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Abstract – Understanding the functionality of
microcirculation is a key factor in the analysis of blood
circulatory system. The blood flow distribution changes,
based on the physiological effects of disorders. This study
presents a method for analysis of microcirculation videos
captured from lingual surface of 10 animal subjects. The
technique applies advanced image processing methods to
stabilize videos, segment microvessels (capillaries and
small blood vessels), and estimate the average Functional
Capillary Density on 20 consecutive frames for each
subject. The algorithm consists of four main parts: preprocessing, video stabilization, entropic-based adaptive
local thresholding segmentation and post-processing. The
key objective is to quantitatively examine the changes
that occur in microcirculation over treatment periods for
diseases as well as for the resuscitation process. The
designed system will help physicians and medical
researchers in diagnostic and therapeutic decision
making to determine the sufficiency of resuscitation
process and the effect of drug consumption in patients. In
particular, the system focuses on minimizing user
interaction while improving the accuracy of the analysis.
Visual evaluation of the results by medical experts
indicates that the technique is capable of identifying 95%
of active capillaries and blood vessels in videos.
Keywords - Microcirculatin, Image processing, multiresolution, entropic thresholding, Adaptive local
thresholding, Lorentz information measure

I. INTRODUCTION
Microcirculation refers to the blood flow in blood
vessels less than 100 µm luminal diameter [2].
Changes in microcirculation might be due to numerous
diseases
and
abnormalities
in
humans.
Microcirculatory studies indicate that the small
diameter of microvessels (arterioles, capillaries and
venules) helps observe changes in blood circulation
more evidently compared to large blood vessels.
Basically, the rheological properties of blood in
capillaries and small blood vessels lead to effective
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viscosity in those vessels which considerably
differentiates the circulation of red blood cells and
plasma in microvessels and large blood vessels. The
major function of the micro-vascular network is
distribution of nutrients, fluid and oxygen throughout
tissues in humans [3,4]. As a result, the distributions of
microcirculatory network and blood circulation are
considered to be key factors in human physiological
health [5-8]. Evidence suggests that information
regarding the status of microcirculation plays a crucial
role in treatment and diagnosis of several diseases such
as sepsis, sickle cell, chronic ulcers, diabetes mellitus
and hypertension [9-13]. Research and clinical
experience show that each of the mentioned diseases
uniquely affects characteristics of microcirculation
such as structure of capillaries and features of blood
flow [14-18]. Hence, investigation of microcirculatory
changes has clinical significance in measurement and
observation of the changes in response to treatment of
microvessels under clinical conditions. Timely
detection of such changes potentially helps in taking
proper actions which in turns improves the chances of
treatment success. A technique to quantitatively assess
and monitor these alterations is extremely valuable for
further study of such pathological conditions [19].
Particularly, in trauma care, continuous monitoring of
microcirculation and measurement of microcirculation
indices while resuscitation process helps in
determining when to start/stop resuscitation [20-22].
The recent development of videomicroscopy
technology has provided effective tools for detection
and assessment of tissue perfusion and oxygenation
through visualization of microvasculature [23].
Quantitative analysis of microcirculation allows
monitoring changes in microvessels that occur due to
diseases and other abnormalities. Both visual analysis
and use of existing semi-automated video analysis
tools are time-consuming and demanding, preventing
real-time assessment of microcirculation. This calls for

2010, © Copyright by authors, Published under agreement with IARIA - www.iaria.org

International Journal on Advances in Life Sciences, vol 2 no 3 & 4, year 2010, http://www.iariajournals.org/life_sciences/

134
automated systems to be used for applications
including resuscitation.
Two prevalent medical imaging techniques that have
been widely used for examining microcirculation
during surgery and for other clinical research are
Orthogonal Polarization Spectral (OPS) imaging and
Side-stream Dark Field (SDF) [24,25]. SDF is superior
to OPS in the field of microcirculation study as it
improves contrast and lowers surface reflectance
compared to OPS [35]. Although advances in hardware
systems have played a major role in acquiring
knowledge about the physiology and pathology of
microvascular function, lack of existing techniques for
rapid and accurate processing of microcirculation
videos is still an issue. Manual analysis of this
information by experts is a complex and timedemanding process which may not be used for realtime assessment of microcirculation; however, an
automated
system
can
therapeutically
and
diagnostically assist physicians and medical
researchers.
Several methods have been employed to analyze
microcirculation images. A short version of the method
proposed in this paper was mentioned in [1]. Dobbe et
al. has proposed a semi-automatic, highly accurate
method for the analysis of microcirculation [26]. The
method applies image stabilization, centerline
detection and space time diagram to detect capillaries
and small blood vessels. Despite the high accuracy,
this method is extremely time-consuming and requires
human interaction to produce acceptable results, and
therefore, it is not appropriate for real-time
applications of microcirculation analysis. The image
processing techniques that were proposed in the field
of microcirculation are mainly used to process high
quality color and/or grayscale retinal images;
conversely, the accuracy of the results declines when
the same method is applied to other microcirculation
images due to their low contrast. Numerous techniques
and their combinations have been employed on
segmentation of small blood vessels. Pattern
recognition-based techniques were used by Staal et al.
to analyze two-dimensional color images of retina [27].
Several features of the image are selected and
classified to extract image ridges automatically. The
main shortcoming of this method is that it is likely to
over- and undersegment the vessels. The trackingbased approach described in [28] locates the optic
nerve in ocular fundus images. Utilizing fuzzy
convergence of the blood vessel, the algorithm uses
two features, convergence of vessel network and
brightness of the nerve to perform segmentation.
Despite its capabilities, the method fails to accurately
detect blood vessels where bright lesion regions exist.
Vermeer et al. applied a model based approach [29].

The
method
incorporates
Laplace
concept,
thresholding as well as classification to detect vessels
in retinal images. The method requires high levels of
human intervention, therefore, is not appropriate for
real-time segmentation of microcirculation images.
Artificial intelligence methods use prior knowledge for
direct segmentation [30].
Most of the vessel segmentation methods that were
reviewed earlier in this section are capable of
extracting vessels in retinal images; however, lack
essential properties to segment microcirculation images
[31]. The aim of the proposed study is to stabilize and
segment low local contrast microcirculation videos
automatically, accurately and in a close to real-time
manner in order to aid physicians and clinical
researchers in making diagnostic and therapeutic
decisions. This algorithm attempts to eliminate human
intervention in the precise extraction of small blood
vessels. Furthermore, it calculates the diagnostically
useful measure of Functional Capillary Density (FCD)
for 20 consecutive frames in a microcirculation video
[34]. The algorithm segments the image using a
modified entropic thresholding technique [33].
Entropy-based methods apply a threshold to the images
using entropy of an image or similar information. The
rest of thresholding techniques are categorized into five
main classes [36]. In histogram shape-based methods,
certain parts of image histogram are assessed.
Clustering-based methods utilize mixture of two
Gaussians to separate foreground and background in an
image. Object attribute-based algorithms look at
similarities between the original image and its
corresponding binary image. Higher order probability
distribution is used in thresholding based on spatial
methods. Local methods use local image properties to
threshold an image. Experiments have shown that for
the purpose of thresholding microcirculation images,
entropic thresholding techniques yield the most
successful outputs.
Section II provides a detailed description of the
methodology
including
preprocessing,
video
stabilization, segmentation and post-processing. The
results of the study on 10 video samples of
hemorrhaged and healthy subjects are presented in
Section III. Section IV contains the conclusion and
discussion of the obtained results. Finally, Section V
concludes the paper with future work.
II. METHODOLOGY
The proposed methodology is an extension of [1].
Key modifications were applied to improve the
segmentation part. Furthermore, the algorithm was
examined on more data samples to evaluate the
capabilities of the technique in this paper. The
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microcirculation videos used to validate the results of
the proposed research study are based on SDF imaging
technique, captured by MicroScan hardware [35].
MicroScan is an easy to use instrument that is mainly
utilized in various microcirculation observations and
analysis. The data samples for this study were
acquired from sublingual surface of healthy and
hemorrhaged swine subjects. In SDF imaging
modality, the light from light emitting diodes is
absorbed by hemoglobin, which results in the visibility
of flowing cells. Consequently, the walls of the
capillaries become visible in the presence of Red
Blood Cells (RBCs) [24]. Medical research has proven
that lingual surface suffice for the investigation of
microcirculation condition in the body as capillaries
are adequately superficial for MicroScan. Thus, lingual
recordings are considered valid indicators of normality
or abnormalities of the microcirculatory network.
A major challenge in the image processing of
microcirculation videos are their low resolution and
local contrast that complicates the distinction between
objects of interest (capillaries and small blood vessels)
and frame background. An instance of an original
microcirculation frame is provided in Figure 2.
Another challenge is the inconsistency of the graylevel
intensity in background and blood vessels from one
sample to another. The effect of uneven lighting due to
the movement of camera and/or subjects results in
different levels of intensity in different frames.
Therefore, the choice of a single threshold level for an
entire frame is not adequate for effective thresholding.
The proposed study addresses the mentioned issues by
adopting an adaptive entropic thresholding technique.
Prior to being processed, videos are converted to
their comprising sets of images or frames; these frames
were either processed individually or in combination
with other frames as will be described in the rest of the
paper. An outline of different steps of the algorithm is
provided in Figure 1.

Preprocessing
Histogram Equalization
Wavelet Transform
Gaussian Pyramid
Matched Filtering

Video Stabilization
Laplacian of Gaussian
Filter

Segmentation
Frame Averaging
Adaptive Local Entropic
Thresholding

Post-processing
Union of selected points
as vessels
Figure1. Block diagram of the algorithm

A. PREPROCESSING
Preprocessing of microcirculatory images is
essential considering the low local contrast of
microcirculation images. Preprocessing usually
comprise a series of operations to improve the quality
of images in order to maximize the difference between
image background and objects of interests. In
microcirculation images, the intensity of capillaries and
small blood vessels are exceptionally close to that of
background and tissues. In order to process the images,
the first main step is preprocessing.
As the first step, adaptive histogram equalization is
applied to the images to help enhance low local
contrast of the images. The histogram of an image is a
representation for the number of different pixel values
in the image. Microcirculation images comprise of a
narrow range of intensities. In adaptive histogram
equalization, the histogram for various parts of the
image is generated and interpolated. Bilinear
interpolation eliminates the visibility of the boundary
lines that were produced by local histograms. The
result of adaptive histogram equalization is a modified
image whose histogram is different from that of the
original image. In other words, the background appears
rather uniform in terms of intensity with a remarkable
contrast as compared to the blood vessels and other
artifacts in the image.
To further reduce the effects of background noise,
wavelet transformation is incorporated in this step.
Wavelet transformation decomposes the image into its
different frequency contents. Usually, high frequencies
represent noise and low frequencies represent details in
an image. The image is transformed to wavelet domain
and decomposed with mother wavelet of Daubechies 8,
level 2. Following that, high frequencies present
within the image are filtered. Then the image is
reconstructed in the original domain. The noise in the
resulting image is much lesser than the input image.
A microcirculation frame usually contains blood
vessel in different levels of proximity to the surface of
tongue. Representing images in multiple spatial-
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frequency domains emphasizes the patterns of blood
vessels in different scales that normally can not be seen
in the image. The significance of analyzing images at
various resolutions is that the objects of different sizes
are more visible in different resolution levels.
Experiment shows that level 2 and level 3 of Gaussian
pyramid separate blood vessels of different sizes, thus
making the segmentation a more accurate process. To
construct the first level of Gaussian Pyramid, image is
filtered using a low-pass filter and then sub-sampled.
Low-pass filter presents an equivalent effect as
convolving images with a series of Gaussian-like
weighting functions followed by sub-sampling. The
same procedure is repeated, using the resulting image
of the earlier step as an input image to generate the
next set of results. The filter operates as convolution of
Gaussian blur kernel with the image to eliminate high
frequencies components. The pyramid compresses
image by making it coarser in each level and reducing
the number of bits of precision. The blood vessels
become more distinguishable after this step. In this
study, for each frame, levels 2 and 3 of Gaussian
Pyramid are saved for future analysis.
Matched filter is applied to the image to extract
features. In this step, to enhance the edges of blood
vessels, matched filter is applied to the image [32].
Matched filter approximates the intensity profile of the
image with Gaussian curves. In this study, the function
in equation (1) is implemented for the detection of
linear anti-parallel pieces of blood vessels. Although
the gray-level profile varies for different vessels,
similar properties of blood vessels make the mentioned
Gaussian function appropriate for this purpose. The
function is a two-dimensional kernel that is convolved
with the image to sharpen edges of blood vessels.

f ( x, y ) = e

(

− x2
)
2δ 2

for | y |≤

L
2

(1)

In (1), L represents the size of the selected slice of
the vessel with fixed orientation. The value of L is
specified by experiment. The kernel is originally only
aligned with y-axis. In order for the kernel to detect
vessels in other orientations, the kernel is rotated. The
rotation is performed convolving ten 15 × 16 pixel
kernels with the image. The maximum value resulting
from each convolution is considered the convolution
response of that orientation. This step of the algorithm
enhances the edges of blood vessels, while blurring
large blood vessels and tissue. An instance of this
effect is illustrated in Figure 3.

B. VIDEO STABILIZATION
Recording videos from microcirculation provides an
effective tool to visualize the activity of blood vessels
and capillaries over a short period of time. This makes
video superior to image when analyzing
microcirculatory networks, since video contains more
information compared to image. Despite the
advantages of capturing videos for the study of
microcirculation, the motion artifact due to the
movement of the handheld camera and that of the
subject are obstacles for effective analysis of
microcirculation videos. To eliminate the effects of
motion artifacts, video stabilization is performed at this
step.
The main aim of this step is to calculate the
transformation between two consecutive frames in the
video. The first step is to compute the first derivatives
of the image using Gaussian Gradient filter. Since the
image is a function of two variables, f ( x, y ) , the
derivatives are computed in both horizontal and
vertical direction. The sum of the resulting values of
the filter in each direction generates the overall
Gaussian gradient for the image. Following that, seven
control points are selected in the first frame. The
control point should be on the vessels and not on the
background in order to be tracked effectively.
Laplacian of Gaussian filter is applied to the frame for
choosing the most relevant control points. Laplacian of
Gaussian filter computes the second order derivatives
of the Gaussian function. The filter is used to find
regions of rapid change in images such as edges. Using
the filter guarantees that the selected points are located
on the objects of interest. The control points are the
ones that yield to the highest amounts of filter output.
Once being picked for the first frame, control points
are tracked in the 19 following frames. To track the
same points in the following frames, a window of
25x25 pixels is defined around the control point. The
points are tracked within a corresponding window of
65x65 size in the following frames. In case any of the
point is fallen outside the image due to excessive
motion, new control points will be defined using the
mentioned method.
The next step is to calculate the cross-correlation
coefficients between two successive frames. Crosscorrelation coefficients are calculated for tracking the
points in the previous step. To identify the control
points in the frames except for the first frame, the
65x65 window is scanned to detect the maximum
correlated regions in two consecutive frames. The
frames are registered according to the maximum
correlated sub-areas. Registration helps finding the
amount of shift between the two successive frames. In
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other words, the distance between the frames is
acquired through calculating the cross-correlation
value. d ( fi, fi + 1) represents the distance between the
grayscale profile of two succeeding image in which i
shows the frame number. This value will be used as a
parameter in segmentation. An example of the
stabilization result for 10 frames is shown in Figure 4.

C. SEGMENTATION
Image segmentation is performed to partition image
into its comprising components. The objective of
microcirculation image processing is to separate
background from blood vessels and capillaries using
grayscale values. Such separations make the analysis
of the image an easier task. The outcome of
segmentation is a binary image whose background is
shown with white pixels and objects of interest with
black pixels.
One main class of techniques that is incorporated for
image segmentation is thresholding. The main classes
of thresholding were mentioned in the introduction
part. Depending on the application, one may use global
thresholding or local thresholding. Uneven grayscale
intensity of the background and the varieties in the
intensity of the objects in microcirculation images
make the global thresholding inefficient. However,
local thresholding smoothly varies across the image
and is capable to adapt the threshold value for different
parts of the image. This study adaptively selects
windows in the image based on Lorentz Information
Measure (LIM) [37]. Following that, for the
thresholding of each sub-image, the algorithm
implements an extension of the entropic thresholding
technique proposed in [33].
Adaptive local thresholding successfully reduces
the issue with uneven background intensity by
partitioning the image into windows of variable sizes
based on LIM value. If the image F is the gray level
image and f ( x, y ) is defined as the intensity image, the
amount of information in the image known as Picture
Information Measure (PIM) is calculated by:
F −1

PIM ( f ) =

∑h(i) − max h(i)

(2)

i =0

PIM shows the minimal graylevel variation if
f ( x, y ) is converted to a constant grayscale image.

h(i) shows the graylevel histogram of the image for
h : {0,1,..., F −1} → N . If the image comprises of only
one graylevel,

PIM ( f ) = 0 , while

PIM ( f ) = max

occurs when the graylevel intensity of the image is
uniformly distributed.
The normalized form of (1) is defined as:
NPIM ( f ) = PIM ( f ) / N ( f )

(3)

where N ( f ) is the number of pixels in the image.
NPIM ( f ) can be calculated for any sub-image in the
image, indicating the amount of information in the
given sub-image. An experimental cutoff value for
NPIM ( f ) is chosen in order to adaptively adjust the
sub-image size for thresholding. The values greater
than the cutoff value ensure that the sub-images
contain both background and objects of interest.
The superiority of thresholding method in the
proposed algorithm is that it considers flow
information in addition to local property and intensity
information. The technique is based on graylevel
spatial correlation histogram of the image. The aim is
to maintain the spatial structure of the image using
pixel neighborhood property. In an image F with
f ( x, y ) in which ( x, y )
graylevel intensity of
represents the coordination of a pixel, let Q × R be the
number of pixels. g ( x, y ) is defined as the number of
pixels in N × N neighborhood of pixel ( x, y ) within ζ
distance of the pixel. The ζ value of 2 and
neighborhood of 3 × 3 (N = 3) were chosen empirically
for the purpose of this study.
The flow factor used in this part was calculated in
the stabilization section. For every frame, the
summation of the differences between each
consecutive pair frames in 10 preceding frames is
computed using the following equation:
n =i

Sd ( f ) =

∑ d( f , f
n

n +1 )

(4)

n =i −10

Three parameters of flow, neighborhood vicinity and
pixel intensity information are used in equation (5) to
calculate the graylevel spatial correlation histogram of
the image:

h(k , m, D) = prob( f ( x, y ) = k , g ( x, y ) = m,
Sd ( f ) = D)

(5)

Equation (5) determines the probability h( k , m, D )
Sd ( f ) = D
in which f ( x, y ) = k , g ( x, y ) = m and
where 0 ≤ k ≤ 255 , 1 ≤ m ≤ 9 and 1 ≤ D ≤ 2 .
According to the principle of entropy, noise and
edge produce more information than background and
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objects. In order to emphasize the effect of m as a key
distinction factor, the nonlinear function in equation
(6) is multiplied with entropy function.
−9 m

−9 m

W (m, N ) = (1 + e N × N ) / (1 − e N × N )

(6)

In equation (6), N is the selected neighborhood of a
pixel and m is the number of neighbor pixels within ζ
distance of the pixel, m = {1,2,3,..., NxN} .
In the next step, threshold T is calculated; T is
0 < T < l − 1 . It segments the image into object and
background, represented by O and B respectively. In
order to calculate T, the second order entropy of image
and background is calculated using equations (7) and
(8).
(7)
255 N×N

HB(2) (T , N )= −

∑∑

k =T +1 m=1

P(k, m, D) P(k, m, D)
ln(
)W (m, N )
PB (T )
PB (T )
(8)

HO(2) (T , N )= −

T N×N

∑∑
k =0 m=1

P(k , m, D) P(k , m, D)
ln(
)W (m, N )
PO (T )
PO (T )

In the equations of second order entropy, P(k , m, D)
is the normalized form of h( k , m, D ) .
The optimal threshold is calculated as the total of
equations (7) and (8). The optimal threshold is
calculated using:

H (T , N ) = H O(2) (T , N ) + H B(2) (T , N )

(9)

T is obtained by computing a value that maximizes
H(T,N). Experimental evidence has shown that as a
result of noise factors, the obtained value is not the
optimal threshold. In order to eliminate this issue,
the median of ten maximum values of H(T,N) is
selected to be the optimal threshold.
The final segmentation process employs the
information acquired through calculation of Lorentz
Information Measure to threshold the image using the
mentioned entropic thresholding technique. As
mentioned in the stabilization part, 20 frames are
stabilized for each level of the Gaussian Pyramid. The
output of the stabilization is a set of stabilized frames
that demonstrate active blood vessels. In many
instances, stabilization distorts the edges of the frames

to effectively smooth out the video. In order to
eliminate the possible effect of the stabilization, 15
pixels from top, bottom, right and left of the images are
removed. Following that, the intensity values of each
pixel coordinate in 20 stabilized frames are
arithmetically averaged. The result of this step is the
input for the main segmentation part.
The size of microcirculation images of the study
after removing a 15 pixel frame from the image
becomes 450x690 pixels. The original window size of
60x60 pixels is chosen empirically to divide the image
into sub-images for thresholding. Thresholding starts
with the original window size from the top left of the
image. The image is partitioned into a window of size
60x60 pixels and NPIM ( f ) is calculated for the subimage. If the NPIM ( f ) value was greater than 0.97, the
sub-image is thresholded using the mentioned entropic
thresholding technique. The limit value for NPIM ( f )
was selected experimentally. If the NPIM ( f ) value is
less than the limit, the window size adaptively grows to
120x120, twice as much as the original window in
direction of x and y. The sub-image is then thresholded
using the proposed entropic thresholding technique.
The same process of thresholding the sub-images is
repeated for the entire image. The output of
thresholding is a binary image in which blood vessels
and capillaries are represented by black pixels and the
background with white pixels.
Despite the success of pre-processing to reduce the
effect of image artifacts, the result of this step might
still contain tissue and other artifacts in shape of
scattered small objects. One solution to eliminate the
effect of artifacts is to apply morphological operations
to the image. Morphology performs mathematical
techniques on images to analyze and process
geometrical shapes. In this step, the objects in the
binary image are labeled. The size, width and length of
the objects are acquired and compared to the user
defined ones. The objects with values out of the
defined range are removed. Such operation clears the
image from isolated pixels with width and length less
than 4 and 10 pixels as well as large vessels with width
of greater than 30 pixels. The result of this step is a
binary image with less noise.
D. POST-PROCESSING
Post-processing refers to a combination of
techniques for generating the final results of the
algorithm. In the previous steps, levels 2 and 3 of
Gaussian pyramid were generated for 20 frames.
Following that, the frames were stabilized, averaged
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and segmented for each level. Accordingly, two sets of
images were acquired.
Different levels of Gaussian pyramid provide
different resolution of the same image. Since different
blood vessels might be better visible in each of the
levels, there is a need to combine the results of the two
levels to construct the final results. The union of points
identified as capillaries and blood vessels in each set
forms the ultimate results of the algorithm. The final
result is an image that shows the active blood vessels.

threshold level locally based on image information
using Lorentz Information Measure. The algorithm
looks at two levels of Gaussian Pyramid resolutions to
acquire a true estimate of active blood vessels in a
video. The technique is capable of distinguishing
between the healthy and hemorrhaged subjects in the
10 studied samples using Functional Capillary Density.
Visual evaluation of the results shows 95% accuracy in
blood vessel detection. The designed technique can
potentially assist physicians and medical researchers in
making diagnostic decisions.

III. RESULTS
To verify the effectives of the proposed algorithm, it
was tested on 10 microcirculation video samples. Five
of the subjects were hemorrhaged animals and five
were healthy animal subjects. Equal number of normal
and abnormal subjects helps examining the major
difference in statistical analysis of the results. The
videos were captured with the rate of 30 frames per
second. The original size of a video frame is 480x720
pixels. The sample data were provided by Virginia
Commonwealth University Reanimation Engineering
Shock Center.
The algorithm was applied to the first 20 frames of
each video. The results of different steps of the
algorithm for a healthy case are illustrated in Figures 25, while Figures 6-9 show the results for a
hemorrhaged case. MATLAB® programming language
was used to develop codes to examine the validity of
the proposed algorithm and to generate experimental
results. With respect to time complexity, the algorithm
takes an average of 15 minutes to run on a 2.40 GHz
computer with 3 GB of RAM. The evaluation of results
is performed through visual inspection of medical
experts. The inspection has shown that the accuracy of
algorithm in extracting active blood vessels and
capillaries is 95% on average.
The measure of FCD was calculated for the sample
data. The FCD value results are listed in Table 1. FCD
is the area of the segmented capillaries in an image
divided by the area of the image [33]. In each averaged
frame, the total number of black pixels is divided by
the size of the image to obtain FCD value. The result
shows that the algorithm can successfully distinguish
between normal and abnormal cases based on a simple
statistical analysis.

V. FUTURE WORK
As future work, an extension of the current approach
will combine multi-resolution concept with multithresholding to improve the segmentation results while
reducing the false positives. Other diagnostically
useful measures such as Perfused Vessel Density
(PVD), Proportion of Perfused vessels (PPV) and
Microvascular Flow Index (MFI) will be calculated
using the proposed algorithm. A larger dataset will be
acquired and the algorithm will be tested and validated
on the new dataset. The stabilization technique will be
improved and combined with other registration
techniques. The results will be validated using the
available semi-automated commercial software tools
such as Vascular Analysis Commercial software tools
by medical experts. Statistical analysis will be
performed for further evaluation of the results.
Table1. FCD for five healthy and five Hemorrhaged subjects

Case 1
Case 2
Case 3
Case 4
Case 5

Healthy
0.12
0.15
0.14
0.10
0.12

Hemorrhaged
0.09
0.08
0.05
0.05
0.07

IV. CONCLUSION
The proposed method is a fully automated approach
for image processing of microcirculation videos. The
algorithm incorporates a novel thresholding technique
that considers flow information to be a key factor in
calculation of entropy. Furthermore, it adjusts the

Figure 2. Original image of a frame– Healthy subject
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Figure 3. Preprocessing of the frame in Fig2, level 3 of Gaussian
Pyramid – Healthy subject

Figure 6. Original image of a frame – Hemorrhaged subject

Figure 4. Stabilization results of 10 consecutive frames (Fig2 as the
first frame), level 3 of Gaussian Pyramid - Healthy subject

Figure 7. Preprocessing of the frame in Fig6, level 3 of Gaussian
Pyramid – Hemorrhaged subject

Figure 5.Postprocessing results of 20 frames – Healthy subject

Figure 8. Stabilization results of 10 consecutive frames (Fig7 as the
first frame), level 3 of Gaussian Pyramid - Hemorrhaged subject
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