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Abstract. This work presents an evolutionary approach to improve the
infection algorithm to solve the problem of dense stereo matching. Dense
stereo matching is used for 3D reconstruction in stereo vision in order
to achieve ﬁne texture detail about a scene. The algorithm presented in
this paper incorporates two diﬀerent epidemic automata applied to the
correspondence of two images. These two epidemic automata provide two
diﬀerent behaviours which construct a diﬀerent matching. Our aim is to
provide with a new strategy inspired on evolutionary computation, which
combines the behaviours of both automata into a single correspondence
process. The new algorithm will decide which epidemic automata to use
based on inheritance and mutation, as well as the attributes, texture
and geometry, of the input images. Finally, we show experiments in a
real stereo pair to show how the new algorithm works.

1

Introduction

Dense stereo matching is one of the main and most interesting problems to solve
in stereo vision. It consists in determining which pair of pixels projected on at
least two images, belongs to the same physical 3D point [1]. The correspondence
problem has been one of the main subjects in computer vision and is clear that
these matching tasks are to be solved by computer algorithms. Currently, there is
no general solution to the problem and it is also clear that successful matching by
computer can have a large impact on computer vision [2]. The matching problem
has been considered the hardest and most signiﬁcant problem in computational
stereo [3, 4]. The diﬃculty is related to the inherent ambiguities being produced
during the image acquisition concerning the stereo pair; i.e., geometry, noise,
lack of texture, occlusions, and saturation. Occlusion is the cause of complicated
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problems in stereo matching, especially when there are narrow objects with large
disparity and optical illusion in the scene [5, 6, 7]. Moreover, classical techniques
are limited and fail in the general case, due to the complexity and nature of the
problem. This is the main reason why we are considering a new approach based
on artiﬁcial life and evolutionary methods that we called evolutionary infection
algorithm. The infection algorithm presented in [8] uses an epidemic automaton
that propagates the pixel matches as an infection over the whole image with the
purpose of matching the contents of two images. Finally, the algorithm provides
the rendering of 3D information allowing the visualization of the same scene from
novel viewpoints. In our past work, we had four diﬀerent epidemic automata in
order to observe and analyse the behaviour of the matching process. The better
results we have obtained were those related to the case of 47% and 99% of eﬀort
savings in the correspondence process. The ﬁrst case represents geometrically a
good image with a moderate percentage of computational eﬀort saving, see Fig.
7a. The second case represents a high percentage of automatically allocated pixels producing an excellent percentage of computational eﬀort saving, with an acceptable image quality, see Fig. 7c. Our current work aims to improve the results
based on a new algorithm that uses concepts from evolution; such as: inheritance
and mutation. We want to combine the best of both epidemic automata in order
to obtain a high computational eﬀort saving with an excellent image quality.
This paper is organized as follows. The next section describes the nature
of the correspondence problem. Section 2 introduces the new algorithm giving
emphasis to the explanation on how the evolution was applied to the epidemic
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Fig. 1. Representation of the interactions among the ﬁve lattices used by the infection algorithm. A pixel in the left image is related to the right image, using several
lattices such as: automaton lattice, canny image and virtual image lattice during the
correspondence process
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automata. Finally, the section 3 shows the results of the algorithm illustrating
the behaviour, performance, and quality of the evolutionary infection algorithm.
1.1

Problem Statement

Computational stereo studies how to recover the three dimensional characteristics of a scene from multiple images taken from diﬀerent viewpoints. A major
problem in computational stereo is how to ﬁnd the corresponding points between
a pair of images, which is known as the correspondence problem or stereo matching. In this work the images are taken by a moving camera, with the hypothesis
that a unique three-dimensional physical point is projected into a unique pair of
image points, see Fig. 1. In order to solve the problem in a more eﬃcient manner, several constraints and assumptions regarding occlusions, lack of texture,
saturation, or ﬁeld of view are exploited. The movement between the images
is a translation with a small rotation along the x, y and z axes respectively:
Tx = 4.91 mm, Ty = 114.17 mm, Tz = 69.95 mm, Rx = 0.84◦ , Ry = 0.16◦ ,
Rz = 0.55◦ . Fig. 1 shows also ﬁve lattices that we have used in the evolutionary
infection algorithm. The ﬁrst two lattices correspond to the images acquired by
the stereo rig. The third lattice is used by the epidemic cellular automata in
order to process the information that is being computed. The fourth lattice corresponds to the reprojected image, while the ﬁfth lattice is used as a database
in which we save information related to contours and texture.

2

The Evolutionary Infection Algorithm

The infection algorithm is based on the concept of natural virus for searching the
correspondences between real stereo images. The purpose is to ﬁnd all existing
corresponding points in stereo images while saving the maximum number of
calculations and maintaining the quality of the reconstructed data.
The motivation to use what we called an infection algorithm is based on the
following: when we observe a scene, we do not observe everything in front of us.
Instead, we focus our attention in some regions which keeps our interest on the
scene. As a result, it is not necessary to analyse each part of the scene in detail.
The infection algorithm attempts to “guess” some parts of the scene through a
process of propagation based on artiﬁcial epidemics with the purpose of saving
computational time. The mathematical description of the infection algorithm is
presented in [9]. This paper introduces the idea of evolution within the infection
algorithm using the concepts of inheritance and mutation in order to achieve
a balance between exploration and exploitation. As we could see in the paper,
the idea of evolution is rather diﬀerent from the traditional genetic algorithm.
Concepts like an evolving population are not considered in the evolutionary
infection algorithm. Instead, we incorporate aspects such as inheritance and
mutation to develop a dynamical matching process. In order to introduce the
new algorithm let us deﬁne some notations:
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Fig. 2. Pseudo-code for the evolutionary infection algorithm

Definition 1. Epidemic cellular automata: Our epidemic cellular automata
could be formally represented as a quadruple E = (S, d, N, f ) where |S| = 5 is
a ﬁnite set composed of 4 states and the wild card (∗), d = 2 a positive integer,
N ⊂ Z d a ﬁnite set, and fi : S N → S an arbitrary set of (local) functions, where
i = {1, . . . , 14}. The global function Gf : S L → S L is deﬁned by Gf (cv ) = f (cv +
N ). Also, it is useful to mention that S is deﬁned by the following sets:
– S = {α1 , ϕ2 , β3 , ε0 , ∗} a ﬁnite alphabet,
– Sf = {α1 , β3 } is the set of ﬁnal output states,
– S0 = {ε0 } is called the initial input state.
Each epidemic cellular automaton has 4 states that are deﬁned as follows:
– Explored, representing the cells that have been infected by the virus (it refers
to the pixels that have been computed in order to ﬁnd their matches).
– Not-explored, representing the cells which have not been infected by the virus
(it refers to the pixels which remain in the initial state).
– Automatically allocated, representing the cells which cannot been infected by
the virus. This state represents the cells which are immune to the disease (it
refers to the pixels which have been conﬁrmed by the algorithm in order to
automatically allocate a pixel match).
– Proposed, representing the cells which have acquired the virus with a probability of recovering from the disease (it refers to the pixels which have been
guessed by the algorithm in order to decide later the better match based on
local information).
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Fig. 3. Evolutionary epidemic graphs used in the infection algorithm

2.1

Infection Algorithm with an Evolutionary Approach

In previous work, we deﬁned four diﬀerent epidemic cellular automata from
which we detect two epidemic graphs that provide singular results in our experiments, see Fig. 3. One epidemic cellular automaton produces a 47% of eﬀort
saving while the other a 99% of eﬀort saving. These automata use a set of
transformations expresed by a set of rules grouped within a single graph. Each
automaton transforms a pattern of discrete values over a spatial lattice. A whole
diﬀerent behaviour is achieved by changing the relationships between the four
states using the same set of rules. Each rule represents a relationship which
produces a transition based on local information. These rules are used by the
epidemic graph to control the global behaviour of the algorithm. In fact, the
evolution of cellular automata is governed typically not by a function expressed
in closed-form, but by a “rule table” consisting of a list of the discrete states
that occur in an automata together with the values to which these states are to
be mapped in one iteration of the algorithm.
The goal of the search process is to achieve a good balance between two
rather diﬀerent epidemic cellular automata in order to combine the beneﬁt of
each automaton. Hence, our algorithm not only ﬁnds a match within the stereo
pair, but it provides an eﬃcient and general process using geometric and texture
information. It is eﬃcient because the ﬁnal image combine the best of each partial
image within the same amount of time. It is also general because the algorithm
could be used with any pair of image with little additional eﬀort to adapt it.
Our algorithm attempts to provide a remarkable balance between the exploration and exploitation of the matching process. Two cellular automata were
selected because each one provides a particular characteristic from the exploration and exploitation standpoint. The 47% epidemic cellular automaton, we
called A, provides a strategy which exploits the best solution. Here, best solution
refers to areas where matching is easier to ﬁnd. The 99% epidemic cellular automaton, we called B, provides a strategy which explores the search space when
the matching is hard to achieve.
The pseudo-code for the evolutionary infection algorithm is depicted in ﬁgure
2. First, we calculate the projection matrices MM1 and MM2 related to the left
and right image, through a process of calibration. Then, two sets of rules are
deﬁned A=46% and B=99%. The sets of rules contain information about the

An Evolutionary Infection Algorithm for Dense Stereo Correspondence

299

conﬁguration of the pixels in the neighborhood. Next, we built a lattice with
the contour and texture information, that we called canny left image. Thus, we
iterate the algorithm while the number of pixels with immune and sick states is
diﬀerent between time t and t+1. Each pixel is evaluated according to a decision
that is made based on three criteria as follows:
1. The decision of using A or B is weighted considering the current evaluated
pixels in the neighborhood. In this way inheritance is incorporated within
the algorithm.
2. The decision is also made based on the current local information (texture
and contour). Thus, enviromental adaptation is contemplated as a driving
force to the dynamical matching process.
3. A probability of mutation which could change the decision of using A or B
is computed. This provides the system with the capability of stochastically
adapting the dynamic search process.
In this way, an action is activated producing a path and sequence around the
initial cells. When the algorithm needs to execute a rule to evaluate a pixel,
it calculates the corresponding epipolar line using the fundamental matrix information. The correlation window is deﬁned and centered with respect to the
epipolar line when the search process is started. Thus during the search process,
o sort of inheritance is used to decide which cellular automata to apply. Finally,
our algorithm produces an image that is generated combining the two epidemic
cellular automata.
2.2

Transitions of Our Epidemic Automata

The transitions of our epidemic automata are based on a set of rules. Each
relationship between the four states is represented as a transition based on a
local rule, which as a set is able to control the global behaviour of the algorithm.
Each epidemic graph has 14 transition rules that we divide in three classes:
basic rules, initial structure rules, and complex structure rules. Each rule could
be represented as a predicate that encapsulates an action allowing a change of
state on the current cell based on their neighborhood information. The basic
rules relate the obvious information between the initial and explored states. The
initial structure rules consider only the spatial set of relationships between the
close neighborhood. The complex structure rules consider not only the spatial
set of relationships between the close neighborhood, but also those within the
external neighborhood. The next section explains how each rule works according
to the above classiﬁcation. The basic rules correspond to rules 1 and 2. The initial
structure is formed by the rules 3,4,5 and 6. Finally, the complex structure rules
correspond to the rest of the rules. The basic and initial structure rules until
this moment have not been changed. The rest of the rules are easily modiﬁed in
order to produce diﬀerent behaviours and a certain percentage of computational
eﬀort saving, see Fig. 3. The most important epidemic rules related to the case
of 47% are explained next.
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States:

ε0 = 0... Healthy Individuals (Not-Explored)
α1 = 1... Sick Individuals (Explored)
>=3
>=3

ϕ2 = 2... Infected Individuals (Proposed)
β3 = 3... Immune Individuals (Automatically)
Variable
∗ = 5 ... Wildcard

Fig. 4. Rule 7. The epidemic transition indicates that it is necessary to have at least
three Sick (Explored) individuals on the closed neighborhood and three Immune (Automatically allocated) individuals on the external neighborhood in order to change the
central cell
States:

ε0 = 0... Healthy Individuals (Not-Explored)
α1 = 1... Sick Individuals (Explored)
>=3

ϕ2 = 2... Infected Individuals (Proposed)
β3 = 3... Immune Individuals (Automatically)
Variable
∗ = 5 ... Wildcard

Fig. 5. Rule 11. This epidemic transition represents the quantity of Infected (Proposed)
individuals in order to obtain the Immune (Automatically Allocated) individuals. In
this case, if there are three Sick (Explored) individuals in the closed neighborhood,
then the central cell changes to an Infected (Proposed) state

– Rules 3,4,5 and 6. The infection algorithm begins the process with the
nucleus of infection around the whole image. The purpose of creating an
initial structure in the matching process is to explore the search space in
such way that the information is distributed in several process. Thus, the
propagation of the matching is realized in a higher number of directions from
the central cell. We use these rules at the initialisation of the process only.
– Rule 7 and 8. These rules ensure the evaluation of the pixels in a region
where exist Immune (Automatically Allocated) individuals, see Fig. 4. The
ﬁgure of the rule 8 is similar to 7. The main purpose of these rules is to
control the quantity of immune individuals within a set of regions.
– Rule 11. This rule generates the Infected (Proposed) individuals in order
to obtain later a higher number of Immune (Automatically Allocated) individuals. If the central cell is on Healthy state (Not-Explored) and there are
at least three Sick individuals (Explored) in the closed neighborhood, then,
the central cell is Infected (Proposed).
– Rules 12 and 14. The reason for these transitions is to control the Infected (Proposed) individuals. If we have at least three Infected (Proposed)
individuals in the closed neighborhood, the central cell is evaluated.
– Rule 13. This rule is one of the most important epidemic transition rules
because it indicates the computational eﬀort saving without any computation of individual pixels during the matching process. This is the reason
why we called it immune or automatically allocated. Rule 13 can be summarized as follows: if the central cell is Infected (Proposed) and if there are at
least three Sick (Explored) individuals in the closed neighborhood; then, we
know automatically that the corresponding pixel in the right image is made
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States:

ε0 = 0... Healthy Individuals (Not-Explored)
α1 = 1... Sick Individuals (Explored)
>=3

ϕ2 = 2... Infected Individuals (Proposed)
β3 = 3... Immune Individuals (Automatically)
Variable
∗ = 5 ... Wildcard

Fig. 6. Rule 13. This transition indicates when the Infected (Proposed) individuals will
change to Immune (Automatically Allocated) individuals

without any computation. The number of Sick (Explored) individuals can
be changed depending on the percentage of computational savings that we
need.
Obviously, if we modiﬁed some of the complex structure rules from the case
47% we could obtain up to 99% of computational eﬀort saving. The basic and
initial structure rules do not change the coding, implying that the central cell
remains without changes. The complex structure rules, except rule 14, are modiﬁed in two ways: the central cell state is modiﬁed according to the information
within the neighborhood and the number of cells involved.

3

Experimental Results and Conclusions

We have tested the infection algorithm with an evolutionary approach on a
real stereo pair of images. The infection algorithm was implemented under the
Linux operating system on an Intel Pentium 4 at 2.0Ghz with 256Mb of RAM.
We have used libraries programmed in C++, designed specially for computer
vision, called VXL (Vision X Libraries). We have proposed to improve the
results obtained by the infection algorithm through the implementation of an
evolutionary approach using inheritance and mutation operations. The idea was
to combine the best of both epidemic automata 47% and 99%, in order to obtain
a high computational eﬀort saving together with an excellent image quality. We
used knowledge based on geometry and texture in order to decide during the
correspondence process, which epidemic automata is better to apply during the
evolution of the algorithm.
Figure 7 shows a set of experiments where the epidemic cellular automata
was changed in order to modify the behaviour of the algorithm and to obtain
a better virtual image. Fig. 7a is the result of obtaining 47% of computational
eﬀort savings, while Fig. 7b is the result of obtaining 70% of computational
eﬀort savings and Fig. 7c shows the result to obtain 99% of computational effort savings. Fig. 7d presents the result that we obtain with the new algorithm.
Clearly, the ﬁnal image shows how the algorithm combines both epidemic cellular automata. However, the quality of the ﬁnal image depends on the texture
and contours of the stereo pair. We observe that the geometry is preserved with
a nice texture reconstruction. We also observe that the new algorithm spends
about the same time employed by the 70% epidemic cellular automaton with a
slightly better texture result. Figure 8a shows the behaviour of the evolution-
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Fig. 7. Set of diﬀerent experiments where epidemic cellular automata were change

Fig. 8. Evolution of the epidemic cellular automata during the dense correspondence
process

ary infection algorithm that corresponds to the ﬁnal result of Fig. 7d. Figure
8b describes the behaviour of the two epidemic cellular automata during the
correspondence process. In the near future, we expect to use the Evolutionary
Infection Algorithm in the search of novel viewpoints.
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