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Abstract
Object detection is an important field of research in computer vision which
genetic programming has been applied to recently. This paper describes two
new fitness functions in genetic programming for object detection. Both fitness
functions are based on recall and precision of genetic programs. The first is a
tolerance based fitness function and the second is a weighted fitness function.
The merits and effectiveness of the two fitness function are discussed. The two
fitness functions are examined and compared on three object detection problems
of increasing difficulty. The results suggest that both fitness functions perform
very well on the relatively easy problem, the weighted fitness function outperforms
the tolerance based fitness function on the relatively difficult problems.
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Introduction

Object detection and classification in computer vision is an important field of research and
genetic programming is an exciting and relatively new technique. Object detection is important for many modern tasks, from detecting cancerous cells to human face recognition. It is
the process of finding “objects of interest” within images (Localisation) and determining the
type, or class, of the objects found (Classification). The task for localisation is to find the
centres of these objects, preferably with high “positional accuracy” (close to the exact centre
of the objects).
Genetic programming (GP) is a method which automatically generates programs to solve
a particular task [4, 5, 1]. Machine learning methods, such as GP, are generally used in
object recognition because the problem is too hard for a human to devise a good solution.
The resultant programs in GP, called “genetic programs”, are usually represented by simple
algebraic expressions which are evolved over a number of “generations”. The evolution is
guided by a “fitness function” which measures the performance of each genetic program
and allows the evolutionary engine to select the best of a population of programs. The
evolutionary system is based on Darwinian evolution. Mutation is applied to the genetic
programs to introduce new information (the inspirational force). Crossover transforms two
programs by switching part of one program with part of another. Reproduction allows the
best programs to survive, ensuring that good solutions are not lost.
Finding a good fitness function for a particular task is an important but difficult problem
in developing a GP system. Various fitness functions have been devised for object detection,
with varying success [1, 7, 6, 3, 8]. These tend to combine many parameters using scaling
factors which specify the relative importance of each parameter, with no obvious indication
of what scaling factors are good for a given problem. The majority of fitness functions
for localisation require clustering to be performed to group multiple localisations of single
objects into a single point before the fitness is determined [2, 3, 6]. Other measures are then
incorporated in order to include information about the pre-clustered results (such as how
many points have been found for each object). The requirement of clustering can make the
calculation of the fitness require more processing time than one which does not need this.
The goal of this paper is to investigate two new fitness functions in GP for object detection,
in particular localisation. The two fitness functions will be examined and compared on a
sequence of object detection/localisation problems of increasing difficulty.

Figure 1: Object Detection Process
The remainder of this document is structured as follows. Section 2 describes the basics
of object detection. Section 3 describes the GP approach with the two new fitness functions.
Section 4 describes the object detection tasks and the experiment setup. Section 5 presents
the results with discussions and we draw conclusions on these in section 7.
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Object Detection

The process we used for object detection is shown in Figure 1. A raw image is taken and
a trained Localiser applied to it, producing a set of points found to be the positions of
these objects. Single objects could have multiple positions (“localisations”) found for them,
however ideally there would be exactly one localisation per object. Sections of the image are
then “cut out” at each of the positions specified. Each of these cutouts are then classified
using the trained Classifier.
This method treats all objects of multiple classes as a single “object of interest” class for
the purpose of localisation, and the classification stage handles attaching correct class labels.
This has the advantage that the training is easy for both stages as different fitness functions
are used for the training of the two stages. The first is tailed to achieving results as close
to the object centres as possible (to achieve high “positional accuracy”), while the second is
tailored to making all classifications correct (high “classification accuracy”).
The accuracy of the positions found by the localiser are important, as incorrect results
from this first stage will need to be handled by the second stage. Any false alarms from
the localisation stage could cause problems with the classification stage, unless it is able to
classify these as “background”. If the positions found are not close enough to the object
centres then the classification stage will likely not handle it well.
The object localisation stage is performed by means of a window which sweeps over the
whole image, and for each position extracts the features and passes them to the trained
localiser. The localiser then determines whether each position is an object or not.
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Genetic Programming Applied to Object Detection

Our work will focus on object localisation using genetic programming. This approach has a
learning process and a testing procedure. In the learning/evolutionary process, the evolved
genetic programs use a square input field which is large enough to contain each of the objects
of interest. The programs are applied at many sampled positions within the images in the
training set to detect the objects of interest. If the program localiser returns a value greater
than or equal to zero, then this position is considered the centre of an object of interest;
otherwise it is considered background. In the test procedure, the best evolved genetic program
obtained in the learning process is then applied, in a moving window fashion, to the whole
images in the test set to measure object detection performance.
In this system, we used tree structures to represent genetic programs [4]. The ramped
half-and-half method [1] was used for generating programs in the initial population and for the
mutation operator. The proportional selection mechanism and the reproduction [6], crossover
and mutation operators [1] were used in the learning process.
Similarly to other GP systems for object detection, this system used simple statistical
features as the terminal set and the four standard arithmetic operators and a conditional
operator as the function set. Rather than using clustering and accurate detection accuracy
in the fitness function in previous approaches [2, 8], we developed two new fitness functions
based on tolerance and weighted detection measures without clustering, which are discussed
in the rest of this section.

3.1

Tolerance Based Fitness Function

Object localisation/detection performance is usually measured by precision and recall of a
localisation system or similar measures such as detection rates and false alarm rates. Precision
refers to the number of objects correctly localised/detected by a system as a percentage of
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the total number of object localised/detected by the system. Recall refers to the number of
objects correctly localised by a system as a percentage of total number of target objects in a
data set.
During object localisation process, a genetic program might consider many pixel positions
in an image as object centres, particularly for those pixels surrounding the target object
centres. For presentation convenience, we call each object centre localised in an image by a
genetic program a localisation.
Our first fitness function is based on the F-measure, a combination of precision and
recall, of a program. Rather than using the exact match to measure the number of correctly
localised/detected objects, we apply a tolerance of three pixels for this purpose. In other
words, if a genetic program produces any localisations within three pixels of a target object
centre, then we consider that the program has correctly localised this object; otherwise, the
program did not successfully localise this object. Consequently, precision here is the number
of objects correctly localised by the program as a percentage of total number of localisations
made by the program, and recall is the number of objects correctly localised by the program
as a percentage of total number of target objects in the image data set. Thus, this fitness
function is called “Within 3-pixel Tolerance of object Centre”, and we use W T C 3 for short,
it is shown in Equation 1.
fitnessW T C 3 =

2 × precision × recall
precision + recall

(1)

where fitnessW T C 3 is in range [0, 1], and 1.0 means perfect fitness: all objects have been
localised and all localisations are within the 3-pixel tolerance of some object.
This method attempts to produce all localisations fitting within some tolerance which is
inherent to the ability of the classification stage. Three pixels seem a good choice because
a classifier which expects cutouts to be taken at exactly the correct positions may not be
realistic.

3.2

Weighted Fitness Function

Unlike the first fitness function, our second fitness function is based on a “Localisation Fitness Weighted ’F’ measure” (LFWF), which attempts to acknowledge the worth/goodness
of individual localisations made by the genetic program. Instead of using either correct or
incorrect to represent a localisation, each localisation is allocated a weight (referred to as the
“localisation fitness”) which represents its individual worth and counts towards the overall
fitness. If all localisations have high localisation fitness, then the overall fitness of this genetic
program will be high.
Each weight is calculated based on the distance of the localisation from the centre of the
closest object, as shown in Equation 2.

localisationFitness =

(

1 − d/r if d ≤ r
0.0
otherwise

(2)

where d is the distance from object centre, and r is called the “localisation fitness radius”,
defined by the user. In this system, r is set to 35 pixels, half the square size of the input
window, which is also the radius of the largest object.
In order to deal with multiple localisations of objects, the single localisation closest to
each object centre is chosen for calculation of localisation fitness, and all other localisations of
those object are treated as false alarms. Equations 3 to 5 describe the fitness function. The
precision and recall are calculated by taking the localisation fitness for the best localisation of
3

each object and dividing this by the total number of localisations or total number of objects
respectively.
weightedPrecision =
N
P

max({localisationFitness i,j , j = 1..Li })

i=1

(3)

L

weightedRecall =
N
P

max({localisationFitness i,j , j = 1..Li })

i=1

(4)

N

fitnessLF W F =
2 × weightedPrecision × weightedRecall
weightedPrecision + weightedRecall

(5)

where N is the total number of objects, L is total number of localisations made, localisationFitness i,j
is the localisation fitness of the j-th localisation of object i, L i is number of localisations made
to object i, weightedPrecision is the precision in range [0, 1], and 1.0 means all localisations
where correct, with no extra localisations of objects, weightedRecall is the recall in range [0, 1],
and 1.0 means all objects are localised, and fitness LF W F is in range [0, 1], and 1.0 means perfect fitness: all localisations are at the exact object centres with no extra localisations of
objects and no false alarms.

(a)

(b)

(c)

Figure 2: Sample images in the three data sets. (a) Easy; (b) Medium difficulty; (c) Hard.
The fitness function has a number of advantages. Firstly, the main parameter in this
fitness function is the localisation fitness. This can by easily determined in the way presented
here. This has an advantage over other methods which have many parameters. Secondly,
it has an advantage over other methods which also apply tolerances on radius, but must
use very small tolerances to achieve good results. We will compare it with our first fitness
function to check this point. Thirdly, in the previous approaches, before cutouts can be
taken for classification, the multiple localisations of each object must be clustered into one
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group and its centre found. While this is a relatively easy task, it is time consuming to do
during training. Our fitness function does not require clustering to be performed before it
is calculated. We expect that this fitness function can produce small areas of localisations
which should make clustering efficient, as opposed to large unconstrained areas which could
be produced if the fitness is calculated after clustering is performed.
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Object Detection Tasks and Experimental Setup

We used three image data sets of New Zealand 5 and 10 cent coins in the experiments.
Examples are shown in Figure 2. The data sets are intended to provide object localisation
problems of increasing difficulty. The first data set (easy) contains images of tails and heads
of 5 and 10 cent coins against an almost uniform background. The second (medium difficulty)
is of 5 cent coins against a noisy background, making the task much harder. The third data
set (hard) contains tails and heads of both 5 and 10 cent coins against a noisy background.
We used 24 images for each data set in our experiments and equally split them into three
sets: a training set for learning good genetic programs, a validation set for monitoring the
training process to avoid overfitting, and a test set to measure object detection performance.
We used a population of 500 genetic programs for evolution in each experiment run. 100 runs
were performed for each fitness function on each data set and average results are presented.
To give a fair comparison, the “localisation recall (LR) and precision (LP)” were used to
measure the final performance of the genetic programs with the two fitness functions. LR is
the number of objects with any correct localisations within the localisation fitness radius as
a percentage of the total number of objects, and LP is the number of correct localisations
which fall within the localisation fitness radius of any object centres as a percentage of the
total number of localisations made. In addition, we also check the “Extra Localisations”
(ExtraLocs) for each system to measure how many extra localisation were made for each
object.
So LR and LP measure the ability of a program to locate objects to within the localisation
fitness radius of their centres, a tolerance of 35 pixels.
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Results

Table 1 shows the results of the GP systems with the two fitness functions. The first line
shows that the GP system with the first fitness function, W T C 3 , achieved an average of
localisation precision 99.99%, an average localisation recall 98.98%, and resulted in 126.71
extra localisation on average.
Table 1: Results of the GP systems with the two fitness functions.
Dataset

Easy
Medium
Hard

Fitness
function
WTC3
LFWF
WTC3
LFWF
WTC3
LFWF

LP (%)
99.99
99.98
99.80
99.90
98.32
98.53

Accuracy
LR (%) ExtraLocs
98.98
126.71
99.35
113.88
90.45
135.45
93.11
133.56
78.34
185.39
87.65
196.61

The results on the easy data set show that both fitness functions achieved almost perfect
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performance. Almost all the objects of interest in this data set were successfully localised
by the GP system with very few false alarms (both LR and LP are very close to 100%).
Although both fitness functions resulted in a number of extra localisations, almost all of
them were located within the localisation fitness radius. In particular, the weighted fitness
function resulted in a better recall and fewer extra localisations.
The results on the medium difficulty data set show that the GP system with the weighted
fitness function achieved better performance in terms of all of the precision, recall, and extra
localisations. In particular, the recall performance produced by the weighted fitness function
was more than 3% better than the tolerance based fitness function.
The results on the hard data set show a similar pattern to the medium difficult data set,
except that the improvement of recall by the weighted fitness function over the tolerance
based fitness function was significant (8.7%). Although it resulted in a slightly more extra
localisations, almost all of them were within the localisation fitness radius range.
As expected, the performance on the three data sets deteriorated as the degree of difficulty
of the localisation problem was increased.
These results suggest that the weighted fitness function is similar to or slightly better
than the tolerance based fitness function on relatively easy object localisation problems, but
can achieve much better results, particularly recall, on relatively hard object localisation
problems. On situations where it is more important to detect all objects of interest than to
avoid extra localisations, the weighted fitness function should be used.
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Conclusions

This paper described two new fitness functions in genetic programming for object detection,
particularly object localisation problems. The first fitness function was developed based on
precision and recall of a genetic program within a range of three-pixel tolerance, and the
second fitness function was developed based on weighted precision and weighted recall of
the genetic program. The GP systems with the two fitness functions were examined and
compared on a sequence of object localisation problems of increasing difficulty. The results
suggest that both fitness functions performed very well on the easy data set and the weighted
fitness function outperformed the tolerance based fitness function on all problems particularly
the two relatively difficult object localisation problems.
The results also showed that the weighted fitness function achieved a much better recall
on the medium difficulty and the hard problems. This suggests that the weighted fitness
function has an advantage of preserving the objects of interest. In the situation that recall
is important, the weighted fitness function should be applied.
For the future work, we will compare the results of this approach with those of the existing
approaches with a time consuming clustering as part of the fitness function. We will also
investigate better ways to organise training patterns for object detection.
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