-multiplying

Ž . Ž .R by P in Eq. 2 and using Eq. 10 , one can ob-.. k

tain:

˜R PsXdiag z qEŽ ... k Žk . ..k

ks1,2, . . . , K 11Ž .
˜ Ž .where E sE P ks1, 2, . . . , K , which can also.. k ..k

be regarded as residual matrices. Therefore, it is nat-
ural to utilize least squares principle to estimate the

Ž .parameters. That is, P, X and z ks1, 2, . . . , KŽk .
can be estimated by the minimization of the follow-
ing loss function,

K
25 5L s R PyXdiag z 12Ž . Ž .Ý1 ..k Žk .

ks1

5 5where . denotes Frobeninus norm of a matrix, that
5 5 2 Ž T .is, A is the trace of the matrix A A . There are

three parameters P, X, and Z to be estimated in the
above least squares based criterion and the estimated
P, X, and Z minimizing the loss function L are the1

least squares solution for the profile matrices to be
resolved. Considering that in the loss function Eq.
Ž .12 , the transformation matrix P aims at making each
column of R transformed to be parallel to each col-..k

umn of X, we name P the coupled matrix of X and
the aforementioned loss function is called COMAR
error. Currently, there is no direct solution to the Eq.
Ž .11 . In the presented study based on the alternating
least squares algorithm, an iterative procedure is pro-
posed for obtaining the estimates of P, X and Z. It is
an important part for the resolution procedure to ex-
ploit P and X, thus the proposed method is called
ACOMAR method.

As the trilinear model treats the X, Y, and Z in a
Ž .symmetric way, an analogous criterion to Eq. 11 can

also be obtained as

K
T 25 5L s R QyYdiag z 13Ž . Ž .Ý2 ..k Žk .

ks1

where Q is a matrix satisfying

XTQsI 14Ž .

and Q is called the coupled matrix of Y, too. By
minimizing the criterion L one can obtain the esti-2

mates of Q, Y and Z.
The proposed COMAR errors, L and L are both1 2

derived from the least squares method. One can chose
one of them as the criterion for three-array analysis.
In this study, L is taken as an example.1

2.3. ACOMAR algorithm

According to the above-mentioned loss function,
an alternating least squares algorithm is used to ex-
ploit the solution. That is, it minimizes in an alternat-

Ž .ing manner the COMAR error Eq. 12 over X for
fixed P and Z, over P for fixed X and Z and over z Žk .
Ž .ks1, 2, . . . , K for fixed X and P. Details of the
procedure are described below.
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Ž Ž ..If X minimizes L Eq. 12 for fixed P and1
Ž .diag z , it is necessary for X to satisfy the follow-Žk .

ing condition:

KEL1
sy2 R PyXdiag z diag zŽ . Ž .Ž .Ý .. k Žk . Žk .

EX ks1

s0 15Ž .

Ž .For fixed X and diag z the reasonable P shouldŽk .
satisfy,

KEL1 Ts2 R R PyXdiag z s0 16Ž . Ž .Ž .Ý .. k ..k Žk .
EP ks1

For fixed X and P, the reasonable Z should satisfy,

EL1 Tsy2x R p yx z s0Ž .n ..k n n k n
Ezk n

ks1,2, . . . , K ns1,2, . . . , N 17Ž .

Ž .where z denotes the k, n element of the profilek n

matrix Z and p is the nth column of P.n

Thus, one can obtain the update of X for fixed P
Ž . Ž .and diag z from Eq. 15 ,Žk .

K

Xs R Pdiag zŽ .Ý Ž ...k kž /
ks1

=

y1K
2

diag z 18Ž .Ž .Ž .Ý Ž .kž /
ks1

Ž .From Eq. 16 , the update of P for fixed X and
Ž .diag z is,Žk .

q
K K

T TPs R R R Xdiag z 19Ž . Ž .Ý Ý.. k ..k ..k Žk .ž /
ks1 ks1

Here, ‘‘q’’ denotes the Moore–Penrose inverse.
Ž .The updates of diag z for fixed X and P are,Žk .

TT Tz s diag X R P .rdiag X XŽ .Ž .Ž .Ž .Žk . ..k

ks1,2, . . . , K 20Ž .

where .r denotes the elementwise division. Here,
Ž .diag A is a column vector formed from the diagonal

elements of matrix A.
Having given the updating equations for these pa-

rameters, the general algorithm for the ACOMAR
method can be described as follows:

1. Initialize X and P.
Ž . Ž .2. Compute z ks1, 2, . . . , K using Eq. 20Žk .

and subsequently scale Z to be columnwise nor-
malized.

Ž .3. Compute X using Eq. 18 and subsequently scale
X to be columnwise normalized.

Ž .4. Compute P using Eq. 19 .
Ž . Ž .5. Repeat steps 2 to 4 until a stopping criterion is

satisfied.

In this study, the stopping criterion is the change of
Ž .the COMAR error Eq. 12 between consecutive iter-

Ž y6 .ations below a certain value e.g., 10 . After the
algorithm converges, one can obtain the profile ma-
trices X, P, and Z from the given three-way arrays.
However, it is notable that when two corresponding
columns of two of the estimated X, P, and Z are
multiplied with 1 or y1 simultaneously, the trilinear

Ž .decomposition of model 2 does not alter. In other
words, with the identified profiles their signs are still
unsettled. A procedure to eliminate such a source of
uncertainty is demanding. As known that the profiles
in x order in practical applications are non-negative,
one can realize the sign transformation according to
the sign of the element x with the largest abso-n,max

lute value in nth column of X. The process is carried
out as follows: the nth column of X is multiplied by

Ž . Ž . Ž .sign x ns1, 2, . . . , N , where sign x rep-n,max

resents the sign of x. If there are several elements in
the same column having the largest magnitude, the
sign of the first such element is adopted. With such
sign transformation for the computed X, the true pro-
files matrix X can be recovered using the post-
processing described below.

It was found in experiments that, according to dif-
ferent selections of component number, there are two
kinds of cases arising for the ACOMAR method. One
case is that the estimated component number N is
equal to the actual one M. In this case, the estimated
X and Z are the true profiles in the first and the third
order, respectively. Subsequently, Y is obtained from
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R, X and Z by least squares regression. In the sec-
ond case where the estimated component number N
is greater than the actual one M, the algorithm pro-
duces N profiles in X. However, some of these pro-
files are numerically identical and there are only M
profiles, which is different from each other, in the X
obtained. These M profiles give accurate estimate for
the actual profile matrix X. Therefore, to obtain the
final solution of X one can select M columns, which
are different from each other, from the computed X.
At the same time, the corresponding M columns in
Z are also selected to yield the final estimate of Z.
With these X and Z finally resolved, the profile ma-
trix Y can be obtained immediately by least squares
regression.

Some components of chemical meaning may not
be resolved using ACOMAR when the chosen com-
ponent number is not large enough. On the other
hand, some meaningless columns generated by noise
may be included in the solution. To resolve the re-
maining components and handle the general mean-
ingless columns, one can calculate the following cri-
terion after the computation:

K
2T5 5E X,Y,Z s R yXdiag z Y 21Ž . Ž . Ž .Ý .. k Žk .

ks1

If the value of the above criterion is greater than a
Ž y 6 .certain value ´ e.g., 10 , one can compute

Rs R-ÝN x m y m z , and repeat the abovens 1 n n n

ACOMAR algorithm with R being the new response
Ž Ž ..matrix, until the value of the criterion Eq. 21 is

smaller than ´ . Using such procedures, all the chem-
ical components can be completely resolved. There is

another simpler scheme to handle, the case where all
components are not completely resolved. That is, one
can intentionally chose a sufficiently large compo-
nent number. Then ACOMAR can resolve the real
profiles of all chemical components. Although the
solutions obtained might contain some meaningless
columns generated by noise, they are easy to be dis-
criminated from the desired ones in that they con-
tribute little to the trilinear model. Accordingly, such
columns should not be selected in post-processing.

Using the procedure described above the ACO-
ŽMAR algorithm yields the resolved X x , x , . . . ,1 2

. Ž . Ž .x , Y y , y , . . . , y and z ks1, 2, ..., K .N 1 2 N Žk .
Since column vectors of X and Y represent the esti-
mated spectra profiles for all components, it is clear
that the method gives simultaneous resolution of all
the components when the chosen component number
N is no less than the true one M.

3. Experimental

The data analysis and simulation were carried out
Ž .in the Matlab version 5.1 environment. Two exper-

iments are offered as examples showing the perfor-
mance of the proposed method. The first experiment
is computer simulation and the second example is the
chemical analysis for three dyes by using excita-
tion–emission fluorescence spectroscopy.

3.1. Simulation

A simulated excitation–emission spectra data set
was constructed from a pool of five simulated sam-

Table 1
Compositions of five simulated samples and estimated concentration profiles by ACOMAR method and PARAFAC method

Sample True concentration ACOMAR PARAFAC

Component Component Component

1 2 3 4 1 2 3 4 1 2 3 4

1 0.1612 0.3638 0.5638 0 0.1629 0.3642 0.5639 0.0009 0.1565 0.3639 0.5649 0.0047
2 0.0346 0.4927 0.7144 0 0.0343 0.4927 0.7142 0.0007 0.0388 0.4927 0.7149 0.0013
3 0.4996 0.7882 0.0082 0.4190 0.5004 0.7880 0.0082 0.4193 0.4985 0.7881 0.0079 0.4153
4 0.5000 0.0328 0.4081 0.6892 0.4974 0.0322 0.4084 0.6885 0.5063 0.0330 0.4060 0.6937
5 0.6879 0.0507 0.0712 0.5911 0.6889 0.0505 0.0712 0.5917 0.6852 0.0505 0.0701 0.5584
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Table 2
Effect of the different selection of component number N on the resolution errors in three orders of ACOMAR method

N X profile Y profile Z profile
a a a b b c c c d a a d1 2 3 4 1 2 3 4 1 2 3 4

4 7.4795 2.1998 1.7415 3.9905 5.1095 4.5863 3.3488 6.6005 1.6036 1.3373 4.1111 1.4988
5 7.4795 2.1998 1.7415 3.9905 5.1095 4.5863 3.3488 6.6005 1.6036 1.3373 4.1111 1.4988
6 7.4795 2.1998 1.7415 3.9905 5.1095 4.5863 3.3488 6.6005 1.6036 1.3373 4.1111 1.4988
8 7.4795 2.1998 1.7415 3.9905 5.1095 4.5863 3.3488 6.6005 1.6036 1.3373 4.1111 1.4988

10 7.4795 2.1998 1.7415 3.9905 5.1095 4.5863 3.3488 6.6005 1.6036 1.3373 4.1111 1.4988
12 7.4027 2.1989 1.7415 3.7393 4.7341 4.3662 3.3163 5.8494 1.4791 1.1919 3.9555 1.3887
14 7.4027 2.1989 1.7415 3.7393 4.7341 4.3662 3.3163 5.8494 1.4791 1.1919 3.9555 1.3887
16 7.4027 2.1989 1.7415 3.7393 4.7341 4.3662 3.3163 5.8494 1.4791 1.1919 3.9555 1.3887
18 7.1301 2.1991 1.7415 2.7769 3.2648 3.5326 3.1704 3.9304 1.0006 0.9323 3.3613 0.9571
20 7.1301 2.1991 1.7415 2.7769 3.2648 3.5326 3.1704 3.9304 1.0006 0.9323 3.3613 0.9571

a Numbers in this column is multiplied with 10y6 .
b Numbers in this column is multiplied with 10y5.
c Numbers in this column is multiplied with 10y7.
d Numbers in this column is multiplied with 10y3.

ples. Four excitation spectral profiles of component
designated as s , s , s , s were generated by:1 2 3 4

s s0.2gs 2 iy1,30,30 q0.5gs 2 iy1,70,10Ž . Ž .1, i

is1,2, . . . , 50

s s0.6gs 2 iy1,20,10 q0.3gs 2 iy1,80,20Ž . Ž .2, i

is1,2, . . . , 50

s s0.7gs 2 iy1,40,10 q0.2gs 2 iy1,90,20Ž . Ž .3, i

is1,2, . . . , 50

s s0.7gs 2 iy1,50,25Ž .4, i

is1,2, . . . , 50
Ž .where gs x, a, b refers to the value at x of Gauss-

ian function with center a and standard deviation b,
Ž . � Ž .2 24i.e. gs x, a, b sexp y xya r2b .

Four emission spectral profiles of component c ,1

c , c , c were produced by:2 3 4

c s0.5gs 4 iy3,40,5 is1,2, . . . , 20Ž .1, i

c s0.5gs 4 iy3,30,10 is1,2, . . . , 20Ž .2,1

c s0.5gs 4 iy3,50,10 is1,2, . . . , 20Ž .3, i

c s0.5gs 4 iy3,40,9 is1,2, . . . , 20Ž .4, i

The first two simulated samples contained only s ,1

s , and s , and the remaining three samples con-2 3

tained all the four species. Their concentrations were
uniformly distributed in the range of 0–1, as shown
in Table 1. The three-way responses were con-

Ž .structed according to Eq. 1 . Normally distributed

Table 3
Ž .Compositions of three samples and estimated concentration profiles by ACOMAR method and PARAFAC method relative concentration

Sample True concentration ACOMAR PARAFAC

Component Component Component

Fluorescein Rhodamine Acridine Fluorescein Rhodamine Acridine Fluorescein Rhodamine Acridine
B red B red B red

1 0.6667 0.3333 0 0.6719 0.3137 0.0052 0.6728 0.3152 0.0025
2 0.3333 0.6667 0.8944 0.3405 0.7094 0.9133 0.3387 0.7080 0.9112
3 0.6667 0.6667 0.4472 0.6578 0.6311 0.4074 0.6577 0.6320 0.4120
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noise with a mean of zero and standard deviation of
0.2% were added. Both the proposed method and the
traditional PARAFAC algorithm were performed on
the simulated data for comparison. The effect of dif-
ferent selection of component number on the resolu-
tion error for the ACOMAR method was investi-
gated and the results are shown in Table 2.

3.2. Real excitation–emission data

Three samples that contain different amounts of
fluorescein, rhodamine B and acridine red were ana-

Žlyzed using fluorescence spectroscopy excitation
.450–600 nm, emission 480–620 nm, 5-nm intervals .

The fluorescence spectra were recorded under com-
puter-controlled regime of a Hitachi M850 spectral-
fluorometer with excitation slit width of 5 nm, an
emission slit width of 5 nm and a scanspeed of 240
nmrmin. All chemical substances were of analytical
grade. The stock solutions were prepared with 0.01
molrl NaOH. The concentrations of each component
are shown in Table 3. It should be noticed that the
Rayleigh scattering in the responses is not multilin-
ear in its nature. The effect of Rayleigh scattering was
eliminated by measuring a blank and subtracting it
from the sample measurement before data treatment.

Ž .The collected data arrays 31=29=3 were treated
using the developed method as well as the PARAFAC
algorithm.

All computer programs were written in Matlab and
all calculations were carried out on a personal com-

Ž .puter Pentium II processor . The algorithm for
PARAFAC used in the investigation is the version by

w xKrijnen 19 . In order to gain a reasonable compari-
son, the starting values and the stopping criterion are
selected for PARAFAC and ACOMAR algorithms as
follows. The starting values of X and P are selected
as the first N singular vectors of ÝK R R T andks1 ..k ..k

K T w xÝ R R , respectively 7 . The stopping crite-ks1 ..k ..k

rion is to terminate the iterations when the error be-
tween two iteration is below 10y6 or total computa-
tional epochs are greater than a predefined number,
as 3000 in both simulated and real data analysis.

4. Results and discussion

Selection of the component number N to be
greater than the actual one is a plausible way in prac-

tical application of the ACOMAR method. This is due
to the following reasoning. It is found in extensive
experiments that the performance and convergence
rate of ACOMAR method are both stable with re-
spect to overestimation of the component number.
Furthermore, selection of a component number
greater than the actual one ensures that all compo-
nents underlying the data are resolved. In the pre-
sented study, the resolution results when component
number is chosen to be equal to and to be greater than
the actual one are both inspected.

4.1. Simulated example

Firstly, in the proposed ACOMAR method the
number of component is chosen to be four, which is
the true dimensionality of the underlying model. The
resolved spectral profiles in excitation and emission
orders are depicted against the actual ones in Fig. 1a
and b, and the estimated concentration profiles are
shown in Table 1. For comparison the PARAFAC al-
gorithm was also carried out in the case of the cho-
sen component number N to be four. Fig. 2a,b and
Table 1 show the estimated profiles in three orders,
respectively. It was found that both methods per-
formed well. These results indicate that the ACO-
MAR method works as well as the PARAFAC algo-
rithm in the case when the model dimensionality is
correctly chosen. To illustrate the insensitivity to the
chosen component number of the proposed method,
the simulated data were analyzed with different num-
ber of components selected for the model. The rela-

Žtionship between the resolution errors i.e., the Eu-
clidean distances between the resolved profiles and

.the actual ones and the chosen component number in
three orders were investigated. An inspection of the
results in Table 2 reveals that the ACOMAR method
performed well when the number of component is
increased from the actual dimensionality to signifi-
cantly larger values. Therefore, with the ACOMAR
method one needs not to determine the component
number accurately. One only needs to choose a num-
ber greater than the possible model dimensionality. In
utmost, it is feasible to take the smaller one of I and
J as the estimate. The characteristic is appealing from
the practical point of view since it avoids the dilemma
of determining the component number before resolu-
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Ž . Ž . Ž .Fig. 1. a Resolved dotted line and actual solid line excitation
spectral profiles for simulated data set using the proposed ACO-

Ž . Ž . Ž . ŽMAR method. Ns4 . b Resolved dotted line and actual solid
.line emission spectral profiles for simulated data set using pro-

Ž .posed ACOMAR method. Ns4 .

tion which is rather difficult to handle for the
PARAFAC algorithm. Another satisfactory charac-
teristic is that the convergence rate of ACOMAR
method is also stable to the component number cho-
sen. On the contrary, the PARAFAC algorithm con-
verges much slowly in the case of overestimation of
the model dimensionality.

4.2. Real excitation–emission data

Fluorescein, rhodamine B and acridine red are
fluorescent dyes co-existing in liquid laser. For veri-
fying performance of the ACOMAR and PARAFAC
algorithms, the excitation and emission spectra were

Ž . Ž . Ž .Fig. 2. a Resolved dotted line and actual solid line excitation
spectral profiles for simulated data set using the PARAFAC algo-

Ž . Ž . Ž . Ž .rithm. Ns4 . b Resolved dotted line and actual solid line
emission spectral profiles for simulated data set using PARAFAC

Ž .algorithm. Ns4 .
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Ž . Ž . Ž .Fig. 3. a Resolved dotted line and actual solid line excitation
Žspectral profiles for real data set using the ACOMAR method. N

. Ž . Ž . Ž .s3 . b Resolved dotted line and actual solid line emission
profiles for real data set using the proposed ACOMAR method.
Ž .Ns3 .

measured on the above pure compounds. The effect
of Rayleigh scattering should be eliminated in a mul-

w xtilinear decomposition if possible 17 . Therefore, a
blank was measured and subtracted from the sample
measurement before data treatment.

The data set of three mixtures samples was ana-
lyzed using both methods. Different component

numbers were chosen. Firstly, it was set to the true
Ž .component number Ns3 . One can observe that the

estimated profiles show small discrepancy from those
experimentally measured and the PARAFAC algo-
rithm also gives good performance, as shown in Figs.
3a,b, 4a,b and Table 3. Then the component number
is chosen to be four. Taking the excitation and emis-

Ž . Ž . Ž .Fig. 4. a Resolved dotted line and actual solid line excitation
spectral profiles for real data set using the PARAFAC algorithm.
Ž . Ž . Ž . Ž .Ns3 . b Resolved dotted line and actual solid line emis-
sion spectral profiles for real data set using the PARAFAC algo-

Ž .rithm. Ns3 .
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sion spectra as examples, the profiles estimated by the
ACOMAR show acceptable resolution results, as
shown in Fig. 5a and b. The results using PARAFAC
algorithm, however, deviated greatly from those ex-

Ž .perimentally prepared Fig. 6a and b . The above re-
sults demonstrate again that the ACOMAR method is

Ž . Ž . Ž .Fig. 5. a Resolved dotted line and actual solid line excitation
spectral profiles for real data set using the proposed ACOMAR met

Ž . Ž . Ž . Ž .hod. Ns4 . b Resolved dotted line and actual solid line
emission spectral profiles for real data set using the proposed

Ž .ACOMAR method. Ns4 .

Ž . Ž . Ž .Fig. 6. a Resolved dotted line and actual solid line excitation
spectral profiles for real data set using the PARAFAC algorithm.
Ž . Ž . Ž . Ž .Ns4 . b Resolved dotted line and actual solid line emis-
sion spectral profiles for real data set using the PARAFAC algo-

Ž .rithm. Ns4 .

more stable to the overestimation of the model di-
mensionality.

5. Conclusions

The ACOMAR method has been proposed for de-
composition of three-way data arrays. Its perfor-
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mance was compared with that of the PARAFAC al-
gorithm by simulation and by practical application to
fluorescence excitation–emission data. The pre-
sented results show that the proposed method can
yield simultaneously solutions with acceptable accu-
racy for all the analytes present in the samples. The
insensitivity to the estimated component number is of
practical value, which avoids the selection for the
proper one.
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