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Abstract

This paper is the second part of a case study concerning shape
classification and shape recognition for automatic diagnosis of hep-
atitis. Two new methods are proposed and tested here. The first
method is a classification schema based on ISODATA algorithm.
This approach requires corpuscle segmentation to be performed on
each input image in order to extract area, perimeter and circularity
coefficients for all corpuscles which are further classified according
to these features. The second proposed method is an adaptive hard
erosion procedure based on k-Means and Run Length Encoding,
designed for speed and real-time applications. A series of experi-
mentally derived conclusions are supplied in the final part of the
paper.
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†Faculty of Mathematics and Computer Science, University of Bucharest
‡Faculty of Mathematics and Computer Science, University Spiru Haret

1



2 L. State, I. Paraschiv-Munteanu, N. Popescu-Bodorin

Key words and phrases: Run Length Encoding, ISODATA al-
gorithm, Automatic diagnostic, T-lymphocyte, Image processing,
Classification.

1 Introduction

This paper is a case study on the automated diagnostic of hepatitis based
on shape recognition and classification techniques. The methods pro-
posed herein seek to obtain a positive/negative diagnostic message fol-
lowing the processing of a binary image (figure 1) representing the cor-
puscles found in the serum taken from the patient. They are based on
the working hypotheses formulated in [11].

Figure 1: Corpuscles within the serum of a hepatitis patient.

The automated diagnosis methods presented in the following are briefly
exposed in figure 2: all the available corpuscles are extracted from the
binary image and approximations of area, perimeter and circularity are
computed for each corpuscle. The almost circular corpuscles are sepa-
rated from the rest on the basis of circularity coefficients. According to
their area, circular corpuscles are further classified into two subclasses:
the negative diagnostic class made up of corpuscles with a smaller area
than the threshold, and the positive diagnostic class consisting of corpus-
cles of area larger than the threshold.
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Figure 2: Automatic hepatitis diagnostic.

2 The ISODATA Based Automated Diagnostic

Algorithm (ISODAT-BADA)

ISODATA (Iterative Self-Organizing Data Analysis Techniques Algorithm)
is a more sophisticated algorithm which allows the number of clusters to
be automatically adjusted during the iteration by merging similar clusters
and splitting clusters with large standard deviations.

The ISODATA algorithm is more flexible than the k-means method,
but the user has to choose empirically many more parameters. An
adapted version of the ISODATA algorithm that computes the clusters
according to the corpuscle circularities is presented as follows:
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ISODATA procedure:

Input: X =
{

Xi ∈ R | i = 1, N
}

the set of data to be classified

C the stopping condition;

the algorithm computes a classification of X into nc clusters;

Initilizations:

- initial number of clusters nc ←− 1

(if nc = 1 all of elements are in the same cluster);

- Z1, . . . ,Znc initial centers randomly selected from the set X ;

- define the following parameters:

k = number which define the number of clusters: nc ≤ 2k ;

m = minimum number of samples in one cluster;

δs = standard deviation;

ε = minimum distance between two centers;

np = maximum number of pairs of cluster which can

be merged when distance between is less than ε;

nit = maximum number of iterations allowed.

- iterations counter: iter ←− 0

repeat

iter ←− iter + 1

for each element Xi in the data set:

determine the closest center Zr, such that

|Xi − Zr| = min
j=1,k

|Xi − Zj| ;

assign Xi to the cluster Cr;

endfor

clusters Cj satisfying |Cj| < m are eliminated and nc

is modified accordingly;

update the cluster centers

Zj =
1

|Cj|

∑

Xl∈Cj

Xl for j = 1, . . . , nc ;

compute the mean distance dj corresponding to each cluster Cj

dj =
1

|Cj|

∑

Xl∈Cj

|Xl − Zj | for j = 1, . . . , nc ;
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compute the mean global distance d for X

d =
1

nc
∑

j=1

|Cj|

nc
∑

j=1

|Cj| dj .

if (iter < nit) or (nc < 2k) or (iter is odd number)
compute the deviation of each class

σj =

√

√

√

√

1

|Cj|

∑

Xl∈Cj

(Xl − Zj)
2 for j = 1, . . . , nc ;

for j = 1, . . . , nc

if (σj > δs) and
(

((dj > d) and (|Cj| > 2(m + 1))) or

(

nc <
k

2

))

Cj is split into two clusters of centers Z+
j and Z−

j :

Z+
j = Zj + γj and Z−

j = Zj − γj ,

where γj = λσj , 0 < λ ≤ 1;
Zj is removed from the list of centers;
Z+

j and Z−
j are added in the list of centers;

nc ←− nc + 1;
endif

endfor

else

compute the distances:

dij = |Zi − Zj| for 1 ≤ i ≤ nc and i + 1 ≤ j ≤ nc;

determine the np distances less ε and sort them in increasing order

di1j1 ≤ di2j2 ≤ . . . ≤ dinp jnp
.

for r = 1, 2, . . . , np

compute

Z∗
r =

1

|Cir |+ |Cjr |
(|Cir |Zir + |Cjr |Zjr)
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Zir and Zjr are removed from the list of centers;

Z∗
r is added in the list of centers;

nc ←− nc − 1;

endfor

endif

until (iter > nit) or C.

Output: the number of clusters nc and the clusters C1, . . . , Cnc .

Original BW image Class−1

Class−2 Positive diagnostic

Negative diagnostic

Figure 3: ISODATA pentru k = 2.

Note that the clusters produced by the ISODATA algorithm depend
on the initial centers, and moreover, the stabilization is not guaranteed.
The stopping condition C can be imposed many ways. Typically, C be-
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comes true when dm < ε0, where ε0 is a given positive number and

dm =

nc
∑

j=1

∑

Xi∈Cj

|Xi − Zj|
2 .

In order to solve the problem of hepatitis diagnosis this variant of
ISODATA algorithm can be modified yielding to the following procedure

Procedure ISODAT-BADA:

Input: X =
{

Xi = (A(i),P(i)) | i = 1, N
}

the set of pairs

representing the areas and perimeters of the identified corpuscles;

1. Compute the circularity coefficients C(i), i = 1, N

C(i) =
2π

P(i)

√

A(i)−P(i)

π
;

2. Determine from the nc clusters computed by the ISODATA procedure

the cluster CC containing the corpuscles of largest circularity.

3. Apply 2-means procedure to CC according to the corpuscle areas
A; get CC1, CC2 the clusters containing ”large” circular corpuscles
and ”small” circular corpuscles respectively.

4. Compute µ1, µ2, η according to

µ1 =
1

|CC1|

∑

Xi∈CC1

A(i) , µ2 =
1

|CC2|

∑

Xi∈CC2

A(i) , η =
µ1

µ2
;

5. If η ≥ 4 then answer = yes;

If 2 ≤ η < 4 then answer = suspect;

If η < 2 then answer = no;

Output: Diagnostic decision answer.
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Original BW image Class−1

Class−2 Class−3

Class−4 Positive diagnostic

Figure 4: ISODATA pentru k = 4.

3 A real-time diagnosis tool based on k-Means

and Run Length Encoding

It can be seen in [11] that k-MBADA algorithm can be used to extract
a threshold above which the abnormally super-sized corpuscles (entailing
positive hepatitis diagnostic) could be recognized by their radii. This
can be done by applying k-MBADA algorithm on a collection of images
indicated by the medical staff especially for calibration.

Let us consider the following:

- the training image collection I, representing only positive diagnostic
cases;
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Blood corpuscles (bw image) Step 1: Horizontal Run Length Binarization

Step 2: Vertical Run Length Binarization Step 3: Diagnostic: positive

Figure 5: A positive diagnostic (images displayed in binary complement).

- CCi
1 and CCi

2, the clusters of nearly circular corpuscles obtained by
applying k-MBADA algorithm [11] on the ith image within the given
training collection;

- M i
1,m

i
2, the maximum/minimum corpuscle areas in CCi

1 and CCi
2,

respectively, for each i ∈ I;

- t, the threshold defined as follows:

t = 1 + floor

(
√

2 ∗
max{M i

1}i∈I + min{mi
2}i∈I

π

)

,

where {M i
1}i∈I and {mi

2}i∈I are supposed to be separable, that is,

max{M i
1}i∈I < min{mi

2}i∈I .
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Blood corpuscles (bw image) Step 1: Horizontal Run Length Binarization

Step 2: Vertical Run Length Binarization Step 3: Diagnostic: negative

Figure 6: A negative diagnostic (images displayed in binary complement).

In the above scenario, accurate corpuscle segmentation is needed only
during the calibration step. Next to this stage, the area and circularity
coefficients are no longer needed for making the diagnostic decision. The
abnormally super-sized circular corpuscles are also the most resilient to
erosion [6]. Consequently, thresholding the coefficients obtained through
horizontal and vertical Run Length Encoding [10] will result in identify-
ing such corpuscles, if they are present in the image (figures 5, 6).

RLE-based Diagnostic Procedure:

Input: current binary image, threshold t;

1. Compute the matrix H as being Horizontal RLE-based binarization of
the input image;
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2. Compute the matrix V as being Vertical RLE-based binarization of the
input image;

3. Compute diagnostic indicator as being the logical matrix DI = H&V ;

Output: positive/negative diagnostic decision is the logical value
DD = logical(sum(DI(:))). If DI is the null matrix, then the diagnostic
is negative, else the diagnostic is positive.

In the current diagnostic procedure, RLE-based binarization of the
input image is done by applying the following routine:

RLE-based Binarization Procedure:

Input: current binary image, threshold t;

1. Compute the matrix R as being the RLE quantization of the input im-
age (replace each non-zero component of the input image with the cor-
responding Run Length coefficient);

2. Binarize the requantized image R using the threshold t. The result BR
is the logical index given by the inequality R ≥ t;

Output: Binary image BR encoding the indicator of those corpuscles which
are the most suitable candidates for entailing a positive diagnostic.

Function Time (in seconds)

imread (witness function) 0.0500

rle hdiagnostic (diagnostic function) 0.0470

rle encode 0.0061

rle decode 0.0043

Table 1: The time performance of the RLE-based Diagnostic Procedure: 20
diagnostic decision per second for input images of dimension 412*395 pixels
(see the figures 5, 6)

The RLE-based Diagnostic Procedure is currently implemented using
Matlab. Its time-performance is illustrated in table 1 which presents
some data obtained by profiling the diagnostic procedure. A simple demo
program is available for free download at [7].
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4 Conclusions

The comparative analysis on the ISODAT-BADA and those obtained
with k-MBADA [11] points out similarity and performances in terms of
accuracy and computational complexity. The proposed real-time RLE-
based approach allows to btain a suitable threshold value that separates
the Run Length coefficients identifying the corpuscles entailing negative
diagnostic from those Run Length coefficients of corpuscles that entail
positive diagnostic. Consequently, after the threshold detection stage,
diagnostic decision can be made faster due to the fact that both segmen-
tation and circularity coefficients computation are no longer necessary.
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