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Abstract—Automation of nailfold capillary image analysis is a
new research idea. There are many important aspects of the
capillary image analysis: capillary thickness, shape, distribu-
tion and density. We focus on two last aspects—distribution
and density of capillaries. The paper presents an approach to
avascular areas detection. An avascular area on the image is
an area with capillary loss. It is an important medical sign.
Capillary loss is one of the most characteristic features ofsystemic
sclerosis. Vascular abnormalities observed in nailfold capillaries
appear earlier in the course of the disease than at other sites.
The proposed approach uses a variety of pattern recognition
techniques, including: histogram analysis and classification.

I. I NTRODUCTION

PRESENCE of avascular areas on a capillary image is an
important medical sign. An avascular area on a capillary

image is an area with capillary loss. Capillary distribution
and density for healthy patients are uniform. In the paper we
discuss the topic of capillary distribution and density analysis,
providing necessary data for avascular area detection.

It is important to mention that the presented research is
a part of our wider research on nail-fold capillary images,
including: capillary thickness analysis [8], capillary tortuosity
analysis [7], general analysis of capillary images [6] and cap-
illary extraction [9]. All the mentioned research is dedicated
to automating the process of nailfold capillary analysis.

In our research we focus on automation of capillaroscopy
image analysis. In the paper we present how to automatically
determine capillary distribution and density, given an input
capillary image. First, the input image is preprocessed and
relevant data is extracted. Later on the data is synthesized
in form of feature vector sets. In the last step of the method,
classification is performed. A variety of classification methods
are tested: nearest neighbor classifiers, decision trees and
bayesian approaches.

The paper is organized as follows. The second section
introduces the medical background and states the research
problem. The third section describes the proposed method. The
fourth section presents performed experimental verification of
the proposed method. The last section concludes the paper.

II. RESEARCH BACKGROUND

In the beginning we give a medical background of our
research. Afterward, we will formally define the research
problem. The research problem turns to be a set of two pattern
recognition problems. First we extract data from the image,

then we construct feature vectors, and in the last step, we
classify them.

A. Medical background

Vascular injury is critical to the pathogenesis of some
diseases and may be the primary event. Microvascular abnor-
malities with structural changes characterized by proliferative
intimal arterial lesions and obliteration of the vessels can be
visualized in the nailfold capillaries but it is also present in
the small blood vessels of other viscera, muscle, subcutaneous
tissues and skin. This process can lead to vascular loss
and to chronic ischaemia [2]. Capillary loss is one of the
most characteristic features of systemic sclerosis. Vascular
abnormalities observed in nailfold capillaries appear earlier
in the course of the disease than at other sites.

If capillary disappearance is not counterbalanced by an
active process of angiogenesis, extended avascular areas (ab-
sence of capillaries in an area longer than500µm) can appear.
Avascular areas may have prognostic value, because they have
been associated with a more aggressive disease. However,
capillary loss has also been found to correlate significantly
with the duration of systemic sclerosis as well as with patient
age [3].

The patients with avascular areas associated with every other
feature of microangiopathy show a greater degree of skin
and visceral involvement and a more aggressive form of the
disease.

Fig. 1 presents a capillary image for a healthy patient.
Capillary distribution and density are in normal range. There
are no avascular areas present. One should note uniform
capillary distribution. Capillary density is similar for the whole
capillary area.

B. Problem definition

The paper addresses the issue of capillary distribution and
density. The given problem may be defined in terms of
image recognition. An capillary image is given as input. An
output is a set of classes representing both distribution and
density. Formally, we may state two independent classification
problems:

Ψdist(I) ∈ {regular, nonhomogeneous}, (1)

Ψdens(I) ∈ {normal, reduced}, (2)
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Fig. 1. Healthy patient. Normal capillary distribution anddensity, no avascular areas.

where:I – input capillary image, processed according to the
presented method.

Our earlier research has shown that capillary extraction is
not a trivial problem and in many cases may not be fully
successful [9]. Taking this into account, we have decided
to develop a method that will not rely strictly on capillary
segmentation.

III. PROPOSED METHOD

The proposed method employs histogram as a basic mean
for data representation. Generated histograms are processed,
local optima are detected. On the basis of this detection,
capillaries are roughly estimated, both their centers and thick-
ness. Afterward, feature vectors are constructed. These feature
vectors synthesize the extracted information. The last step is
classification of the processed image.

A. Data preparation

The goal of data preparation is to enhance the available
visual information. The input imageI is a 24-bitRGB image.
RGB color space is not the best choice for processing of
capillary images. Another color space must be selected. In
our research we have tested several available color spaces.
We have found the following (we focus on Caucasian patients
only).

In original RGBcolor space red and blue channels does not
carry almost no visually relevant data. However green channel
is very informative. Capillaries are very well visible when
considering only green channel. The second relevant color
space isHSV. Capillaries are red, meaning hue channel has
to be informative. Red color is placed near0 and 1 in HSV
color space. Due to presence of various kinds of artifacts on
the image, brightness channel is also very important.

We have decided to combine data from those two color
models according to the following equation.

v(x, y) =
g(x, y) + min(h(x, y), 1 − h(x, y)) + b(x, y)

3
,

(3)
where: x, y – point coordinates,g – green channel pixel
intensity, h – hue channel pixel intensity,b – brightness
channel pixel intensity.

Our experiments have shown that such combination of color
channels provides very good results for blood vessel analysis.

A resulting image is a gray-scale imageV , being the input for
the next phases of the method.

B. Data analysis

During our research we have made an assumption that
we should not rely on exact capillary segmentation. This
assumption is dictated by the fact, that in all performed
research we have not been able to successfully and effectively
extract capillaries with high quality. It means that, we cannot
rely of capillary segmentation.

Even though we do not have exact segmentation, we fol-
low medical background in estimating capillaries. First, most
capillaries are parallel. Second, most capillaries are vertically
directed. Third, nailfold capillaries are placed before the nail
itself. There are no capillaries observed over a certain point
(e.g. top of Fig. 1). Even if the input imageI is not properly
rotated, we can perform automatic (and if it fails – manual)
rotation and trimming to the most important area, as shown in
Fig. 1.

hy1(x)
hy2(x)
hy3(x)

...

hyn(x)

Fig. 2. Horizontally sliced capillary image. One histogramis built per slice.

After positioning the image in a proper manner, it is cut
into slices. All slices are horizontal, distances between them
are constant, number of slices should be large enough (it is
a method parameter). An example how the image is cut is
shown in Fig. 2. We use the number of slices greater than 20.

Once the image is cut into slices, histograms are built. One
histogram is built per one slice, i.e., there are many histograms
per one image. All histograms are built upon the preprocessed
gray-scale imageV :

hy(x) =

∑
−τ<p<τ

∑
−β<r<β v(x + p, y + r)

4βτ
, (4)
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Fig. 3. Three capillary histograms. Left and middle histograms show a healthy patient. Right histogram represents an image with avascular areas.

where:hy(x) – value of binx in histogramy, τ – horizontal
pixel neighborhood size,β –vertical pixel neighborhood size.

Resolution of each histogram is equal to the resolution of
the input imageI and is denoted asm. Three examples of
generated histograms are presented in Fig. 3. The brighter the
image, the higher histogram values are. Blood vessels on a
capillary image are dark areas. They are visible on the image
in form of local minima.

The notion of local histogram minima is used to determine
capillary centers. As the processed histogram is not approxi-
mated by any function or curve, it is usually noised. The level
of noise is very small, however it should be considered during
minimum calculation. As we detect all local optima (formally
following the necessary and sufficient conditions of being a
minimum), we need to filter out some of them. We assume that
the found minimum has to be larger than the maximum value
from its neighborhoodδ, multiplied by a factorα : α < 1.
Formally, we have found a minimum if the following are met:

h′
y(x) = 0, hy(x) < max

−δ<r<δ
αhy(x + r), (5)

where:h′
y(x) – first derivative ofhy(x), δ – size of the ana-

lyzed neighborhood (noise removal),α – expected difference
between found minimum and maximum value found in the
neighborhood.

Exemplary minima found by the described procedure are
shown as vertical lines in Fig. 4. One should note we omit
some local minima, because they do not follow our second
criterion. The process of optimization leads to a set of local
minima denoted as (for clarity we omity):

X
y
min

= {xmin
1 , xmin

2 , ..., xmin
n } : xmin

k < xmin
k+1, (6)

where: n – number of minima found,xmin
k – minimum

histogram coordinate.
Detected local minima are locally darkest places in the

image. As mentioned before, dark places usually represent
blood vessels (capillaries). Of course dark places may also
represent other objects on the image, like skin damages, small
blood strokes or acquisition artifacts. However, for a healthy
patient capillaries should be clearly dominant. Additionally,
capillaries are regularly distributed along the examined areas.
Other visible dark objects are not regularly distributed, nor
have any fixed, high density. Following this concept we assign
found local minima as being potential capillary centers. Such
assignment will be mostly correct for a healthy patient, with

regularly distributed capillaries. For avascular areas, some or
no capillaries will be detected.

After all minima are detected, we are looking for maxima.
We would like to received maxima that will also be insensitive
to noise (in sense of eq. 5). To get the maxima, already
found minima are used. We formulate an optimization problem
of finding a maximum between every pairs of neighboring
minima (for clarity we omity):

xmax
k = arg max

xmin
k

<x<xmin
k+1

hy(x), (7)

Once we have found all maxima, we proceed to capillary
thickness estimation. The goal of thickness estimation is to
calculate how much of the image is covered by capillaries.
Following the assumption that each detected minimum is
a capillary center, we have capillary boundaries somewhere
between detected minima and maxima. We assume that capil-
laries are symmetric around already detected centers. Capillary
thickness estimatesk is defined as follows:

sk =
1

2
min(xmax

k − xmin
k , xmin

k − xmax
k−1), (8)

Having capillary thickness estimate and already found min-
ima, it is possible to classify each point in the histogram to
be inside or outside the capillary. The functioncy(x) returns
1 if the coordinate is inside, and0 if the coordinate is outside
the capillary. It is defined as follows:

cy(x) =





1 x ∈ (xmin
1 − s1, x

min
1 + s1)

1 x ∈ (xmin
2 − s2, x

min
2 + s2)

...

1 x ∈ (xmin
n − sn, xmin

n + sn)
0 otherwise

(9)

Once we have defined all the above functions, we are able
to mark blood vessel estimates on created histograms. Exem-
plary minima, maxima and estimated capillary thicknesses are
shown in Fig. 5. Blood vessel estimated are marked in blue,
areas without blood vessels are marked with black. Optima
are marked with vertical lines.

C. Feature calculation

Feature vector generation is the next and a very important
step of the method. Having analyzed the available histograms,
the data needs to be synthesized. We synthesize data separately
for each histogram. We get as much feature vectors as there
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Fig. 4. Capillary histograms with found local minima (marked by straight lines).

Fig. 5. Capillary histogram minima, maxima and estimated capillary thickness.

are histograms. Each presented featurefy is marked with “y”,
i.e., it is calculated for a given histogram.

As discussed in the medical part of the paper, presence of
avascular areas is connected with missing capillaries. Capil-
laries may be non-uniformly distributed or there may be large
spaces between them. Taking medical properties of avascular
areas we have defined the following features.

The first one is the number of capillaries per image. Given
that we know the zoom scale and have a training set of
classified images, we are able to learn how much (roughly)
capillaries should be observed. Following this we defined the
first image feature as:

fy
num = n, (10)

where:n – number of minima found for slicey.
The second feature used is related to distances between cap-

illary centers. Distances are calculated between neighboring
capillaries:

d(k) = xmin
k − xmin

k−1 : k ∈ {2, ..., n}, (11)

The feature we use is the sample standard deviation of
capillary center distances:

f
y
mdist =

√√√√
∑n

k=2

(
d(k) − d̂(k)

)2

n − 2
, (12)

The third defined feature is the amount of histogram covered
by capillaries. For a healthy patient, capillary thicknessis
within a defined range. However, for various reasons some
capillaries may be thicker (capillary thickness is another
medical sign [8]). To properly estimate the capillary density
we need to consider capillary thickness.

f
y
dens =

1

m

m∑

x=1

cy(x), (13)

where: m – number of bins in histogramhy (equal to x

resolution of the input imageI), cy(x) – classification function
defined by eq. 9.

The fourth defined feature is related to distances between
capillaries. A maximum distance between two neighboring
capillaries is estimated as follows:

f
y
cdist = max

k∈{2,...,n}

(
xmin

k − sk − (xmin
k−1 + sk−1)

)
, (14)

The last feature is sample standard deviation of the his-
togram:

f
y
stdev =

√√√√
∑m

x=1

(
hy(x) − ĥy

)2

m − 1
, (15)

where:m – number of bins in histogramhy, ĥy – histogram
mean value.

Having those five features defined, a set of feature vectors
is constructed. Feature vectors for distribution and density
classification are built using different sets of features.

D. Feature vector set generation

Using presented features we define feature vectors. Each
image is represented using a feature vector set.

Single feature vectors are built using the presented features.
Proposed feature vectors are a result of our early experiments
on different properties of these features and achieved results
quality. We propose two vectors. The first vector is designed
for the capillary distribution classification problem. It is de-
fined as follows:

F
y
dist = [fy

num, f
y
mdist, f

y
dens, f

y
cdist] . (16)

On the other side, proposed solution for capillary density
may be a bit surprising. Our early experiments have shown
that the most important feature, having highest discriminative
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abilities is the number of detected capillaries. Proposed feature
vector for capillary density analysis contains only this feature.
Using other features (both instead and together) results in
worsening the overall quality. The feature set is defined as
follows:

F
y
dens = [fy

num] . (17)

Of course not the whole image area is covered by capillaries.
There are some areas, where capillaries are not present. Anal-
ysis of such areas is pointless and introduces additional noise
to the data. We need to select only these histograms, which
contain capillaries. To do so, for each histogram we employ the
histogram standard deviation featuref

y
stdev. We have observed

that these parts of the image, containing capillary areas have
much higher standard deviation than those without capillaries.
Following this observation, we select a subset of scans with
the highestfy

stdev.

E. Classification

The last step of the proposed method is classification. There
are two defined classification problems. The first problem con-
cerns capillary density, the second one – capillary distribution.

As mentioned in the previous section, for each image more
than one histograms are generated. This means, that there are
more than one feature vectors. Having a set of feature vectors,
representing a single capillary image we need to classify it.

a) Training phase:During the training phase we label
each feature vector with the image class. It means that, all
feature vectors generated from the image, get the same class
as the image has. Feature vectors from all images are put into
the training set. Having built the training set in such manner,
we perform classifier training. As a result, one classifier is
constructed.

b) Processing phase:The processing phase of an input
is performed as follows. The input image consists of many
feature vectors. Each feature vector is classified separately by
the trained classifier. There are as many classification results
as there are feature vectors. The dominant class is selectedas
the final classifier output.

c) Used classifiers:We used a number of different clas-
sifiers, namely:Nearest Neighbor(NN), k-Nearest Neighbor
(k-NN), Naive Bayes(Bayes), C4.5 Decision Tree(C4.5)
and Logit Model Tree (LMT). For all classification issues
we use Weka platform [4]. Mentioned classifiers are fully
deterministic, thus it is enough to perform the classification
process only once.

In k-Nearest Neighbor classifier the number of used neigh-
bors is determined by a cross-validation routine.Leave-One-
Out approach is used in the process. Possible range ofk is
from 1 to 10. Probability density estimation for the Bayesian
classifier is performed using a simple Gaussian parametric
model [1]. C4.5 decision tree learner employs standard tree
construction method, including tree pruning. Logit Model Tree
is a relatively new approach for decision tree construction[5].
It combines logistic regression models and tree induction
approaches.

IV. EXPERIMENTAL VERIFICATION

Proposed approach is verified on a set of capillary images.
These capillary images contain variety of possible important
medical signs. One of those signs are mentioned avascular
areas.

Following the initial problem statement, we have performed
classification experiments for two problems (eqs 1 and 2). In
the first problem we have evaluated classification quality for
capillary distribution, in the second problem – classification
density. Each of these problems is evaluated separately.

A. Available data

Available medical data come as color RGB images. Images
are properly rotated and trimmed. Microscope zoom factors are
known, all metric sensitive calculations are properly rescaled.
All images (except of those presented in the paper) are taken
from [3].

To give better understanding of the achieved results, a data
summary is presented in Tab. I. Classes are given together with
number of images they represent. There are total74 images.

TABLE I
AVAILABLE MEDICAL DATA SUMMARY

problem class number of images
distribution regular 17
distribution non-homogeneous 57
density normal 33
density reduced 41

Baseline quality estimates for both classification problems
are the following: distribution – 77%, density – 55%. Baseline
estimation is performed by always choosing the most frequent
class as the classification output.

B. Verification protocol

As the available image database is not large, used verifica-
tion protocol is based onLeave-One-Outapproach. Classifica-
tion process is repeated as many times, as there are images in
the database. Feature vector construction methods and applied
classification routines use no randomization, we perform all
experiments only once. For quality measurementaccuracyis
used. Presented accuracies are averaged from all test runs
performed forLeave-One-Outverification.

Similarly as in our previous research [7], [8] we want to
focus on the quality of the proposed features. To make the
research less related to any type of classifier, we perform the
experiments on the mentioned set of classifiers.

C. Achieved results

Proposed method has several parameters. All of them are
selected experimentally. The following parameter setup is
used:

• total number of histograms per image is 32,
• histogram smoothing parameters:τ = 5, β = 7,
• optimum filtering parameter:δ = 20, α = 0.98,
• size of feature vector set is 5.
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It is important to mention that these parameter values
are selected for images in our database. If these images
would be differently acquired (e.g. another device), mentioned
parameters should be selected differently.

TABLE II
ACHIEVED ACCURACY FOR TWO DEFINED CLASSIFICATION PROBLEMS

problem NN k-NN Bayes C4.5 LMT average
distribution 0.91 0.90 0.88 0.88 0.87 0.89
density 0.72 0.80 0.74 0.72 0.68 0.74

As a result of our experiments we get two quality measures,
both for capillary density and distribution. Achieved quality
results are presented in Tab. II. Quality is well over the
baseline. It is on a similar level for most tested classifiers.
Best classification quality is achieved fork-Nearest Neighbor
classifier. Usage ofC4.5 Decision Treeresults in worst quality.

V. CONCLUSION AND FURTHER WORK

The paper presents issues related with automation of capil-
lary images analysis. We have presented two important aspects
from medical point of view. The first aspect is capillary
distribution, the second capillary density. They are both very
important markers for detection of avascular areas in capillary
images.

Achieved distribution classification quality reaches 91%.
Such quality may be rated as high, but not yet fully satisfying
for daily practical use. Achieved density classification islower
and reaches 80%. For both classification problemsk-Nearest
Neighboris clearly dominant.

Further research should be focused on another selection of
histogram subset used for analysis. Feature values between
individual histograms may also be combined.

ACKNOWLEDGMENTS

This work is partially financed from the Polish Ministry of
Science and Higher Education resources in 2007 - 2009 years
as a research project N518 020 32/1454.

REFERENCES

[1] John G. H., Langley P.: Estimating Continuous Distributions in Bayesian
Classifiers. In Proc. of 11-th Conf. on Uncertainty in AI, pp.338–345,
1995.

[2] Black C.M., Denton C.P.: Scleroderma and related disorders in adults and
children. In Oxford Textbook of Rheumatology, Oxford University Press,
pp. 1217–1248, 1998.

[3] Grassi W., Del Medico P.: Capillary loss. In Atlas of Capillaroscopy.
Medical Publishing and New Media, pp. 141–174, 2004.

[4] Witten I. H., Frank E.: Data Mining: Practical machine learning tools and
techniques, 2nd Edition, Morgan Kaufmann, San Francisco, 2005.

[5] Landwehr N., Hall M., Frank E.: Logistic Model Trees, Machine Learn-
ing, Vol. 59 (1-2), pp. 161–205, 2005.

[6] Kwasnicka H., Paradowski M., Borysewicz K.: Capillaroscopy Image
Analysis as an Automatic Image Annotation Problem. Proceedings of
Computer Information Systems and Industrial Management Applications
(CISIM’07), pp. 266–271, 2007.

[7] Paradowski M., Kwasnicka H., Borysewicz K.: Capillary Blood Vessel
Tortuosity Measurement using Graph Analysis. In proceedings of KES
2009, Springer-Verlag, Lecture Notes in AI, 2009 (in printing).

[8] Paradowski M., Markowska-Kaczmar U., Kwasnicka H., Borysewicz K.:
Capillary Abnormalities Detection using Vessel Thicknessand Curvature
Analysis. In proceedings of KES 2009, Springer-Verlag, Lecture Notes
in AI, 2009 (in printing).

[9] Paradowski M., Kwasnicka H., Borysewicz K.: Capillary Blood Vessel
Tracking using Polar Coordinates based Model Identification, Advances
in Intelligent and Soft Computing, pp. 499–505, 2009.


