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Abstract : Genetic algorithms (GAs) are efficient search methods based on the
paradigm of natural selection and population genetics. A simple GA was applied
for selecting the optimal feature subset among an initial feature set of larger size.
The performances were tested on a practical pattern recognition problem, which
consisted on the discrimination between four seed species (two cultivated and
two adventitious seed species) by artiÐcial vision. A set of 73 features, describing
size, shape and texture, were extracted from colour images in order to character-
ise each seed. The goal of the GA was to select the best subset of features which
gave the highest classiÐcation rates when using the nearest neighbour as a classi-
Ðcation method. The selected features were represented by binary chromosomes
which had 73 elements. The number of selected features was directly related to
the probability of initialisation of the population at the Ðrst generation of the
GA. When this probability was Ðxed to 0É1, the GA selected about Ðve features.
The classiÐcation performances increased with the number of generations. For
example, 6É25% of the seeds were misclassiÐed by using Ðve features at gener-
ation 140, whereas another subset of the same size led to 3% misclassiÐcation at
generation 400. The present work shows the great potential of GAs for feature
selection (dimensionality reduction) problems. 1998 SCI.(

J Sci Food Agric 76, 77È86 (1998)

Key words : feature selection ; genetic algorithm; seed ; colour image analysis ;
classiÐcation ; discrimination

INTRODUCTION

In many artiÐcial vision studies, morphological features
are extracted from the images. These features are then
used as variables for the discrimination of the nature of
the objects. The performances of the pattern recognition
system are directly related to the relevance of the mea-
sured features, and to the method of classiÐcation.
However, measured features usually present mutual
interactions (correlations). The selection of the “optimalÏ
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subset of features among a set of available ones is a
necessary and important step in pattern recognition,
because it allows the reduction of redundancy. Since the
introduction of a new feature in the predictive model
may increase the computation time, it is generally
strongly needed to implement systems with few but rele-
vant features.

Feature selection is a difficult task in pattern recogni-
tion, because it requires searching through a space
which may be high-dimensional. An exhaustive search is
computationally prohibitive especially when there are a
large number of features. This has led to the develop-
ment of a wide range of feature selection methods
(dimensionality reduction). The most widely applied
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methods for feature selection introduce (or remove)
variables in a stepwise manner (Siedlecki and Sklansky
1988). For instance, sequential direct selection starts by
selecting the best feature among the whole set of avail-
able ones. At each step, it keeps the latest selected
subset of features and adds to it the best feature among
the remaining features. This method stops when the
introduction of a new variable does not signiÐcantly
improve the performances. In contrast to sequential
direct selection, sequential backward selection starts by
selecting the complete set of features and rejects one
feature at a time. At a given step, the feature which
causes the smallest decrease of the performances is per-
manently removed. The process stops when the removal
of each of the remaining features causes a high decrease
of performances. The main weakness of these sequential
methods is that they may reject a variable at an early
step of the search process which is then unavailable for
a later possible improvement in performance. This
means that this kind of feature selection methods may
lock at a local minimum during the search process. An
alternative is the use of genetic algorithms (GAs) which
are able to explore, in an efficient way, high-
dimensional spaces for function optimisation (Holland
1975). They derive their name from the fact that they try
to mimic the natural evolution of living organisms. GAs
are based on the observation that the evolution of
natural species is very efficient at adapting to changing
environments. By simulating the evolution process, GAs
may provide a good way for optimising artiÐcial
systems.

GA is a population-based algorithm. Each individual
of this population represents a candidate solution to the
given problem. Each individual is assigned a Ðtness
value on the basis of a Ðtness function. In pattern
recognition, a common Ðtness function is the percentage
of correctly classiÐed learning patterns. GA operates in
three stages : selection, crossover and mutation. In the
selection step, the most adapted individuals (which have
a high Ðtness value) are given more chance to be selec-
ted for reproduction. During the crossover, portions of
the parent solutions are exchanged in the hope of gener-
ating more adapted solutions. Mutation operates by
randomly changing one or more components of a selec-
ted individual. It acts in order to keep some diversity in
the currently tested solutions, and prevent premature
convergence of the algorithm. GAs have been suc-
cessfully applied to various scientiÐc and engineering
problems. For example, they have been used to model
various aspects of the natural immune system (Bersini
and Varela 1991), to design and control robots
(Davidor 1991), and to predict protein structure
(Schulze-Kremer 1992).

The purpose of the present work was to provide
better understanding of the limitations and the
strengths of the GAs for feature selection in artiÐcial
vision. The practical application consisted of the dis-

crimination of seeds according to their species. In seed
stations, seed batches cannot be commercialised
without passing a quality control test, which consists of
the detection of adventitious seeds. Seed analysis is cur-
rently a manual task in most seed laboratories, which is
time consuming, and is increasingly difficult because of
the growing number of registered seed species. For this
reason, other techniques have been attempted for auto-
matic seed identiÐcation, such as artiÐcial vision
(Sapirstein et al 1987 ; Myers and Edsall 1989). The dis-
crimination rates are closely dependant on the seed
species. In most of the published studies, stepwise dis-
criminant analysis was applied for feature selection.
However, this method makes the assumption that
classes are normally distributed in the feature space.
This assumption is not usually met in the case of seed
discrimination, because seeds belonging to the same
species often present wide variations in their morpho-
logical characteristics.

In the present work, GA was applied in order to
explore the strengths and the limitations of this kind of
search technique for feature selection. The performances
were tested on a practical problem, which consisted on
the discrimination between four seed species.

THEORY AND OPTIMISATION PROCEDURES

The number of features which can be safely introduced
in a predictive model is dependant on the number of
learning patterns. Only a few features are necessary to
correctly describe a data set including a small number
of learning patterns. With a limited number of learning
patterns, adding new features to a pattern recognition
system may degrade rather than increase the per-
formances. Hence, feature selection is necessary to
separate adequately qualitative classes with a limited
number of learning patterns.

Genetic algorithms

GAs are computational models of evolution. They work
on the basis of a set of candidate solutions. Each candi-
date solution is called a “chromosomeÏ, and the whole
set of solutions is called a “populationÏ. The algorithm
allows movement from one population of chromosomes
to a new population in an iterative fashion. Each iter-
ation is called a “generationÏ. There are various forms of
GAs, a simple version, which is called static population
model (Whitley 1989), was used in all the experiments.
In the static population model, the population is ranked
according to the Ðtness value of each chromosome. At
each generation, two (and only two) chromosomes are
selected as parents for reproduction. The algorithm
works as follows.
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d1

a representation of the chromosomes forI DeÐne
the given problem. Each chromosome is a string
of alphabets representing a candidate solution to
the problem. Binary chromosomes are commonly
used. Some GAs use chromosomes formed from
real numbers.

an objective function to optimise (calledI Choose
the Ðtness function). This function is directly
related to the given problem. In pattern recogni-
tion, the usual criterion to evaluate the per-
formances is the percentage of correct
classiÐcation of the learning data.

the parameter values of the GA, such asI DeÐne
the size of the population, “initialisation probabil-
ityÏ, “crossover probabilityÏ and “mutation prob-
abilityÏ.

d2
Generate an initial population of chromosomes. This
initialisation is often achieved at random, but the popu-
lation may be initialised by chromosomes which are
already known to perform well. When random initial-
isation of binary chromosomes is used, each bit of the
chromosomes is randomly set to 0 or 1 according to a
probability which is called the initialisation probability.

d3
Evaluate the Ðtness value of each chromosome. The
more adapted chromosomes will receive higher Ðtness
values. When the GA is used for function minimisation,
a transformation is necessary to derive a function maxi-
misation problem.

d4
Select 2 individuals from the whole population of indi-
viduals. The selection is dependant on the value of the
Ðtness function of each individual. The well-adapted
individuals have a greater chance at being selected. The
two selected chromosomes are called “parentsÏ.

d5
Eventually crossover is applied on the two selected indi-
viduals according to a probability which is called the
crossover probability. The crossover operation consists
of randomly selecting a position in the two selected
chromosomes. Each of the two parents are then divided
into two segments. The segments of the two selected
chromosomes are exchanged in order to create two new
chromosomes (two children). The second segment of
parent 1 becomes the second segment of child 2, and
vice versa. As an example of crossover, consider the two
binary parents :

Parent 1 : 1010010111

Parent 2 : 1000010010

Suppose the random crossover occurs after the sixth bit.
Then each new child receives one segment of bits orig-
inated from each parent :

Child 1 : 1010010010

Child 2 : 1000010111

The crossover is performed in the hope that the com-
bination of two well-adapted chromosomes may give
two new better adapted ones. Crossover is the main
operation which allows the exploration of the feature
space in order to Ðnd a near to optimal solution. When
all the individuals of the population are identical, the
application of the crossover operator on two chromo-
somes will generate the same chromosomes. This means
that the crossover operator is not able to generate
diversity within a population. The diversity can be
maintained by the mutation operator.

d6
Mutate the two new chromosomes. The operation of
mutation consists in randomly altering the value of each
element of the chromosome according to a probability
which is called the mutation probability. This probability
usually has a very low value. When binary chromo-
somes are used, mutation consists in inverting the value
of a component (from 0 to 1, or the inverse). Mutation
acts as a population perturbation operator and is a
means of avoiding premature convergence of the algo-
rithm. The random perturbation of a chromosome may
be of great importance when there is a lack of diversity
in the population.

d7
Evaluate the Ðtness of the two created chromosomes,
and replace the two less adapted chromosomes, which
have the two lowest Ðtness values in the population, by
these two new chromosomes. Go back to The algo-d4.
rithm stops when the maximum number of generations
is reached.

Discrimination by the nearest neighbour method

The nearest neighbour method was applied for the dis-
crimination of seeds from their features. This method
a†ects an unknown pattern to the class of its nearest
neighbour in the learning set. The main advantage of
nearest neighbour classiÐcation is that results are
directly related to the learning data, and no training
time is required. In the present case, the distance
between two patterns is assessed by using only the
selected features. GA was applied with binary chromo-
somes. The size of each chromosome was equal to the
total number of available features. The value 1 of an
element means that the corresponding feature is selec-
ted. In order to evaluate the performance of each
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chromosome, it was necessary to assess a Ðtness value.
In the present case, the Ðtness value of each chromo-
some was deÐned as the percentage of correct classi-
Ðcation of the learning set when using the
corresponding selected features. When a learning
pattern is to be classiÐed, it is temporarily removed
from the learning set. This method is called leave-one-
out nearest neighbour.

MATERIAL AND METHODS

Sample collection

Samples of four seed species were supplied by the
national seed testing station of France (Station Nation-
ale dÏEssais de Semences, Beaucouze� , France). Seeds of
red fescue (Festuca rubra L), perennial rye grass (L olium
perenne L), rumex (mixture of three rumex varieties :
Rumex crispus L, Rumex longifolius L, Rumex obtusifol-
ius L) and wild oat (mixture of three wild oat varieties :
Avena fatua L, Avena pubescens L and Avena sterilis L)
were randomly picked from batches. Red fescue and
perennial rye grass are cultivated seed species, whilst
rumex and wild oat are adventitious seed species.
Rumex and wild oat seeds are very devastating for the
crop, and current regulations require that they should
be rigorously detected and removed from seed batches.
Each seed species was represented by a set of 200 seeds.

Image acquisition

Images were acquired via a high-resolution colour
camera (KY-F55B, JVC Corp, Japan). A lens was Ðtted
on the camera in order to adjust the magniÐcation
(Nikkor AF, Nikon, Japan). The lighting was assured by
two 18 W neon lamps placed at each side of the camera.
All the images were digitised by a frame grabber

(VP1300-768-E-AT, Imaging Technology Inc, Bedford,
USA) to the size of 512 rows and 768 columns. Seeds
were placed in random positions and orientations in
front of the camera. The distance between the camera
and the working surface was 45 cm. The size of the
vision Ðeld of the camera was 6 cm] 9 cm, and hence
the spatial resolution of the images was 0É11 mm.

In this study, a colour image referred to three
separate grey scale images each corresponding to a
primary channel (red, green and blue channels). The
number of seeds in a single image depends on the seed
species. A single image of red fescue, or perennial rye
grass, or rumex contained up to 100 seeds, whilst an
image of wild oat seeds included about 20 seeds. The
numerical images were acquired and stored for further
processing and analysis.

Feature measurement

The images were Ðrst binarised by an adaptive tech-
nique (Mardia and Hainsworth 1988). The main goal of
the binarisation was to separate the objects (seeds) from
the background. A wide range of features were then
extracted in order to characterise each seed (Tables 1
and 2). Twenty Ðve size and shape features were
extracted from the binary image. The textural features
were measured independently from each colour channel.
Three texture analysis methods were applied : grey level
distribution method (Ballard and Brown 1982 ; Press et
al 1992), co-occurrence matrices method (Haralick et al
1973), run length matrices method (Galloway 1975). The
grey level distribution method allows the extraction of
simple statistical descriptors from the histogram of the
pixel luminance within the region of each seed. In this
way, features such as mean grey level, variance and
energy were extracted. Co-occurrences and run lengths
methods made it possible to extract features to charac-
terise the two-dimensional distribution of the grey level.

TABLE 1
Size and shape features used for seed characterisation. All these features were measured from

binary images

Feature Interpretation

Area Sum of all pixels in the region of a selected seed
Perimeter Sum of all pixels on the boundary of a selected seed
Length Maximum length of the seed through the centroid
Width
Thinness ratio (or circularity)
Elongation Ratio of the width to the length of a seed
First ten magnitude Fourier descriptors
Seven invariant moments
Eccentricity
Spread
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TABLE 2
Textural features used for seed characterisation. Each of these features is a three-dimensional vector

Feature Interpretation

Local histogram Mean grey level
features Variance Gives the variance of the histogram. It is

Energy minimised when histogram elements are
as equal as possible.

Entropy Measures the homogeneity of the histogram.
Kurtosis Characterises the degree of asymmetry

of the histogram around its mean.
Skewness Measures the relative peakedness or

Ñatness of the histogram.

Grey level co-occurrence Energy (or Angular Gives the variance of the matrix. It is
matrix features Second Moment) minimised when matrix elements are as

equal as possible.
Contrast Gives the inertia of the matrix according

to its main diagonal.
Correlation Measures the resemblance between lines

(respectively columns).
Entropy Gives a measure of the homogeneity of

the matrix elements.
Inverse di†erent moment Give high values if elements are

concentrated around the main diagonal
of the matrix.

Grey level run length Short-run emphasis Emphasises the short run existing in the image.
matrix features Long-run emphasis Emphasises the long run lengths of an image.

Grey level distribution Gives high values if frequencies of
occurrence of run length are distributed
over very few grey levels.

Run-length distribution Gives high values if frequencies of
occurrence of run length are distributed
over very few run lengths.

Run percentages Low for homogeneous texture.

Sixteen texture features were extracted from each colour
channel, leading to a total of 48 (16] 3) texture fea-
tures. Including the size and shape features, the total
number of features was 73. All the features were nor-
malised in order to have an invariance pertaining to the
rotation and the translation of the seeds. All the data
were gathered into a matrix of 800 rows (learning
patterns) and 73 columns.

Genetic algorithm

GA was performed by means of programs written in
C]] language. GA was run with 500 generations,
the crossover probability was 0É6, the mutation prob-
ability was 0É001, and the size of the population was 50.
The values of these parameters were Ðxed after a scan-
ning through the literature. The chosen empirical values
of these parameters had proven their efficiency in pre-
vious optimisation problems, and are recommended by
several authors (Davis 1989 ; Goldberg 1989). There is
no method to automatically optimise the values of the

GA parameters for a given problem, but many authors
suggest the use of a high value of crossover probability,
and a low value of the mutation probability. The initial-
isation probability determines the proportion of selec-
ted variables of the initial population. As the number of
selected variables is an important element of robustness
of a given predictive model, the initialisation probability
deserved to be studied. For this goal, independent tests
were achieved by varying the value of the initialisation
probability.

The natural representation of each chromosome was
a binary string of length 73 representing the absence or
presence of each of the 73 available features. The main
advantage of this representation was that it made it
possible to use the standard GA operators (binary
crossover and binary mutation). Hence, no deÐnition of
new GA operators was required. Great care was taken
in order to better understand the strengths and the limi-
tations of GAs in feature selection. The convergence
properties of this algorithm were studied. Moreover, the
number and the kind of selected features were analysed
as a function of the number of generations.
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RESULTS AND DISCUSSION

Seed appearance

Seed discrimination by artiÐcial vision is based on the
physical appearance of the seed species to be discrimi-
nated. In the present case, seeds of red fescue and peren-
nial rye grass, which are cultivated seed species, have
the same colour features. They both present a yellowish-
green colour. Seeds of red fescue are slightly smaller
than those of perennial rye grass (Fig 1). These two
species are usually mixed in commercial seed lots for
lawn cultivation. Visual discrimination between these
two species is uneasy, and it might be supposed that
their automatic identiÐcation would also be difficult.
Seeds of rumex had a small size and a dark brown
colour and were homogeneous in size and colour, whilst
wild oat seeds were heterogeneous in their morphologi-
cal appearance. Indeed, there were small, brown wild
oat seeds as well as large, yellow ones. Some wild oat
seeds presented a stalk, although most of these stalks
had usually been broken o† during transportation.

The histogram of area and width are shown on Figs 2
and 3, respectively. The seeds of wild oat had the largest
and the most variable area. Seeds of perennial rye grass
had an area which was slightly larger than that of seeds
of rumex and red fescue. Seeds of rumex and red fescue
had approximately the same area. Areas therefore did
not allow the discrimination between rumex and red
fescue. Moreover, the width, which represented the
length of the minor principal axis of each seed, did not
make it possible to discriminate between rumex and
perennial rye grass (Fig 3). Seeds of red fescue had the
lowest width. The width of wild oat seeds varied from
17 pixels to 45 pixels. In spite of the heterogeneity of
width, this feature allowed the discrimination of wild
oat seeds from the three other seed species.

Feature selection by genetic algorithm

All the parameters of the GA were Ðxed to empirical
values except the initialisation probability parameter.
This parameter operates during the initialisation stage
of the population. In the Ðrst experiment, the initial-
isation probability was set to 0É1. This meant that 10%
of the elements of each initial chromosome were ran-
domly set to 1. Figure 4 shows the evolution of the pro-
portion of misclassiÐcation of the learning set by the
leave-one-out nearest neighbour method pertaining to
the number of generations (iterations) of the GA. At
each generation, the average performance of the corre-
sponding population and those of the best and the
worst chromosomes are given. The worst chromosome
is the chromosome which gave the highest proportion
of misclassiÐcation in the population. It could be
observed that the proportion of misclassiÐcation of the

Fig 1. Example of typical images of seeds. (1) Green channel
image of red fescue seeds, (2) green channel image of perennial
rye grass seeds, (3) green channel image of wild oat seeds and

(4) green channel image of rumex seeds.

best chromosome decreased as the number of gener-
ations increased. At generation 20, 4É75% of the seeds
were misclassiÐed by the best chromosome, whereas at
generation 400, the percentage of misclassiÐcation was
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Fig 2. Histogram of the apparent area of seeds.

Fig 3. Histogram of the width of all the seeds.

Fig 4. Proportion of misclassiÐcation as a function of the number of generations (initialisation probability \ 0É1).
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equal to 3É00. The average proportion of misclassiÐca-
tion of each population slowly decreased as a function
of the number of generations. The worst chromosome
gave very instable results. For example, it gave a per-
centage of misclassiÐcation of 68É22 for the generation
270 and 15É00 at generation 400. The number of fea-
tures selected by the best chromosome is represented as
a function of the number of generations (Fig 5). The
number of selected features by the best chromosome
was almost invariant to the number of generations, and
had values around 5 (almost 10% of 73). The features
which were most often selected were : the width, the
entropy in the blue channel of the histogram of each
seed, the magnitude of the second and the sixth Fourier

descriptors, and the grey level distribution in the green
channel of the run length matrix of each seed. It was
observed that GA did not tend to drastically modify the
number of selected features, initially determined by the
initialisation probability.

The same results were obtained when the initial-
isation probability was set to 0É5 (Figs 6 and 7). The
number of selected features was again almost indepen-
dent on the number of generations, and took values
around 35 (about 50% of 73). Initially, 5É38% of the
seeds were misclassiÐed with 34 features selected by the
best chromosome. At generation 360, the percentage of
misclassiÐcation decreased to 5É00 with 31 selected fea-
tures. There was no obvious relationship between the

Fig 5. Number of features introduced by the genetic algorithm as a function of the number of generations (initialisation
probability \ 0É1).

Fig 6. Proportion of misclassiÐcation as a function of the number of generations (initialisation probability \ 0É5).
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Fig 7. Number of features introduced by the genetic algorithm as a function of the number of generations (initialisation
probability \ 0É5).

proportion of misclassiÐcations and the number of
introduced variables. With only Ðve selected features
(obtained from the study with an initialisation probabil-
ity of 0É1 and generation 400) the results were slightly
better with only 3É00% misclassiÐcations. It therefore
seems that it would be necessary to process a larger
number of generations when the value of the initial-
isation probability is higher.

GA is based on the selection of the best individuals
for reproduction. The chromosomes of the best individ-

Fig 8. Evolution of the percentage of selection of variables
“widthÏ and “short run emphasis in the green channelÏ as a
function of the number of generations (initialisation

probability \ 0É1).

uals were supposed to include the most relevant fea-
tures. In order to study the feature selection during the
search process, the percentage of selection of some rep-
resentative variables in the whole population was
analysed. At each generation, the percentage of selection
of a variable refers to the ratio of the number of times
the corresponding variable was selected in the whole
population to the total size of the population (here, 50
chromosomes). At a given iteration, a variable which
was selected by a large number of chromosomes has a
large percentage of selection. Some variables, such as

Fig 9. Evolution of the percentage of selection of variables
“eccentricityÏ and “sixth invariant momentÏ as a function of the

number of generations (initialisation probability \ 0É5).
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the width and the magnitude of the sixth Fourier
descriptor, which were initially seldom selected (low
value of the percentage of selection), became more and
more important as the algorithm progressed (Figs 8 and
9). The variable “widthÏ was initially present in only 6
chromosomes (Fig 8). At generation 500, it was selected
by 33 chromosomes. On the contrary, other variables
were rejected as the number of generations increased.
This was the case, for example, for eccentricity (Fig 9).
This means that GA was able to efficiently select or
reject features according to their relevance.

CONCLUSIONS

In the present experiment, GA was combined with the
nearest neighbour method for the discrimination of
seeds by artiÐcial vision. The value to be maximised was
the percentage of correct classiÐcation by the leave-one-
out nearest neighbour method. GA made it possible to
select the more relevant features among an initial set of
large size. The best results were obtained with an initial-
isation probability of 0É1, at generation 400, leading to
3É00% of misclassiÐcations between the four seed
species. The number of selected features was quite inde-
pendent on the number of generations of the GA.

Surprisingly, GA did not tend to signiÐcantly vary
the number of features as a function of the number of
generations. It would be interesting to implement a GA
which minimises simultaneously two values : the pro-
portion of misclassiÐcation and the number of intro-
duced features. However, the standard version of GA
cannot be used for the optimisation of more than one
attribute. Multiobjective problems can be transformed
into single objective problems. This can be achieved by
deÐning a single Ðtness function which takes into
account all the objectives. For example, a linear com-
bination (weighted sum) of the multiple attributes may
be used, but the choice of the weights is not trivial.
Studies directly dealing with multiobjective opti-
misation by GAs have been recently published. These
works have introduced new concepts in the deÐnition of
the basic operators of GA (Mahfoud 1992 ; Horn and
Nafpliotis 1994). In further work we intend to investi-
gate this alternative.
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