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I. Introduction

Capillary microscopy is the examination of the smallest vessels of the human organ, the capillar-
ies. The peripheral blood circulation is very sensitive for certain illnesses e.g.: autoimmune diseases,
diabetes, etc. In many cases the deformations in the blood circulation can be observed prior to other
symptoms, therefore capillary microscopic tests play an important role in the early detection of these
diseases [1].

Today the main problem is that there is no cheap, easily accessible instrument, which is capable not
only of the image or video recording, but has a support for computer aided evaluation. This is very
important because the exact and objective evaluation requires much more time than the microscopic
image capture itself, and this is why quantitative measures are rarely used.

The first problem of image evaluation is the detection of capillaries, this is essential for any further
image processing steps. We have to achieve high hit rate with low number of false positive hits, despite
of the low image quality. In our presentation we will introduce an edge-detection method which can
solve this problem with a relatively high performance.

II. Materials and Methods

A. Capillary microscopic images

The capillary microscopic pattern of a healthy patient was examined by many researchers, hence it
is precisely defined by the medical literature. As one can see in Fig. 1(a) the vessels are arranged
into rows, they are regular hairpin shaped, with the same orientation. A capillary loop has two parallel
stems: a thinner called arterial section, and a wider called venous section. They are connected with a
winding part called apical section.

The most important parameters that can be extracted from the picture: the arrangement of the vessels,
sizes of the hairpin (length, distance of the two stems, diameters), shape of capillaries, linear density,
occurrence of micro haemorrhages and visibility of the lager vessels: the SVP (Subpapillary Venous
Plexus).

In certain diseases the healthy pattern changes. In many cases the regular arrangement breaks up. If
the vessels become dilated, they are called giant- or mega-capillaries according to their size. The hair-
pin shape can also be changed: the medical literature classifies the modified shapes into the following
groups: meandering, bushy, ball, tortuous and ramified. The linear density decreases in general, in
certain cases micro haemorrhages can be observed, and the visibility of the SVP increases.

B. The method of image recording

There is a generally accepted method for capillary microscopic examinations, hence we have also
followed this method [2]. Our present database was created with a light microscope. We used paraffin
oil in order to increase the transparency of the skin, and a light source (intralux 6000) with cold light.
The direction of the light was approximately 45◦.
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C. Edge detection

As it can be seen in Fig. 1(a) the capillaries do not have sharp edges, the image is very blurred
and noisy. These properties are mainly due to the recording method, because capillaries are observed
through the skin. Classical edge detectors such as Sobel, Laplace and Canny operators have given bad
result. It was very hard to separate real edges from noise, and edge detectors found not only the bor-
ders but the whole area of the capillaries because the intensity changes continuously in perpendicular
direction to the capillary. Considering these properties we decided to search not the border but the
centre line. It can be located more precisely and more robustly, with the algorithms described later.

The whole process of edge detection can be divided into tree parts: amplification, classification and
edge connecting. In the first detection step, filters are used which have a high response in the points of
the edge. For the construction of such filters first we need a definition for the edges. Usually intensity
discontinuities or discontinuities in the first derivatives are treated as edges, therefore the filter is a high
pass filter for example a gradient type operators.

In the classification step we need to categorize the pixels into two categories: edge or non-edge
pixels. This classification is done according to the response of the amplification operator and the
position of the pixel. This step always requires one or more threshold levels. Finding the optimal
threshold level is a hard problem, thus there are many different approaches. None of them is optimal
in all of the cases, hence we always need to take into account the properties of the filtered image. It
is possible, that no acceptable threshold level exist. On low signal to noise ratio images it can happen
that the response of the filter to noise becomes greater than the response to real edges.

The result of the classification step is a set of individual pixels which may or may not belong to the
same edge. In this step we have to connect these individual points into one or more connected lines.
The result is on or more sequence of pixel positions, where each sequence represents an edge [3].

We developed an image processing system to solve these three steps of edge detection. The three
steps of the proposed algorithm will be described in the following subsections.

D. Edge amplification

As we saw capillary microscopic images are noisy and blurred, therefore the signal-to-noise ratio of
the images are low. The problem with classical edge detectors is, that they make the decisions based
on local information. One solution to this problem is to increase the number of pixels that take part
in the decision process. Classical signal processing theory achieves this by increasing the size of the
edge detection operator. This method has a limitation because as we increase the size of the operator
the resolution decreases. Further improvement can be achieved in the performance with using a set of
directional operators, which compute their response based on the pixels of a long and narrow rectangle.
The first problem of this idea is that we have to increase the number of operators, which increases the
computational burden. Secondly edges on a real image may not be straight on a very long distance.

One solution to this problem is to compute the response of the edge operator by using the pixels
near the edge contour, instead of the pixels of a rectangular area. This is not a straightforward solution
because the contour of the edge is not known before the edge detection, so we have to estimate it, or
perform a search in the space of possible contours during the edge detection. Many techniques have
been developed based on this idea, such as sequential edge detection algorithms. Our algorithm is
based on the same idea but uses a different approach in the realisation.

The method, first extracts the local information from the image, and then it makes decisions based
on global measures. We use gradient type operators, only for estimating the direction of the edges
in every pixel of the image. We compute the two neighbour pixels for every pixel along an edge by
using the calculated direction. This two neighbouring pixel can be calculated for every pixel. In case
of non-edge pixels, the result will be faulty, but then we consider it as a random value. We have an
assumption: if a pixel is located on one of the edges of the image then the two neighbours will be
on the same edge with high probability. Now we can regard the image as a directional graph, where
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every pixel is a point in the graph, and the graph edges point from a certain pixel to its two neighbours.
With the help of this graph we can make the definition of edges using the concepts of the graph theory:
edges are strongly connected subsets of the graph i.e. sets of points that have many edges with both of
the starting and the end point in the set. For finding the strongly connected components there are many
procedures. The proposed algorithm is based on a Markov-chain model [4]. This procedure calculates
a weight for every pixel which has a high value if the pixel belongs to a strongly connected component.
This weighs are displayed as an image in figure 1(b).

E. Pixel classification

The classification step categorizes the image pixels into two subsets: edge pixels and non-edge pixels.
This is done by thresholding the output of the filter. A hysteresis threshold is used to avoid streaking.
This phenomenon results from the fact that real edges are non-homogeneous. It is possible that the
operator output is sometimes above, sometimes below the selected threshold level, due to the noise.
Hysteresis threshold uses two threshold levels. If a pixel intensity is under the lower level it is classified
as a non edge pixel, if it is over the higher level it is classified as an edge pixel. The remaining pixels
with the intensities between the two levels are treated as edge pixels only if they are connected to one
ore more pixels that are already classified as an edge pixel.

Our edge amplification procedure has an advantage: the resulted pixel values do not directly depend
on the original intensities, but on the relation of pixels. This property results in a more uniform output,
which enables us to use global threshold levels for whole image. The threshold levels can be selected
based on the histogram of the filtered image.

F. Connecting edges

In the last step of the detection our task is to connect individual pixels to one or more connected
lines. A line is represented by a sequence of pixel coordinates. As it can be seen in Fig. 1(b) after
the amplification the resulted lines are not continuous lines. There is a large variation in the inten-
sity of edge pixels. We tried many approaches: smoothing, ridge detection, morphological operators,
skeletonisation. The problem with these solutions is, that the variation is too high along the edge con-
tour. There is no continuous ridge in the line even after a strong smoothing. Morphological operators
and skeletonisation are very sensitive to noise, hence the result is not a smooth line and it is highly
dependent on the selected threshold level.

For the human observer the result looks like a continuous line, despite of the high variation of the
intensity. We realized that these intensity variations cannot be compensated with rectangular smoothing
operators, but line fitting is very effective and stable. We used a least squares method, for fitting lines
to the pixels of a small rectangle of the image.

Once the directions of the lines are known the whole line can be detected, starting from one pixel
by walking along the edge. The procedure makes steps from an initial position. First it calculates the
direction of the edge in the actual position then finds the next edge point in that direction. The resulted
point is the starting point of the next step. This procedure is continued until we are moving on edge
pixels, according to the result of the classification.

The starting points are also selected based on the classification method. First we choose the edge
pixel with the highest intensity value. We start the walking from this point and when the whole line
is detected we delete all of the pixels which are near to the detected contour, by setting their intensity
value to 0. We continue the procedure by selecting the next starting point. This can not be the same
pixel as the previous starting point, because that has been already deleted.

III. Experimental results

Fig. 1 shows the output of the procedure on a typical capillary microscopic image: 1(a) is the
original image, 1(b) is the output of the amplification algorithm and 1(c) shows the connected edges.
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(a) Original image (b) Edge amplification

(c) Detected lines

Figure 1: Result of the edge detection

It is difficult to precisely measure the efficiency of the algorithm, because there is no exact reference
with which it could be compared, we can only use the opinion of a human observer. We have applied
this algorithm on 50 images, with variable quality. The results are compared with the human’s opinion.
The vessels detected by the algorithm were 91% of the vessels which are seen in the image.

IV. Conclusion

We have introduced a novel method of edge detection, which uses an edge definition different from
traditional edge detectors. This definition is not based directly on local properties of the image, but
utilises the relation between pixel positions, which can be calculated using local properties. We have
developed and tested our solution on a special image set, but our method can be easily modified to
detect other types of edges.
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