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Abstract 

 

The intermediate results of this study add to specialised, relatively restricted, research focus of the field, which seeks to 

ascertain the mechanisms behind modern approaches in intelligent computing for evolving systems, based on theoretical 

and practical foundations and considering the fact that we are heading towards a liberal knowledge-based economy. The 

knowledge-based economy is a challenge for the future. The mathematical modelling of time-evolving systems is a 

method of the future. Due to short decision-making time, ever more companies resort to intelligent systems to assist 

managers in making key decisions. In the new knowledge-based economy, the importance of information derives from 

the advantages it offers in a deeply competitive society. 
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Given the existence of numerous 

optimisation problems, pertaining to the modelling 

of complex processes that unfold over several 

periods, each one demanding the optimal solution, 

the static perspective can act as a drawback. It is 

clear that the sequence of solutions cannot be 

determined solely based on the parameters of each 

examined period separately and that it is necessary 

to identify a series of solutions that optimise the 

entire examined process. 

Evolving problems, which demand a series 

of sequential decisions, are characterised by the 

fact that a decision adopted in a certain period has 

both an immediate effect, as well as a long-term 

effect, influencing other stages. 

As is well known, many real problems 

require the simultaneous optimisation of several 

target functions. Typically, there is no single 

solution for these applications. Up until now, in 

order to solve such problems, evolutionary and 

technical algorithms, proposed as early as 1985, 

have been applied. The literature in the field 

describes many successful applications, however 

the methods based on evolutionary algorithms are 

not yet widely available. 

Because of the short decision-making 

timeframes, increasingly more companies turn to 

intelligent systems to assist managers in making 

key decisions. 

In the new knowledge-based economy, the 

importance of information stems from the 

advantages it brings to a deeply competitive 

society. 

 
MATERIAL AND METHOD 

 
For the purposes of conducting the present 

research, I consulted the most recent and important 
works of literature in the country and abroad. The 
methodology of the research of the paper relies on 
the utilisation of methods such as descriptive 
analysis, comparative analysis, induction, deduction, 
synthesis, comparison, correlation, evaluation, and on 
formal and symbolical constructions and solutions 
(figures). 

Intelligent computing is an area of Artificial 
Intelligence, grouping techniques aiming to solve ―ill-
posed‖ problems or those for which formal models 
lead to particularly costly algorithms. 

Intelligent computing includes the following 
main directions of research (Tacu A.P. et al, 2003): 

• Neural computing - mainly employed in 

solving association problems (classification, 
approximation, prediction, etc.), relies on retrieving a 
model from examples by means of learning. Its 
source of inspiration is the structure and functioning 
of the brain. 

• Evolutionary computing - mainly applied to 
solve problems based on searching for solutions in a 
large pool of potential solutions (in particular in 
solving optimisation problems). Its inspiration lies in 
the Darwinian evolutionary principles. 

• Fuzzy computing - used when the data of 
the problem (i.e. the relationship between them) 
cannot be described accurately and there is a degree 
of uncertainty (―fuzziness‖). The basic idea is to 
replace the exact values (―crisp‖) with ―fuzzy values‖ 
described by membership functions. 

Each of the three above-mentioned directions 
involves alphanumeric processing, requiring a proper 
numerical encoding of the problem. On the other 
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hand, each of the above directions attempts to 
simulate intelligent behaviour, which drives the 
presence of the intelligent term. 

The fundamental principle behind the 
evolutionary and neural computation is to develop 
intelligent computation systems starting from the 
implementation of simple rules, while the complex 
behaviour of these systems deriving in parallel and 
interactively the application of these rules. This 
bottom-up approach is in contrast with the “top-
down” approach typical of other Artificial Intelligence 
approaches. 

Neural and evolutionary computing are part of 
the broader spectrum of natural computation which 
relies on taking cues from natural systems (physical, 
chemical, biological, ecological) in order to solve 
problems. 

The main objective of natural computing is to 
develop natural methods of solving ill-posed problems 
and problems that are unsolvable by traditional 
methods (e.g., solving NP-complete problems in 
polynomial time). 

In addition to the previously mentioned 
components, natural computation includes: 

•molecular computing (DNA Computing) 
• Membrane Computing 
• Quantum Computing. 

 
RESULTS AND DISCUSSIONS 

 

Evolutionary computation provides search 

mechanisms, within the framework of solutions 

based on the principles of natural Darwinian 

evolution. 

In order to find the solution, a research 

population is used. This population is subject to an 

evolutionary process, which involves selection, 

crossover, mutation. 

Depending on how the population is built 

and how evolution is implemented, the 

evolutionary computing systems fall into one of 

the following categories: 

• Genetic algorithms - mainly used to solve 

discrete optimization problems. The population is 

represented by binary coded states of the space of 

the problem (an element of the population is 

encoded as a string of bits), and the main operators 

are crossover and selection, while mutation 

operators have a low probability of application. 

Genetic algorithms were initially proposed by 

Holland. 

• Genetic programming – is used to 

develop calculation “models” (simple programs). 

The population is represented by programs that 

contribute to solving the problem. These tend to be 

described as derivation trees of the word that they 

represent in the language in which it is written and 

not as lines of code; for example, “the expression-

program a + b * c” is (+ a (* bc) ). Crossover is 

performed by means of random selection sub-trees 

from the tree associated with parent programs and 

performing interchanges. As with genetic 

algorithms, the mutation has a limited weight. 

Koza is widely regarded as the founder of genetic 

programming. 

• Evolving strategies - were originally 

designed to solve technical optimisation problems, 

aiming to solve continuous optimisation issues. 

The population consists of elements of the 

definition field of the target function. The main 

operator is mutation, however recombination is 

also employed. Adaptation schemes for control 

parameters (self-adaptation) have been developed 

for evolutionary strategies. Rechenberg and 

Schwefel have made significant contributions to 

the development of evolutionary strategies. 

• Evolutionary programming - is used both 

for the optimisation and the development of certain 

computing (automated) structures. The main 

operator is mutation. The foundations of the field 

were laid by Fogel. 

All these methods rely on the simulation of 

the evolution of a set (population) of information 

structures (configurations or individuals) under the 

action of processes similar to those of natural 

evolution, namely: selection, mutation and 

crossover. 

The action of these processes is controlled 

by means of a performance function (“fitness 

function”), which measures the adequacy each 

individual to the environment it belongs to. For 

example, when solving an optimisation problem 

(maximisation), the “fitness” function is essentially 

the target function of problem. 

Genetic algorithms are part of the class of 

evolutionary computation techniques, being 

stochastic search algorithms inspired by natural 

selection and genetics. The underlying principle is 

that there is a population made up of individuals, 

that make up the potential solutions to the problem 

and, in metaphorical terms, individuals are asked 

to compete against one another for survival. After 

evaluating each individual, the stronger ones are 

assigned a greater chance of participating in the 

reproduction process than the less powerful, which 

may not even be involved at all. 

Genetic algorithms typically involve the 

following steps: 

1. Random generation of an initial 

population of n acceptable solutions to the 

problem, represented by n chromosomes. 

2. The evaluation of a suitability function f 

(x) for each chromosome x in the population. 

3. Creating a new population by repeating 

the steps below until the new population is 

complete: 

a. Selection: select a pair of parent 

chromosomes according to their suitability (the 
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more suitable being more likely to be chosen for 

reproduction) 

b. Crossover: based on a given crossover 

probability parents are crossed with each other to 

generate a pair of descendants (if there is no 

crossover, descendants are identical copies of the 

parents). 

c. Mutation: based on a given probability 

certain positions are changed, i.e. genes in 

descendants’ chromosomes. 

4. The generated population replaces at least 

in part the old population and the resulting 

population is used to go step by step through the 

same algorithm. 

5. If the stopping condition is reached, the 

algorithm ends and retains the best solution in the 

current population, which is also the last. 

6. If the stopping condition is not reached, 

the evaluations at step 2 are resumed. 

 The outline of genetic algorithms given 

above has varied consequences. One issue, as 

noted above, refers to creating chromosomes, to 

perform the encoding of individuals in a particular 

population. Based on the shape chromosomes, the 

two basic operators of genetic algorithms are 

defined, i.e. combining- crossover and mutation. 

The theoretical advances over the past two 

decades in the area of artificial intelligence 

increasingly suggest the attempt to abandon 

traditional ways of approaching and solving 

practical problems in various fields not limited to 

technical ones (economy, finance, social, etc.). In 

contrast to the (logical-symbolic paradigm (with 

applications found in intelligent software focusing 

on highly complex problems, yet in a strictly 

defined field – such as chess for example), the 

connexionist paradigm introduces the concept of 

neural computation and has given rise to artificial 

neural networks (ANN) - which are models 

inspired by the human brain structure (Docean G. 

and Docean M., 2012). 

 

 
Figure 1. Neural networks 

 

Artificial neural networks learn to solve a 

given problem, developing a memory that is able 

to associate a large number of input data sets with 

corresponding sets of results or effects. They have 

the ability to learn from the examples they are 

presented with, without knowing anything about 

the mathematical model and solution algorithm 

behind the model. Moreover, even if the practical 

problem is so complex that does not permit the 

development of a sufficiently coherent 

mathematical model (and therefore cannot be 

approached by traditional computing means, 

regardless of the performance of the computer and 

the time available), a properly built artificial neural 

network can solve the problem satisfactorily, 

provided only there are enough examples of input-

output data, which can serve to teach it. 

In a broader context, such networks may be 

integrated into “artificial intelligence”-type 

computational structures, that also draw on other 

recent techniques such as genetic algorithms, 

evolutionary programming, simulated tempering 

and fuzzy systems theory (Beiseln E.P, 1987). 

Fuzzy computing allows the handling of 

vague concepts that cannot be modelled by exact 

mathematical concepts (classic numbers, sets or 

functions). Problems in which vague concepts 

occur arise in control theory when systems are 

nonlinear character and their states can be 

described accurately only by means of statements, 

which have a degree of ambiguity. 

 Neural and evolutionary computing are part 

of a broader natural computing whose principle is 

to draw ideas for problem solving from natural 

systems (physical, chemical, biological, 

ecological). The main objective of the natural 

computing is to develop methods of solving ill-

posed problems and those that are unsolvable by 

traditional methods. 

In addition to the previously mentioned 

components, natural computation includes 

molecular computing (DNA Computing), 

computing using membranes (Membrane 

Computing) and Quantum Computing. While 

the first two lines are already established, the last 

three are still in the early stages of development. 

From a practical standpoint, worldwide in 

the technical field multi-criteria decision analysis 

(MCDA) and multi-objective optimisation (MOO). 

 
CONCLUSIONS 

 

The goal of reflecting the true qualities and 

structural relations of economic reality demands a 

continuous process of development of flexible 

economic and mathematical models. The 

emergence of new situations from innovative 

assumptions marks each time a new step towards 

reconciling the model with the reality (the real 

objective reflected by the model). 

Viewed in terms of the evolution of their 

trajectories, intelligent computing for evolutionary 

systems has gained in adaptability and flexibility 

and have significantly developed their 

interdisciplinary focus. 
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Taking into account the advances of 

computing technology, existing software 

capabilities and the constant adaptation to practical 

requirements, intelligent computing for 

evolutionary systems lies at the border of 

organisational economics, mathematics and 

computing. 

The progress made since the emergence of 

the first modelling, simulation and optimisation 

works up to the present illustrates the constant 

concern of specialists to distinguish methods and 

paths that are as close as possible to economic 

reality in order to improve decision making. Along 

these lines, in addition to traditional processes 

based on intuition and experience, very modern 

scientific decision making methods are required, 

with a strong theoretical foundation based on 

mathematical methods, while maintaining a 

general, practical and realistic focus. 

For these purposes, intelligent computing 

for evolutionary systems represents an 

advanced approach that is a prerequisites for 

decision making in a liberal knowledge based 

society. 
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