Parameterized Cellular Automata
in Image Segmentation

Abstract—An original update rule for multi–state cellular
automata is investigated in the context of grayscale image
segmentation in this paper. The update rule is parameterized and
takes into account the features of neighbouring cells compared
to the features of the current cell. We apply the resulting
cellular automata for segmenting several real–world images.
In this process we study afterwards the influence of the rule
parameters and cellular automata neighbourhood scheme by
means of different evaluation measures.

I.

I NTRODUCTION

There is a huge amount of data that needs to be analyzed
with the proper tools in order to generate knowledge. Image
processing techniques of increasing complexity have therefore
been emerging. Computer-aided image analysis, in particular,
is used for diagnosis (e.g. breast cancer detection) or for
reconstruction. From a computational point of view, these tasks
are considered unsupervised classification problems (from a
Machine Learning perspective) and image segmentation problems (from a Computer Vision perspective).
This paper represents a study of the way Cellular Automata
can be used for image segmentation in general, and medical
image segmentation in particular. Cellular Automata (CA)
are decentralized structures of simple and locally interacting
elements that evolve following a set of rules, emerging to a
global behaviour. In this paper we illustrate ways in which
Cellular Automata (CA) can be used for the segmentation of
simple greyscale images.
The most popular neighbourhoods used in two–
dimensional CA are von Neumann and Moore. A von
Neumann neighbourhood is the set of all cells that are
orthogonally–adjacent to the core cell (the core cell itself
may or may not be considered part of the neighbourhood,
depending on the context). A Moore neighbourhood is the set
of all cells which surround the core cell.
Image segmentation techniques are still far from being
able to identify relevant features in medical images, such as
tumours or even well–defined organs. It is in this feature
identification process that we propose to make use of CA
where, through appropriate choice of evolution rules and
topologies, we can identify pixels which belong together. There
are only few attempts in the literature at using binary CA for
image segmentation [1], [2], [3], [4] however these confirm
the scientific potential of the proposition. To the best of our
knowledge, multi–state CA have not been used until now for
image segmentation.
Segmentation algorithms found in the literature can be
classified according various criteria: complete vs. partial segmentation [5]; global–knowledge–based vs. edge–based (identify pixels belonging to frontiers, followed by procedures

to link them) or region–based (assign pixels to individual
regions) [6]; fully automated methods (each algorithm has
to use the same set of parameters for all test images) vs.
interactive methods (also known as semi–supervised or semi–
automated segmentation) [7].
Various tasks pertaining to binary images have been solved
using CA [8]–[11], such as edge detection, noise filtering,
thinning and finding the convex hulls of all regions. In [12]–
[14] a thresholded local update rule is proposed for edge
detection in greyscale images.
In [8] a threshold decomposition method is used in order to
perform image processing tasks in greyscale images. Another
greyscale image processing model is investigated in [15] based
on a three–state CA. Examples of multi–state CA are: Sierpinski cellular automaton [16], a sandpile cellular automaton (or
the Abelian sandpile model) [17], a GH automaton [18].
This paper analyses a recently proposed update rule to be
used by CA. The rule is parameterized and takes into account
features of neighbouring cells compared to the features of
the current cell. Different values of the involved parameters
along with different neighbourhood schemes are evaluated by
the means of different performance evaluation measures and
studied in this paper.
The paper is organised as follows. Section II formalizes the
problem of image segmentation. Proposed rule is described in
Section III. The description of used datasets and the results
are discussed in Section IV. In Section V we conclude with
a discussion around the validation results and future research
directions.
II.

S CIENTIFIC PROBLEM

The complete segmentation of an image I can be defined
as the partitioning of I in L subregions, R1 , R2 , . . ., RL , such
that:
SnL l
•
l=1 R = I
•

∀e
x ∈ Rl , S(e
x) = l, ∀l ∈ {1, 2, . . . , L}

•

Rl is a connected set, ∀l ∈ {1, 2, . . . , L}

•

Rl1 ∩ Rl2 = φ, ∀l1 , l2 , l1 6= l2

•

Q(Rl ) = T rue, l ∈ {1, 2, . . . , L}

•

Q(Rl1 ∪ Rl2 ) = F alse for each pair of adjacent
regions Rl1 , Rl2 .

where Q is a logical predicate defined on the points of the
considered region (Q is used for characterizing the objects of
the image).

•

The segmentation problem can be considered solved when
a label is associated to every pixel. The number of labels may
or may not correspond to the number of regions.

All A1 , A2 , D1 , D2 exist:
D1 —A1 —M —A2 —D2
M − A1 < 
A1 − D1 > δ

=⇒ M = A1

A2 − M < 
D 2 − A1 > δ

=⇒ M = A2

Pixels with greyscale values which are close to each
other normally belong to the same region; pixels with
greyscale values which are further apart normally
belong to different regions;

M − A1 < 
A1 − D1 > δ

=⇒ M = A1

•

The state of a cell is influenced by the states of
neighbour cells;

A2 − M < 
D 2 − A2 > δ

=⇒ M = A2

•

A neighbour cell will give its state to the current cell
only if
◦ the difference between their state values is less
than a threshold , and
◦ the difference in state value between the current cell and its neighbour cell with the furthest
value (e.g. greyscale) is higher than a given
threshold δ.

III.

C ELLULAR AUTOMATA U PDATING RULE

Analyzed CA updating rule is based on the following
observations:
•

Thus, the transition rule that we propose is conditioned not
only by the geometry of the CA and the size and shape of each
neighbourhood, but also by the state space.
In the transcription of the proposed CA rule, we use the
following notations:
M

current cell which will be updated by the CA rule
according to the values of its neighbouring cells;

A1

neighbour of M of closest greyscale value, with value
less than the greyscale of M ;

A2

neighbour of M of closest greyscale value, with value
greater than the greyscale of M ;

D1

neighbour of M of furthest greyscale value, with value
less than the greyscale of M ;

D2

neighbour of M of furthest greyscale value, with value
greater than the greyscale of M .
1

Taking into account the possible values of these cells, the
current cell can have all these special neighbours or only some
of them. The possible situations are:
•

Both D1 and A1 exist, but there are no A2 and D2 :
D1 —A1 —M
M − A1 < 
A1 − D1 > δ

•

=⇒ M = A1

Both D2 and A2 exist, but there are no A1 and D1 :
M —A2 —D2
A2 − M < 
D2 − A2 > δ

=⇒ M = A2

1 the value of a cell can represent a feature of the pixels – e.g. the gray-level,
the RGB value, the gradient etc. – and the difference between two cells can
be viewed in terms of distance between the considered feature

This rule causes each pixel to evolve in a direction away
from the neighbour pixels with very different features (which
could mean that they belong to a different region). Its application relies inherently on the size of each neighbourhood. The
resulting automaton is able strongly to outline regions in an
image, regardless of their dimension or shape.
Previous results [20]–[27] have shown how novel topologies and neighbourhoods can trigger good performance in CA
tasks and they can be adapted so as to improve segmentation
techniques. The four neighbourhood schemes that are being
studied in this paper are formalized below and depicted in
Figure 1.
The von Neumann neighbourhood of a cell (x0 , y0 ) is given
by:
N V (x0 , y0 ) = {(x, y) : |x − x0 | + |y − y0 | ≤ r}.
The Moore neighbourhood of a cell (x0 , y0 ) is given by:
N M (x0 , y0 ) = {(x, y) : |x − x0 | ≤ r, |y − y0 | ≤ r}.
In both cases, r represents the range of the neighbourhood and
r = 1 for the standard case. In our analysis we investigate von
Neumann and Moore neighbourhoods of range 1 and 2.
IV.

N UMERICAL EXPERIMENTS

We have carried out experiments using some real–world
images. The Berkeley Segmentation Dataset [28] contains
natural images with corresponding human segmentations
(ground–truth). We have used a dozen of these images in order
to validate our approach.
This work also uses a number of ten 3D volumes proposed for the image segmentation challenge of HVSMR 2016:
MICCAI Workshop on Whole-Heart and Great Vessel Segmentation from 3D Cardiovascular MRI in Congenital Heart
Disease [29] that will be hosted as part of the 19th conference
on Medical Image Computing and Computer Assisted Intervention (MICCAI 2016).
Specifically, the data set [30] consists of pediatric cardiovascular magnetic resonance (CMR) images. The cases were
acquired during clinical practice at the Boston Childrens Hospital, Boston, MA, USA and include various congenital heart
defects. Cases where the patients have undergone interventions
are also present.

(a) von Neumann neighbourhood

(b) Moore neighbourhood

(c) extended von Neumann neighbourhood

(d) extended Moore neighbourhood

Fig. 1: Different neighbourhood schemes for 2D Cellular Automata

The data set contains whole-heart images that include the
myocardium, the blood pool and, in some cases, segments
of other anatomical structures. The blood pool class includes
the left and right atria, the left and right ventricles, the aorta,
the pulmonary veins, the pulmonary arteries, and the superior
and inferior vena cava. Vessels (except the aorta) are extended
only a few centimeters past their origin. The myocardium class
includes the thick muscle surrounding the two ventricles and
the septum between them. Coronaries are not included in the
blood pool class, and are labeled as myocardium if they travel
within the ventricular myocardium. Moreover, a ground truth
segmentation is also provided for each image. The ground truth
images were obtained by performing manual segmentation in
an approximate short-axis view. Even though all of the three
planes were considered, the deciding factor was the quality
of the segmentation in the short-axis view. The results of the
segmentation, which was performed by a trained rater, was
validated by two clinical experts.

Our experiments have been carried out using a two–
dimensional CA. The CA (width and height) dimensions
correspond to the size of the image to be segmented. The
process relies on a static CA (the set of cells and their
interconnection pattern do not change with time) based on
a grid of cells. Each cell of the CA can have one of 256
possible states which correspond to greyscale values. Even if
the initial configuration (construction or random generation)
often conditions the evolution of a CA, in our case the cells
are initialized by the greyscale value of each pixel.

The conventional limit conditions for the CA can be
periodic, reflective or with fixed value. We have chosen to
work with fixed value borders. No boundary conditions are
imposed for the evolution of the CA. Border cells simply have
fewer neighbours than other cells.

A. Performance measures
It is very important to establish the way we define similar
regions or segmentations. The obtained segmentations and
their boundaries could be compact, discontinuous, smooth etc.
One of the metrics that we are using in our experiments
is the Dice coefficient, which computes the overlap between
regions, quantifying the similarity of two segmentations. This
measure is especially useful when the volume changes are of
great importance in the analysis process. The Dice similarity
coefficient [31] (denoted as DICE in this paper) is computed
as the ratio between the number of pixels belonging to the
intersection (of two possible segmentations) and the average
of their sizes.
Another frequently used measure for evaluating the segmentation performance is the Global Consistency Error (GCE)
[28]. An error-based measure is actually an “opponent” to a
similarity measure (two segmentations are identical if an errorbased measure is 0). This measure is computed as an average
over the error of pixels/voxels belonging to two segmentations.
Some metrics that compute the distance between two
segmented regions by taking into account the pixel location
could be also considered. They quantify the dissimilarity of
two segmentations and they are useful when the contours (the
shapes of the boundary of the structure) are of importance
for the image analysis. A distance value of 0 corresponds
to a perfect match between the computed segmentation and
the ground truth, while greater values indicate higher errors.
In our approach, we consider the directed Hausdorff distance
between two segmentations (called HDRFDST and defined as
the maximal distance from a point in the first segmentation to
a nearest point in the other one [32]) and the Mahalanobis Distance (MAHLNBS) [33] (that regards the correlation among
all the pixels from the set that the considered two pixels are
belonging).
A similarity measure able to evaluate both clusterings and

classifications (because it is not based on labels) is the Rand
Index (RNDIND), proposed in [34].
The similarity of two segmentations can be computed by
taking into account their areas or volumes, also. In order to
determine such a measure, a distance between two volumes
must be defined (the similarity being 1 - this distance). A
possible definition [35] for the volumetric distance is the ratio
of the absolute volume difference and the sum of the compared
volumes. Such a measure is useful when the segmentation
purpose is to identify the changes in size since it is sensitive to
miss-estimations of the segmented volume more than anything
else. In the case of a single measurement, the volume error
(two times the volume difference over the volume sum) can
be used, while in the case of multiple measurements (when an
average result is of interest) the absolute volume error can be
used.
B. Numerical results
Figure 2 analyses in detail an image from the Berkeley
database: original image, ground–truth and image segmented
by a CA with the original rule after only 10 iterations. The
visual analysis of the obtained segmented image shows the
potential of the proposed rule.
In our experiments we aim to investigate how the parameters of the rule influence the performance of segmentation.
On this purpose, various values have been searched for both
parameters ( and δ) by using a random grid search. Grid
search is simple to implement and parallelization is trivial.
Furthermore, grid search is reliable in low dimensional spaces
[36].
The two parameters being searched for, and the sets from
which they are sampled, are given below:
•

: {5, 6, 7, . . . , 20}

•

δ: {5, 6, 7, . . . , 20}

When considering different neighbourhood schemes for
the Berkely images, in most of the cases the best results
are obtained when using the von Neumann neighbourhood,
which is somehow unexpected because one would believe that
receiving more information from the neighbouring cells would
accelerate and improve the search process. Obtained results
show that there is no reason for using more information than
a simple von Neumann neighbourhood when updating the state
of the cells. The obtained results for one such image are
depicted in Figure 3.
Considering the von Neumann neighbourhood, we continue
our study by applying the rule with different values of the
parameters for several images from Berkely database. It can
be observed in Figure 4 that there is no parameters pair that
improves the Dice similarity for all images in the same way,
rather, there is a set of different optimal parameters values
for each shown image. These results are fairly intuitive and
expected, as the gray values and value differences of the
pixels in the considered images are different. These parameters
should probably be computed based on the gray levels of the
image, and this direction will be investigated as future work.
Regarding the medical images, out of the three data set
options provided by the challenge, we have chosen to use the

one consisting of cropped images that have been transformed
into an approximate short-axis view. This data set contains
gray-scale images with a 16 bits per pixel representation and
65,536 gray levels. The image dimensions vary among cases,
with average dimensions of approximately 130 x 190 x 160.
The average size of an image is of about 33MB. Figure 5
provides an example of images existent in the data set. We
provide the middle slice for each of the three axis.
The ground truth images contain three types of pixels:
black pixels for the background, white pixels for the blood
pool segmentation and gray pixels for the segmentation of the
ventricular myocardium. Since, as a first approach, we only
perform the segmentation of the blood pool, the gray pixels
have been changed to black. The resulting ground truth for the
images from Figure 5 can be seen in Figure 6.
We continue our study by investigating the results obtained
for different values of the parameters combined with different
types of neighbourhoods for the medical images. Obtained results are presented in Figure 7. First, the best Dice similarity is
obtained when using the extended neighbourhoods. Moreover,
extended Moore increases the similarity with the ground truth
more than von Neumann neighbourhood. More information
from the neighbourhood used to update a cell seems to improve
the search process in this case.
Regarding the pairs of parameters which generate the best
results, the conclusion drawn above can be extended here: there
are no pairs of parameters that improves the similarity in the
same way for all considered neighbourhoods.
The optimal parameters have been recorded for each neighbourhood and used in order to segment the image presented
in Figure 5. Obtained segmented images for each considered
neighbourhood are depicted in Figure 8.
In Table I we present the mean (over all images) and
the corresponding confidence intervals of the results for all
considered evaluation measures obtained in this experiment.
The extended Moore neighbourhood and von Neumann neighbourhood compete for the best obtained results - half of the
considered evaluation measures are best when using extended
Moore neighbourhood, half of them are best when using von
Neumann neighbourhood.
V.

C ONCLUSIONS AND FURTHER WORK

A multi–state CA–based image segmentation algorithm
has been investigated by considering an original parameterized update rule and different neighbourhood topologies (von
Neumann and Moore). Several real-world images have been
used for conducting the study. The segmentation performance
has been studied by using several supervised measures. In
our study we investigate different values for the parameters involved within the update rule, different neighbourhood
topologies for updating the cells, different evaluation measures
and different real world images and we try to identify a
correlation between them.
This study will continue with an analysis of the correlation
between the gray levels (or other features) of the image and the
values of the parameters on one hand, and the neighbourhood
topology on the other hand. Other unsupervised performance
measures will be investigated and analysed.

(a) original image

(b) ground truth image

(c) image segmented by the proposed rule

Fig. 2: Image 3096 from Berkeley database
Dice
0.778±0.099
0.780±0.098
0.781±0.099
0.783±0.099

von Neumann
Moore
von Neumann Ext
Moore Ext

GCE
0.159±0.043
0.158±0.043
0.156±0.044
0.155±0.044

HDR
35.612±4.629
34.542±4.418
32.362±3.507
32.702±4.317

Mahl
0.251±0.104
0.246±0.104
0.245±0.104
0.238±0.103

RndIndex
0.831±0.052
0.832±0.052
0.834±0.053
0.836±0.053

VolSim
0.8603±0.1034
0.8621±0.1026
0.8626±0.1039
0.8631±0.1027

TABLE I: Average performances over all tested medical 2D images for the considered neighbourhood topologies
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