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Abstract— the implementation of a segmentation method in a
system requires knowledge of the performance of the method in
a given situation. Hence, it is highly desirable to have a criterion
for measuring the quality of the result obtained by a
segmentation algorithm. This study focuses on two measures of
dissimilarity between two segmentations, by means of a
mapping. The local measure proposed is based on the map of
local dissimilarities that capture the differences between two
images. This allows a simple way to quantify the local
dissimilarities and to determine their spatial distribution. Thus,
we are building a global measure based on local measurements.
Both measures local and global are successfully tested on
synthetic and medical images.

II. DISSIMILARITY MEASURES
Among dissimilarity measures between images, there is
Hausdorff distance. This distance has often been used in the
field of searching for images by content. It has been
successfully applied to the matching of objects [2] or to face
recognition [3]. For sets of finite points, Hausdorff distance
can be defined as:
A. Definition of Hausdorff distance
Given two sets of non-empty dots
A = (a1; …...; an) and B = (b1; …….. ; bn) of R2,
Hausdorff distance is given by:
(1)

Index Terms— k-means, Region Growing, Hausdorff
distance, distance transformation, local dissimilarity, global
dissimilarity.

With
(2)
h(A;B) is called a directed Hausdorff distance and d is the
underlying distance. The classic Hausdorff distance has good
properties but it takes account of points, which were
introduced into sets A and B by error or points that have been
contaminated by noise in previous treatments. Hausdorff
distance is therefore it is sensitive to noise [4].
Several changes have been proposed in order to modify
Hausdorff distance for the purpose to improve it, including
the modified Hausdorff distance [5].

I. INTRODUCTION
The multiplicity of segmentation algorithms makes it
necessary to search for a method of evaluation of several
algorithm performance in order to find the most adequate
algorithm and consequently improve the segmentation
result.
This objective implies the existence of a method for
measuring the quality of a segmentation result in a given
situation. We propose a method based on the map of local
dissimilarities between the segmented images. We deduce all
local and spatial distributions taken form different areas of
the images. Thus global measure of dissimilarity is
calculated from the map to estimate the overall quality
between the two segmentations. After a review on Hausdorff
and modified Hausdorff distance, we present a method to
compute the dissimilarity between two segmentations. We
then give some experimental results obtained on synthetic
and medical images.

B. Definition of the modified Hausdorff distance
The direct modified Hausdorff distance is defined in [5] by:
(3)
With

(4)
(5)
The modified Hausdorff distance has a better behavior for
real applications.
C. The map of local dissimilarities in Hausdorff distance
An algorithm to calculate the map of local dissimilarities
is proposed in this paragraph [1]. It consists in making the
window size grow from a minimum size in order to find the
optimal radius of the window for the local measurement of
the Hausdroff distance.
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Algorithm 1: Computing the Map of Local Dissimilarities by
Hausdorff distance
compute HD(A;B)
For pixel p Do
n := 1
While HDw(p;n)(A,B) = n & n <HD(A;B) Do
n := n + 1
End While
LDMap(p) = HDw(p,n-1)(A;B) = n -1
End For.
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This algorithm shows (in the while loop) how the window
is adapted to the local dissimilarity. However, this algorithm
is computationally expensive as a matter of fact, the
computational complexity is O (n 4) for two images of
respective size n * n pixels.
The following paragraph provides a formula for computing
the map of local dissimilarities that is much more quick. The
computation is fast. The interpretation in terms of local
dissimilarity measure is derived from algorithm 1.

C. K-means algorithm
The k-means algorithm is the best known method of metric
automatic classification. It is the most applied because of its
simplicity of implementation. The approach assumes that the
number of classes is known a priori. The segmentation
obtained strongly depends on the initialization of this
algorithm [13] [14].
IV. EXPERIMENTATION AN TESTS

D. Map of local dissimilarities in distance transform

To evaluate the performance of the method for measuring
the quality of segmentation by measuring the proposed local
and global dissimilarity indices, we considered three images
in grayscale, a synthetic image and two real medical images.

(6)
Equation (6) gives a value for each pixel, which depends
on the distance transform TdA and TdB of images A and B
respectively. Fast algorithms have been developed for the
calculation of the distance transformation, their complexity
is O(n2) for the image of size n * n pixels. So the complexity
of the map of local dissimilarities using equation (6) is O
(n2). However, there are several ways to calculate the
distance transform of an image. Equation (6) can be
simplified, for binary images [6]:

A. Local dissimilarities measures
Three segmentation methods are compared: regions
growing (RG), evolutionary regions growing (ERG) and
Kmeans (KM) with a segmentation test used as a reference.
The method computes the dissimilarity map between the
segmented image and its reference. The three maps of local
dissimilarities are presented in fig1, fig2, fig3. Shifts appear
bright and dark areas dissimilar.
The extent of local dissimilarities of a synthetic image in
fig1 provides the most accurate information as distortions of
object contours are well detected. This example is a good
illustration of the effectiveness of the map of local
dissimilarity as a measure of quality of segmentation between
a segmented image and its reference.

(7)
The distance transform associates to each zero pixel of an
image, the distance to the nearest non-zero pixel. It can be
calculated quickly by the use of the chamfer distance, which
is a good approximation of the Euclidean distance. It also
allows calculating the distance transform, by twice scanning
the image by a structuring element [7] [8].
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III. SEGMENTATION
The segmentation is an important step in image
processing. It consists in partitioning an image into
homogeneous regions and according to a given criterion, for
analysis and interpretation by a higher-level process. Image
segmentation is important in an image analysis system; we
present in the following paragraph some segmentation
methods.

REF

A. Region growing algorithm
The algorithm regions growing was originally developed
by Muerle [9] The principle of this algorithm is to grow a
region by gathering neighboring pixels. pixels are selected to
maintain the homogeneity of the region, a uniformity
indicator should then be defined. Neighboring pixels are
added to the region if the uniformity indicator is true, a pixel
is aggregated to a region if difference between the gray level
and the average gray level of the region is low. Growth stops
when you can not add more pixels without breaking the
homogenety criterion [10] [11].

CDL REF/ ER
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Fig. 1: The three maps of local dissimilarities between
two segmentations of Test 1

B. Region growing evolutionary approach
The Evolutionists growth regions algorithm consists of
selecting from all possible segmentations, the optimal
segmentation that minimizes a criterion for validating the
image segmentation [12].
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TAB 2: Three quality measures between segmented
medical image 1 and its reference
REF/RG
REF /ER
REF /KM

RG

ER

KM

REF

CDL REF/CR

CDL REF/ ER

CDL REF/KM

MHD
1,2842
1,2117
0,7899

MGD
82,1827
34,4674
16,6433

TAB 3: Three quality measures between segmented
medical image 2 and its reference

Fig. 2: The three maps of local dissimilarities between
two segmentations of Test 2
Original

HD
3,7417
3,8730
2,8284

HD
MHD
MGD
REF/RG
7,4162
4,3886
964,0628
REF /ER
6,7072
4,1278
416,4181
REF /KM
5,5678
2,9929
72,4914
Subjectively, we tend to favor the k-means method over the
evolutionary regions growing and to favor evolutionary
regions growing over regions growing. This result is
confirmed by MGD in all cases. Alternatively, Hausdorff
distance favors regions growing over evolutionary regions
growing which is show in Tab 1. This is because Hausdorff
distance is sensitive to noise.
V. CONCLUSIONS
We propose a measure of the local dissimilarities and their
spatial distribution between two segmentations. We calculate
a global measure of dissimilarity from all the local
measurements. Good local behavior results in good global
behavior. This technique takes into account the geometry of
the regions because it is interested in the locality of poorly
grouped pixels. The disadvantage of this technique is that it
is expensive in computation time. Nevertheless, in the case of
characterizing the performance of a segmentation algorithm,
the computation time does not interest us because we are
checking the results quality, which indicate what the is best
segmentation algorithm to use; we assign a degree of
confidence in the algorithm once it is implemented.

Fig. 3: The three maps of local dissimilarities between
two segmentations of Test 3
The difference in behavior of the three methods is
illustrated in Fig 1, Fig 2 and Fig 3. The three maps are easy
to read, the differences between the three methods are clearly
highlighted.
B. Global dissimilarity measure
We propose to compute a scalar from all local
measurements by using the map of local dissimilarities. For a
global measurement of quality between two segmentations, a
simple sum could be used but Borgefors [15] showed that a
quadratic sum was more discriminating. The measure of
global dissimilarity (MGD) is then proposed:
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