
Semi-automatic Segmentation of Fibrous Liver Tissue

P. Andruszkiewicz1,2, C. Bołdak1, J. Jaroszewicz3
pandruszkiewicz@gmail.com, boldak@ii.pb.bialystok.pl, jerzy.jr@gmail.com

1Faculty of Computer Science, Bialystok Technical University, Wiejska 45A, 15-351 Białystok, Poland
2Department of Computer Science, University of Beira Interior, Rua Marquês d’Ávila e Bolama, 6201-001
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Abstract

This article presents a semi-automatic segmentation
of the fibrous liver tissue in the in-vivo liver biopsy
color images. The segmentation is performed using a
tree-based classifier, with decision rules as tree leaves
and binary operators (AND, OR) as tree nodes. Sev-
eral image’s local characteristics have been exploited,
based on the image points’ intensity levels, as well as
taken from the texture analysis domain (fractal dimen-
sion, FFT, Gabor filters). Their effectiveness concern-
ing quality of extraction has been compared using real
clinical images with a manual delimitation given by
physicians, as a reference. A user friendly application
has been developed which enables the operator to inter-
actively create and store the classifiers. It also offers
to a physician a predefined set of the best found clas-
sifiers, to allow him an effective work in his every-day
practice. The method is semi-automatic – it still leaves
to the operator, beside the classifier choice, a possibil-
ity to manually (with the mouse) adjust the main pa-
rameter(s) which visually, on the fly, grows/shrinks the
extracted fibrous region.

1. Introduction

Image analysis is a process of extracting signifi-
cant information from digital images. This is a very
wide discipline: from simple scanning of bar codes to
sophisticated face recognition based on peoples’ im-
ages. Computers are irreplaceable for analysis of huge
amount of data, performing complicated calculations
and information extraction. Imaging techniques, like
mammography, tomography, magnetic resonance, are
commonly used in modern medicine. These exami-
nations produce a large number (in quantity and in
size) of images, which require to be examined by a spe-

cialist, in order to detect any abnormalities. This is
where the computer science comes in: segmentation
algorithms can determine the location of specified re-
gions faster and with greater precision. However, hu-
man interaction (validation of results) is still required.
Our research was focused on detecting the fibrous tis-
sue in images of liver biopsy and distinguishing it from
healthy regions.
Liver fibrosis is caused by excessive accumulation of

proteins (mainly collagens), which occurs in the most
of chronic liver diseases. In the advanced stages, the fi-
brosis leads to liver dysfunction, architectural changes
- cirrhosis and may require the liver transplantation.
In the past, liver fibrosis was considered as irreversible
process, because of changes in structure of this organ,
caused by it. Nowadays it is assumed, that fibrosis is a
form of healing the wounds which is a response of the
liver to a chronic, damaging influence [1].
The texture analysis is very common in the medi-

cal imaging processing domain [2]. The healthy and
pathological tissues are detected by means of several
texture features (statistics, co-occurence matrix, FFT,
fractal dimension, Gabor filtering, wavelets, ...) and
different classification mechanisms (decision trees, ar-
tificial neural networks, SVM, ...) [3]. However, the
liver images are most often acquired from CT, some-
times ultrasonography, and very rarely from biopsies.
This article is organized as follows: the section 2

describes the proposed method and used segmentation
scheme. Section 3 presents the constructed classifiers
and results of applying them to real-life images. In
section 4 we summarize our work.

2. Proposed method

The described method is global (i.e. it analyzes the
entire image) and makes use of a classification tool
(tree-based classifier) using 4 texture features.
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2.1. Image characteristics

The first three feature families are calculated using
the neighborhood of each pixel, so it is necessary to
specify its size. The last one (RGB values) needs only
the examined pixel’s intensity levels.

Fast Fourier transform decomposes a time-domain
or space-domain signal into the frequency-domain and
in 2D it has the following form:

F (u, v) =
∫ ∞

−∞

∫ ∞

−∞
f(x, y)e−2πi(ux+vy) dx dy (1)

For the effectiveness reasons, the Fast Fourier Trans-
form (FFT) is used in real applications, which reduces
the complexity from N2 to N lnN .
In the field of image analysis each point (u, v) in the

frequency domain represents a frequency present in a
source image and its complex value F (u, v) character-
izes this frequency in this image. In this work the fol-
lowing statistics calculated from the result image have
been examined:

• mean brightness of amplitude spectrum

µ =
1

MN

M∑
u

N∑
v

F (u, v) (2)

• maximal value of amplitude spectrum
Fmax = max[F (u, v) : (u, v) 6= (0, 0)] (3)

• energy of amplitude spectrum

E =
M∑
u

N∑
v

F (u, v)2 (4)

• variance of amplitude spectrum

σ2 =
1

MN

M∑
u

N∑
v

(F (u, v)− µ)2 (5)

Fractal dimension (FD) Benoit Mandelbrot cre-
ated a fractal geometry [7], in order to represent nat-
ural processes, which signals are complex, and whose
irregular shapes could not be described by other ex-
isting models, i.e. snowflakes, coastlines and clouds.
All those objects have one similar feature: they all
contain self-similar elements, but in different scales -
their statistical properties are kept regardless to the
enlargement. The fractal elements are characterized
by a fractal dimension. Oppositely to the topological
dimensions, represented by a natural number of inde-
pendent vectors, the fractal dimension is a real number,
related to the degree of irregularity of the signal:

FD = lim
ε→0

log N(ε)
log 1

ε

(6)

where N(ε) is the number of self-similar structures of
linear size ε needed to cover the whole structure.
If we treat a 2D image as a 2D surface and a gray

level of a pixel (x, y) as a z-coordinate of this surface
in position (x, y), its fractal dimension can be calcu-
lated using existing methods, like method of fractional
Brownian motion [8], differential box-counting method
[9]. We have chosen the latter one for its simplicity.

Gabor filter banks Each of these 2D filters is re-
sponsible for extraction of one range of frequencies in
a local region [5]. Its convolution mask (real or com-
plex) is a compound of cosine and Gauss functions [6]:

Gλ,Θ,ϕ,σ,γ(x, y) = exp (−x′2 + γ2y′2

2σ2
) cos (2π

x′

λ
+ ϕ)

(7)
where x′ = x cos Θ+y sinΘ and y′ = −x sinΘ+y cos Θ.
Its parameters (λ - wavelength, Θ - orientation, ϕ -

phase offset, γ - aspect ratio and b - bandwidth, which
is related to the ratio σ

λ ) determine the preferred spa-
tial frequency range. We can describe the Gabor filter
as a localized band-pass filter. Usually the image or its
part is filtered using a set of Gabor filters (Gabor filter
bank), with different orientations and different spatial
frequencies, in order to maximally cover the spatial-
frequency domain of the image, and to gain maximal
amount of properties (Gabor space), which can be used
in further analysis. It can be also limited to some of
them if only a specific frequency range is to be ex-
amined. The output of the Gabor filters (a vector of
real or complex filter responses) can be used directly
as input data for segmentation or classification, or can
form a new property vector. An example of the lat-
ter approach is to use the responses corresponding to
the same orientation and the same spatial frequency,
but different phase offset in order to calculate a new
characteristic – Gabor filter energy:

eλ,Θ(x, y) =
√

r2
λ,Θ,0(x, y) + r2

λ,Θ,−π
2
(x, y) (8)

where r2
λ,Θ,0(x, y) and r2

λ,Θ,−π
2
(x, y) are the responses

of the linear symmetric and antisymmetric Gabor fil-
ters, respectively [4].

Values of RGB channels These simple characteris-
tics are derived from the values of each of color channel
defining the pixel value in the image.

2.2. Classifier architecture

The role of a classifier is to decide whether or not
a given image pixel belongs to the fibrous tissue. This
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decision is based upon the intensity of this pixel and
its neighborhood.

Figure 1. An example classifier.

The figure 1 presents an example classifier struc-
ture. The classifier is a tree, in which the leaves are
simple comparisons of a single texture feature with a
priori given thresholds. Their nodes are binary log-
ical operations - disjunction and conjunction, repre-
sented by English words OR and AND. The entire
structure resembles more the composed decision rule
than the classic decision tree, which has decision rules
in its nodes and decisions about applied classes in its
leaves. This approach has been possible, because the
goal was to classify the image pixels into one of two
classes: healthy or fibrous tissue. For the moment, the
classifier construction is manual. Our reasoning in this
task is presented in the section 3.5.

2.3. Segmentation scheme

The classifier is applied to an image as follows:
firstly, all the characteristics required by the classifier
are computed for all the pixels. Then, because neigh-
boring pixels should tend to the same class, Gaussian
smoothing is applied to values of each computed car-
acteristic. The classifier tree is parsed using the post-
order walk, and the decision rule is separately applied
to each pixel of the image. The user is able to modify
the results in real-time, using a special slider (Figure 2),
which can be attached to decision rules in the classi-
fier and can change its thresholds. If the results are
still not satisfactory, they can be manually modified,
using such tools as: filling, drawing lines and morpho-
logic operations (opening and closing). After that, the
region growing algorithm, starting from a point given
with the mouse, is used, in order to mark the inside of
the hepatic portal vein. By defining the metric size of
the image, or defining the length of a marked segment,
the user receives areas (in mm2) of interesting regions
(portal vein, regions classified as fibrous, etc.). In that

case, the simple algorithm of counting the marked pix-
els is used.

Figure 2. Adapting the result region using a
slider tool attached to some thresholds of the
classifier.

3. Classifier construction and segmenta-
tion results

Firstly, we are presenting an example of the classifier
construction procedure using one test image (Figure 3).
The second part of this section presents comparison of
segmentation for different images and different classi-
fiers.

Figure 3. Test image (1463) with fibrous tis-
sue delimited manually by a physician.

3.1. Classifier based on the RGB channels
thresholding

To build this classifier we used an image viewer pro-
gram to examine the intensity distribution of the RGB
channels inside the healthy and fibrous tissues. As
observed, the channels Green and Red are the most
discriminative. Finally the classifier had the following
form:

R(x, y) > 190 AND G(x, y) < 160 (9)

giving the results shown on the Figure 4. Using the
smoothing has had only minimal influence – it slightly
rounds the contour of fibrous tissue.
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(a) Without smoothing (b) With smoothing

Figure 4. RGB-based classification results.

3.2. Classifier based on the fast Fourier
transform

Before creating this classifier, we examined a few
samples of different size and coming from healthy and
fibrous tissue: we compared the graphical representa-
tion of their FFT transformations. The obtained im-
ages are given on the Figure 5.

Size
8x8

16x16

32x32
Healthy Amplitude Fibrous Amplitude
tissue spectrum tissue spectrum

Figure 5. Samples of different sizes of healthy
and fibrous tissue and their amplitude spec-
tra after applying the FFT.

These figures present an amplitude spectrum: the
amplitude values of the complex FFT results. The low
frequencies are presented in the middle of the image.
The high frequencies are gathered close to the edge of
the image. As we can see, the healthy tissue contains
mainly low frequencies, while the fibrous one has more
uniform distribution of frequencies. Using the observed
differences we performed experiments in order to deter-
mine values giving the best classification results:

µ(x, y) ≥ 0.738 AND Fmax(x, y) ≥ 2.14
AND E(x, y) ≥ 72.8 AND σ2(x, y) ≥ 0.406 (10)

The results achieved using this classifier are pre-
sented on Figure 6.
We also applied smoothing using the Gauss filtering

with the kernel size equal to 8 (the kernel size of gaus-
sian smoothing is always equal to neighborhood used in
classification) in order to compare differences between
the original and smoothed results. As we can see, in

(a) Without smoothing (b) With smoothing

Figure 6. FFT-based classification results.

this example the differences are minimal. On the fil-
tered image the contours are smoother, the segmented
tissue is less fragmented and the area of hepatic por-
tal vein (the brighter area inside the fibrous tissue) is
better filled.

3.3. Classifier based on the Gabor bank fil-
tering

In order to create a good classifier we had to create a
Gabor filter bank in a way that its representation in the
frequency domain covers a range of frequencies that are
present in the fibrous tissue and absent in the health
one. From the Figure 5 it can be seen that the searched
range lies in the higher frequency region, regardless to
the orientation. This is why we have developed the
Gabor filter bank

Gλ,Θ,γ,b(x, y) ≥ 313 (11)

where: λ = 5, Θ = 12, γ = 1, b = 1, which FFT trans-
formation forms a ring covering all higher frequencies
(Fig. 7(b)).

(a) In frequency do-
main (two “petals”)

(b) In frequency do-
main (twelve “petals”)

Figure 7. Gabor filter bank.

The Figure 7(b) is a result of superimposing six im-
ages, corresponding to twelve orientations of the fil-
ter and it requires so many convolution operations of
the input image with the Gabor filter masks. In this
case using the Gaussian smoothing with the kernel size
equal to 28 improves the results a lot. It removes the
discontinuities inside the fibrous area (probably due to
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the narrow frequencies band), but not completely. In-
creasing the Gaussian kernel size closes these holes but
it also fills some health regions (and introduces also one
extra parameter to the method).

(a) Without smoothing (b) With smoothing

Figure 8. Gabor filter-based classification re-
sults.

3.4. Classifier based on the fractal dimen-
sion

This classifier can be easily constructed observing
the fact that the fibrous tissue has higher variation in
the intensity level and probably has higher fractal di-
mension (Figure 9). The resultant classifier

FD ≥ 2.14 (12)

is able to obtain satisfactory results for all the test
images (Figure 10). We can see significant differences

Figure 9. Fractal dimension of the test image.
Dark pixels – FD close to 2, the brighter pixel,
the higher FD.

between original and smoothed images (gaussian kernel
size is 30). The former is ragged, its contours are very
uneven. The latter shows that the smoothing improves
the segmentation results significantly and is very useful
in this case.

(a) Without smoothing (b) With smoothing

Figure 10. FD-based classification results.

3.5. Comparison of the results for different
images

All images used in this project are real images of
liver biopsy provided by physicians from the hospital
of the Department of Infectious Diseases, Medical
University of Bialystok.
We performed a series of experiments in order to

detect the fibrous tissue, using all created classifiers.
As an input we used the original images while the
edited ones (with contours of the fibrous tissue and
area of the hepatic portal vein selected by physician)
are presented only for visual comparison. Some of
the results are presented in the Figure 11 (images)
and Table 1 (percents of marked pixels). A few result
images were manually edited afterwards in order to
achieve maximally precise outcomes. These were
most often the morphologic operations (opening and
closing), to remove small, falsely detected fibrous
fragments. Sometimes areas lying outside the fibrosis
had to be manually corrected. Even though manual,
these operations are very fast, performed in real time
by few mouse clicks.

3.6. Application

The framework application (Image Analyser), im-
plementing the described approach, has been developed
using the MS Visual Studio C++ and the Microsoft
Foundation Classes architecture. The user interface
has been designed in cooperation with physicians. The
created set of classifiers can be used in order to detect
fibrous tissue in images of liver biopsy. New classifiers,
based on our approach, can be easily created, either by
using the supplied editor (application level) or by de-
veloping new plug-ins, which compute new image char-
acteristics (implementation level). The application en-
ables the user to visualize the partial and final results,
to modify the outcomes in real-time using the special
threshold slider (Figure 2), to manually edit the results
and to calculate the area of interesting regions.
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4. Summary

In this article we have presented a semi-automatic
segmentation of the fibrous liver tissue. We have
developed an application implementing the proposed
method, ready to be used in clinical practice. We have
also presented the results of our experiments: the pro-
cess of construction of classifiers based on each imple-
mented approach and their comparison when applied
to real images.
For the future work: a more exhaustive clinical eval-

uation still has to be done. It could be also interest-
ing to examine if combining the classifiers (using more
than one approach from implemented four, e.g. FD
and FFT) would give better results. It is planned to
complete this task using an automated algorithm of the
classifier construction.
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characterization for hepatic tumor recognition in multi-
phase CT. Biocybernetics and Biomedical Engineering,
26(4), 2006.

[4] C. Grigorescu, N. Petkov, and M. Westenberg. Contour
detection based on nonclassical receptive field inhibi-
tion. IEEE Trans. on Image Processing, 12(7):729–739,
July 2003.

[5] S. Grigorescu, N. Petkov, and P. Kruizinga. Compar-
ison of texture features based on Gabor filters. IEEE
Trans. on Image Processing, 11(10):1160–1167, 2002.

[6] P. Kruizinga and N. Petkov. Non-linear operator for
oriented texture. IEEE Trans. on Image Processing,
8(10):1395–1407, 1999.

[7] B. Mandelbrot. Fractals: Form, Chance and Dimen-
sion. W.H. Freeman and Co, 1977.

[8] B. Mandelbrot and J. van Ness. Fractional brownian
motions, fractional noises and applications. SIAM Re-
view, 10(4):422–437, October 1968.

[9] N. Sarkar and B. Chaudhuri. An efficient differential
box-counting approach to compute fractal dimension of
image. IEEE Trans. on Systems, Man, and Cybernetics,
24(1):115–120, January 1994.

Image Exp RGB FFT Gabor FD

1461 26,4 20,7/1,9 22,7/1,1 25,1/4,7 23,2/2
1462 44,3 38,4/8,2 42,9/14 41/6,9 43/12
1463 28 26,2/2,3 25,8/3,1 25,2/4,4 25,2/2,3
1464∗ 50,9 34,6/3,6 38,9/7,3 39,6/10,6 37,4/6,5
1465 33,7 23/0,9 26,6/0,7 30,1/2,7 27,8/0,9

Table 1. Percents of pixels from some images
marked by expert (Exp) and each classifica-
tor (True positive/False positive). *-no portal
vein marked by expert

Image 1461 Image 1462

(a)

(b)

(c)

(d)

(e)

Figure 11. Results of classification: (a) orig-
inal image, (b) RGB-based classification, (c)
FFT-based classification, (d) Gabor filtering-
based classification, (e) FD-based classifica-
tion.
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