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Abstract

Multivariate curve resolution (MCR) is a powerful technique for extracting chemical information from multivariate images (MI). Two

problems with MI are (1) initializing the MCR decomposition and (2) lack of selectivity in the image. Methods derived for initializing MCR

with evolving data that are naturally ordered in time are not generally applicable for MI. Purity-based methods show promise and a simple,

robust purity-based algorithm has been developed to initialize the MCR decomposition. This method used distance measures to find samples

(or variables) on the exterior of a data set. Lack of selectivity, common in MI, generally results in a rotational ambiguity in factors extracted

with MCR. Functional constraints were tested as a means to reduce this ambiguity, and the method tested showed that functional constraints

could be used to account for offsets and backgrounds in Raman images. Robust initialization and introduction of functional constraints tested

here are necessary steps towards the final objective of providing a simple methodology for constraining factors in a general fashion so that

knowledge of the physics and chemistry can be easily incorporated in to any MCR decomposition. Additionally, the use of a sequential

decomposition method (sequential MCR) is employed to help reduce mixing of recovered components in rotationally ambiguous systems.

D 2004 Elsevier B.V. All rights reserved.
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1. Introduction The objective of MCR is to decompose a data set into
Multivariate curve resolution (MCR) has been applied to

evolving data [1–6] and is gaining more widespread use for

multivariate images (MI) [7–10]. The reason for the grow-

ing popularity is that MCR extracts chemically meaningful

information that is easy to interpret. For evolving data,

MCR is used to identify what analytes are present and when

they occurred, e.g., when an analyte eluted from a GC

column. Applying MCR to multivariate images (MI) yields

information about what analytes are present and where in

the image they are located. The resulting ‘‘concentration

images’’ can be used for process monitoring, quality control,

change detection, land mapping in remote sensing, and

estimating spatial statistics.
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estimates of pure contributions to each pixel and cor-

responding spectra. Due to rotational and multiplicative

ambiguities in MCR (when not using external information

such as standards) there is a lack of an absolute concentration

scale for the recovered ‘‘concentrations’’. Therefore, these are

often referred to as scores or contributions images. For similar

reasons, the corresponding extracted ‘‘spectra’’ are often

referred to as factors. These terms are used interchangeably

in this paper with the understanding of the potential ambigu-

ities. In addition, depending on how many channels are

included in the spectral axis, multivariate images have been

referred to as hyperspectral, omnispectral, ultraspectral, and

megaspectral. To avoid confusion, all of these will simply be

referred to as multivariate or hyperspectral images.

MCR is known under several names (e.g., self-modeling

curve resolution, self-modeling mixture analysis, and end-

member extraction), and there are several methods that have

a similar objective (e.g., independent components analysis

[11], purity-based methods [1,4,9,12,13], positive matrix
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factorization [14], direct fitting [15]). The primary differ-

ence between these methods is how the decomposition is

performed and how constraints are introduced to the prob-

lem. In the present work, an alternating and constrained

least squares (ALS) approach was used [1,3]. Previous work

has shown how to combine ‘‘hard’’ (e.g., using kinetic

constraints) and ‘‘soft’’ modeling (MCR) to provide a

physically meaningful decomposition [16,17]. The present

work shows how this can be generalized using ‘‘functional’’

constraints. These can be applied to each mode, factor-by-

factor, or element-by-element and the constraints are highly

flexible. This allows the user to incorporate a priori chem-

ical or physical constraints into the decomposition.

A typical MCR ALS decomposition starts with an initial

guess for one of the modes and a constrained optimization is

used to find a final solution. The initial guess can affect the

quality of the final solution. For evolving data, methods have

been developed that use the time ordered nature of the data to

obtain estimates of the range of existence of different analytes

[18–20]. Although versions of these methods can be

employed for multivariate images, the quality of the initial

guess is typically poor due to lack of chemical selectivity (i.e.,

each pixel often contains multiple analytes). One alternative

is to use pure samples (or variables) as an initial guess [21].

The approach uses the fact that the underlying true analyte

spectra must lie on the exterior of the data space. This was

also pointed out by Henry and Kim [22] and Neal [23] and is

the basis of the NFINDR algorithm [10]. However, in contrast

to the volume maximization criteria used in NFINDR, the

present approach uses distance measures on the mean-cen-

tered one-norm data. The result is a faster algorithm that finds

the extreme samples (or variables) of the data space and

provides a first estimate of spectra (or contributions) used to

initialize the ALS optimization procedure. These guesses,

combined with nonnegativity and other constraints, were

used to decompose multivariate images. This procedure

was used previously for a remote sensing application [24]

and other multivariate image work [25].

Pure sample (or variable) initial guesses attempt to

provide a good first approximation to the MCR decompo-

sition, and functional constraints assist in minimizing

rotational ambiguities. However, some systems have the

additional complexity that the components exhibit signifi-

cantly different magnitude of responses (e.g., a mix of

poorly and highly absorbing components in absorption

spectroscopy). In the presence of rotational ambiguities,

this is manifested as the intermixing of the large response

components into the recovered spectra of the smaller

response components. The current work demonstrates the

use of sequential MCR in which the model is progressively

expanded to include additional factors [24]. Sequential

MCR works as follows. The model is initially fit with

fewer factors than are desired. An additional factor is added

to this initial solution and the model is again fit. This

process is repeated until the number of desired components

has been reached.
Using these three approaches—pure sample/variable ini-

tial guesses, functional constraints, and sequential MCR—

the challenges to analyzing multivariate images can be

lessened.
2. Experimental multivariate images

Three example multivariate images were examined; time-

of-flight secondary ion mass spectrometry (TOF-SIMS)

surface analysis of a drug bead, a Raman image of an

aspirin/polyethylene mixture on a glass slide, and a Raman

image of polymer fibers in an epoxy. All analysis was

performed using MATLAB 6.5 (The MathWorks) and the

PLS_Toolbox 3.0 (Eigenvector Research).

2.1. TOF-SIMS image

The first image was obtained using time-of-flight sec-

ondary ion mass spectrometry (TOF-SIMS) of a drug bead.

The data is described in detail in Belu et al. [26] (Bead

System 1) and the system is described only briefly here. The

drug bead contains a core of prednisolone sodium meta-

sulfobenzoate (prednisolone) in microcrystalline cellulose

and lactose coated with one part amylose and four parts

surelease (ethycellulose, ammonium hydroxide, coconut oil

and oleic acid). Measurements were made using a TRIFT II

instrument (Physical Electronics, Eden Prarie, MN). The

image of interest is image is 250� 250 Am2 region of a

cross-sectioned bead.

Measured spectra of prednisolone, lactose and amylose

were used in Ref. [26] to identify signature peaks of these

analytes. Univariate images were then used to characterize

the spatial statistics of the drug, core materials, and coating.

This was successful because the SIMS has a relatively high

selectivity. However, sampling matrix effects may result in

measured spectra manifesting differently than the pure

material, and measured spectra are what would be used

for a process monitoring system. Extracted ‘‘pure’’ analyte

spectra are expected to result in better contribution images

due to more accurate representation of the species in the

given matrix and to signal averaging aspects of the multi-

variate approach. Ninety-three channels of positive ion

spectra were used and spectra of the pure materials were

used to guide the choice of channels to use.

2.2. Raman aspirin/polyethylene mixture

The second example is a Raman image of an aspirin/

polyethylene mixture. The sample consists of scrapings

from a tablet of aspirin (Bayer) and granulated high-density

polyethylene (Dow Chemical) dispersed on a silica-glass

slide. The image was collected on a fiber-coupled Raman

microscope (Hololab 5000, Kaiser Optical Systems) over a

105� 165 Am2 region at 5 Am steps using a 10� Olympus

objective. The laser wavelength was 785 nm and the Raman
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spectra were measured from 0 to 1926 cm-1 at 1 cm-1

intervals. The Raman data were truncated to the spectral

range of greatest interest (600–1660 cm-1) and resampled to

2 cm-1. In this experiment, the objective and glass slide were

not constructed of low-background composition glass. This

resulted in significant luminescence at the excitation wave-

length used.

2.3. Raman image of synthetic polymer fibers

The third example is a Raman image of a sample,

obtained from Robert Jan van Wilk of Akzo Nobel through

Kaiser Optical Systems, of five synthetic polymer fibers

embedded in a low-background medium. Two of the fibers

were polyethylene terephthalate (PET), two were TwaronR,
and a third was an unidentified cellulotic material. A

38� 92 Am2 region of the sample was measured at 2.3-

Am steps to form the 16� 40 pixel image. The data were

collected on equipment similar to that described for the

previous image except that low background objectives were

used and the data were truncated to the spectral range of

500–1950 cm-1 and left at 1 cm-1 resolution.
3. MCR objective

3.1. MCR model

A brief discussion of the objective of MCR is provided

below. Further reading and details can be found in Refs. [1–

10,15,16,20]. The MCR model is based on classical least

squares (CLS) as shown in Eq. (1)

X ¼ CST þ E ð1Þ

whereX is aM�Nmatrix of measured spectra,C is aM�K

matrix of contributions to be determined, S is a N�K matrix

of spectra to be determined, E is aM�Nmatrix of residuals,

and K is the number of factors in the model. In general,C is a

matrix of coefficients dictating the relative contribution of

each of the column vectors in S to the response matrix X, and

K is the number of independent basis vectors required to

span the noise-free data space. Since Eq. (1) is Beer’s Law

for multicomponent mixtures, C and S are often referred to

as concentrations and pure analyte spectra matrices. How-

ever, without additional information, there is a scaling

ambiguity involved with the two matrices; the recovered

values for C and S are often only proportional to true

concentration and spectra respectively. This is discussed in

more detail below.

If the pure analyte responses have some selectivity (e.g.,

there are spectral or contribution features unique to an

analyte) [27], a solution to Eq. (1) can be obtained under

the constraint that the length of each spectrum is a scalar

constant (alternatively this constraint could be applied to the

columns of C). It is typical to constrain the two-norm of the
columns of S to unit length i.e. sk
Tsk= 1 where k = 1,. . .,K (if

non-zero equality constraints are included for factor k this

constraint must be relaxed). Additionally, if C and S are

constrained to be nonnegative then the resolved contribu-

tions and spectra are a close approximation to the true

factors. However, there is typically a range of feasible

solutions [21,28–31] and the range gets larger as the

selectivity decreases. The range of feasible solutions is

due to a rotational ambiguity in the solution to Eq. (1). As

shown in Eq. (2), multiplying C and S by a K�K invertible

rotation matrix A results in a decomposition with the same

fitness (same E) as the original solution.

X ¼ ðCAÞðA�1S
TÞ þ E ð2Þ

The range of feasible solutions can be restricted by applying

constraints (e.g., equality constraints) [30], or functional

constraints [16]. The latter can be used to impose smooth-

ness, chemical information (e.g., by fitting the contributions

to a kinetic expression or using closure), or physical

information (e.g., unimodality is often imposed on contri-

bution profiles obtained from chromatography data). In

Example IIb below, we show that other physical constraints

can be used. If A is diagonal, then instead of a rotation it

represents a stretching resulting in a multiplicative ambigu-

ity in the solution. This can be resolved, for example, if the

concentration is known at some point or if closure is

applicable. Another method augments the spectra measured

on standards with known concentrations onto X [28].

Equality constraints can then be imposed on the concen-

trations for the measurements on the standards.

3.2. Alternating and constrained least squares algorithm

Alternating and constrained least squares (ALS) is often

used to get estimates of C and S. One reason for its

popularity is that it is easy to employ constraints. This

algorithm has been described in many places [1,3,7,8,15]

and it is described only briefly below. The ALS algorithm

with nonnegativity constraints can be described using the

following:

(0) Start with a guess for C =C0 and set iteration counter

j = 0

(1) Estimate Sj + 1 using least squares from X and Cj subject

to Sj + 1,n,kz 0

(2) Estimate Cj + 1 using least squares from X and Sj + 1

subject to Cj + 1,m,kz 0

(3) Increment j and continue Steps 1 and 2 until jjEjjj + 1 is

within a set tolerance, jjEjjj + 1�jjEjjj is with a set

tolerance, or j reaches a preset maximum.

In the above algorithm, Sj + 1,n,k corresponds to the n,k

element of Sj + 1 where n = 1,. . .,N, and Cj + 1,m,k corresponds

to the m,k element of Cj + 1 m = 1,. . .M. The Frobenius norm,

the total sum of squares, is given by jj jj.
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In general, nonnegativity was employed in a least

squares sense using the FASTNNLS algorithm [31]; how-

ever, functional constraints were employed using a resetting

approach. The advantage of the ALS algorithm is that

constraints can be applied at each iteration by simply

‘‘resetting’’ values. For example, for nonnegativity con-

straints negative values can be reset to zero before continu-

ing to the next iteration. Resetting makes it very easy to

apply functional constraints (e.g., a kinetic equation can be

fit to contributions) and impose constraints on a factor-by-

factor or element-by-element basis. For this reason, this

method was used here. However, ALS and the resetting

approach is known to have convergence problems and may

not truly solve the problem in a least squares sense

[15,31,32]. Plans for future work include incorporating

the functional constraints in a weighted penalty function

that does lead to a least squares solution.

3.3. Initial guess for images

The algorithm shown above was started with an initial

estimate of the contributions C0. It is common to start with

C0, instead of S0, because MCR has been applied to

evolving data and methods have been developed that

provide good initial guesses for the range of existence for

contributions. Two complimentary methods are evolving

factor analysis (EFA) [18] and evolving window factor

analysis (EWFA) [19]. EWFA can also be applied to

multivariate images by choosing a window of location in

the image rather than a window of time from evolving data.

However, the results tend to ‘‘smear’’ the image and it is

difficult to translate the EWFA results directly into a good

estimate of the range of existence. If a candidate set of pure

analyte spectra is available, then window target factor

analysis (WTFA) [33] can also be used to estimate which

spectra from the candidate set could be used as an initial

estimate. WTFA could also be used to provide a first

estimate of range of existence for each target analyte.

However, the results from WTFA are not always unambig-

uous and candidate sets are not commonly available for all

potential analytes in a system.

Methods designed for evolving data are not as useful for

initializing MCR for images because the data are not

logically ordered in time. Results from principal compo-

nents analysis (PCA) have also been used to initialize the

ALS algorithm. The advantage of this approach is that it is

simple and yields a well-conditioned basis. The disadvan-

tage is that the initial solution does not generally satisfy

nonnegativity and the orthogonal basis is usually a poor

representation of the true underlying basis S that is generally

oblique. PCA followed by a VARIMAX rotation, results

from independent components analysis or projection pursuit

might be expected to perform better than PCA [34]. D-

optimality can also be used [7], but care must be taken to

account for magnitude in the sample spectra. High magni-

tude samples tend to be in the interior of a data cloud and
thus do not generally satisfy nonnegativity. This is handled

below by using mean-centered one-norm data. Another

approach uses random initialization, but this can result in

poor first guesses and (especially when using ALS with

resetting of the constraints) can result in a solution that

doesn’t converge.

Other approaches to initialization are purity-based, and

two typical algorithms are SIMPLSMA [4,5] and NFINDR

[10]. If the image of interest has sufficient selectivity, these

routines can give good estimates for the decomposition.

However, it is often the case that images do not have good

selectivity and the purity-based approach yields estimates

that do not fully satisfy nonnegativity. This may not be a

problem for interpretation, but can lead to inaccuracies in

quantification [25] and process monitoring. However, puri-

ty-based solutions can be used to provide an initial guess

that can be refined using ALS, for example [21]. An

alternative approach used in this work builds on the purity

concept to identify the extreme measured spectra in the

image (i.e., the extreme sample points). This approach is

related to the purity-based approaches, but uses the extremes

of the mean-centered one-norm data as the initial guess.

This method can be used to find an initial guess for C0 or S0
to initialize the ALS algorithm. It is described below for

obtaining S0.

The method for obtaining a first estimate S0 is based on

the observation that the true spectra must lie on the exterior

of the data space, and that the measured spectra at the

extremes of the data space provide a useful first estimate.

Fig. 1 shows an example from an MI. The measured

responses X at three channels are plotted as points (i.e.,

three columns of X are plotted against each other).

Responses at the extremes of the data cloud are shown with

larger points, and the estimated pure spectra S are shown as

lines. For the projections of the data points onto the K

spectra to be positive, the S must be on the exterior of all the

data points. The extreme samples are a good first approx-

imation, and although a majority of the data are interior to

these samples, there are a significant number that are

exterior. Using the extreme samples as a first guess in the

ALS algorithm and employing nonnegativity constraints

moves the estimated spectra out to the location indicated

by the solid lines. The resulting estimated S approach the

true spectra as selectivity increases, e.g., if one or more

measured responses in a pixel contain a scalar multiple of

only one of the K pure analyte spectra. However, to

reiterate, MI often do not have full selectivity and there is

most likely a range of feasible solutions.

One method for finding the extreme samples would be

to select those at the largest distance from the mean of the

data cloud. The problem with this is that the magnitude of

the measured responses can contribute to a sample being

considered at the extreme. A one-norm of the measured

responses (e.g., rows of X) restricts the data to a hyper-

plane with K vertices as shown in the left graph in Fig. 2

for K = 3. (One-norm scaled data will be referred to as



Fig. 1. Plot of typical image pixel values for three channels. The data have not been preprocessed.

N.B. Gallagher et al. / Chemometrics and Intelligent Laboratory Systems 73 (2004) 105–117 109
Xnorm). Mean centering the one-norm data transforms the

identification of extreme samples to a problem of finding

the samples at the vertices of the data cloud in the

hyperplane as shown in the right graph of Fig. 2 for

K = 3. (One-norm scaled data that have been mean-cen-

tered will be referred to as Xnorm,mean). An interesting

property of a matrix with rows scaled to one-norm is that

mean centering reduces the rank by one. This property

holds when all the data are in a single quadrant of the data

space as is the case when nonnegativity is applied to both

C and S. It also holds when S all have positive and

negative elements, as for second derivative spectra, and C
Fig. 2. Example of preprocessing image pixels to one-norm (left)
is nonnegative. (A good discussion of preprocessing with

norms is given in reference [35]). Consequently, scores

from a PCA model of mean-centered, one-norm data with

K-1 factors can be used as a surrogate data set for

identifying the K data points closest to the extremes (i.e.,

closest to the vertices of the data space). The PCA model

of interest is given by Eq. (3)

Xnorm;mean ¼ TPT þ E ð3Þ
where Xnorm,mean is M�N, T is a M� (K�1) scores

matrix, P is a N� (K�1) loadings matrix, and E is a

M�N matrix of residuals [which is not the same as in Eq.
, and an example of mean-centered one-norm data (right).
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(1)]. Only K�1 factors are obtained since that is the

estimated rank of Xnorm,mean. For the example given in

Fig. 2, the right graph shows a plot of the scores on

principal component (PC) 2 vs. PC 1; that is, Column 2 of

T is plotted against Column 1. The samples with scores at

the vertices correspond to the rows of X that are at the

extreme boundaries of the data.

The first of the K vertices can be found by identifying the

sample with the greatest Euclidean distance from the center.

The distance for the mth sample dm is defined by Eq. (4)

dm ¼ tmtTm ð4Þ
where tm is the mth row of T. Then di1 =max(dm) where i1 is

the index of the sample furthest from the center and the

objective is to find a vector i=[i1 i2. . .iK] that contains the

indices of the samples at all K vertices. The next vertex is

expected to be the furthest point from the center in a direction

orthogonal to the previous vertex. Thus, the next vertex is

the sample furthest from the center in the matrix Tj + 1

defined as in Eq. (5). Here, j = 1,. . .K is the step number.

Tjþ1 ¼ TjðI � tTijðtij t
T
ij
Þ�1tijÞ ð5Þ

Note that T1 is the original score matrix. This procedure

can be continued until K�1 vertices have been found

because the rank of the data decreases by 1 at each step.

This procedure was originally outlined as a method for

selecting samples to use in instrument standardization [36].

The Kth vertex is estimated as the sample furthest from all

the selected samples. The distance for the mth sample is

given by diK,m defined in Eq. (6).

diK;m ¼
XK�1

j¼1

ðtm � ti;jÞðtm � ti;jÞT ð6Þ

Thus, diK =max(diK,m). This procedure can be seen as

finding a set of samples that satisfy the D-optimal criteria

for the mean-centered one-norm data and can be used as

an initialization procedure for the D-optimal algorithm

[37]. The algorithm for selecting samples based on a

distance measure is referred to as the DISTSLCT routine.

Even when initial guesses are the optimally selected, the

presence of rotational ambiguity makes extracting pure

analyte responses difficult. For systems in which one or

more components of a multicomponent system contribute a

large fraction of the signal, selected samples all have a

significant contribution from factors with large signal. This

is manifested as widespread mixing of the large-signal

component into the recovered smaller signal components.

In previous work [25], sequential MCR was used to help

remove some of this bias. In sequential MCR, ALS is

initially performed with a subset of factors to identify the

contribution distribution of the main variance-capturing

components. Following that fitting, the next most unique

sample (or variable) of the original data is selected, using

the DISTSLCT algorithm. In this case, the DISTSLCT

algorithm was used to extract the sample (or variable)
furthest from the recovered components. The selected sam-

ple (or variable) is added to the previous solution as the

initial guess for the next MCR decomposition. In this way,

factors are added sequentially. These steps are repeated until

the model contains the desired number of components. The

result is less biasing of the subsequent factors by the larger

variance components. The whole process can be viewed as a

sequential addition and refinement of pure-variable initial

guesses as compared to a simultaneous fit starting with

rough guesses for all components.

3.4. Discussion, comments, and cautions

It should be noted that using PCA scores to identify the

vertices means that minor variation captured in the factors

k>K�1 is not included in distance measures. In addition, if a

norm other than the one-norm is used, the result will be a

curved surface instead of a hyperplane. The curvature adds

variance that influences how the PCs are determined. It is

possible that variance due to curvature will be captured in

the first K-1 PC factors which may result in a poor estimate

of the vertices. In some applications, the original data, rather

than PCA scores, is used.

The one-norm was used to remove sample magnitude

from the data and make it easier to identify extreme

samples. A problem with using the one-norm is that samples

with little, or no, signal are upweighted and thus have an

undue influence on which samples are considered extreme.

There are at least two methods for handling this problem.

One method, used in SIMPLSMA [4], is to add a small

constant offset a to each spectrum prior to obtaining the

norm. The effect of this is to rotate each original spectrum

towards the spectrum [1 1. . .1]1� N i.e. towards the spec-

trum representing a vector that runs perpendicular from the

one-norm hyperplane to the origin. Spectra with small norm

compared to a will be moved towards the center of the data

cloud more than those with large norm. Thus, a spectrum

with small norm is effectively removed from the boundary

of the data set and they have little impact on the solution S0.

The danger then is using an offset, a, that is too large such

that small norm spectra, with high signal, are removed from

the boundary. The overall result of adding an offset is to

squeeze the entire data set inward and this moves the

boundaries of the data set inward. The consequence is that

the estimated S0 will more likely lie interior to the true

solution. A second method for dealing with small norm,

high noise spectra is to not include them in the distance

measures (DISTSLCT). In this case, only spectra with norm

greater than some lower limit are used. The danger here, like

in the previous method, is that small norm spectra with high

signal are removed from the boundary. Although this

technique doesn’t squeeze the entire data set inwards, it

may remove true signal spectra and again move the bound-

aries of the data cloud inwards. The consequence again is

that the estimated S0 will likely lie interior to the true

solution. In the case where small signal-high noise pixels



Fig. 3. Normalized count spectra extracted for the TOF-SIMS image. (A) Surelease coating, (B) sodium, and (C) prednisolone/lactose.
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exist in the data, they were removed prior to using the

DISTSLCT algorithm in this work.
4. Results

4.1. TOF-SIMS image of a prednisolone drug bead

Univariate images of key channels in the TOF-SIMS

measurements yielded interpretable images in the original

work [26]. This suggests some selectivity in the measure-

ments and this resulted in an MCR decomposition that was

relatively easy. Only nonnegativity was applied and six

factors were extracted from the positive-ion image, and

the initial guess was extracted from pixels with one-norm

>2. Results for three of the six factors are shown in Figs. 3

and 4. Contribution images were contrasted to enhance

visualization.
Fig. 4. Concentration images extracted for the TOF-SIMS image. (A
The extracted spectra are shown in Fig. 3 and are

different than the spectra measured on the corresponding

pure materials reported in Ref. [26] and this difference

was attributed to sampling artifacts. However, the pure

material spectra were used to make peak assignments in

the extracted spectra. Fig. 3A shows large peaks at m/

z = 29 (CH2CH3
+) and 59 (CH2O CH2CH3

+). This factor

was associated with the Surelease coating, and the

corresponding image is shown in Fig. 4A. Note that there

is a contribution of this factor in the upper left-hand

corner of the image inside the drug bead. Mixing of the

coating inside the drug bead is undesirable, but it may be

that this coating was transported when the bead was

sectioned. Fig. 3B shows a large single peak at m/z = 23

(Na+) and Fig. 4B shows the corresponding contribution

image. This is likely due to sodium associated with the

prednisolone and disassociated and mixed with the Avicel.

Fig. 3C shows a peak at m/z= 365 (lactose +Na+) and at
) Surelease coating, (B) sodium, and (C) prednisolone/lactose.



Fig. 5. The six most unique spectra selected from the aspirin and polymer

image based on the distinct algorithm. Note the luminescence background

present in all spectra.
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589 associated with prednisolone + Na+. The corres-

ponding drug image is shown in Fig. 4C. The size and

distribution of the drug is readily apparent. Note that no

drug is found in the bead coating. The remaining three

factors (not shown) corresponded to the following. The

first was ‘‘typical low-mass hydrocarbon’’ (major peak at

m/z = 41, CH2CH2CH3
+) found mostly interior to the bead.

The second was hydrocarbons (major peaks at m/z = 27,

C2H3
+; 43, C3H7

+; 57, C4H9
+; and 73, C4H9O

+) distributed

over the entire bead. The final factor was an unknown
Fig. 6. Pure component spectra recovered from the aspirin and polymer mixture im

aspirin, (B) high-density polyethylene, (C) low-density polyethylene and, (D) an

constant offset and is not shown.
(major peak at m/z = 130, and minor peak at 23, Na+)

distributed throughout the bead’s interior.

4.2. Raman aspirin/polyethylene mixture

Every spectrum collected in the MI of the aspirin/

polyethylene mixture contains a significant amount of

luminescence from the glass in the objective and slide.

Luminescence from the glass is the major source of

signal in the image and, in fact, the total integrated

intensity displays the highest signal in regions where no

aspirin or polymer is present to obscure the underlying

glass slide. Regions of the image with aspirin and/or

polymer particles show lower integrated intensity. In

addition, there are several higher intensity pixels that

display luminescence greater than the immediate sur-

rounding pixels. The apparent cause was embedded

luminescent particles. Finally, some luminescence was

expected to be associated with the polymer. Therefore,

most of the luminescence (that associated with the glass)

could be considered interference, and some could be

associated with signal, but the overall selectivity is low

requiring external information (constraints) to resolve the

image factors.

Eigenanalysis of the image data indicates that six com-

ponents account for 99.996% of the sum squared signal and

that additional components appear to be indistinguishable

from noise based on their eigenvalues. Using this as a

guideline, the DISTSLCT routine was used to select six
age using sequential ALS and equality constraints. They represent (A) pure

d (E) luminescence backgrounds. One additional spectrum was fixed to a



Fig. 7. Concentration images recovered for (A) aspirin, (B) high-density

polyethylene and (C) low-density polyethylene.

Fig. 8. Pure component spectra recovered from the aspirin and polymer mixture im

(B) high-density polyethylene (C) low-density polyethylene and (D)– (F) lumines
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spectra from the image. These spectra, shown in Fig. 5,

demonstrate the ubiquitous nature of the luminescent back-

ground. This poses a problem of severe lack of selectivity in

both the spectral domain (no unique wavelength exists in

which the background is not present) and the spatial domain

(no pixel exists without the background). Even with non-

negative constraints, the rotational ambiguity in this system

leads to ALS results in which the Raman signal and

luminescent backgrounds are severely mixed and difficult

to interpret.

Two approaches were used to help resolve the lumi-

nescence and Raman in this system. First, sequential MCR

was used along with simple equality constraints, and

second, functional constraints were used to segregate

high-and low-frequency spectral shapes into different

factors.

4.2.1. Raman aspirin/polyethylene mixture: sequential MCR

with equality constraints

To reduce the rotational ambiguity, two equality con-

straints were used. First, the upper left 2� 6 pixel region

was identified as being only the underlying glass slide.

This region was constrained to include contributions from

only the first two factors (each row of C representing these

12 pixels were given the constraint that c3. . .k= 0). Second,

the spectral profile of another component was constrained

to be constant. This has the effect of providing a fixed

offset baseline throughout the ALS. The five recovered

spectral profiles are shown in Fig. 6 (fixed offset factor not

shown). These profiles are easily identifiable. (D) is the

general profile observed for background from silica glass.

Profile (A) is an unambiguous aspirin spectrum [38].
age using ALS with functional constraints. They represent (A) pure aspirin,

cence backgrounds.
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Profiles (B) and (C) are high- and low-density polyethyl-

ene spectra, respectively [39,40]. The only unexpected

band in these components is the unidentified strong band

at 980 cm-1 in profile (C). The background observed in the

two polyethylene spectra and not in the aspirin spectra

may be due to the intrinsic luminescence of the polymer.

The final background profile, (E), is a combination of

offset and variations in Raman bands. The three contribu-

tion images for the aspirin and two polyethylene factors,

shown in Fig. 7, indicate the segregation of these domains

on the slide.

4.2.2. Raman aspirin/polyethylene mixture: ALS with

functional constraints

The previous treatment of the aspirin/polyethylene mix-

ture required the knowledge that no particles existed in the

upper left corner of the image. In many cases, such

assumptions can not be made. Another solution for the

same system can be achieved through the use of factor-

specific functional constraints. The objective of the func-

tional constraints on the first three factors was to reduce the

low-frequency offsets from three of the factors. This was

imposed using a filter on three of the extracted spectra

during the ALS iterations. The filter used in this application

consisted of three steps. (1) The first step estimates the

derivative of an extracted factor using Savitsky–Golay. (2)

The second step reintegrates the result using Bode’s rule.

Steps 1 and 2 generate a reference spectrum with the offset

removed. (3) Finally, the extracted factor is corrected to the

reference using multiplicative signal correction. This last

step was used to reduce artifacts that can be generated when

applying numerical differentiation and reintegration. A

smoothing filter was applied to the fourth extracted factor,

again using Savitsky–Golay. The filters (functional con-

straints) were applied at every 10th iteration.

The extracted pure component spectra are shown in Fig.

8. The spectra associated with aspirin (A) and polymer, (B)

and (C), are qualitatively similar to those recovered using

sequential ALS, but they no longer have background (some

luminescence is expected for these analytes resulting in a

constant offset). In addition, both Figs. 6E and 8E show
Fig. 9. White-light transmission image of a cross-section of PET a
‘‘dips’’ in the extracted ‘‘baseline’’ spectra and Raman

bands but are largely due to luminescence signal only.

These artifacts are attributed to a lack of selectivity in the

image and a rotational ambiguity. Because the aspirin and

polymer spectra have been forced not to have a background

offset, this background variance is fit by the true back-

ground factors. This implies that, to quantitatively describe

a theoretically ‘‘pure’’ pixel containing only polymer

requires contributions from the extracted polymer Raman

spectrum as well as one, or a combination of the back-

ground spectra. The result is an incomplete separation of

factors into their true pure analyte spectra which is directly

attributable to the lack of selectivity in the image, and the

type of constraints used.

4.3. Raman image of synthetic polymer fibers

The white-light transmission image of the fibers (Fig. 9)

shows two larger fibers with two smaller fibers alternating

in a horizontal row and a single fiber just below that row

of fibers. Although standard nonnegative least squares

gives reasonable results (not shown), rotational ambiguity

led to some negative-going peaks which appear as narrow

Raman bands subtracted from the expected luminescence

offset but which do not drop below zero in each factor.

Although the hard-baseline constraints used in the previous

example could be invoked to reduce the negative-going

peaks, an alternative functional constraint can also be used

without the side-effect of artificial separation of Raman

and intrinsic (collinear) fluorescence. The alternative

requires that all recovered spectra fall above an approxi-

mate polynomial baseline for each spectrum. To impose

this constraint each cycle of ALS was followed by each

spectral factor being automatically fit with an approximate

third-order polynomial baseline via a weighted-least

squares (WLS) algorithm. The WLS algorithm uses an

asymmetric error function in which values below the fit

baseline are upweighted by a factor of ten before calcu-

lating the overall error in fit. Given sufficient baseline

points, this allows quick approximation of the baseline

shape.
nd Twaron fibers embedded in a low-background medium.



Fig. 10. Extracted spectra from PET and Twaron fibers embedded in a low-background medium: (A) PET, (B) ‘‘altered’’ Twaron, (C) Twaron, (D,E)

luminescence.
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After calculating the approximate baseline for a given

factor, any spectral features below this baseline by 0.1% of

the total signal were reset to the baseline. It is important to

note that the baseline is not subtracted from the factor, but

used only as a reference for resetting ‘‘below baseline’’

values and that the 0.1% of the total signal criterion allows

for random noise about the baseline. That is, the offset

remains in the factor after the constraint is imposed, but

points significantly below this baseline (although potentially

still above zero) are not permitted.

Using this method, five components were easily

recovered from the synthetic fiber image. Three of the

recovered spectra (Fig. 10) are unmistakable Raman

spectra. One (Plot A, Fig. 10) compares favorably with

a reference PET spectrum [40] and another (Plot C) with

a reference Twaron spectrum [41]. The other Raman

spectrum (Plot B) contains most of the same vibrational

modes as in the Twaron spectrum but with different

band ratios and some modes significantly enhanced. By

examining the contribution images (Fig. 11), it is ob-

served that the body of the small fibers exhibit the

‘‘altered’’ Twaron spectrum and the edges exhibit the

‘‘standard’’ Twaron spectrum. Such changes in spectra

might be observed with changes in crystallinity, cross-

linking, or strain which may be the cause for these two

forms.[40,42]

The two additional recovered spectra (Plots D and E in

Fig. 10) appear to be mostly luminescence, although the
contribution image for component D indicates a localized

higher contribution near the single fiber in the lower

portion of the imaged region. Previously collected Raman

spectra of the cellulose fiber (not shown) indicated that the

only observable band for this compound was near 300

cm� 1, a spectral region not analyzed in these studies. The

step edge at 1800 cm� 1 in component E is due to a change

in gain at this point in the spectrum and is an expected

feature.
5. Conclusions

The objective is to simplify MCR for multivariate images

by (1) finding the best first estimate of the decomposition,

(2) extract all chemically meaningful factors, and (3) pro-

vide a simple methodology for constraining factors in a

general fashion so that knowledge of the physics and

chemistry can be easily incorporated in to any MCR

decomposition. Three methodologies were tested here: (1)

purity-based initialization, (2) including functional con-

straints, and (3) sequential MCR.

A purity-based algorithm was developed to initialize an

ALS-based MCR decomposition. This method used dis-

tance measures to find the extreme samples (or variables) of

mean-centered one-norm preprocessed data. The method is

simple, robust and easily automated (it can easily be used in

an interactive environment). This method was used to



Fig. 11. Extracted contributions from PET and Twaron fibers embedded in

low-background medium: (A) PET, (B) ‘‘altered’’ Twaron, (C) Twaron, (D,

E) luminescence.
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initialize an alternating least squares (ALS) algorithm when

extracting all components at once and one-at-a-time in

sequential MCR.

Functionality constraints were also tested using ALS.

The ALS algorithm was used because it was easy to quickly

incorporate functionality constraints. The prototype meth-

odology used here showed that functional constraints could

be used to account for offsets and backgrounds, and

suggests that this method could be used to account for other

sources of interference. The results were encouraging, and

future work will incorporate the functional constraints in a

least squares sense.
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