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Summary. This chapter presents a broad overview of Computational Intelligence

of the current literature on CI based approaches to various problems in multime-
dia computing such as speech, audio and image processing, video watermarking,
content-based multimedia indexing and retrieval are presented. We discuss some
representative methods to provide inspiring examples to illustrate how CI could be
applied to resolve multimedia computing problems and how multimedia could be
analyzed, processed, and characterized by computational intelligence. Challenges to
be addressed and future directions of research are also presented.
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Fig. 2. Typical multilayered neural network

Each neuron is characterized by an activity level (representing the state
of polarization of a neuron), an output value (representing the “ring rate of
the neuron), a set of input connections, (representing synapses on the cell
and its dendrite), a bias value (representing an internal resting level of the
neuron), and a set of output connections (representing a neuron•s axonal pro-
jections). Each of these aspects of the unit is represented mathematically
by real numbers. Thus each connection has an associated weight (synaptic
strength), which determines the e�ect of the incoming input on the activation
level of the unit. The weights may be positive or negative. Referring to Fig. 2,
the signal ”ow from inputs { x1, . . . , xn } is considered to be unidirectional in-
dicated by arrows, as is a neuron•s output signal ”ow (O). The neuron output
signal O is given by the following relationship:

O = f (net) = f

�
n�

j =1

wj xj

�

, (1)

where wj is the weight vector and the function f (net) is referred to as an
activation (transfer) function. The variable net is de“ned as a scalar product
of the weight and input vectors

net = wT x = w1x1 + · · · + wn xn , (2)

whereT is the transpose of a matrix. A typical Gaussian and logistic activation
function is plotted in Fig. 3.

Neural Network Architecture

The behavior of the neural network depends largely on the interaction be-
tween the di�erent neurons. The basic architecture consists of three types of
neuron layers: input, hidden and output layers. In feed-forward networks, the
signal ”ow is from input to output units strictly in a feed-forward direction.
The data processing can extend over multiple (layers of) units, but no feed-
back connections are present, that is, connections extending from outputs of
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Fig. 3. Typical Gaussian and logistic activation function

units to inputs of units in the same layer or previous layers. Recurrent net-
works contain feedback connections. Contrary to feed-forward networks, the
dynamical properties of the network are important. In some cases, the acti-
vation values of the units undergo a relaxation process such that the network
will evolve to a stable state in which these activations do not change anymore.
In other applications, the changes of the activation values of the output neu-
rons are signi“cant, such that the dynamical behavior constitutes the output
of the network. There are several other neural network architectures (Elman
network, adaptive resonance theory maps, competitive networks, etc.) depend-
ing on the properties and requirement of the application. Reader may refer
to [2] for an extensive overview of the di�erent neural network architectures
and learning algorithms. A neural network has to be con“gured such that the
application of a set of inputs produces the desired set of outputs. Various
methods to set the strengths of the connections exist. One way is to set the
weights explicitly, using a priori knowledge. Another way is to train the neural
network by feeding it teaching patterns and letting it change its weights ac-
cording to some learning rule. The learning situations in neural networks may
be classi“ed into three distinct sorts. These are supervised learning, unsuper-
vised learning and reinforcement learning. In supervised learning, an input
vector is presented at the inputs together with a set of desired responses, one
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Fig. 6. The functional block diagram of a genetic algorithm

A “tness function must be devised for each problem to be solved. Given a par-
ticular chromosome, the “tness function returns a single numerical “tness or
“gure of merit, which will determine the ability of the individual, which that
chromosome represents. Reproduction is the second critical attribute of GA•s
where two individuals selected from the population are allowed to mate to pro-
duce o�spring, which will comprise the next generation. Having selected two
parents, their chromosomes are recombined, typically using the mechanisms
of crossover and mutation.

There are many ways in which crossover can be implemented. In a sin-
gle point crossover two chromosome strings are cut at some randomly chosen
position, to produce two •head• segments, and two •tail• segments. The tail
segments are then swapped over to produce two new full-length chromosomes.
Crossover is not usually applied to all pairs of individuals selected for mat-
ing. Another genetic operation is mutation, which is an asexual operation
that only operates on one individual. It randomly alters each gene with a
small probability. Traditional view is that crossover is the more important of
the two techniques for rapidly exploring a search space. Mutation provides a
small amount of random search, and helps ensure that no point in the search
space has a zero probability of being examined. If the GA has been correctly
implemented, the population will evolve over successive generations so that
the “tness of the best and the average individual in each generation increases
towards the global optimum. Selection is the survival of the “ttest within
GA•s. It determines which individuals are to survive to the next generation.
The selection phase consists of three parts. The “rst part involves determi-
nation of the individual•s “tness by the “tness function. A “tness function
must be devised for each problem; given a particular chromosome, the “tness
function returns a single numerical “tness value, which is proportional to the
ability, or utility, of the individual represented by that chromosome. For many
problems, deciding upon the “tness function is very straightforward, for ex-
ample, for a function optimization search; the “tness is simply the value of
the function. Ideally, the “tness function should be smooth and regular so
that chromosomes with reasonable “tness are close in the search space, to
chromosomes with slightly better “tness. However, it is not always possible
to construct such ideal “tness functions. The second part involves converting
the “tness function into an expected value followed by the last part where
the expected value is then converted to a discrete number of o�spring. Some
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Fig. 8. The hierarchy of videos and examples of multi-modal SOMs [46]

boolean calculation to reduce the context of concept lattices. The scale of the
problem is reduced by using this method. At the same time, the e�ciency of
image retrieval is improved, which is re”ected in the experiments.

Fuzzy set methods have been already applied to the representation of
”exible queries and to the modeling of uncertain pieces of information in data-
bases systems, as well as in information retrieval. This methodology seems to
be even more promising in multimedia databases which have a complex struc-
ture and from which documents have to be retrieved and selected not only
from their contents, but also from the idea the user has of their appearance,
through queries speci“ed in terms of user•s criteria. Dubois et al. [14] provided
a preliminary investigation of the potential applications of fuzzy logic in mul-
timedia databases. The problem of comparing semi-structured documents is
“rst discussed. Querying issues are then more particularly emphasized. They
distinguish two types of request, namely, those which can be handled within
some extended version of an SQL-like language and those for which one has
to elicit user•s preference through examples.

Hassanien and Jafar [8] presented an application of rough sets to feature
reduction, classi“cation and retrieval for image databases in the framework
of content-based image retrieval systems. The presented description of rough
sets theory emphasizes the role of reducts in statistical feature selection, data
reduction and rule generation in image databases. A key feature of the in-
troduced approach is that segmentation and detailed object representation
are not required. In order to obtain better retrieval results, the image texture
features can be combined with the color features to form a powerful discrimi-
nating feature vector for each image. Texture features from the co-occurrence
matrix are extracted, represented and, normalized in attribute vector then
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the rough set dependency rules are generated directly from the real value
attribute vector. Then the rough set reduction technique is applied to “nd
all reducts of the data which contains the minimal subset of attributes that
are associated with a class label for classi“cation. A new similarity distance
measure based on rough sets was presented. The classi“cation and retrieval
performance are measured using recall-precision measure, as is standard in all
content based image retrieval systems. Figure 9 illustrates the image classi-
“cation and retrieval scheme based on the rough set theory framework. (See
also [114])

Chen and Wang [113] proposed a fuzzy logic approach UFM (Uni“ed
Feature Matching), for region-based image retrieval. In their retrieval sys-
tem, an image is represented by a set of segmented regions, each of which is

Fig. 9. CBIR in rough sets frameworks [8]












