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a b s t r a c t

Understanding brain hemodynamics as well as the coupling between microvascular hemodynamics and
neural activity is important in pathophysiology of cerebral microvasculature. When local increases in
neuronal activity occur, the blood volume changes in the surrounding brain vasculature. Dynamic con-
trast enhanced imaging (DCE) is a powerful technique that quantifies these changes in the blood flow
by repeatedly imaging the vasculature over time. Separating artery, vein and capillaries in the images
and extracting their intensity-time curves from the DCE image sequence is an important first step in
understanding vascular function. A constrained independent component analysis (ICA) technique is
developed to analyze the two photon laser scanning microscopy (2PLSM) images of rat brain microvas-
culature, where a bolus of fluorescent dye is administered to the vascular system as the contrast agent. A
priori information inferred from the gamma variate model of cerebral microvasculature is incorporated
with the data driven technique in temporal and spatial domains using two constraints. The constraints
are: no independent component (IC) is allowed to have negative contribution in forming the images (pos-
itivity constraint) and the component curves follow a gamma variate function (model fitting constraint).
Experimental and simulation studies are conducted to demonstrate the improved performance of the
proposed constrained ICA (CICA) technique over the most commonly used classical ICA algorithm
(fast-ICA) in providing physiologically meaningful ICs and its ability to separate the model following fac-
tors from other factors are shown. The efficiency of CICA in handling noise is compared to model based
techniques. Its capability in providing improved separation between artery, vein and capillaries com-
pared to the other two techniques is also demonstrated.

� 2011 Elsevier B.V. All rights reserved.
1. Introduction

Increasing evidence has shown that dynamic information de-
rived from dynamic contrast enhanced (DCE) imaging data can
be used in understanding the pathophysiology of cerebral diseases
(Calamante et al., 2000; Koenig et al., 2001). In DCE imaging of
brain microvasculature, the contrast agent is injected intrave-
nously and the vascular system is imaged repeatedly over time
so as to track the passage of the contrast agent through the vascu-
lar bed (Wu and Liu, 2006). Passage of the tracer through the brain
vasculature highlights the temporal changes of physical signals
which results in intensity change in the captured image sequence.
The tracer concentration change over time is used to assess the
brain hemodynamic status (Wu and Liu, 2007).
ll rights reserved.
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The cerebral vascular system, like the neuronal network, exhib-
its both hierarchy and spatial specialization. Fenstermacher et al.
(1991) showed that at rest, the blood flow varies up to 18-fold at
different regions of a rat brain. This might result from regional dif-
ferences in capillary density (Patlak et al., 1984). It can also be
caused due to transit time variations in the vasculature (Rosen
et al., 1991). A variety of central nervous system (CNS) conditions,
such as stroke, dementia and epilepsy, involve a compromise in the
resting blood flow (Mehrabian et al., 2010). The goal of this work is
to characterize the spatial pattern of cerebral microvascular net-
work reactivity under physiological conditions.

To date, there are limited data on the reactivity of deep cerebral
microvessels and reported microvessel behavior has been highly
variable. Unlike the prominent methodologies for non-invasive
imaging of human brain function such as functional magnetic res-
onance imaging, positron emission tomography, and near-infrared
spectroscopy, scanning confocal microscopy enables imaging of
individual microvessels (Hutchinson et al., 2006). Two-photon
laser scanning microscopy (2PLSM) provides additional important
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advantages particularly for in vivo biological applications (Denk
et al., 1990). Recently, the applicability of two-photo microscopy
to the investigation of cerebral microcirculation has been shown
in rat dorsal olfactory bulb during odor stimulation (Chaigneau
et al., 2003), rat somatosensory cortex (Hutchinson et al., 2006;
Kleinfeld et al., 1998), freely moving awake rat (Helmchen et al.,
2001), etc. The current work investigates the use of independent
component analysis (ICA) to separate the artery, vein and capillar-
ies from a dynamic sequence of high resolution 2PLSM images that
show the transit of a fluorescent bolus through the 3D microvascu-
lar tree.

In DCE imaging of microvasculature, the signal enhancement
after injection of contrast agent reflects the passage of the contrast
agent through the vascular system. This change in signal intensity
(contrast concentration) is used to differentiate arteries and veins
leading characterization of the vascular response based on the dif-
ference in the onset time and time to peak of contrast concentra-
tion (Hutchinson et al., 2006). Two main approaches are available
to analyze these dynamic datasets, the model based techniques
and the data driven techniques. The model based techniques in-
volve fitting the data into a physiological model that characterizes
passage of contrast agent through vascular system. The data-
driven techniques deal with the dataset as a number of
observations and try to extract their main latent or hidden
features. Various data-driven techniques are available such as
PCA (principal component analysis) (Martel et al., 2001), NMF
(non-negative matrix factorization) (Lee and Seung, 1999; Chen
et al., 2008) and ICA (independent component analysis) (Lu and
Rajapakse, 2005). Among these methods the latter is a very power-
ful technique which also suits our problem as the spatial distribu-
tion of different vessels (arteries, veins and capillaries) in the
imaging field are independent of each other. It should be noted that
these vessels are not independent in the temporal domain as the
signal intensity variations of the vessels are correlated.

1.1. Modeling vascular system (gamma variate model)

Modeling the passage of the contrast agent through the vascular
system allows us to quantitatively assess its behavior. We have
used a gamma variate function (Thompson et al., 1964) to model
the signal intensity variations in each pixel of the DCE image data-
set. The parameters of the model fit are used to characterize the
contrast concentration, for example we can obtain parametric
maps of onset time and time to peak using this approach (Hutch-
inson et al., 2006). The main advantage of model based techniques
is that the parameter maps generated from this model are physio-
logically meaningful and therefore are minimally dependant on the
acquisition protocol. However, due to the requirement of curve fit-
ting for every individual pixel, this model based approach is very
sensitive to noise and is very time consuming particularly in case
of large 3D datasets.

1.2. Independent component analysis of dynamic structures

Independent component analysis (ICA) is a statistical method to
describe variability among a large number of observed variables in
terms of a few unobserved variables called the Independent Com-
ponents (ICs). The observed variables are assumed to be linear
combinations of the ICs (Nijran and Barber, 1986; Kim and Mueller,
1978). ICA is a very powerful technique that tries to map the DCE
data space into a space constructed by a number of statistically
independent components (Comon, 1994). It is a promising method
that uses higher order statistical information and is increasingly
used in various image analysis areas such as functional MRI, struc-
tural MRI, electroencephalography (EEG), etc. (McKeown and
Sejnowski, 1998; Biswal and Ulmer, 1999; Calhoun and Adali,
2006). ICA has also been applied to DCE-CT images (Koh et al.,
2006) and assessment of DCE images of cerebral blood perfusion
(Wu and Liu, 2007).

This data driven method assumes having no prior information
about the variations of the contrast agent and tries to extract the
main underlying features (ICs) of the dataset. It is capable of han-
dling noise efficiently and is less time consuming compared to
model based techniques. On the other hand, the ICs extracted with
this method do not necessarily carry physiologically meaningful
information about the contrast agent behavior in the vasculature.
These results are difficult to interpret and may vary with acquisi-
tion set up and conditions.
1.3. Constrained DCE image analysis technique

The goal of this work is to develop a DCE image analysis tech-
nique that combines the two analysis techniques (model based
and data driven) to minimize the shortcomings of each method
while taking advantage of their powerful aspects. A data driven
independent component analysis technique is developed which
incorporates a priori information about the gamma variate model
of the vascular system into the temporal domain. It is known that
the constrained ICA approach that incorporates additional require-
ments (Erdogmus et al., 2004; Lu and Rajapakse, 2005; Hesse and
James, 2006) and prior information (Lu and Rajapakse, 2006) in
the form of constraints into the ICA cost function helps to improve
the performance of data decomposition. We have developed a Con-
strained ICA (CICA) technique that extracts ICs subject to two con-
straints: the non-negativity constraint (ICs are not allowed to have
negative impact on the resultant images) in the spatial domain
(Buvat et al., 1993; Barber, 1980) as well as the model fitting con-
straint (component curves follow a gamma variate function) in the
temporal domain. These constraints impose the conditions of gam-
ma variate model into the ICA routine and result in ICs that carry
maximum information from both data driven and model based
techniques. There are many methods of implementing spatial
ICA; we have opted to use fast-ICA with maximizing negentropy
(Hyvärinen and Oja, 2000) as this is the most commonly used
ICA technique.

In the Section 2, classical ICA is introduced and the fast-ICA
method is described. Constrained ICA (CICA) is then derived from
ICA by adding temporal model fitting and spatial non-negativity
constraints. Synthetic DCE data is generated to model the function
of cerebral microvasculature and experimental DCE dataset that
tracks passage of a bolus of dye through rat brain microvasculature
is acquired. In Section 3, the proposed method has been validated
by simulation as well as experimental study. The simulation study
compares the Constrained ICA (CICA) with fast-ICA (Hyvärinen and
Oja, 2000) and parametric mapping (model fitting) to highlight its
superior performance. In the experimental study the results of fast-
ICA, CICA and parametric mapping are compared.
2. Theory and methods

2.1. Independent component analysis

Independent component analysis (ICA) is a statistical signal pro-
cessing approach that aims to extract underlying features of the
data set (unobserved components or source signals) from observed
mixtures such that the extracted features are mutually indepen-
dent, without assuming any knowledge of the mixing coefficients
(Comon, 1994). In this article we will use uppercase bold letter
for 2-D matrices, lowercase bold letters for column vectors, lower-
case letters (not bold) for scalars and bold, italic letters for
functions.
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The core idea of ICA is motivated from blind source separation
problem for data model of the form

X ¼ AS ð1Þ

where X = [x1, x2, . . . , xN]T is a matrix of the N observed mixtures
(frames or images), S = [s1, s2, . . . , sM]T is a matrix containing the
M source signals, independent components or ICs (usually M 6 N)
and A 2 RN�M is the mixing matrix. We call the subspace that the
columns of A span, the mixing space and the columns of A, the com-
ponent curves. We also call the space that the rows of S span as the
source space and the space that the rows of X span as the observed
data space. The aim of ICA is to estimate the independent compo-
nents S and the mixing matrix A having the observed mixture sig-
nals X.

Classical ICA algorithms try to find an unmixing matrix
W 2 RM�N (we call the space that columns of the unmixing matrix
span, the unmixing space) and estimate the IC matrix Y =
[y1, y2, . . . ,yM]T such that:

Y ¼WX

where rows of Y are statistically independent. The ICs can be recov-
ered up to a scaling and permutation.

Several estimation methods have been proposed for ICA such as
ICA by maximizing non-Gaussianity (Novey and Adali, 2005), ICA
by maximum likelihood estimation (Jang and Lee, 2004) and ICA
by maximizing mutual information (Almeida, 2004). In this study
an ICA approach is developed based on maximizing non-Gaussiani-
ty of the estimated ICs.

Based on the central limit theorem, the distribution of a sum of
independent random variables tends towards a Gaussian distribu-
tion (Araujo and Giné, 1980). Thus, to find the independent compo-
nents of an observed dataset, one has to maximize the non-
Gaussianity of the extracted components. A robust measure of
non-Gaussianity is Negentropy which is based on the information
theoretic quantity of differential entropy. Entropy quantifies the
randomness of an observed variable. The differential entropy H
of a random variable with density py(m) is defined as:

HðyÞ ¼ �
Z

pyðmÞ log pyðmÞdm ð2Þ

A fundamental result of information theory is that among all
random variables of equal variance, a Gaussian variable has the
largest entropy. Thus, the Negentropy as a measure of non-Gaus-
sianity of a signal y is defined as:

JðyÞ ¼ HðyGaussÞ � HðyÞ ð3Þ

where yGauss is a Gaussian random variable having zero mean and
the same variance as the signal y (Hyvärinen and Oja, 2000). Based
on this definition, Negentropy is always non-negative. It is also
invariant for invertible linear transformations (Comon, 1994;
Hyvärinen, 1999a). Estimating Negentropy given in (3) is complex
and difficult, therefore; an estimate to Negentropy, given in (4), is
usually used for ICA purposes:

JðyÞ ¼ q EfGðyÞg � EfGðyGaussÞgð Þ2 ð4Þ

where q is a positive constant, G(�) is a non-quadratic function and
E{�} is the expectation operator. Various non-quadratic functions
can be chosen for G(�) but to have a robust estimator it is recom-
mended to use functions that do not grow fast (Hyvärinen and
Oja, 2000). The following function is used for G(�) in our algorithm.

GðyÞ ¼ 1
a1

log cosh a1y ð5Þ

where 1 6 a1 6 2 and in this study a1 = 1 is used in G(�). In classical
ICA, the independent component as well as its mixing vector is esti-
mated by maximizing the Negentropy (J(�)) in an iterative optimiza-
tion process. Here, we have used the optimization algorithm
introduced in the fast-ICA technique (Hyvärinen, 1999b).

So far estimation of only one IC is described. In order to estimate
more ICs we use the deflation method which involves deflationary
orthogonalization of W using the Gram-Schmidt method. This
means that we estimate the independent components one by
one. Once p ICs or p vectors w1, . . . , wp are estimated, the IC esti-
mation algorithm is run for wp+1 and after every iteration the pro-
jections ðwT

pþ1wjÞwj; j ¼ 1; . . . ; p of the previously estimated p
vectors are subtracted from wp+1 and it is renormalized.

2.2. Constrained ICA (CICA)

We have developed a constrained ICA technique similar to the
one unit ICA-R (ICA with reference) algorithm developed by Lu
and Rajapakse (2005). ICA-R tries to find an N � 1 unmixing vector
w� such that the output signal y = w�TX is equal to the desired IC
signal s� subject to a priori information about s�. The ICA-R method
applied the constraint to the spatial domain (ICs) or the rows of
S = [s1, s2, . . . , sM]T matrix.

The a priori information used in this study is based on the
assumption that the component curves (columns of A) represent-
ing the cerebral vasculature hemodynamics should take the form
of a gamma variate function. Therefore our methods differs signif-
icantly from that described by Lu and Rajapakse (2005) in two
important respects; firstly the constraint in our algorithm is set
on the temporal domain rather than the spatial domain and, sec-
ondly we do not need to know the exact form of the reference
curve a priori, we only assume that it follows a gamma variate
form. The general form of the gamma variate function that was
presented by Thompson et al., 1964 is given in the following
equation:

CðtÞ ¼
a t 6 AT
aþ Kðt � ATÞae�ðt�ATÞ=b AT < t 6 tb

b tb < t

8><
>: ð6Þ

where t is time after injection, C(t) is concentration at time t, K is a
constant scale factor, AT is the appearance time, a is the bias (the
signal before arrival of the bolus), b is the residue (the concentration
that remains in the blood flow after passage of the bolus), tb is the
time at which the concentration drops to b and a, b are arbitrary
parameters. The vessel specific dynamics are inferred from the
parameters extracted from fitting this gamma curve to the data.
The onset time of the contrast agent (bolus of dye) is equal to the
appearance time of its gamma curve fit; the relationship between
time-to-peak and gamma function parameters is tp = AT + ab.

As our constraint is on the mixing matrix A whereas the ICA
technique operates on the unmixing matrix W, a transformation
from mixing space to unmixing space is required. At each iteration
the estimated unmixing vector wk is transformed into the mixing
space ak, then the gamma variate curve introduced in (5) is fitted
into the vector ak using the Levenberg–Marquardt Curve-Fitting
Algorithm (Ahearn et al., 2005) to generate the reference concen-
tration curve ck.

For an ideal separation AW = I and assuming that c0k is the trans-
formation of ck into the unmixing space, the a priori constraint
added to the ICA learning algorithm ð�ðw; c0kÞ ¼ kw� c0kk

2Þ is a
measure of how well the estimated component curve fits the gam-
ma variate function. Setting a threshold f, the desired closeness of
the extracted curve to its gamma variate fit is defined as:

gðwÞ ¼ eðw; c0kÞ � f

This equation is incorporated to the ICA optimization algorithm as
an inequality constraint of the form gðw 6 0Þ. The other constraint
that is also inferred from the gamma variate model of the system,
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known as the non-negativity constraint, is that no component im-
age is allowed to have negative contribution to the resultant mixed
image (Barber, 1980; Buvat et al., 1993).

Two pre-processing steps on the observed data are necessary
before application of ICA, centering and whitening. Centering is
subtracting the mean of each observation to make rows of X
zero-mean variables. Whitening involves a linear transformation
of the centered data such that the components of the resultant data
matrix X̂ are uncorrelated and their variance equals unity.

Incorporating g(w) and positivity as the two constraints to the
negentropy function of (4), the cost function of the constrained
ICA algorithm can be formulated as (7):

maximize JðyÞ � q½EfGðyÞg � EfGðyGaussÞg�
2

Subject to gw 6 0 ðmodel fittingÞ
& y0ðiÞP 0 ðnon-negativityÞ

ð7Þ

where y0 is transformation of y into the space of un-whitened and
un-centered data and y0(i) P 0 means every element in vector y0

has to be non-negative. The method of Lagrange multipliers (Bertse-
kas, 1982) is adapted to search for the optimal solution. The corre-
sponding augmented Lagrangian function L is given by (Lin et al.,
2007):

Lðw;lÞ ¼ JðyÞ � lĝðwÞ þ =1
2
c ĝðwÞk k2

� �
ð8Þ

where ĝðwÞ ¼ gðwÞ þ z2 transforms the original inequality con-
straints into equality constraints with a vector of slack variables z,
l is the positive Lagrange multiplier corresponding to inequality
constraint. c is the penalty parameter and k � k denotes the Euclid-
ean norm. The quadratic penalty term 1

2c k � k
2 ensures that the max-

imization problem holds the condition of local convexity: the
Hessian matrix of L is positive–definite (Lu and Rajapakse, 2005).
The inequality constraint is further translated to eliminate slack
variable z by using the procedure explained in (Bertsekas, 1982).
The CICA objective function is given by (Lin et al., 2007):

Lðw;lÞ ¼ JðyÞ ¼ � 1
2c
½max2flþ cgðwÞ;0g � l2� ð9Þ

The non-negativity constraint (y0(i) P 0) is not shown in the
augmented cost functions as it is applied by truncating the nega-
tive elements of the estimated IC and re-mapping it to X to calcu-
late the new unmixing vector w that satisfies the non-negativity
constraint at each iteration. A Newton-like learning algorithm,
similar to the one presented in Lu and Rajapakse (2005) and Lin
et al. (2007) is used to solve the iterative optimization problem
of (9) to update the unmixing vector w:

wkþ1 ¼ wk � gL0wk
=dðwkÞ

where g is the learning rate and

L0wk
¼ �qE X̂G0yðyÞ

n o
� 0:5lE g0wk

ðwkÞ
n o

dðwkÞ ¼ �qE X̂G00y2 ðyÞ
n o

� 0:5lE g00w2
k
ðwkÞ

n o
where �q ¼ �q, whose sign is determined by the sign of
EfGðyÞg � EfGðyGaussÞg, G0yðyÞ and G00y2 ðyÞ are the first and second
derivatives of Gð�Þ with respect to y and g0wk

ðwkÞ and g00w2
k
ðwkÞ are

the first and second derivatives of g(�) with respect to w. The updat-
ing is followed by normalization of the vector wk:

wkþ1 ¼ wkþ1=kwkþ1k

The non-negativity constraint (details in Appendix) is then ap-
plied by mapping the observed data space via the estimated
unmixing vector wk into the source space, truncating the negative
elements of the estimated IC and then re-mapping the IC into the
observed data space to get the updated unmixing vector wk. This
is followed by normalization and orthogonalization of the esti-
mated unmixing vector. The Lagrange multiplier is learned by
the following gradient ascent method (Lu and Rajapakse, 2005).

lkþ1 ¼max 0; lk þ cgðwkÞ
� �

The value of learning rate g is set to 1 (g = 1) in both fast-ICA
and constrained ICA. A small value (with respect to the norm of
the estimated curve) is chosen for threshold f as it shows how
close the estimated curve is to its gamma variate fit. The initial va-
lue of Lagrange multiplier l is chosen intuitively such that the first
and second terms in the right hand side of (8) have the same order
of magnitude. The penalty parameter c is chosen such that the La-
grange multiplier l does not increase or decrease quickly. The con-
strained ICA algorithm can be described as follows:

1. Center and whiten the observed signals X to make X̂.
2. Choose a proper scalar penalty parameter c.
3. Take a random initial vector w0 of norm 1, or just let w0 ¼ 0.
4. Choose an initial value for the Lagrange multiplier l.
5. Compute the constant �q ¼ EfGðyÞg � EfGðyGaussÞg.
6. Update the Lagrange multiplier l by
� �
lKþ1 ¼max 0; lk þ cgðwkÞ :
7. Update the unmixing vector w by
0
wkþ1 ¼ wk � gLwk
=dðwkÞ:
8. Normalize the unmixing vector w by

wkþ1 ¼ wkþ1=kwkþ1k:
9. Apply non-negativity by truncating the estimated IC and re-
mapping it to the data space to update w.

10. Normalize the unmixing vector w after non-negativity.
11. Orthogonalize the unmixing vector w by
wkþ1 ¼ wkþ1 �
Xk

j¼0

ðwT
kþ1wjÞwj:
12. Until jwT
kwkþ1j approaches 1 (up to a small error), otherwise

go back to the step (5).

2.3. Adding mean back to both ICs and curves

One of the pre-processing steps for ICA is centering the ob-
served data. Centering is subtracting the mean of each observation
from its measured data to make it zero mean:

X̂ ¼ X�mx

where mx is a vector containing the mean value of each observation.
The effect of this pre-processing step on the estimated ICs is usually
accounted for by calculating the contribution of each component in
the mean vector mx and adding it to the estimated IC:

Y ¼WðX̂þmxÞ ð10Þ

but the effect of centering in the temporal domain is usually over-
looked. As the inequality constraint in the proposed method is in
the temporal domain, this effect has to be accounted for at each
iteration and the curve fitting has to be performed on the compo-
nent curve after removing the effect of centering. The centering ef-
fect is removed by first adding the mean to the ICs in spatial domain
as shown in (10). Assuming Y ¼ S and using (1), the actual compo-
nent curves are calculated:

A ¼ XYþ

where Y+ is the pseudo inverse of Y or estimated ICs.
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Fig. 2. A sample frame of the image data set where artery, vein and small capillaries
are visible.
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2.4. Simulation study

A simulation study is conducted to assess the performance of
the proposed method and to compare its results to the fast-ICA
technique presented by Hyvärinen and Oja (2000). The synthesized
dataset simulates the passage of a bolus of dye (contrast agent)
through the cerebral microvasculature. A total of seven simulated
concentration curves are employed in this simulation. The syn-
thetic image data set containing the seven source images (indepen-
dent components or ICs) as well as their corresponding component
curves are shown in Fig. 1a and b respectively. The contrast con-
centration changes of the first five components follow the gamma
variate function. Components 1 and 2 simulate the entrance of the
dye into and its exit from the artery (the artery and the delayed ar-
tery) respectively. Components 3 and 4 represent the entrance of
the dye into and its exit from the vein (the vein and the delayed
vein) respectively. Component 5 is representative of the capillaries
that are present in the imaging field of view whose concentration
curve has a peak in between that of the artery and vein. Compo-
nents 6 and 7 are designated to other structures that may be pres-
ent in the image and may produce signal in the image, therefore
their component curves do not follow a gamma variate model.
These components are used to demonstrate the ability of the pro-
posed method in separating such structures from the ones that are
of interest.

The synthetic dynamic images consist of 80 frames of
64 � 64 pixels with a temporal resolution of 0.1s. Gaussian addi-
tive noise is added to the data to simulate noisy concentration
curves. The signal-to-noise-ratios (SNR) of 5, 10, 20 and 30 that
are common in DCE imaging are used. SNR is approximated by
the ratio of the mean of the signal to standard deviation of the
noise signal. The simulation study was carried out in IDL 7 on a
Pentium IV PC with 3.00 GHz Core2 CPU and 3 GB of RAM.
2.5. Experimental dynamic contrast enhanced image data set
acquisition

Adult male Sprague–Dawley rats were anesthetized with isoflu-
rane, tracheotomized and mechanically ventilated. To enable two
photon laser scanning microscopy (2PLSM) imaging of the brain,
(a)

IC2

IC1

IC3

IC4

IC5

IC6

IC7

Fig. 1. The noise free synthetic data. (a) The seven source images corresponding to the c
respectively, components 3 and 4 simulate the vein and the delayed vein, component 5 re
other 1 and other 2 respectively. (b) The 7 component curves corresponding to the seve
(a.u.).
stereotaxic surgery was done to prepare a small (	5 mm diame-
ter), closed (1% agarose) cranial window over the forelimb repre-
sentation in the primary somatosensory cortex (	3.5 mm lateral
to midline just anterior to bregma).

The tail vein was cannulated to allow administration of the bo-
lus of the fluorescent contrast agent (Texas Red dextran, 70 kDa,
0.05 ml, 25 mg/kg). Muscle relaxant was administered to minimize
residual motion. Rectal temperature, tidal pressure of ventilation,
arterial blood pressure, and heart rate were monitored and re-
corded using a BIOPAC MP system (Biopac Systems, Inc., Goleta,
CA) throughout the experiments. Two-photon laser scanning
microscopy was done using a 20�, 0.95 NA, 2.0 mm working dis-
tance objective (Olympus). The bolus tracking experiments em-
ployed a 3202 matrix over 	600 lm2 field of view, with a 4 ls
dwell time, resulting in a temporal resolution of 0.366 s per frame.
Fig. 2 shows a sample frame where artery, vein and some capillar-
ies are visible.
(b)
omponent images, components 1 and 2 represent the artery and the delayed artery
presents the capillaries, components 6 and 7 represent other components named as

n component images. The signal intensities of all plots are shown in arbitrary units



244 H. Mehrabian et al. / Medical Image Analysis 16 (2012) 239–251
3. Results

3.1. Simulation results

The proposed CICA as well as the most commonly used classical
ICA technique called fast-ICA were applied to the synthesized dy-
namic data. Fig. 3 shows the estimated ICs of CICA for SNR = 5
and Fig. 4 shows the ICs of fast-ICA for the same data set
(SNR = 5). The values of adjustable parameters used in the con-
strained ICA technique, defined as described in Section 2 are as fol-
lows: threshold f = 0.005 initial value of Lagrange multiplier
l = 0.05, penalty parameter c = 0.01 and learning rate g = 1. The
only adjustable parameter in fast-ICA is the learning rate g whose
value is chosen the same as constrained ICA (g = 1). In these
Fig. 3. The estimated independent components (ICs) resulted from applying CICA to th
(SNR = 5): (a) artery, (b) capillaries and (c) vein.

Fig. 4. The estimated independent components (ICs) resulted from applying fast-ICA to th
artery, (b) capillaries and (c) vein.

Fig. 5. The binary images generated from the time to peak map obtained using convent
presence of additive noise (SNR = 5): (a) artery, (b) capillaries and (c) vein.
figures, the artery and the delayed artery are extracted as one IC.
This also happens for the vein and the delayed vein. This issue
has been addressed in Section 4.

To compare the results of data driven techniques with the con-
ventional pixel by pixel model fitting techniques (Ahearn et al.,
2005), binary masks have been generated from the time to peak
map of the same dataset (SNR = 5). This map was generated by fit-
ting signal intensity curve of each pixel to a gamma variate func-
tion and calculating their time to peak parameter. The histogram
of this parameter was plotted and three peaks were identified.
These three peaks were used to identify three phases and the pixels
corresponding to each of these phases are shown in Fig. 5. These
binary images are very noisy compared to those obtained using
the proposed method.
e synthetic image data set shown in Fig. 1 in presence of additive Gaussian noise

e synthetic image data set shown in Fig. 1 in presence of additive noise (SNR = 5): (a)

ional pixel by pixel model fitting of the synthetic image data set shown in Fig. 1 in
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Figs. 6 and 7 show the curves corresponding to the component
curves of CICA and fast-ICA respectively (SNR = 5). In these figures,
the true component curve that is used to generate the simulation
data as well as the estimated component curve before and after
adding the mean back to the data (removing the effect of centering
the data) are shown for each component. As shown in the images
the extracted curves of CICA follow the gamma variate function
better than the results of fast-ICA. They also show that centering
the data has significant effect on the extracted curves and it is re-
quired to remove the effect of centering in order to have more
accurate estimation of the component curves.

Fig. 8 shows the average signal intensity curves for the three
components of pixel by pixel model fitting. As can be seen in this
figure the difference between average intensity curves and the true
curves is more than the ICA based techniques which demonstrates
that the ICA based techniques outperform the conventional model
fitting techniques.
Fig. 6. The estimated component curves corresponding to the model-following compone
vein.

Fig. 7. The estimated component curves corresponding to the model-following compone
(c) vein.

Fig. 8. The average signal intensity curves corresponding to the three components gener
(SNR = 5): (a) artery, (b) capillaries and (c) vein.
Table 1 reports the mean squared error (MSE) between the ex-
tracted component curves after adding mean to the data and the
true component curves for both fast-ICA and CICA techniques.

Table 2 reports the signal-to-noise-ratio (SNR) of the extracted
ICs measured as the ratio of the mean of the signal of estimated ICs
to the standard deviation of the background noise. The signal of
estimated IC refers to the signal over the entire artery (the artery
and the delayed artery components), the entire vein (the vein
and the delayed vein components), or the capillaries component.
The standard deviation of background noise is calculated by
excluding the regions corresponding to the seven components
and calculating the standard deviation of the signal in the remain-
ing regions (background). As shown in this table, the SNR of all
images are higher for CICA compared to fast-ICA. Signal to interfer-
ence ratio (SIR) is defined as the ratio of the mean of each esti-
mated IC to the standard deviation of the interference from other
ICs in that IC (signal in the areas of the image that correspond to
nts for CICA in presence of additive noise (SNR = 5): (a) artery, (b) capillaries and (c)

nts for fast-ICA in presence of additive noise (SNR = 5): (a) artery, (b) capillaries and

ated from pixel by pixel Gamma variate model fitting in presence of additive noise



Table 1
The mean squared error (MSE) between the extracted component curves and the true
component curves for both fast-ICA and CICA techniques.

Low SNR: 5 High SNR: 30

CICA Fast-ICA CICA Fast-ICA

Artery 0.23 0.64 0.022 0.028
Vein 0.29 1.15 0.15 0.12
Intermediate capillaries 0.97 2.45 0.098 0.96
Mean 0.49 1.41 0.09 0.37

Table 2
The signal-to-noise-ratio (SNR) of the extracted ICs measured as the ratio of the mean
of the estimated ICs to the standard deviation of the background noise.

Low SNR: 5 High SNR: 30

CICA Fast-ICA CICA Fast-ICA

Artery 32.4 17.8 63.4 40.2
Vein 25.4 15.3 38.5 36.4
Intermediate capillaries 19.9 11.9 44.8 26.5
Mean 25.9 15 48.9 34.4

Table 3
The signal-to-interference-ratio (SIR) of the extracted ICs measured as the ratio of the
mean of each estimated IC to the standard deviation of the interferences from other
ICs in that IC.

Low SNR: 5 High SNR: 30

CICA Fast-ICA CICA Fast-ICA

Artery 21.3 17.1 56.8 37.7
Vein 15 11.51 17.9 31.3
Intermediate capillaries 12.3 8.2 18.8 11.4
Mean 16.2 12.3 31.2 26.8
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all other ICs). Values of SIR for two noise levels (SNR = 5 and
SNR = 30) are reported in Table 3. The SNR and SIR values could
not be provided for the model fitting technique as there were no
images for the components (only three masks were generated).

The performance of source separation is also evaluated by a per-
formance index (PI) of permutation error
PI ¼ 1
m

Xm

i¼1

rPIi þ
Xm

j¼1

cPIj

 !
where rPIi ¼
Pm

j¼1jpijj=max jpikj � 1, cPIj ¼
Pm

i¼1jpijj=max kjpkjj � 1 in
which pij is an element of the permutation matrix P = WA (W is the
unmixing matrix and A is the mixing matrix). PI is commonly used
in the ICA literature, particularly in the context of constrained ICA,
to assess the performance of ICA techniques in source separation.
The term cPIj measures the degree of the source cj appearing multi-
ple times at the output and the term rPIi gives the error of the sep-
aration of the output component yi with respect to the sources. The
lower the PI, the better is the performance of the algorithm. Table 4
reports the values of PI for different SNR’s for CICA and fast-ICA and
pixel by pixel model fitting.
Table 4
The values of PI for different SNR’s for both CICA and fast-ICA algorithms.

SNR = 5 SNR = 10 SNR = 20 SNR = 30

PI (CICA) 0.058 0.047 0.037 0.02
PI (fast-ICA) 0.064 0.056 0.078 0.04
Pixel by Pixel fit 0.22 0.21 0.175 0.16
3.2. Experimental results

The rat brain images are fed to the CICA algorithm and the main
ICs and component curves are extracted. To illustrate the perfor-
mance of the method the results of one data set containing 50
images of the cerebral microvasculature is presented. The imaging
field of view is such that artery and vein are clearly visible. There
are also some small vessels and capillaries in the field of view.
The imaging scans the interval starting before injection of the con-
trast agent until it washes out and the signal intensity plateaus.
The ICs and their corresponding component curves resulting from
applying the CICA to the dataset are shown in Fig. 9a–d
respectively.

In order to evaluate the performance of the method we also ap-
plied fast-ICA to this data set as well as extracting parametric maps
which is used in model fitting techniques. The extracted ICs for
fast-ICA technique and their corresponding component curves
are shown in Fig. 10a–e. The values of adjustable parameters used
in the constrained ICA technique that are defined as described in
Section 2 are as follows: threshold f = 1 initial value of Lagrange
multiplier l = 0.01, penalty parameter c = 0.001 and learning rate
g = 1. The only adjustable parameter in fast-ICA is the learning rate
g whose value is chosen the same as constrained ICA (g = 1).

In Fig. 11 binary images and their corresponding curves have
been generated from the time to peak map obtained using conven-
tional pixel by pixel model fitting (Ahearn et al., 2005). The histo-
gram of the time to peak map was plotted and 3 peaks were
identified; these peaks were used to identify three phases and
the pixels corresponding to each of these phases are shown in
Fig. 11. These binary images are very noisy compared to those ob-
tained using the proposed method.

As ICA is capable of extracting ICs up to a scaling and permuta-
tion, multiplying the ICs or their corresponding curves with a sca-
lar value does not change the results. Thus all of the extracted
component curves (both for fast-ICA and CICA) are normalized
with respect to the maximum of the artery curves in model fitting
technique. This scaling is required to be able to compare the results
of different techniques. Table 5 reports the mean squared distance
of the normalized component curves from their gamma variate fit
for both CICA and fast-ICA techniques.

Table 6 reports the time to peak and Table 7 gives the onset
time of all three components of different methods which shows
the results of CICA match with the model fitting data better than
the results of fast-ICA.
4. Discussions

4.1. Simulation study

The simulation results show that the artery and the delayed ar-
tery (the vein and the delayed vein) ICs are extracted as one IC in
both fast-ICA and CICA techniques. This is due to high correlation
between the two components in the temporal domain. As the IC
estimation process requires orthogonalization of the unmixing ma-
trix, if two components are highly correlated they cannot be sepa-
rated in ICA techniques. Therefore, the artery and the delayed
artery (the vein and the delayed vein) components are mixed
and extracted as one component.

In the synthesized data, there is relatively high degree of corre-
lation between the components in the temporal domain. This sim-
ulates the cerebral microcirculation in which the contrast uptake
in the capillaries and veins are highly correlated with that of the
arteries. In addition, there is minimal difference in contrast uptake
of different portions inside an artery or a vein. The components
corresponding to an artery or a vein are highly correlated and



Fig. 9. The ICs and their corresponding component curves resulting from applying the CICA to the rat brain dataset: (a) artery, (b) vein, (c) capillaries and (d) component
curves corresponding to the 3 ICs. The signal intensities are shown in arbitrary units (a.u.).

Fig. 10. The ICs and their corresponding component curves resulting from applying the fast-ICA to the rat brain dataset: (a) artery, (b) vein, (c) capillaries, (d) other artifacts
and (e) component curves corresponding to the four ICs.
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therefore, they are always extracted as one IC, this is shown in
Figs. 3–5.
The proposed CICA, fast-ICA and conventional pixel by pixel
model fitting were applied to the synthesized dynamic data. Since



Fig. 11. The binary images and their corresponding component curves generated from the time to peak map obtained using conventional pixel by pixel model fitting to the
rat brain dataset: (a) artery, (b) vein, (c) capillaries and (d) component curves corresponding to the three parametric maps.

Table 5
The mean squared distance of the normalized component curves from their gamma
variate fit for both CICA and fast-ICA techniques.

First component
(artery)

Second component
(capillaries)

Third component
(vein)

CICA 0.0038 0.0077 0.0038
Fast-ICA 0.0085 0.0083 0.0048

Table 6
The time to peak extracted from the results of the three methods for each component
curve.

First component
(artery)

Second component
(capillaries)

Third component
(vein)

Model fitting 6.89 (s) 8.42 (s) 11.35 (s)
Fast-ICA 6.22 (s) 9.52 (s) 11.71 (s)
CICA 6.22 (s) 8.42 (s) 11.35 (s)

Table 7
The onset time extracted from the results of the three methods for each component
curve.

First component
(artery)

Second component
(capillaries)

Third component
(vein)

Model Fitting 4.76 (s) 4.03 (s) 6.22 (s)
Fast-ICA 4.39 (s) 7.32 (s) 8.42 (s)
CICA 4.39 (s) 6.22 (s) 7.32 (s)
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ICA is a stochastic approach, it returns different results each time
depending on the starting point. Thus; in fast-ICA each IC may be
extracted in an arbitrary step depending on the starting point
and to extract all the components that follow the model it is re-
quired to extract all ICs and then manually select the ones that fol-
low the model. Due to presence of the constraints, this is not the
case in CICA and the ICs that follow the model are separated from
others. As expected the CICA successfully extracted the 3 ICs that
followed the gamma variate model (artery, vein and capillaries)
in the first 3 ICs, and then stopped the algorithm as there were
no model-following components. This demonstrates the capability
of the CICA in separating model-following ICs from artifact without
requirement for user intervention. Whereas fast-ICA required
extraction of up to 6 ICs to estimate the model-following ICs and
manual selection of the model-following curves was required to
separate them from artifacts. Moreover, Figs. 6 and 7 show that
ignoring the effect of centering the data on the estimated compo-
nent curves results in less accurate curves. Adding the mean effect
to the curves show great improvement in the accuracy of the ex-
tracted curves and as can be seen in these figures, extracted curves
follow the original curves better after adding mean to the data.
Fig. 8 shows that the conventional pixel by pixel model fitting does
not provide accurate results and in presence of noise ICA based
techniques have better performance.

It can be seen in the images given in Figs. 3 and 4 that the com-
ponents extracted using CICA are less noisy than those obtained
using fast-ICA, and that there is better separation of arteries, veins
and capillaries using CICA. In the fast-ICA results capillaries can
also be seen in the ICs that represent the artery and vein, and more
interference from the arterial and venous components can be seen
in the capillary image. These interferences have been reduced in
CICA as can be seen in Fig. 3 and 4 as well as Table 3. Fig. 5 shows
the components of model fitting technique are very noisy and large
areas of the background are also identified as the vessels. This poor
performance is also reflected in the high PI (performance index) of
the model fitting curves.

Another advantage of incorporating constraints to the ICA is
that the curves extracted by CICA follow the gamma variate func-
tion better and consequently provide physiologically more mean-
ingful curves compared to the results of fast-ICA. This can be
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seen visually in Figs. 6 and 7 and also, from Table 1, the MSE be-
tween the estimated and the original curves are smaller in case
of CICA for all ICs. Furthermore, as reported in Table 2, the SNR
of all images are higher for CICA compared to fast-ICA and accord-
ing to Table 3 the SIR of most of the ICs are higher for CICA and the
mean SIR is higher for CICA compared to fast-ICA. The simulation
results also show that using CICA improves (smaller PI) the separa-
tion performance of ICA and segments the image sequence into its
main components more accurate than ICA without constraint (lar-
ger PI).
4.2. Experimental study

The results of applying CICA to the DCE images of rat brain
microcirculation showed improvement in the performance of the
algorithm compared to other existing algorithms. Similar to the
simulation study, the algorithm extracted 3 ICs corresponding to
the artery, vein and the capillaries and then stopped. As can be
seen in Fig. 9 the curves follow a gamma variate function and the
field of view is well segmented. Fast-ICA however extracted 4 ICs
(Fig. 10) showing that it was unable to distinguish between ICs that
follow the model from other ICs.

Moreover, comparing the time to peak (Table 6) and the onset
time (Table 7) of all three components of the three different meth-
ods (CICA, fast-ICA and model fitting) shows the results of CICA
match with the model fitting data better than the results of fast-
ICA. In addition the better performance of CICA in following a gam-
ma variate model can be seen visually in Figs. 9d and 10e. This has
also been quantified and reported in Table 5 by measuring the
mean squared error (MSE) between the extracted component
curves of each method and their gamma variate function fit. As
such, the component curves extracted using CICA provide compo-
nents that are physiologically more meaningful compared to fast-
ICA. Furthermore, the segmented ICs of CICA are less noisy and
show less interference from other ICs. In Figs. 9–11 the order of
ICs showing up in the algorithms are not preserved.
5. Conclusions

Separating artery, vein and capillaries in a DCE image dataset
followed by extracting their intensity-time curves is essential in
understanding the hemodynamics of cerebral microvasculature
as the blood passes through artery to small vessels and capillaries
and finally to the vein. The initial stage to extract this information
is detecting artery and vein and also separating them from smaller
capillaries in the field of view. Dynamic information such as onset
time and time to peak can be used to detect vessel type and also
extract information about microvasculature hemodynamics. This
information can be inferred from the intensity-time curves of con-
trast agent uptake in each vessel.

In this study a constrained ICA (CICA) technique was developed
to separate different vessels (artery, vein and capillaries) in the im-
age sequence and extract their intensity-time (component) curves.
The new method combines the two existing analysis techniques,
the model based technique and the data driven technique. The
model based technique used here is pixel by pixel gamma variate
model fitting. This model provides a priori information that is used
to set the constraint in CICA. The data driven technique is indepen-
dent component analysis (ICA). We have chosen to use the fast-ICA
algorithm with negentropy (Hyvärinen and Oja, 2000) here as it is
the most commonly used method and its implementation is very
stable (Hyvärinen et al., 2001). In future work we will investigate
other approaches and cost functions to determine the optimal
algorithm for this application. Although we are using a non-nega-
tivity constraint our method is not the same as non-negative ma-
trix factorization (NMF) and there are significant differences in
the two approaches.

Both experimental and simulation studies were conducted to
assess the performance of CICA compared to the two available
methods. CICA was demonstrated to perform better than the most
commonly used classical ICA algorithm (fast-ICA) technique in
terms of providing better ICs as the signal to noise ratio of the ex-
tracted images was higher (higher SNR), it also extracted physio-
logically more meaningful component curves as the error
between the extracted curves and their gamma variate fits were
smaller and the segmented images showed less interference from
other ICs (higher SIR). In addition, the MSE between the extracted
and actual curves in simulation study was smaller.

CICA showed better performance compared to model based
technique (generating parametric maps with pixel by pixel curve
fitting) in handing noise. CICA, as shown in Fig. 9, better segmented
the artery, vein and capillaries compared to the model based tech-
nique shown in Fig. 11. Furthermore, the time to peak and onset
time values extracted from CICA were closer to those of pixel by
pixel curve fitting compared to results of fast-ICA technique.
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Appendix. The non-negativity constraint

We call a source s non-negative if it holds the following two
properties:

1. All elements of si are greater than zero: P(si < 0) = 0 where P(�)
is the probability density function.

2. The source si is well grounded: f8e > 0jPðsi < eÞ > 0g, i.e. the
pdf of si is non-zero for all positive values of e.

Suppose that we have Y, a mixture of the source signals, such
that Y ¼ US, where S = [s1, s2, . . ., sM]T, a matrix of M non-negative
well grounded independent unit-variance sources and U is a ortho-
normal mixing matrix i.e. UUT ¼ I. It was proved in Plumbley
(2002) that U is a permutation matrix if and only if Y is non-nega-
tive. Thus, to estimate the independent sources, considering the
fact that the source signals in ICA can be estimated up to a scaling
and permutation, it is enough to find any orthonormal transforma-
tion Y ¼WZ such that Y is non-negative (Z is the whitened but not
centered data).

This problem can be related to non-linear PCA and the indepen-
dent sources can be estimated through non-linear PCA rules
(Plumbley, 2003; Plumbley and Oja, 2004). If we write the MSE cri-
terion for non-linear PCA (Xu, 1993), for the whitened mixture Z
we have:

eEMS ¼ EkZ�WT f ðWZÞk2

where W is the unmixing matrix and f ð�Þ is a non-linear function.
Since W is orthonormal (data is whitened), the criterion can be
rewritten as:

eEMS ¼ EkY � f ðYÞk2 ðA:1Þ

where Y ¼WZ. Eq. (A.1) can be rewritten as (A.2) (Oja, 1999) which
has been related to some forms of ICA cost functions in Oja (1999):

eEMS ¼
XN

i¼1

Ef½yi � f ðyiÞ�
2g ðA:2Þ
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If we use rectification function as the non-linear function f ð�Þ
we have:

eEMS ¼
XN

ði¼1Þ
E ½yi � f þðyiÞ�

2
n o

¼
XN

ði¼1Þ
E ½y2

i jyi > 0
� �

ðA:3Þ

where f þðyiÞ ¼maxfyi;0g. The value of eEMS in Eq. (A.3) is clearly
zero if yi is non-negative with probability one (Plumbley and Oja,
2004). However in the constrained ICA algorithm that is used in this
article the cost function is:

maximize JðyÞ � q½EfGðyÞg � EfGðyGaussÞg�
2

Subject to y0ðiÞP 0 ðnon-negativityÞ
ðA:4Þ

where q is a positive constant, Gð�Þ is a non-quadratic function. The
gamma variate constraint part of the cost function is not shown
here as it is added to the system using Lagrange multipliers and
thus the non-negativity constraint can be proved without loss of
generality.

At every iteration, the non-negativity constraint is applied by
first finding Dwk using the Newton-like maximization approach
such that it maximizes the first term in the ICA cost function. Let
us call this updated unmixing vector wk. Then the corresponding
IC ðy0kÞ is calculated by multiplying the updated unmixing vector
(wk) by the original mixed data or X (not whitened and not cen-
tered). The rectification function is applied to ðy0kÞ and then ðy0þkÞ
is multiplied by the pseudo inverse of X to give the non-negative
unmixing vector w0k. This updated vector is then normalized and
orthogonalized with respect to previously estimated unmixing
vectors and is used in the next iteration. The major importance
of this method is that J(y+k) is twice differentiable with respect
to w0k while is it not differentiable with respect to wk.

Thus the update rule of the optimization algorithm
ðwkþ1 ¼ wk þ DwkÞ is modified to the following

wkþ1 ¼ w0k þ Dwk ðA:5Þ

therefore; we need to show that the two update rules converge. The
update rule for the Newton method clearly optimizes the cost func-
tion and it suffices to show that the modified update rule (A.5) opti-
mizes the cost function too. w0k is clearly the same as wk if all
elements of y0k are non-negative ðy0k P 0Þ. Thus suffices to check
the optimization for y0k < 0.

f8ykðiÞj coshðykðiÞÞP 1g

) 8ykðiÞj log coshðykðiÞÞð ÞP 0f g

) E log coshðyþkðiÞÞ
� �� �

6 E log coshðykðiÞÞð Þf g

Taking into account that for zero mean and equal variances,
Negentropy takes its largest value for a Gaussian signal i.e.
EfGðyGaussÞgP EfGðyÞg, we have;

ðEfGðyþkÞg � EfGðyGaussÞgÞ
2 
 ðEfGðykÞg � EfGðyGaussÞgÞ

2

thus : JðyþkÞ 
 JðykÞ

Thus any Dwk that maximizes JðykÞ also maximizes ðJðyþkÞand
since at the end of iterative approach y01 is supposed to be non-
negative (y01 P 0) the two update rules converge towards each
other. Thus (A.5) maximizes the Negentropy and thus its results
are as independent as possible.
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