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Abstract—In many areas such as commerce, medical
investigations, and others, large collections of digital images
are being created. Search operations inside these collections of
images are usually based on low-level features of objects
contained in an image: color, shape, texture. Although such
techniques of content-based image retrieval are useful, they are
strongly limited by their inability to consider the meaning of
images. Moreover, specifying a query in terms of low level
features may not be very simple. Image annotation, in which
images are associated with keywords describing their
semantics, is a more effective way of image retrieval and
queries can be naturally specified by the user.
The paper presents a combined set of methods for image
retrieval, in which both low level features and semantic
properties are taken into account when retrieving images.
First, it describes some methods for image representation and
retrieval based on shape, and proposes a new such method,
which overcomes some of the existing limitations. Then, it
describes a new method for image semantic annotation based
on a genetic algorithm, which is further improved from two
points of view: the obtained solution value – using an
anticipatory genetic algorithm, and the execution time – using
a parallel genetic algorithm.
Index Terms—image annotation, image representations,
image retrieval by content, genetic algorithm, shape retrieval.

I. INTRODUCTION
Large image databases are used in many types of
multimedia applications such as science, engineering,
entertainment, and business. Due to the huge number of
images in such databases, search and retrieval of images
become a real challenge. One solution to efficient image
retrieval is content-based retrieval, in which images are
located based on different techniques for comparing the
image content.
The earliest use of the term content-based image retrieval
(CBIR) in the literature seems to have been by [1], to
describe his experiments in automatic retrieval of images
from a database. The retrieval was made based on the image
content, which was represented by the low level features:
colour, shape, or texture. CBIR differs from classical
information retrieval in that image databases are essentially
unstructured, since digitized images consist purely of arrays
of pixel intensities, with no inherent meaning. One of the
key issues with any kind of image processing is the need to
extract useful information from the raw data (such as
recognizing the presence of particular shapes or textures)
1
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before any kind of reasoning about the image’s contents is
possible .
There are two general methods for comparing images:
intensity-based (color and texture) and geometry-based
(shape). Based on a survey about cognitive aspects of image
retrieval, [2] show that users are more interested in
retrieving images by shape than by color and texture.
The effectiveness of all current CBIR systems is
inherently limited by the fact that they can operate only at
the primitive feature level. For example, a query for “sky”
will return scenes of both daytime (where sky is mostly
blue) and sunsets (where sky tends to be orange) with equal
ease. It is usually quite difficult to design a set of visual
features that captures all the relevant dimensions of image
variability (e.g., that the sky can be either blue or orange).
Thus combining primitive image features with text
keywords can overcome some of these problems, therefore
image annotation (a mapping between the regions of an
images and a set of words) becomes an important operation
towards describing the semantics of an image..
The aim of this paper is to propose a combined set of
methods for image retrieval, in which both low level
features and semantic properties are taken into account
when retrieving images. The first part of the paper (Section
II.) describes and compares four boundary based methods
for shape representation and retrieval: Fourier descriptorsbased method, turning angle method, centroid-radii method,
and distance histogram method. A new method, called
“centroid radii and turning angle” is proposed. The five
methods are compared by precision and recall, processing
time, and comparison time. The second part of the paper
(Section III.) presents a method for semantic annotation of
objects in images by first performing vocabulary
classification (using k-means clustering) and then applying a
standard genetic algorithm for associating keywords.
Moreover, two variants of the standard genetic algorithm are
proposed, aiming to improve the results obtained by image
annotation.
II. IMAGE RETRIEVAL BASED ON SHAPE
Shape is an important low-level image feature. For
retrieval based on shapes, images must be first segmented
into individual objects. After segmentation, the basic issue
of shape-based image retrieval is shape representation and
similarity measurement between shape representations.
Image retrieval systems are based on best-match
techniques instead of exact match techniques. During the
retrieval process, the user selects an example image that he
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or she is interested in. The image is then presented to the
retrieval system. The system retrieves images containing
similar shapes and presents them to the user in the order of
decreasing similarity – the similarity measure between
shapes representations should conform to human perception.
A good shape representation and similarity measurement
for recognition and retrieval purposes should have the
following two important properties [3]: (i) each shape
should have a unique representation, invariant to translation,
rotation, and scale; (ii) similar shapes should have similar
representations so that retrieval can be based on distances
among shape representations.
A. Fourier Descriptors-Based-Method
Reference [4] proposed the technique of using the Fourier
descriptors (FD) as the representation of shapes. Fourier
descriptors as in [5] are obtained by applying Fourier
transform to shape boundary (represented by a shape
signature). In [6], the authors show that shape signature
using centroid distance has good results in shape based
retrieval.
The centroid distance function (ri) is expressed by the
Euclidean distance of the boundary points to the centroid of
the shape. All the shapes are normalized to the same number
of boundary points N. The discrete Fourier transform of is
then given by:

then the new θ*B(s) is only a simple vertical shift in y axis of
θB(s). To measure the similarity between the two objects
without being affected by rotations, all possible vertical
translations for the θA(s) with α, (α ranging between [0, 2π]),
should be considered.
Another factor to consider is the arbitrary nature of the
starting point along the boundary of the object; the vectors
θA(s) and θB(s) may be the same unless there is an arbitrary
horizontal translation of the samples (a circular shifting of
the turning angle vector elements).
To compare two shapes by their turning angles vectors,
the Euclidean distance is used. For two shapes A and B
whose turning functions are θA(s) and θB(s), the distance
function has to take into account all the possible vertical and
horizontal translations of the samples of A and B. The
distance between two shapes A and B will be compared
using:

 (

d ( A, B )  min
r ,

A

(i )   B ( i )) 2 .

(3)

i

where min represents the minimum of all possible horizontal
r ,

and vertical translations of θB.

C. Centroid-Radii Method
In [8] a method for shape representation based on
N 1
centroid-radii
model is proposed (the CR method). The
(1)
u n  N 1  ri exp(  j 2 niN 1 ), n  0 ,1,..., N  1 .
shape is represented by the lengths of the shape’s radii from
i0
centroid to boundary. The interval between radii, θ, is fixed.
The coefficients un, n = 0,...,N-1, are called Fourier Therefore, the number of intervals can be calculated by k =
[360/θ]. The shape can then be represented by the vector:
descriptors (FD) of the shape: FDn, n = 0,1,...,N-1.
th
(L
0, Lθ, …, L(k-1)θ) (where Liθ , 0 ≤ i ≥ k-1 is the (i+1)
Shape radii and thus their transformations are translation
invariant. |FDn|, is invariant to rotation and |FD0| reflects the radius from the centroid to the boundary of shape). This
energy of the shape radii, thus |FDn|/|FD0| will be scale representation is invariant to translation. To make this
invariant. The vector f=[ |FD1| / |FD0|, |FD2| / |FD0| ,…, representation invariant to scale, all radii lengths can be
normalized by dividing the longest radius among them and
|FDN-1|/|FD0| ] is used as the Fourier descriptors.
The similarity measure of the query shape (A – described obtain: (l0, lθ, …, l(k-1)θ) where liθ are the normalized values.
by the Fourier descriptors FDA: (FDA1, …, FDAN-1)) and a In most cases the representation itself is not robust to
target shape from the database (B described by the Fourier rotation. When a different starting point is chosen, a new
descriptors FDB: (FDB1, …, FDBN-1)) is the Euclidean radius vector is obtained.
The distance between the two shapes A and B will be
distance between the query and the target shape feature
computed
using the Manhattan distance between the two
vectors as in:
feature vectors as in:
d ( A, B ) 

N 1

 | FD

A

i

 FD B i | .

(2)

i 1

B. Turning Angle Method
A boundary of a polygon A is described by a list of
vertices (xi, yi). In the Turning Angle (TA) method,
presented in [7], the boundary is described by the turning
function θA(s), which measures the angle of the counter
clockwise tangent as a function of the arc length s. The
angle is measured from a given reference start point O on
the polygon’s orientation, i.e. the x axis.
This type of representation of shape is invariant to
translation. To make it invariant to scale, the polygon will
be normalized such that its perimeter length will be 1. The
representation is not invariant to rotation. Consider two
polygons A and B with their turning angle θA(s) and θB(s),
and rotate one of them, for instance B, by a certain angle α;
50
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D. Distance Histogram Method
The Distance Histogram (DH) method, proposed in [9], is
similar to the centroid-radii method [8]. This method
computes a histogram based on the length of the shape’s
radii measured from the shape’s centroid to its boundary. A
number of sample points for each edge evenly spread on it
are chosen. This number is proportional with the length of
each edge referred to the perimeter of the shape.
The radii are computed using the Euclidean distance
between the sample points and the centroid of the shape.
The distance histogram will be computed based on the set of
radii { d1, d2, … dn}. This approach is invariant to
translation. The sample points for each edge are evenly
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spread on it. Thus the method is invariant to rotation. For
two shapes A and B, where B is a scaled version of A, the
radii set of B will be different from the radii set of A. So the
DH is not invariant under scale. The scaling normalization
consists of dividing the value of the lengths of all radii by
the value of the maximum length of the radii length.
The range of the length of all radii [0, Rmax] is separated
into R ranges. Then, the distance histogram is represented
as: D: (d0, d1, d2, …, dR-1), where di, i = 0 .. (R-1) is the
number of distances belonging to ith distance range.
The similarity between two shapes A and B with the
distance histograms DA: (dA0, dA1, dA2, …, dAR-1) and DB:
(dB0, dB1, d22, …, d2R-1) is given by the Euclidean distance:
d (D , D ) 
A

B

R 1

 (d

the shape is smoothed using an iterative algorithm (with
linear complexity on the number of boundary points [11]).
Thus the similarity between two shapes A and B
represented by {(dA1, stdA1), (dA2, stdA2), …, (dAn, stdAn)}
and {(dB1, stdB1), (dB2, stdB2), …, (dBm, stdBm)}, respectively,
is given by:
d ( A, B )  direction _ dist  radii _ dist .

where direction_dist is the distance between the edges’
directions, and radii_dist is the distance between the radii
associated with each direction.

 (d

direction _ dist  min
A

i

d

B

i
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) .

k
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E. Centroid Radii and Turning Angle Method
Let us consider the two shapes from Fig. 1. The distance
between the two shapes (computed with (5)) is nearly 0 (the
lengths of the radii associated with each shape are very
closely), which means that the two shapes are similar based
on the DH method, although they look different. This
happens because the distance histogram method discards
spatial information to obtain rotation invariant.

Fig. 1. Two similar shapes based on DH method
To consider spatial representation, a new method for
shape representation and retrieval – the Centroid Radii and
Turning Angle (CRTA) method was proposed in [10]. A
shape is represented by the directions of the edges together
with the radii list: (a) the direction of an edge is represented
by the turning angle of the edge (as in TA method); (b) each
edge has associated a list of corresponding radii (the
corresponding radii are obtained as in the DH method).
This representation is invariant to translation, but it is not
invariant to scale. To make it scale invariant, all the
distances between the centroid of the shape and the chosen
sample points must be normalized: dividing the value of all
distances by the value of the maximum distance. The
representation is not invariant to rotation. For a rotated
shape, all the edges’ directions will increase or decrease
with the same rotation angle. Thus all possible vertical
translations for the edges’ directions with α, (α ranging
between [0, 2π]), should be considered.
To compare two shapes using this method, the lists of
directions must be compared, and the radii associated with
them must be compared, too. In order to compare the radii
associated with each direction, the standard deviation of the
radii are calculated. Therefore a shape will be represented
by {(d1, std1), (d2, std2), …, (dn, stdn)}, where d1, d2, …, dn
represent the edges’ directions of the shape and std1, std2,
…, stdn represent the standard deviation of each direction.
In this case one shape can have more edge directions than
the other. But we cannot say that the shapes are different
because the shapes can be affected by noise. Thus a
supplementary stage is necessary, in which the boundary of

(6)

A

(i ) * L r  d B ( j ) * L r ) 2 .
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i, j

and
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 ( std

A

( i ) * L r  std B ( j ) * L r ) 2 .
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i, j

where min represents the minimum of all circular shifted of
k

dA, Lr is the length of the common edge for i direction,
respectively j direction of the two shapes and stdA(i), stdB(j)
is the standard deviation of the radii associated with the ith ,
respectively jth direction of the two shapes (they correspond
to the circular shifted position of the edges’ direction for
direction_dist is minimum).
F. Experimental Results
In this section, a performance comparison of the five
discussed methods is presented. To test the retrieval
performance of these methods, a retrieval framework has
been implemented on two databases with synthetic shapes:
 the database A with simple polygonal shapes described
by boundary points (maximum 20 boundary points):
approximately 400 polygons (without noise;
 the database B with synthetic shapes of fishes used by
SQUID system [12]: approximately 2000 synthetic
shapes: there are 500 initial shapes (the shapes may be
affected by noise) Each shape is described by the
boundary points, too. On the average, there are 700
boundary points.
The performance has been evaluated using:
 precision and recall as described in [3]; Precision is
defined as the ratio of the number of similar shapes
retrieved to the total number of shapes retrieved.
Recall is defined as the ratio of the number of similar
shapes retrieved to the total number of similar shapes
in the whole database. Precision indicates accuracy
of the retrieval and recall indicates the robustness of
the retrieval performance.
 processing time (time for computing all of the
information used to compare two shapes);
 comparison time (time for comparing two shapes).
The query shape is selected from the database.
Considering the average precision and recall (Fig. 2.)
obtained for the two test databases, the centroid radii and
turning angle method outperforms the rest of the analyzed
methods. The low retrieval performance of turning angle
51

[Downloaded from www.aece.ro on Monday, January 09, 2023 at 22:59:24 (UTC) by 44.207.124.84. Redistribution subject to AECE license or copyright.]

Advances in Electrical and Computer Engineering
method indicates it as an inaccurate shape representation.
There are few situations in which distance histograms
method outperforms precision and recall of the centroid
radii and turning angle method (these situations appear for
shapes with a lot of small edges).
1

Precision

0.8

Based on the results from Fig. 2. (precision – recall
graph) the performance of the CRTA method is higher than
the performances of the other four methods. Using a
preprocessing step for smoothing the edges of the shape, as
described in [13], the comparison time for CRTA method is
reduced by a factor of 4, showing that the CRTA method
achieves good results for image retrieval.
III. IMAGE ANNOTATION

0.6
0.4
0.2
0
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

1

Recall

DH

TA

CR

FD

CRTA

Fig. 2. Average precision and recall
The average processing time and average comparison
time for the described methods are given in Fig. 3a. and Fig.
3b., respectively. The CR method has the lowest processing
time, but the CRTA method has the longest processing time.
The CR method needs to calculate only the centroid radii for
representing a shape while the CRTA method needs to
compute more data – (edges’ directions and centroid radii
associated which every edge).

Fig. 3a. Average processing time (CR ~ 0.02 CRTA, TA
~ 0.06 CRTA, FD ~ 0.3 CRTA, DH ~ 0.9 CRTA)

Fig. 3b. Average comparison time (CR~ 0.01 TA, DH ~
0.01 TA, FD ~ 0.05 TA, CRTA ~ 0.5 TA)
The CR method and DH method have the lowest
comparison time, but the TA method has the longest
comparison time. The CR method and Fourier descriptorbased method represent shapes by feature vectors with
similar number of components. The TA method represents
shapes using the largest number of components for feature
vectors. On the average, the comparison time for CRTA
method is two times lower than the comparison time for TA
method. But the comparison time for CRTA method is very
high compared to the other presented methods: FD, CR and
DH methods.
52
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The requirements of image users can vary considerably;
these requirements can be used to classify image queries
into three levels of abstraction of increasing complexity as
in [14], [15]:
 Level 1 comprises retrieval by primitive features such
as color, texture, shape or the spatial location of image
elements. For example: “find pictures with long thin
dark objects in the top left-hand corner”, “find images
containing yellow stars arranged in a ring” – or most
commonly “find me more pictures that look like this”.
This level of retrieval uses features (such as a given
shade of yellow) that are both objective and directly
derivable from the images themselves, without the need
to refer to any external knowledge base.
 Level 2 comprises retrieval based on derived features
(or logical features), involving some degree of logical
inference about the identity of the objects depicted in
the image. It can be: (i) retrieve objects of a given type
(e.g., “find pictures of a double-decker bus”); or (ii)
retrieve individual objects or persons (“find a picture of
the Eiffel tower”).
 Level 3 comprises retrieval by abstract attributes,
involving a significant amount of high-level reasoning
about the meaning and purpose of the depicted objects
or scenes. It can be: (i) retrieve of named events or
types of activity (e.g., “find pictures of Scottish folk
dancing”); or (ii) retrieve pictures with emotional or
religious significance (“find a picture depicting
suffering”).
Many authors, for example [16], refer to levels 2 and 3 of
image queries as semantic image retrieval, and identify a
gap between levels 1 and 2, called the semantic gap.
Image manual annotation is a difficult process. A large
number of techniques have been proposed to resolve image
annotation automatically. Many of these techniques treat the
problem of image annotation as a translation from image
instances (object from images) to keywords, and are based
on unsupervised or supervised machine learning techniques,
as described for example in [17], [18] [19] .
A. Image Annotation Using a Traditional Genetic
Algorithm
Based on an idea of [20], we present a new image
annotation technique based on a genetic algorithm (GA).
The proposed algorithm has the structure of a classical GA
and is called Image Annotation Genetic Algorithm
(IA_GA).
The vocabulary used for image annotation consists of a
set of words and each word is associated with a
representative image - each representative image for a word
from vocabulary contains one meaningful region/segment.
All these images will be named vocabulary images. In our
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approach, image annotation is based on the color and shape
similarities. The color similarities are obtained using the
histogram color method. The used color space is HSV space
based on the results from [21] – a model based on the artist
concepts: Tint, Shade and Tone. The distance between two
objects from the point of view of the color low-level feature
is obtained by the histogram intersection, proposed in [22].
As opposed to the method described in [20], our proposed
approach classifies the vocabulary images starting from their
shapes and using the k-means clustering algorithm [23].
The k-means clustering algorithm classifies a given data
set into groups (named clusters) of similar data. The
numbers of clusters are fixed a priori. Let us consider a
given data set D = {x1, …, xN} which we want to classify in
k clusters. A set of centroids C = {C1, ..Ck} will be assigned
to each cluster (the initial centroids may be randomly chosen
from the data set). Each item xi from the data set D will be
associated to a cluster j (the cluster with the minimum
distance between xi and Cp, p  {1, ..., k}). When no point
is pending, the first step is completed and an early grouping
is done. At this point we need to re-calculate k new
centroids of the clusters resulting from the previous step.
After we have these k new centroids, a new binding has to
be done between the same data set points and the nearest
new centroid. After that the k centroids change their location
step by step until the centroids do not move any more.
Each word from vocabulary will be represented by the
shape extracted from the described image – the shape is
described using the CRTA method, described in Section
II.E. The k-means algorithm will be applied for image
classification based on shape. The distance used in the kmeans algorithm is the distance from (7) – by which are
computed the similarity of two objects in CRTA method.
Thus, at the end of the classification phase, each cluster will
contain words which have similar shape.
Thus a region Ri will be compared only with a part of the
vocabulary images, namely only with the images from the
cluster to which Ri is closest (the cluster which has the
minimum distance between Ri and its centroid).
The genetic algorithm will associate a set of
representative words to each image. In fact each word will
describe a region from the image. A chromosome in the
genetic algorithm must reflect the similarity between the
image and the current description of it. This similarity will
be computed by the fitness function using the low level
features. But the fitness function cannot be only a distance
between low level features. It must reflect how good or bad
is the current image description. Thus the fitness function
must combine this distance with a similarity degree for the
worst description from the used vocabulary. The obtained
value will be mapped to the range from the worst similarity
degree to the better similarity degree.
Before applying the genetic algorithm for image
annotation, a preprocessing phase is needed. This phase
comprises the following steps:
 each image is segmented into component regions R1,
R2, …, RN. In fact each region from an image is an
object (each object is identified by its boundary).
 a similarity degree Sij is assigned to each region Ri.
Sij is based on the similarity of the low level features
(color and shape) between region Ri and object Oj,
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where Ri belongs to cluster p of the vocabulary and
Oj is every object of cluster p. The color feature and
the shape feature are considered in equal ratios – and
normalized in interval [0, 1]. Each region Ri will
have an associated set of similarity degrees: Seti. We
note Si_min and Si_max minimum and maximum
similarity degree of region Ri.
The IA_GA algorithm for annotating an image containing
N objects uses the following representation and genetic
features:
 a chromosome in IA_GA is represented by N values
{V1, V2, …, VN}, where Vi represents the word WNi
associated with region Ri as depicted in Fig. 4. When
the algorithm terminates, WNi will annotate the
region Ri. The initial population is generated
randomly, based on the vocabulary used for
annotation.
Classified vocabulary
Cluster k
Cluster 1
Cluster p

Image

Object1

Chromosome

S1i

…

Objectj

…

Sjp

…
…

ObjectN
SNk

Fig.4. - The structure of a chromosome


the fitness function for IA_GA must express the
similarity degree between an object and the image
associated with its current associated keyword from
the vocabulary. The fitness function is based on the
similarity between each region from an image and the
current assigned word (Sij).
N

fitness 

S
i 1

N

ij

  S i _ min

N

S
i 1

i 1

N

i _ max

  S i _ min

.

(9)

i 1



selection is performed using a tournament selection
operator;
 crossover is uniform crossover;
 mutation is achieved by an operation similar to bit
flip mutation: the corresponding value of a gene is
modified with a value associated to an image from
the same cluster.
The IA_GA is evaluated with a small set of images from
the flower domain (approximately 50 images) and a
vocabulary with concepts: rose, lily, sunflower and lotus.
For this vocabulary and test set, the IA_GA algorithm time
needs to compute the set of similarity degree for each region
from an image is reduced by a factor of 0.3 as compared to
the method presented in [20].
The following genetic parameter values are considered to
test the performances of the IA_AGA: (i) 20 individuals in
each population; (ii) 100 generations; (iii) 40 test runs for
each image. The results show that the IA_GA algorithm
achieves satisfactory associations of image objects to
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significant keywords.
B. Image Annotation Using an Anticipatory Genetic
Algorithm
A genetic algorithm with anticipative behavior, called
Anticipatory Genetic Algorithm (AGA), was introduced in
[24]. AGA’s central idea is that each new generation should
be closer to the solution than the previous one. In order to
ensure this important property, candidate chromosomes that
are worse, from the fitness point of view, than the worst
candidates in the previous generation are rejected.
Consequently, each population is characterized by its
Evolution Threshold (ET), which is represented by the worst
fitness value (WFV) computed for its members. According
to the particular problem solved, WFV is either the lowest or
the highest fitness value in the considered population.
This evolution property is achieved by filtering the new
generated chromosomes, which are either included in
population Pi+1 or rejected. In order to compensate the
rejection effect, each pair of selected parent chromosomes
generates 4 or more offsprings: the first two by crossover
and the next two as mutated clones of the first ones.
Combining AGA with the IA_GA algorithm leads to a
new modified genetic algorithm for image annotation, that
we call IA_AGA. As in AGA, for each new generation four
children (chromosomes) are created: two obtained by
crossover, and two others obtained as mutated clones of the
first ones. The evolution threshold for a new generation i+1
(ETi+1) is represented by the maximum fitness value of the
individuals from generation i. A newly generated
chromosome will be considered appropriate for the next
generation and will be included in the Pi+1 population only if
its fitness value is less than ETi. The AGA algorithm is
presented in Fig. 5.
{ generate initial population (P0);
evaluate the fitness f(x) for each chromosome;
compute current evolution threshold (ET0)
i = 0
while i< No_generations do
{ initialize new population (Pi+1) and
new evolution threshold (ETi+1)
repeat
{ select parent chromosomes
apply crossover operator to generate the
primary 2 offsprings
apply mutation operator to clones of
the primary offsprings to generate 2
or more mutants
for each offspring y repeat
{ evaluate fitness f(y)
if Acceptable(y, ETi) then
{ include y in Pi+1
update ETi+1
if Full(Pi+1) then break
}
else Reject(y)
}
}until Full(Pi+1)
increase i (Pi+1 becomes Pi)
}

Fig. 5. Anticipatory genetic algorithm for image
annotation.
The IA_AGA is tested using the same test conditions as
those described in Section III.A. For each image, the IA_GA
and IA_AGA are run and the obtained keywords are
compared with the component object. The comparison is
54
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realized based on the fitness of the obtained solution, which
represents the distance between the low level features of the
object to be annotated and the annotation. On the average,
the results obtained with the IA_AGA algorithm are 5%
better than in the case of IA_GA, making the IA_AGA
annotations more accurate. Although better from the point of
view of the obtained results, the IA_AGA puts more effort
to obtain the solution: it needs 2 times more generated
chromosomes until reaching a solution than IA_GA does,
leading thus to an increased execution time of about 1.8.
C. Parallel Genetic Algorithm
In order to keep both the good annotation results
generated by IA_AGA and the computing performances of
IA_GA, we developed an parallel implementation of the
genetic algorithm used in IA_AGA. The way in which a
genetic algorithm can be parallelized depends on the
following elements [25]:
 how fitness is evaluated and mutation is applied;
 if single or multiple subpopulations are used;
 in case multiple populations are used, which is the
scheme for individuals exchanged;
 how selection is applied (globally or locally).
Depending on how we choose these parameters of the
parallel GA, more than ten different methods of parallelizing
genetic algorithms can be obtained [25]. One of these
classes of parallel genetic algorithms is called static
subpopulation with migration. The important characteristics
of this class of parallel GA are the use of multiple
subpopulations and the presence of a migration operator.
This parallelization method requires the division of the
population into some number of subpopulations.
Subpopulations are separated from one another (geographic
isolation), and individuals compete only within a
subpopulation. An additional operator, called migration, is
introduced. From time to time, the migration operator moves
(copies) some individuals from one subpopulation to
another. The migration of individuals from one
subpopulation to another is controlled by several
parameters:
 the topology that defines the connections between the
subpopulations; for example: complete topology, ring
topology, two-dimensional/three-dimensional mesh
topology, etc.
 a migration scheme that controls which individuals
from the source subpopulation (best, worst, random)
migrate to another subpopulation, and which
individuals are replaced (worst, random, etc.).
 a migration interval that determines the frequency of
migrations.
The IA_AGA algorithm is modified to account for the
parallel implementation of the GA and we call the resulting
algorithm IA_PAGA. The initial population is divided in T
subpopulations: P01, P02, …, P0T. Each population runs and
evolves on a thread, using a total of T threads. If N is the
number of individuals of the initial population, then the
subpopulation on the threads 1 … (T-1) will contain N/T
individuals and the last thread will contain a subpopulation
of (N-[N/T]*(T-1)) individuals. Each subpopulation will
evolve independently. The threads will be synchronized
from time to time. At the synchronization time the
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subpopulations will exchange some individuals.
For fine tuning the algorithm, the specific parameters of
the parallel GA must be chosen. For the anticipatory genetic
algorithm for image annotation presented in Section III.B,
the evolution threshold (the maximum fitness value of the
individuals from a subpopulation in a generation) is needed
in every generation. The next population is constructed
keeping the best chromosomes from the current population.
Thus, all the subpopulations must communicate and
exchange their evolution threshold and their best
chromosomes - the number of chromosomes exchanged will
be equal to the number of chromosomes on which elitism
selection is applied. The chosen topology must be a
complete one. The subpopulations will exchange.
The IA_PAGA is presented in Fig. 6.
IA_PAGA()
{ generate initial population (P0);
evaluate the fitness f(x) for each chromosome;
compute the initial evolution threshold (ET0)
split P0 into T subpopulations:P0_0,P0_1,…, P0_T
i = 0
repeat
{
parallel
{
for(j = 1; j <= T; j++) Run_Thread(j);
Generate_sincronization();
Migrate();
}
end parallel
}until i > No_generations
}
Run_Thread(j)
{ i = 0;
repeat
{ initialize new population (P(i+1)_j);
initialize new evolution threshold (ET(i+1)_j)
repeat
{ select parent chromosomes
apply crossover operator to generate the
primary 2 offsprings
apply mutation operator to clones of the
primary offsprings to generate 2 or
more mutants
for each offspring y
{
if Acceptable(y, ETi_j) then
{ include y in P(i+1}_j
update ET(i+1)_j
if Full(P((i+1)_j) then break
}
else Reject(y)
}
}until Full(P(i+1)_j)
increase i (P(i+1)_j becomes Pi_j)
}
Generate_sincronization()
{
generatea a synchronization step for the T
threads after each migration interval
}

Fig.6. The parallel anticipatory genetic algorithm.
The specific parameters of the IA_PAGA are:
 the topology for connections between the
subpopulations: complete topology;
 the migration scheme: the individual with the
maximum fitness value (the evolution threshold) and
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the best individuals (with minimum fitness value)
from a subpopulation – are exchanging;
 the number of subpopulations and the migration
interval will be chosen based on the experimental
tests.
Each subpopulation will evolve independently running on
a thread. The threads will be synchronized from time to
time. At the synchronization time, the subpopulations will
exchange their evolution threshold and their best
chromosomes (e chromosomes). A vector V is used for
exchanging these values. When the first thread enters into
the synchronizing step it places in vector V its evolution
threshold on the first position, and on the next e positions –
the best chromosomes from its population. The following
threads, when entering the synchronization step, compare
their evolution threshold with the value from the first
position of vector V. Also, their best chromosomes are
compared with the ones already present in the vector V (the
values of vector V from position 1 to e). If some of their
values are better than the values founded in vector V, they
will replace the values in the vector V. When the last thread
finishes this job, all threads meet at a synchronization point
and after releasing, they will copy the evolution threshold
and the chromosomes from the vector into their populations.
Fig. 7 outlines the algorithm used for exchanging best
chromosomes together with the evolution threshold.
Migrate()
{ if(Thread_entered == 1)
{
set ET with the evolution threshold of
the current thread put the best e
chromosomes in vector V
}
else
{
if(ET < V[0]) set V[0] with ET
i = 1;
while(i <= e)
{
if(fitness of chromosome[i] < fitness V[i])
set V[i] with chromosome[i]
i++;
}
}
barrier();
for(i = 0; i < e; i++) chromosome[i] = V[i];
set the evolution threshold of the current
thread with ET
}

Fig. 7. - The migration scheme for the IA_PAGA.
D. Performance Evaluation IA_PAGA
The IA_PAGA is tested in the same conditions as
IA_AGA: the same vocabulary is used for annotation, and
the same parameters are selected for the genetic algorithm,
namely the number of individuals in the population, the
number of generations, and the number of tested images.
Each image is annotated with IA_AGA and with IA_PAGA.
In the case of IA_PAGA, the values for the following two
parameters must be chosen: the number of subpopulations
and the migration interval. These two parameters will be
varied such that the accuracy of the annotation remains
unchanged. At the same time, these two parameters are
chosen in such a way that the execution time is reduced so
as to be comparable to the one of IA_AGA. Benchmarking
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the same images as in IA_AGA, the best speed gain was
obtained for 2 subpopulations and migration interval used
after every 25 generations. In this case, the execution time
was reduced by 4.6%.
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[2]
[3]
[4]

IV. CONCLUSION
The main contribution of this paper was to show how the
combination of low level features of images (color and
shape) with their semantic content can be used for image
retrieval. Towards this aim, the paper proposes a set of
algorithms that try to bridge the semantic gap between the
level 1 and levels 2, 3 in image queries. The first part of the
paper presented some methods for image retrieval based on
a low level feature, the shape: DF, TA, CR, DH, CRTA
methods. The five methods were compared based on
precision and recall, the processing time, and the
comparison time. As shown by the precision and recall
graph, the CRTA method was evaluated to have the best
retrieval performance, while the TA method to have the
worst performance. Based on the performances obtained by
the CRTA method, this method was used for obtaining the
semantic aspects of an image. Two low-level features, color
and shape, are used to annotate an image. The second part of
the paper described a standard genetic algorithm for image
annotation based on image representation by color and
shape. The genetic algorithm uses the CRTA method for
similarity determination and has been modified with an
anticipatory behavior, to increase the performance of image
annotation. Using the anticipatory genetic algorithm, the
obtained solution value is better but the execution time is
increased. Thus, a parallel genetic algorithm was proposed,
leading to an improvement of the execution time of 4.6%.
As future work, the proposed genetic algorithm will be
integrated in an enhanced annotation method, by using the
spatial relationships between objects from images and
incorporating such knowledge in a knowledge base,
represented as an ontology. Moreover, the semantics of an
image may be modeled to increase accuracy of retrieval.
The semantics of an image can be reflected by the semantics
of relevant objects in the image together with the semantic
relationships between them. Thus, a semantic image
retrieval system may be designed, which enables users to
obtain the semantic clustering of relevant images rather than
a list of isolated images as the output of content based image
retrieval. Users may then browse images along a semantic
path. In this way, the image retrieval system will be able to
search and retrieve images in more powerful ways.
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