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Abstract. In this paper we describe and compare two different ap-
proaches to design image processing algorithms for binary images us-
ing Genetic Programming (GP). The first approach is based on the use
of mathematical morphology primitives. The second is based on Sub-
Machine-Code GP: a technique to speed up and extend GP based on the
idea of exploiting the internal parallelism of sequential CPUs. In both
cases the objective is to find programs which can transform binary images
of a certain kind into other binary images containing just a particular
characteristic of interest. In particular, here we focus on the extraction
of three different features in music sheets.

1 Introduction

In the last few years, a variety of evolutionary approaches have been applied
to the problem of discovering algorithms for image processing, so much so that
Evolutionary Image Processing can almost be considered a proper field of re-
search. A relatively small subset of these approaches (e.g. [1, 2, 3, 4, 5, 6]) have
been based on Genetic Programming (GP) [7].

Mathematical Morphology (MM) is well known as a powerful tool for various
image-processing tasks [8]. It is suitable for shape related processing since mor-
phological operations are directly related to the object shape. To design a MM
procedure (i.e. algorithm) some expert knowledge is necessary to properly select
the structuring elements and to make an adequate selection of the morphologi-
cal operators sequence. To date, no one has attempted to evolve MM algorithms
using GP (although Yoda et al. [9] have suggested using genetic algorithms for
this task). In this paper we start by describing the results of our efforts in this
direction.

GP is usually quite demanding from the computation load and memory use
point of view. This is particularly true when using GP to solve image processing
problems, where the number of fitness cases can be extremely large, and finding
improvements to the programs in a relatively small population can be difficult
(which can easily lead to extensive bloat). Our approach based on GP with MM
primitives is not immune from this. So, as a second contribution in this paper
we have explored an alternative representation and primitive set which is based
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on a technique to speed up GP. Many ideas have been applied to improve the
performance of GP. The technique we have used is known as Sub-Machine-Code
GP (SMCGP) [10, 11]. SMCGP is a GP variant aimed to exploit the intrinsic
parallelism of sequential CPUs. SMCGP extends the scope of GP to the evolution
of parallel programs running on sequential computers. These programs are faster
as, thanks to the parallelism of the CPU, they perform multiple calculations
during a single program evaluation.

Adorni et al. have suggested using SMCGP for the efficient design of low-
level vision algorithms [12, 13, 14]. They applied SMCGP in a plate detection
and character recognition approach. The results obtained show that SMCGP is
able to generate programs that are both accurate and efficient.

Here we have used GP (and SMCGP) to evolve transformation algorithms on
music sheets. We aim to transform an original image into a goal image containing
only a particular feature. The features analyzed are heads, hooks and lines.

The paper has the following structure. In Section 2 we describe the problem
at hand and its features. In Section 3 we describe the GP approach for MM
algorithm design on binary images. In Section 4 we describe how SMCGP can
be used to speed up the evolution. In Section 5 we analyze the obtained results.
Finally in Section 6 we draw some conclusions.

2 Test Problem and Fitness Function

Many image processing tasks for binary images can simply be described by
providing an original binary image and a goal image (possibly drawn by hand).
As shown in Figure 1 the problem then is to find an appropriate computational
procedure which can perform that same transformation.

For the experiments presented in this paper we study the extraction of heads,
hooks and lines in music sheets. The different features in a music sheet are
interesting for the image transformation problem since each feature is easily
recognizable for a human but the features involved are easy to miss-detect for a
machine vision system. A set of images belonging to the training set is shown in
Figure 2.



All our experiments were performed using a fitness function F (0 < F < 1)
that evaluates the similarity between two images in a way that directs evolution
towards a good trade-off between sensitivity (SV) and specificity (SP):

JA=SP2+ (1= 39V)2
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where SV = zztE~ and SP = 7~ , and TP is the number of true positives,
F'P is the number of false positives, 7'V is the number of true negatives and F'IN
is the number of false negatives. For these experiments, the goal is to convert
the original image (O) into the goal image (G). If G(z;,y;) = 1 then we have a
true positive if O(z;,y;) = 1. If, instead, O(z;,y;) = 0 we have a false positive
error. If G(z;,y;) = 0 then we have a true negative if O(z;,y;) = 0, and a false
negative if O(z;,y;) = 1. The true/false positive/negative numbers are obtained
by integrating over every pair of (z;,y;) coordinates in the original image.

F=1-

(1)

3 GP for MM Algorithm Design

Let us start by describing our approach to evolving image processing algorithms
based on GP and MM primitives.>

3.1 Basic Morphological Operations

The language of MM is set theory. As such, morphology offers a unified and
powerful approach to numerous image-processing problems. Sets in MM repre-
sent the sets of objects in an image. For example, the set of all black pixels in a
binary image is a complete description of the image. In binary images, the sets
in question are members of the 2-D integer space Z2, where each element of a
set is a tuple (z,y) representing the coordinates of a black pixel in the image.
Gray-scale digital images can be represented as sets whose components are in
Z3. Sets in higher dimensional spaces can contain other image attributes, such
as color and time varying components.

The two morphological operations most used in MM are dilation and erosion
and most of the algorithms developed by experts to perform a particular task
make use of them.

If A and B are sets in Z2 and 0 denotes the empty set, the dilation of A by
B, A® B, requires performing the reflection of B about its origin, then shifting
this reflection B by z to obtain (B),. The dilation of A by B, as shown in
Equation 2, is the set of all z displacements such that (B), and A overlap by at
least one nonzero element:

A®B={z|(B), N A # (} (2)

Figure 3 exemplifies this operation.

3 Additional details on the experimental setup can be found in [15].
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Fig. 3. Dilation. Fig. 4. Erosion.

The erosion of A by B, A© B, is defined as the set of all points x such that B
translated by z is contained in A. The erosion of A by B, shown in Equation 3,
is exemplified in Figure 4:

A6 B = {z|(B), C A} (3)

These two equations are not the only definitions for dilation and erosion, but
they are usually preferred in practical implementations because of their analogy
with the operation of convolution for linear filtering.

3.2 Evolution of Morphological Algorithms with GP

The GP approach suggested assumes that it is possible to a find a sequence of
morphological operators in the MM algorithm’s search space to convert an image
into another containing only a particular feature of interest. To show this idea
we select musical sheets as examples and extract some features from them.

The process is visualized in Figure 5. The first step is to create some examples
of correct feature extraction by hand to be used as training sets in GP. Next,
it is necessary to define the type, size and number of structuring elements to
be used in the GP search. After the primitive set is defined, we start the GP
search to obtain a (near) optimum tree representing a MM algorithm sequence
(see below). The best sequence evolved, according to the fitness function, is also
analyzed visually to decide whether its high fitness value corresponds to a good
perceptual image quality.

When a MM algorithm is designed by hand, the programmer usually chooses
a regular structuring element to make a sequence of operations. There is really
no reason for choosing a regular element except that we, as humans, are more
likely to understand regularities such as squares, lines, triangles, etc. However, it
is entirely possible that one could get much better results by allowing #rregular
structuring elements. So, in our primitive set for GP we also include irregular
structuring elements (selected randomly). We use structuring elements of sizes
3x3,5x5and 7 x 7 such as those shown in Figure 6. In this work, we include
11 regular and 11 irregular structuring elements of each size.

We use a function set including two functions, EVAL1 and EVAL2 of arity 1
and 2, respectively, which are used only for sequencing purposes. The terminal
set includes nested primitives of the form z(yz[w]) where: z € {e, d}, represents a
morphological operators (erosion and dilation); y € {R, I'}, represents the type of
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Fig. 5. Process to obtain a MM algorithm using GP. A) Make examples by hand.
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optimum tree. E) Evaluate best result.
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Fig. 6. Examples of regular and irregular structuring elements of various sizes.

structuring element selected (regular and irregular); z € {3,5, 7}, represents the
size of structuring element and w € {1..11} represents the structuring element
index.

As shown in Figure 5.D, at evaluation time each GP tree is transformed into
a linear representation, which, when read from left to right, represents an MM
algorithm. This is applied to the training set in order to evaluate the fitness of
the corresponding GP tree.

The GP parameters we have used are similar to those suggested in the liter-
ature [7]. A crossover rate of 0.9 and 0.1 mutation rate were used. Mutation was
based on the ramped half and half initialization method.

The sizes of the images in the training set were 16 x 16, 32 x 32, 64 x 64
and 128 x 128. The number of images in the training set was 1, 5, 15 and 25 in
different experiments. Due to the high computation and memory load, all the
experiments were performed using a population of 50 individuals run for 100
generations.

4 Using SMCGP to Evolve Image Processing Algorithms
for Binary Images

In the MM approach described in Section 3 we were forced to use tiny popu-
lations and short runs, while, nowadays in GP usually people use much bigger
populations and/or much longer runs.

So, we decided to test an alternative approach: we encoded the images us-
ing unsigned long integers to take advantage of the SMCGP paradigm. In this
approach each image is represented as a vector of 32 unsigned long integers (32
bits); each element of the vector represents a row in the image. We used the



Table 1. Functions and terminals used in the SMCGP approach.

Functions Terminals
AND|Bitwise AND X[1] |One binary image
OR |Bitwise OR X[2] |represented using 32
NOT Bitwise NOT unsigned long integers
XOR |Bitwise XOR X[32]|(One row each.)

SL  |Bitwise shift left
SR |Bitwise shift right

Function and Terminal sets presented in Table 1, where bitwise operations are
applied to all the elements of a vector.

We used populations of 500, 1000 and 5000 programs run for 1000, 500 and
100 generations respectively (to fix the number to fitness evaluations to 500000
in each run) using 20 different random seeds. A 0.9 crossover rate was adopted.
Mutation based on the ramped half and half initialization method was applied
with a rate of 0.1.

5 Results and Analysis

5.1 GP with MM Approach

GP easily found different algorithms to solve the heads extraction problem by
using MM primitives. The degree of accuracy is very difficult to evaluate visually
and, depending on the evaluator, it does not always match the numerical fitness
values obtained. However, we believe that many of the results obtained are as
good as those that could be obtained by an expert writing the algorithm by
hand. Figure 7 shows an original image and Figure 8 shows the result of an MM
algorithm generated by GP.

The hooks extraction problem is a difficult task. That feature could be mis-
matched with lines, heads or other features present in a musical sheet. In spite of
that, some GP generated algorithms present good approximations to the desired
task. One example is presented in Figure 10.

Contrary to expectation, the lines extraction problem was the one presenting
the most difficulties for the GP approach proposed. The results obtained were
tending either to completely white images or to confuse lines with other features.
We show an example in Figure 9 where GP accurately finds the lines, but also
includes most of the hooks present in the test image.

5.2 SMCGP-based Approach

We made a total of 720 SMCGP runs. We had: 3 features to extract (heads,
hooks and lines), 4 different numbers of examples in the training set (1, 5, 10,



15), 3 different population-size/number-of-generation combinations (500/1000,
1000/500 and 5000/100) and 20 different random seeds.

The SMCGP approach speeds up evolution in an impressive way. When the
comparison is possible (recall that the GP and MM approach can’t evolve so
many programs) the SMCGP approach is up to 5 times faster. It is also able to
evolve bigger populations for more generations. Indeed, the SMCGP approach
finishes all the runs properly while some of the runs of GP with MM operators
ran out of memory.

In terms of performance on the training set, the SMCGP approach appears
to be as good as GP with MM. Due to space limitations we cannot provide
examples of the output produced in this case.

6 Conclusions

We have described an approach to the evolution of image processing algorithms
for binary images based on GP and MM. The approach has shown a good degree
of accuracy in experiments with musical sheets. However, it has also shown
a computational bottleneck when using big populations and running them for
many generations.

As an alternative, we have explored a SMCGP-based approach which was
hoped to speed up the evolution of algorithms for binary images. The SMCGP
approach has been quite successful in this, making the evolution of big popula-
tions over a large number of generations possible. When a comparison is possible,
SMCGP speeds up the evolution by 5 times w.r.t. the GP+MM approach, with-
out any apparent loss in terms of performance.
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