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ABSTRACT
A fully automatic ICA based data driven technique which incorporates additional a priori information from
physiological modeling of the cerebral microcirculation (gamma variate model) is developed for the separation of
arteries and veins in contrast-enhanced studies of the cerebral microvasculature. A dynamic data set of 50 images taken
by a two-photon laser scanning microscopy technique that monitors the passage of a bolus of dye through artery and vein
is used here. A temporally constrained ICA (TCICA) technique is developed to extract the vessel specific dynamics of
artery and vein by adding two constraints to classical ICA algorithm. One of the constraints guarantees that the extracted
curves follow the gamma variate model of blood passage through vessels. Positivity as the second constraint indicates
that none of the extracted component images that correspond to the artery, vein or capillaries in the imaging field of
view, has negative impact on the acquired images.
Experimental results show improved performance of the proposed temporally constrained ICA (TCICA) over the most
commonly used classical ICA technique (fast-ICA) in generating physiologically meaningful curves; they are also closer
to that of pixel by pixel model fitting algorithms and perform better in handling noise. This technique is also fully
automatic and does not require specifying regions of interest which is critical in model based techniques.

Keywords: Independent Component Analysis (ICA), Two Photon Laser Scanning Microscopy (2PLSM),
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1. INTRODUCTION
A variety of CNS conditions – such as stroke, dementia, and epilepsy – involve a compromise in the responsivity of
brain vasculature. In addition, the coupling of neuronal activity to the flow and volume of the surrounding brain vessels
lies at the heart of modern neuroimaging methods such as functional MRI. The goal of this work is to characterize the
spatial pattern of the cerebral microvascular network reactivity under physiological conditions. The current work
investigates the transit of a fluorescent bolus through the 3D microvascular tree from high resolution two-photon laser
scanning microscopy (2PLSM) volumes. Dynamic contrast enhanced (DCE) imaging of arteries and veins involves
intravenously injecting a contrast agent (bolus of dye) and then repeatedly imaging the vessels to track the changes in
contrast agent concentration over time [1]. The signal enhancement in the vessels, measured as a function of time after
injection of the contrast agent contains functional information and reflects the response of the vascular system.
Differentiation of artery and vein is performed based on the difference in the onset time, and time to peak of contrast
concentration [2].
There exist two main categories of techniques for analyzing DCE image sequences, model based techniques and data
driven techniques. The model based techniques are based on physiological models of the data. These models are
generated based on the fact that the signal intensity (SI) of each pixel inside the vessels follows a gamma variate curve
[3]. Thus, the SI curve of each pixel is fitted into the model and physiological parameters are extracted from the curves.
These techniques are less sensitive to variations in acquisition protocol and also provide physiological meaning for the
obtained parameters however they are very sensitive to noise and are time consuming [4].
Data driven techniques such as independent component Analysis (ICA), principal component analysis (PCA) and nonnegative matrix factorization (NMF) are powerful tools for extracting functional information from dynamic image
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sequences in a condensed manner [5]. Given a dynamic image sequence (a set of random variables), these techniques
assume each pixel’s time-intensity curve is constructed of a linear combination of a small number of time-intensity
curves which we refer to here as physiological components. These components are associated with independent
physiological structures [6-7]. These techniques use no assumption about the behavior of the contrast agent in the tissue
and try to extract the main underlying features of the data set. They are capable of handling noise efficiently and are less
time consuming compared to model based techniques, but their results are difficult to interpret since they may not
represent any physiological feature. The data driven analysis technique that is used in this study is independent
component analysis (ICA) which is a statistical technique that tries a find a linear transformation that maps the observed
dynamic data into a set of statistically independent components [8].
The aim of this study is to develop a fully automatic artery-vein segmentation technique using a combination of model
based and data driven techniques which takes benefit of the advantages of both techniques while minimizing their
shortcomings. A temporally constrained ICA technique is developed to extract the main features of the dynamic data.
The developed technique extracts the independent components (IC’s) subject to positivity constraint (no IC is allowed to
have negative impact on the resultant image) [9, 10] as well as a model fitting constraint (component curves follow
gamma variate function). Section 2 describes the classical ICA techniques as well as the temporally constraint ICA
(TCICA) technique that is developed in this study. In section 3 the experimental setup for acquisition of the cerebral
microvasculature images of a rat brain is given. Section 4 talks about the results of applying the developed TCICA as
well as a commonly used ICA technique (fast-ICA) and pixel by pixel model fitting techniques to the acquired DCE
image data set. Section 5 presents discussion and also concluding remarks about the proposed method.

2. INDEPENDENT COMPONENT ANALYSIS
2.1. Classical Independent Component Analysis (fast-ICA)
Independent component analysis was first developed for blind source separation to estimate main components in the
dataset that are statistically independent and construct the entire dataset. Given a set of M independent source signals
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where rows of y t are statistically independent. In this model the sources can be recovered up to scaling and
permutation. There is no straight method for finding independent components of a set of random variables. Thus IC's are
calculated by maximizing the independence of the components through an optimization scheme.
Fast-ICA is an IC estimation algorithm based on maximizing non-Gaussianity of the estimated sources [11]. Based on
the central limit theorem, the distribution of a sum of independent random variables tends towards a Gaussian
distribution [12]. A robust measure of non-Gaussianity is Negentropy which is based on the information theoretic
quantity of differential entropy. The differential entropy H of a random variable y with density p η is defined as:

H ( y ) = − ∫p y ( η ) log p y ( η ) dη

(3)

Negentropy as a measure of non-Gaussianity of a signal y is defined as:

J ( y ) = H ( yGauss ) − H ( y )
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(4)

Where

yGauss is a Gaussian random variable having zero mean and the same variance as the signal

[13]. Based on this

definition, negentropy is always non-negative. It is also invariant for invertible linear transformations [8]. An estimate to
negentropy, given in (4), is usually used for ICA purposes:

(
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is a non-quadratic function. Various non-quadratic functions can be chosen for

but to have a robust estimator it is recommended to use functions that do not grow fast [13]. The following

function is used for

G (⋅ )

in our algorithm.
G ( y ) = lo g

( c o s h ( y ))

2.2. Temporally Constrained Independent Component Analysis (TCICA)
The one unit ICA-R algorithm developed by Lu et al [14] tries to find an N 1 unmixing vector w such that the output
signal y ( t ) = w * T x ( t ) is equal to the desired source signal s * ( t ) subject to a priori information about s * ( t ) . We
have developed a similar algorithm in which the a priori information is, the component curves (columns of mixing
matrix A), should take the form of a gamma variate function given in equation-6 [3]:

t < AT

⎧⎪ a
C (t ) = ⎨
α
− ( t − AT )/β
⎪⎩ a + K ( t − AT ) e

t ≥ AT

(6)

where t is time after injection, C t is concentration at time t, K is a constant scale factor, is the bias, AT is the
appearance time and α, β are arbitrary parameters. The vessel specific dynamics are inferred from the parameters of this
fitted gamma curve. The onset time of the contrast agent (bolus of dye) is equal to the appearance time of its gamma
AT αβ.
curve fit; the relationship between time-to-peak and gamma function parameters is t
As our constraint is on the mixing matrix whereas the ICA technique operates on the unmixing matrix , a
transformation from mixing space to unmixing space is required. For an ideal separation
I and assuming that C is
the transformation of C into the space of the unmixing matrix . The a priori constraint added to the ICA learning
algorithm ε ( w , C ' ) = w − C ' 2 is a measure of how well the estimated component curve fits the gamma variate

(

)

function. Setting a threshold ζ , the desired closeness of the extracted component curve to its gamma fit is defined as
g ( w ) = ε ( w , C ') − ζ .

The preprocessing step involves centering and whitening x t , the matrix of observed variables [15]. By adding the two
constraints, g ( w ) and positivity to the ICA cost function, the temporally constrained ICA algorithm is formulated as:
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Where y is transformation of y into the space of un-whitened data. An augmented Lagrangian function for the problem
is given by [16]:

L ( w, μ ) = J ( y ) −
where

1
max 2 {μ + γ g ( w ) , 0} − μ 2
2γ

(

μ is the Lagrangian multiplier for model fitting constraint and γ

constraint

)

(8)

is a scalar penalty parameter. The positivity

( y ' ( i) ≥ 0) is applied by truncating the negative part of the estimated IC at each iteration (this constraint is
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not shown in the augmented cost functions). A Newton-like learning algorithm, similar to the one presented in Lu et al
[14] is used to solve the iterative optimization problem of equation-8 to update the estimated vector w:
w k +1 = w k − η L' w k / δ ( w k

)

(9)

where η is the learning rate and

{
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derivatives of g ( w ) with respect to w. The updating is followed by normalization of the vector w:
w k +1 = w k +1

w k +1

(11)

The positivity is then applied by mapping the observed data space via the estimated weighting vector w 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 weighting vector w. The Lagrange multiplier is learned by the following gradient ascent method [14].

μ k +1 = max {0 , γ g (w k )}

(12)

3. DYNAMIC CONTRAST ENHANCED IMAGE DATA SET ACQUISITION
Adult male Sprague-Dawley rats were anesthetized with isoflurane, tracheotomized and mechanically ventilated. To
enable 2PLSM imaging of the brain, stereotaxic surgery was done to prepare a small ( ~ 5 m m diameter), closed (1%
agarose) cranial window over the forelimb representation in the primary somatosensory cortex ( ~ 3 . 5 m m lateral to
bregma). The tail vein was cannulated to allow administration of the bolus of the fluorescent contrast agent (Texas Red
dextran, 7 0 k D a , 0 .0 5 m l , 25mg/kg ). The rats were anaesthetized to minimize residual motion. Rectal temperature,
tidal pressure of ventilation, arterial blood pressure, and heart rate were monitored and recorded using a BIOPAC MP
system (Biopac Systems, Inc., Goleta, CA) throughout the experiments. Two-photon microscopy was done using a 20x,
0.95 NA, 2 .0 m m working distance objective (Olympus). The bolus tracking experiments employed a 3 2 0 × 3 2 0 matrix
over ~600μm 2 field of view, with a 4us dwell time, resulting in 0 . 3 6 6 s per frame. Figure 1 shows a sample frame of
a data set where both artery and vein are visible.
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Vein

Artery

Capillaries
Figure 1. A sample frame of the image data set where artery, vein and small capillaries are visible

4. EXPERIMENT RESULTS
The image sequences are fed to the algorithm and the resulting IC’s and component curves are extracted. The results of
applying the method to one of data sets is illustrated here. As shown in figure 2 the artery and vein are well separated in
temporally constrained ICA (TCICA) method.

(a)

(b)

(c)
Figure 2. The independent components resulting from applying the TCICA to the rat brain dataset, a) artery,
b) capillaries and c) vein
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A commonly used classical ICA technique (fast-ICA) as well as pixel by pixel model fitting are also performed to
highlight the superior performance of the new algorithm. Figure 3 shows the results of applying fast-ICA to the rat brain
data set.

(a)

(b)

(c)
Figure 3. The independent components resulting from applying the fast-ICA to the rat brain dataset, a) artery,
b)capillaries and c) vein

In figure 4 binary images have been generated from the time to peak map obtained using conventional pixel by pixel
model fitting [17]. The histogram of the time to peak map was plotted and 3 peaks were identified; these peaks were
used to identify 3 phases and the pixels corresponding to each of the phases are shown in figure 4.

(a)

(b)
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(c)
Figure 4. The binary images generated from the time to peak map obtained using conventional pixel by pixel
model fitting of the to the rat brain dataset, a) artery, b) capillaries and c) vein

Figure 5 shows the component curves of the three techniques corresponding to the artery (dashed line), vein (dash-dotted
line) and capillaries (solid line).

(a)

(b)

(c)
Figure 5. Component curves of a) Constrained ICA b) Classical ICA and c) average fitted gamma variate curve.
The dashed line belongs to the artery, the dash-dotted line represents vein and the solid line shows the Capillaries
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In table 1 the mean squared error between the normalized component curves and their corresponding gamma variate fits
for both TCICA and fast-ICA are given. Table 2 reports the time to peak and table 3 gives the onset time of all three
factors of different methods.
Table 1. The mean squared distance of the normalized component curves from their gamma variate fit
1st Component
(Artery)

2nd Component
(Capillaries)

3rd Component (Vein)

TCICA

0.0038

0.0077

0.0038

fast-ICA

0.0085

0.0083

0.0048

Table 2. The time to peak extracted from the results of the three methods for each component curve
1st Component
(Artery)

2nd Component
(Capillaries)

3rd Component (Vein)

Model Fitting

6.89 (s)

8.42 (s)

11.35 (s)

fact-ICA

6.22 (s)

9.52 (s)

11.71 (s)

TCICA

6.22 (s)

8.42 (s)

11.35 (s)

Table 3. The onset time extracted from the results of the three methods for each component curve
1st Component
(Artery)

2nd Component
(Capillaries)

3rd Component (Vein)

Model Fitting

4.76 (s)

4.03 (s)

6.22 (s)

fast-ICA

4.39 (s)

7.32 (s)

8.42 (s)

TCICA

4.39 (s)

6.22 (s)

7.32 (s)

5. DISCUSSIONS
Three different methods, temporally constrained ICA (TCICA), fast-ICA and pixel by pixel gamma variate fitting, are
applied to the experimental rat brain microcirculation dataset and the performance of these methods is compared. The
proposed TCICA method performed well compared to both the fast-ICA and model based technique. As shown in figure
2 the artery, vein and capillaries are well separated in temporally constrained ICA (TCICA) method as it resulted in less
noisy IC’s and only small interference from other IC’s are present in the extracted component images. Whereas; the
results of fast-ICA (figure 3) show that without any regularization, the component images are very noisy and the artery
and vein are not separated perfectly, also interference from other IC’s are present in the component images. Also, the
binary images generated from parametric maps of the pixel by pixel gamma variate curve (figure 4) are very noisy and
the artery or vein regions show a lot of interference from other components compared to those obtained using the
proposed method (figure 2).
Moreover, the component curves of the fast-ICA technique do not fit well into the gamma variate function while the
temporally constrained ICA (TCICA) technique resulted in curves that are closer to gamma variate function as reported
in table 1. In addition, as reported in table 2 and table 3, the onset time and time to peak for TCICA compared to fast-
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ICA were closer to those of the gamma variate model fitting technique. These tables show the results of temporally
constrained ICA match with the model fitting data better than fast-ICA.
The component curves given in figure 5 as well as the component images in figures 2, 3 and 4 show that the data driven
techniques perform better in separating the capillaries from artery and vein. This can be seen in the intermediate
component (capillaries) curves and also their corresponding component images in each method. These results show the
capillaries in the field of view that must also follow a gamma variate function are combined with noise in the model
fitting data but they are separated from the background in the data driven techniques. Furthermore, this curve follows a
gamma variate function in constrained ICA whereas is has an arbitrary shape in fast-ICA.

6. CONCLUSIONS
Vessel-specific dynamics of cerebral blood flow can be extracted by injecting a bolus of dye into the microvasculature
circulatory system and then monitoring its passage through the cerebral microcirculation. The dynamics of the passage
of a bolus of dye through artery and vein show clear distinction in onset time, time to peak and dispersion (full-width at
half maximum) and therefore artery-vein separation is possible using their dynamic specifications. The conventional way
of separation is pixel by pixel model fitting (gamma variate fitting) of the data which is based on a priori information
about the response of the vasculature (contrast agent concentration in vessels follow a gamma variate function). Model
based techniques are very time consuming, sensitive to noise and require specifying region of interest (not automatic).
The goal of this study was to develop a fully automatic data driven technique which incorporates the a priori information
about the data set as constraints. The first constraint used here is the fact that behavior of the vascular system follows a
gamma variate function and the second one is that no negative contribution from arteries and veins are acceptable in
constructing the acquired image (positivity constraint). Applying these two constraints to classical ICA technique
resulted in a more stable separation algorithm (TCICA).
Experimental study was performed to assess the performance of the temporally constraint ICA (TCICA) technique with
the two available analysis techniques for artery-vein separation. TCICA provided better separation of artery, vein and
capillaries compared to both methods. Compared to fast-ICA algorithm, TCICA provided physiologically meaningful
component curves as its curves better follow gamma variate model and its onset time and time to peak are closer to those
of the pixel by pixel model fitting. TCICA also handled noise better than gamma variate model fitting technique as its
segmented images were less noisy and better showed the artery, vein and capillaries in the image dataset.
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