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Abstract—Automation of nailfold capillary image analysis is a then we construct feature vectors, and in the last step, we
new research idea. There are many important aspects of the classify them.
capillary image analysis: capillary thickness, shape, disibu-
tion and density. We focus on two last aspects—distribution A. Medical background

and density of capillaries. The paper presents an approachot lar ini . itical h h . f
avascular areas detection. An avascular area on the image is _Vascular injury is critical to the pathogenesis of some
an area with capillary loss. It is an important medical sign. diseases and may be the primary event. Microvascular abnor-

Capillary loss is one of the most characteristic features afystemic  malities with structural changes characterized by prdifee
sclerosis. Vascular abnormalities observed in nailfold qaillaries  jntimal arterial lesions and obliteration of the vessels ba
appear earlier in the course of the disease than at other st i\ ajized in the nailfold capillaries but it is also presém
The proposed approach uses a variety of pattern recognition h Il blood Is of oth . | b
techniques, including: histogram analysis and classifican. the small blood vessels of other viscera, muscle, subcatene
tissues and skin. This process can lead to vascular loss
[. INTRODUCTION and to chronic ischaemia [2]. Capillary loss is one of the

RESENCE of avascular areas on a capillary image is 8tPst characteristic features of systemic sclerosis. Vascu
important medical Sign_ An avascular area on a Capi”aﬁpnorma"ties observed in nailfold Capillaries appeaﬂieﬁar

image is an area with capillary loss. Capillary distribatioin the course of the disease than at other sites.
and density for healthy patients are uniform. In the paper welf capillary disappearance is not counterbalanced by an
discuss the topic of capillary distribution and densitylgsia, active process of angiogenesis, extended avascular akas (
providing necessary data for avascular area detection. ~ sence of capillaries in an area longer tti@0..m) can appear.

It is important to mention that the presented research A¥ascular areas may have prognostic value, because they hav
a part of our wider research on nail-fold capillary image®een associated with a more aggressive disease. However,
including: capillary thickness analysis [8], capillarytioosity Ccapillary loss has also been found to correlate signifigantl
analysis [7], general analysis of capillary images [6] ang-c With the duration of systemic sclerosis as well as with patie
illary extraction [9]. All the mentioned research is dedéezh age [3].
to automating the process of nailfold capillary analysis. The patients with avascular areas associated with eveey oth

In our research we focus on automation of capillaroscof§ature of microangiopathy show a greater degree of skin
image analysis. In the paper we present how to automaticaMyd visceral involvement and a more aggressive form of the
determine capillary distribution and density, given anuinp disease.
capillary image. First, the input image is preprocessed andFig. 1 presents a capillary image for a healthy patient.
relevant data is extracted. Later on the data is synthesiZedpillary distribution and density are in normal range. fEhe
in form of feature vector sets. In the last step of the metho@f€@ no avascular areas present. One should note uniform
classification is performed. A variety of classification hmds capillary distribution. Capillary density is similar fdne whole
are tested: nearest neighbor classifiers, decision treds &apillary area.

bayesian approaches. B. Problem definiti
. . B. t
The paper is organized as follows. The second section foblem detinition

introduces the medical background and states the research’® Paper addresses the issue of capillary distribution and
problem. The third section describes the proposed metttuel. Fl€Nsity. The given problem may be defined in terms of
fourth section presents performed experimental verificatif IMage recognition. An capillary image is given as input. An

the proposed method. The last section concludes the pape?.“tpUt is a set of classes representing both distributiah an
density. Formally, we may state two independent classifinat

Il. RESEARCH BACKGROUND problems:

In the beginning we give a medical background of our Uyist(I) € {regular, nonhomogencous) L)
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, U gens(I) € {normal, reduced}, (2)
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Fig. 1. Healthy patient. Normal capillary distribution addnsity, no avascular areas.

where: I — input capillary image, processed according to th& resulting image is a gray-scale imaye being the input for
presented method. the next phases of the method.
Our earlier research has shown that capillary extraction is

not a trivial problem and in many cases may not be full3. Data analysis

successful [9]. Taking this into account, we have decidedpyring our research we have made an assumption that

to develop' a method that will not rely strictly on capillarjye should not rely on exact capillary segmentation. This

segmentation. assumption is dictated by the fact, that in all performed
I1l. PROPOSED METHOD research we have not been able to successfully and effigctive

The proposed method employs histogram as a basic mgé?]ract capillaries with high quality. It means that, we ce
y of capillary segmentation.

for data representation. Generated histograms are pmtesge .
local optima are detected. On the basis of this detectiqn,Even t'hough we do nqt haye egact segme.ntatlo'n, we fol-
capillaries are roughly estimated, both their centers aiuk+ ow'me'dlcal background in estimating capllla'nes. F!rsnsnn
ness. Afterward, feature vectors are constructed. Thedarte capillaries are parallel. Second, most capillaries aréiazily

vectors synthesize the extracted information. The lagt &e _‘:'reﬁte_?ﬁ Third, nailfold ﬁ?pl_llarles are p(;aced beforet ﬁa'tl :
classification of the processed image. itself. There are no capillaries observed over a certaimtpoi

(e.g. top of Fig. 1). Even if the input imageis not properly
A. Data preparation rotated, we can perform automatic (and if it fails — manual)
The goal of data preparation is to enhance the availat§Riation and trimming to the most important area, as shown in
visual information. The input imagg is a 24-bitRGBimage. Fig. 1.
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 chann
is very informative. Capillaries are very well visible when
considering only green channel. The second relevant color

space.isHSV capi”a”es are _red' meaning hue C_hannel h@;‘g. 2. Horizontally sliced capillary image. One histograrbuilt per slice.
to be informative. Red color is placed neamnd1 in HSV

colo_r space. I_Due to presence (_)f various kir_wds of artifacts onper positioning the image in a proper manner, it is cut
the image, brightness channel is also very important. into slices. All slices are horizontal, distances betwesamt
We have decided to combine data from those two colgfe constant, number of slices should be large enough (it is
models according to the following equation. a method parameter). An example how the image is cut is
g(z,y) + min(h(z,y),1 — h(z,y)) + b(z,y) shown in Fig. 2. We use the number of slices greater than 20.
v(z,y) = 3 Once the image is cut into slices, histograms are built. One
histogram is built per one slice, i.e., there are many histog
per one image. All histograms are built upon the preprocksse

3)
where: z,y — point coordinatesg — green channel pixel
mtensny,f_L —_hue <_:hanne| pixel intensitypy — brightness gray-scale imagé’:
channel pixel intensity.

Our experiments have shown that such combination of color h D rcper 2o percp V@ Dy +T) 4
channels provides very good results for blood vessel aisalys y(@) = 487 G
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Fig. 3. Three capillary histograms. Left and middle histmgs show a healthy patient. Right histogram represents agemwith avascular areas.

where:h,(z) — value of binz in histogramy, 7 — horizontal regularly distributed capillaries. For avascular areasnes or
pixel neighborhood size3 —vertical pixel neighborhood size.no capillaries will be detected.

Resolution of each histogram is equal to the resolution of After all minima are detected, we are looking for maxima.
the input imagel and is denoted as:. Three examples of We would like to received maxima that will also be insensitiv
generated histograms are presented in Fig. 3. The bridhger to noise (in sense of eq. 5). To get the maxima, already
image, the higher histogram values are. Blood vessels orfioand minima are used. We formulate an optimization problem
capillary image are dark areas. They are visible on the imagkfinding a maximum between every pairs of neighboring
in form of local minima. minima (for clarity we omity):

The notion of local histogram minima is used to determine
capillary centers. As the processed histogram is not approx
mated by any function or curve, it is usually noised. The lleve
of noise is very small, however it should be considered durin Once we have found all maxima, we proceed to capillary
minimum calculation. As we detect all local optima (fornyall thickness estimation. The goal of thickness estimatiorois t
following the necessary and sufficient conditions of being @lculate how much of the image is covered by capillaries.
minimum), we need to filter out some of them. We assume tHadllowing the assumption that each detected minimum is
the found minimum has to be larger than the maximum val@ecapillary center, we have capillary boundaries somewhere
from its neighborhood, multiplied by a factora : o < 1. between detected minima and maxima. We assume that capil-
Formally, we have found a minimum if the following are mettaries are symmetric around already detected centersll&spi

thickness estimate,, is defined as follows:

max

™ =arg max _ hy(x), @)

min min
Ty <x<azk+1

hy(x) =0, hy(z) < _ax ahy(x +71), (5)

max

s = 5 min( — 2 T — ), 8)

where:h; (x) — first derivative ofh,(z), J — size of the ana-
lyzed neighborhood (noise removat),— expected difference  Having capillary thickness estimate and already found min-
be.tween found minimum and maximum value found in thgna, it is possible to classify each point in the histogram to
neighborhood. be inside or outside the capillary. The functief(z) returns

Exemplary minima found by the described procedure aiejf the coordinate is inside, andlif the coordinate is outside
ShOWn as Vertical Iines in Flg 4. One Sh0u|d note we Onﬂﬁe Capi”ary_ |t is defined as fo”ows:

some local minima, because they do not follow our second

criterion. The process of optimization leads to a set of lloca 1 @€ (af"™ — s, 27" + 51)
. u . . min min
minima denoted as (for clarity we omj): 1z € (@)™ — sz, 25" + 52)
y . . . _ cy(z) =9 ... 9)
min min min . min min H H
X = {2, g™, eyt ) ™ < aply, (6) 1 ze (@M —sp, ™ +s,)

where: n — number of minima foundz™ — minimum 0 otherwise

histogram coordinate. Once we have defined all the above functions, we are able
Detected local minima are locally darkest places in tHe mark blood vessel estimates on created histograms. Exem-
image. As mentioned before, dark places usually repres@ry minima, maxima and estimated capillary thicknesses a
blood vessels (capillaries). Of course dark places may agfgown in Fig. 5. Blood vessel estimated are marked in blue,
represent other objects on the image, like skin damaged|, sm€as without blood vessels are marked with black. Optima
blood strokes or acquisition artifacts. However, for a tigal are marked with vertical lines.
patient capillaries should be clearly dominant. Additibna
capillaries are regularly distributed along the examinezhs.
Other visible dark objects are not regularly distributedr n  Feature vector generation is the next and a very important
have any fixed, high density. Following this concept we assigtep of the method. Having analyzed the available histogram
found local minima as being potential capillary centersctSu the data needs to be synthesized. We synthesize data shparat
assignment will be mostly correct for a healthy patienthwitfor each histogram. We get as much feature vectors as there

C. Feature calculation



422 PROCEEDINGS OF THE IMCSIT. VOLUME 4, 2009

Fig. 4. Capillary histograms with found local minima (matkiey straight lines).

Fig. 5. Capillary histogram minima, maxima and estimategilieay thickness.

are histograms. Each presented feaitités marked with 4”, where: m — number of bins in histogrank, (equal tox
i.e., it is calculated for a given histogram. resolution of the input imag#), ¢, (z) — classification function

As discussed in the medical part of the paper, presencedeffined by eq. 9.
avascular areas is connected with missing capillariesil-Cap The fourth defined feature is related to distances between
laries may be non-uniformly distributed or there may bedargapillaries. A maximum distance between two neighboring
spaces between them. Taking medical properties of avascw@apillaries is estimated as follows:
areas we have defined the following features. v in min

The first one is the number of capillaries per image. Given feaist = P (@™ = sk — @ +s1)), (14)
that we know the zoom scale and have a training set of _ _ .
classified images, we are able to learn how much (roughlc)The last feature is sample standard deviation of the his-

capillaries should be observed. Following this we defined t gram. -
first image feature as: s (hy(:c) B hy)

=n, (10) fgtdeu = ’ (15)

m—1

f Y
num

where:n — number of minima found for slicg. where:m — number of bins in histograrh,, ﬁ; — histogram
The second feature used is related to distances between ¢ARan value

illary centers. Distances are calculated between neigidpor

) Having those five features defined, a set of feature vectors
capillaries:

_ . is constructed. Feature vectors for distribution and dgnsi
d(k) = o™ —apty k€ {2,...,n}, (11) classification are built using different sets of features.

The feature we use is the sample standard deviation [§f Feature vector set generation

capillary center distances: Using presented features we define feature vectors. Each

s (d(kz) _ d(k)) image is represented using a fgatur.e vector set.
v k=2 (12) Single feature vectors are built using the presented festur
mdist n—2 ’ Proposed feature vectors are a result of our early expetimen
The third defined feature is the amount of histogram covered different properties of these features and achievedtsesu
by capillaries. For a healthy patient, capillary thicknéss quality. We propose two vectors. The first vector is designed
within a defined range. However, for various reasons sorf@ the capillary distribution classification problem. & de-
capillaries may be thicker (capillary thickness is anothdined as follows:
medical sign [8]). To properly estimate the capillary dénsi

[— ] v y Y
we need to consider capillary thickness. Faise = Fitum> Fmaists Faens> Feaist] (16)
m On the other side, proposed solution for capillary density
fuo= 1 ch(aj% (13) may be a bit _surprising. Our early gxperiments .hav-e. ;hown
m— that the most important feature, having highest discritiiea
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abilities is the number of detected capillaries. Proposetiire IV. EXPERIMENTAL VERIFICATION
vector for capillary density analysis contains only thisttee. Proposed approach is verified on a set of capillary images.

Using other features (both instead and together) results-[iﬂese capillary images contain variety of possible imprta

worsening the overall quality. The feature set is defined gs. g4 signs. One of those signs are mentioned avascular
follows:
areas.
Fy

dens = [foum] - (17) Following the initial problem statement, we have performed
ri‘%assification experiments for two problems (eqs 1 and 2). In

Of course not the whole image area is covered by capillaries™>> o )
There are some areas, where capillaries are not preserit. AH?;\e -f|rst pr_oblgm we have evaluated classification qga}llty fo
ysis of such areas is pointless and introduces addition'abnoc""p'"_ary d'sz'bl:t'ﬁn' In thelseco_nd pr?blem ~ classﬁulnat
to the data. We need to select only these histograms, Wh&t‘%nsny. Each of these problems is evaluated separately.

contain capillaries. To do so, for each histogram we empgiey tA Available data

histogram standard deviation featyf®, . We have observed ] ] .
that these parts of the image, containing capillary areas ha Available medical data come as color RGB images. Images

much higher standard deviation than those without cajeiar &€ Properly rotated and trimmed. Microscope zoom factes a
Following this observation, we select a subset of scans wiffown. all metric sensitive calculations are properly agsd.

the highestf?, ,_ . All images (except of those presented in the paper) are taken
from [3].
E. Classification To give better understanding of the achieved results, a data

The last step of the proposed method is classification. Th&ignMary is presented in Tab. |. Classes are given togethfer wi
are two defined classification problems. The first problem cofiuMmper of images they represent. There are tbtamages.
cerns capillary density, the second one — capillary digtiti. TABLE |

As mentioned in the previous section, for each image more AVAILABLE MEDICAL DATA SUMMARY
than one histograms are generated. This means, that theere ar

more than one feature vectors. Having a set of feature \&ctor propem f"ezsuslar LRl 2
representing a single capillary image we need to classify it distribution | non-homogeneoug 57
a) Training phase:During the training phase we label density normal 33
density reduced 41

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 int&@seline quality estimates for both classification protsem
the training set. Having built the training set in such mannére the following: distribution — 77%, density — 55%. Baseli

we perform classifier training. As a result, one classifier RStimation is performed by always choosing the most freguen
constructed. class as the classification output.

_ b) Processing phaseThe proces_sing phase_of an inpub_ Verification protocol
is performed as follows. The input image consists of many ) ] _ N
feature vectors. Each feature vector is classified sepyiage As the available image database is not large, used verifica-
the trained classifier. There are as many classificationitsesion protocol is based obeave-One-Ouapproach. Classifica-
as there are feature vectors. The dominant class is selaste§On Process is repeated as many times, as there are images in
the final classifier output. the database. Feature vector construction methods anigéppl

c) Used classifiersWe used a number of different clas-classification routines use no randomization, we perforim al
sifiers, namely:Nearest NeighbotNN), k-Nearest Neighbor €xPeriments only once. For quality measuremarturacyis
(k-NN), Naive Bayes(Bayes), C4.5 Decision Tree(C4.5) used. Presented accuracies are ayeraged from all test runs
and Logit Model Tree(LMT). For all classification issues Performed forLeave-One-Ouverification.
we useWeka platform [4]. Mentioned classifiers are fully ~Similarly as in our previous research [7], [8] we want to
deterministic, thus it is enough to perform the classifarati focus on the quality of the proposed features. To make the
process only once. resea_rch less related to any type of cIassifie_r, we perfoem th

In k-Nearest Neighbor classifier the number of used neighXPeriments on the mentioned set of classifiers.

bors is determined by a cross-validation routiheave-One-
Out approach is used in the process. Possible range isf
from 1 to 10. Probability density estimation for the Bayesian Proposed method has several parameters. All of them are
classifier is performed using a simple Gaussian parametfRlected experimentally. The following parameter setup is
model [1]. C4.5 decision tree learner employs standard tréged:
construction method, including tree pruning. Logit Moded& « total number of histograms per image is 32,
is a relatively new approach for decision tree construdtign « histogram smoothing parametets= 5, 5 =7,
It combines logistic regression models and tree inductione optimum filtering parameted = 20, a = 0.98,
approaches. « size of feature vector set is 5.

C. Achieved results
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It is important to mention that these parameter valuesFurther research should be focused on another selection of
are selected for images in our database. If these imadestogram subset used for analysis. Feature values between
would be differently acquired (e.g. another device), maed individual histograms may also be combined.
parameters should be selected differently.
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