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What is a model ?

Simulations require the use of models; the model represents the key 
characteristics or behaviors of the selected system or process, whereas 
the simulation represents the evolution of the model over time.



Model 

A model is a physical, 
mathematical, or logical 
representation of a system 
entity, phenomenon, or process. 
The model is a functional 
description of the system's 
components and their 
interactions.



Objects of the model

There are two types of objects a simulation model is often made of:
Entities: individual elements of the system that are being simulated 
and whose behavior is being explicitly tracked. Each entity can be 
individually identified;
Resources: also individual elements of the system but they are not 
modelled individually. They are treated as countable items whose 
behavior is not tracked.



Analytic model

Analytic model provides a simple 
formula. Usually hard to derive 
and requires unrealistic simplifying 
assumptions, but easy to apply 
and insightful. 
Examples: Erlang formulas in 
queueing theory, Black-Scholes 
formula for option pricing in 
finance, etc



Type of models

Physical model (scale models, prototype plants, …)
Sometimes small scale physical models are used to evaluate 
constructions, e.g. air plane or car models in wind tunnels, ship models 
in swimming pools etc.
Mathematical model (Analytical queueing models, linear programs, 
simulation)
The vast majority of used models are mathematical, representing a 
system in terms of logical and quantitative relationships that are 
possible to manipulate and change to see how the model reacts.



Mathematical model

Mathematical models are used in 
the natural sciences (such as physics, 
biology, earth science, chemistry) 
and engineering disciplines (such 
as computer science, electrical 
engineering), as well as in non-physical 
systems such as the social 
sciences (such as economics, 
sociology). 



Mathematical model

Eykhoff (1974) defined a mathematical model as 
'a representation of the essential aspects of an existing system (or a 
system to be constructed) which presents knowledge of that system 
in usable form’.

A mathematical model is a description of a system using mathematical 
concepts and language. 

Eykhoff, P. (1974). System identification: Parameter and State Estimation. London: John 
Wiley & Sons.



Modeling with mathematics

Modeling the physical 
system with equations and 
interpreting the 
mathematical results. 
The diagram shows some 
of the important 
components of using math 
in science that make it 
different from math in 
math.



Mathematical modeling



Modeling cycle

Blum and Leiß
understand the 
situation model in 
their cycle as an 
important phase 
during the modelling 
process.

Blum, W., & Leiß, D. (2007). How do students and teachers deal with modelling 
problems? In C. Haines, W. Blum, P. Galbraith, & S. Khan (Eds.), Mathematical 
modelling (ICTMA 12): Education, engineering and economics (pp. 222–231).



Modeling cycle

An additional phase 
was integrated, 
similar to the 
situation model of 
the modelling cycle 
by Blum and Leiß.

Borromeo Ferri, R. (2007). Modelling from a cognitive perspective: Individual modelling 
routes of pupils. In: C. Haines, P. Galbraith, W. Blum, & S. Khan (Eds.), Mathematical 
modelling. Education, engineering and economics (pp. 260–270).



Modeling cycle

Translation processes 
can be represented in an 
extended modelling 
cycle, which in addition 
to the rest of the world 
and mathematics, also 
includes technology.

Greefrath, G. (2011). Using technologies: New possibilities of teaching and learning 
modelling—Overview. In G. Kaiser, W. Blum, R. Borromeo Ferri, & G. Stillman (Eds.), Trends 
in teaching and learning of mathematical modelling, ICTMA 14 (pp. 301–304).



Schematic representation of the 
mathematical modeling process



Mathematical modeling approaches

Empirical modeling involves examining data related to the problem with a 
view of formulating or constructing a mathematical relationship between the 
variables in the problem using the available data.
Simulation modeling involve the use of a computer program or some 
technological tool to generate a scenario based on a set of rules. These rules 
arise from an interpretation of how a certain process is supposed to evolve 
or progress.
Deterministic modeling in general involve the use of equation or set of 
equations to model or predict the outcome of an event or the value of a 
quantity.
Stochastic modeling takes deterministic modeling one further step. In 
stochastic models, randomness and probabilities of events happening are 
taken into account when the equations are formulated.



Modelling

Modelling is the process of representing a model which includes its 
construction and working. 
This model is similar to a real system, which helps the analyst predict 
the effect of changes to the system. 
In other words, modelling is creating a model which represents a 
system including their properties. It is an act of building a model.



Modelling Process

Step 1 − Examine the problem. In this 
stage, we must understand the problem 
and choose its classification accordingly, 
such as deterministic or stochastic.
Step 2 − Design a model. In this stage, 
we have to perform the following simple 
tasks which help us design a model.
Step 3 − Provide recommendations after 
completing the entire process related to 
the model. It includes investment, 
resources, algorithms, techniques, etc.



What is Simulation ?

A simulation is the imitation of the operation of a real-world process or 
system over time.

A simulation is an animated 
model that mimics the 
operation of an existing or 
proposed system.



Simulation 

A simulation is a computer 
model in which experiments can 
be conducted, creating a higher 
level of completeness than a 
normal experiment. 
Simulation models can assist in 
both complex and simple 
experiments, and they can be 
used with almost any social 
process.



Simulation

Simulation of a system is the operation of a model in terms of time or 
space, which helps analyze the performance of an existing or a 
proposed system.
In other words, simulation is the process of using a model to study the 
performance of a system. It is an act of using a model for simulation.



Definition

Simulation can be broadly defined 
as a technique for studying real-
world dynamical systems by 
imitating their behavior using a 
mathematical model of the system 
implemented on a digital 
computer.

Application field

Computer 
scienceMathematics



A brief history

1940 : A method named ‘Monte Carlo’ was developed by researchers (John 
von Neumann, Stanislaw Ulan, Edward Teller, Herman Kahn) and physicists 
working on a Manhattan project to study neutron scattering.
1960 : The first special-purpose simulation languages were developed, such 
as SIMSCRIPT by Harry Markowitz at the RAND Corporation.
1970 : During this period, research was initiated on mathematical 
foundations of simulation.
1980 : During this period, PC-based simulation software, graphical user 
interfaces and object-oriented programming were developed.
1990 : During this period, web-based simulation, fancy animated graphics, 
simulation-based optimization, Markov-chain Monte Carlo methods were 
developed.



Simulation in manufacturing

Simulation in manufacturing refers to a broad collection of computer 
based applications to imitate the behavior of manufacturing systems.
Simulation is intended to study the model of this real world system by 
numerical evaluation using software. Simulation is carried out to 
evaluate the performance of a system, product or process before it is 
physically built or implemented. 



Simulation modeling

Simulation modeling is used to help designers and engineers 
understand whether, under what conditions, and in which ways a part 
could fail and what loads it can withstand.



Simulation modeling

Simulation modeling is an engineering application where we can 
virtually see any system in a mathematical form that can be converted 
into a model.



Simulation modeling

Simulation modeling is the process of creating and analyzing a digital 
prototype of a physical model to predict its performance in the real 
world.



Simulation method

Simulation methods involve the 
creation of models, understanding 
the behaviour of the models by 
means of experimentation, and 
evaluation of the extent to which the 
behaviour of the models provides a 
plausible account of the behaviour of 
observed ‘natural’ systems.



Simulation method

Simulation methods seem both natural and necessary to determine 
whether event study test statistics are well-specified.
A simulation brings a model to life and shows how a particular object 
or phenomenon will behave. 



Flow chart of simulation method



Developing Simulation Models

Step 1 : Identify the problem with an existing system or set requirements of a 
proposed system.
Step 2 : Design the problem while taking care of the existing system factors and 
limitations.
Step 3 : Collect and start processing the system data, observing its performance 
and result.
Step 4 : Develop the model using network diagrams and verify it using various 
verifications techniques.
Step 5 : Validate the model by comparing its performance under various conditions 
with the real system.
Step 6 : Create a document of the model for future use, which includes objectives, 
assumptions, input variables and performance in detail.
Step 7 : Select an appropriate experimental design as per requirement.
Step 8 : Induce experimental conditions on the model and observe the result.



Verification & Validation

Validation is the process of comparing 
two results. In this process, we need to 
compare the representation of a 
conceptual model to the real system. If 
the comparison is true, then it is valid, 
else invalid.
Verification is the process of comparing 
two or more results to ensure its 
accuracy. In this process, we have to 
compare the model’s implementation 
and its associated data with the 
developer's conceptual description and 
specifications.



Classes of Simulations 

The three classes of models and simulations are
• Virtual simulations represent systems both physically and 

electronically. 
• Constructive simulations represent a system and its employment. 
• Live simulations are simulated operations with real operators and 

real equipment 



Classification of Simulation Models
System 
model

Deterministic

Static Dynamic

Continuous

Discrete

Stochastic

Static Dynamic

Continuous

Discrete

Monte carlo simulation

Discrete-event 
simulation



Static simulations

Static simulation model is explained by an example of demand-supply 
rule concept and how it is simulated in the view of linear and nonlinear 
market models. 
Simulation models that represent the system at a particular point in 
time only are called static. This type of simulations are often called 
as Monte Carlo simulations.



Static simulations

Static Simulation is a simulation model which has no internal history of 
both output and input values that were previously applied. It also 
represents a model in which time is not a factor. 
This type of simulation model usually has some function (f) which is 
made of inputs (u). Each output in this type of simulation is dependent 
on the values of the function (f) and inputs (u).



Dynamic simulations

Dynamic simulation models represent systems as they evolve over 
time. The simulation of the donut shop during its working hours is an 
example of a dynamic model.
Dynamic simulation model is explained with an example of car wheel 
model where wheel oscillations are considered to be dynamic with 
various damping factors and there after the difference between these 
models is exposed with relevant graphs and results.



Dynamic simulations

In dynamic simulation, a computer program is used to determine 
the varying behavior of a system at different times or in different 
scenarios. 
This type of simulation maintains an internal memory comprised of 
prior inputs, internal variables and outputs. Its also good to remember 
that all variables in dynamic simulation are denoted as functions of 
time. 



Discrete vs continuous simulations

Dynamic simulations can be further 
categorized into discrete or 
continuous.
• Discrete simulation models are 

such that the variables of interest 
change only at a discrete set of 
points in time.
• Continuous simulation models are 

such that the variables of interest 
change continuously over time.



Comparison Between Continuous Control and 
Discrete Control 



Deterministic simulation

In mathematical modeling, deterministic simulations contain 
no random variables and no degree of randomness, and consist mostly 
of equations, for example difference equations. 

These simulations have 
known inputs and they 
result in a unique set of 
outputs. 
Contrast stochastic 
(probability) simulation, 
which includes random 
variables.



Deterministic simulation

Deterministic simulation models are usually designed to capture some 
underlying mechanism or natural process.
Deterministic models assume that known average rates with no 
random deviations are applied to large populations.



Stochastic simulation

A stochastic simulation is a simulation of a system that has variables 
that can change stochastically (randomly) with individual probabilities.



Stochastic simulation

The development of practical algorithms for stochastic simulation owes 
its origin to a series of classical papers published by Gillespie in the 
1970s. The models result in probability distributions, which are 
mathematical functions that show the likelihood of different outcomes.



Type of simulations



Monte Carlo Simulation



What is Monte Carlo (MC) method ? 

The Monte Carlo method is a numerical method for statistical 
simulation which utilizes sequences of random numbers to perform the 
simulation.



Monte Carlo Simulation

Monte Carlo simulation is a 
computerized mathematical 
technique to generate random 
sample data based on some 
known distribution for numerical 
experiments. 
This method is applied to risk 
quantitative analysis and decision 
making problems.



Prons and cons

Advantages
• Easy to implement.
• Provides statistical sampling for 

numerical experiments using the 
computer.
• Provides approximate solution to 

mathematical problems.
• Can be used for both stochastic 

and deterministic problems.

Disadvantages
• Time consuming as there is a 

need to generate large number 
of sampling to get the desired 
output.
• The results of this method are 

only the approximation of true 
values, not the exact.



Random numbers

A random number is a number chosen from a pool of limited or 
unlimited numbers that has no discernible pattern for prediction.

Anyone who considers arithmetical methods of producing 
random digits is, of course, in a state of sin.
John von Neumann (1951)



Random numbers

Random numbers are numbers that occur in a sequence such that two 
conditions are met: 
(1) the values are uniformly distributed over a defined interval or set, 

and 
(2) it is impossible to predict future values based on past or present 

ones. 
Random numbers are important in statistical analysis and probability 
theory.



Random number generator

A random number generator is a device that can generate one or many 
random numbers within a defined scope. Random number generators 
can be hardware based or pseudo-random number generators.

Random number generation is a 
process which, often by means of 
a random number generator (RNG), 
generates a sequence of numbers 
or symbols that cannot be 
reasonably predicted better than by 
a random chance.



Pseudo-random number generator

A pseudo-random number 
generator is an algorithm for 
generating a sequence of 
numbers whose properties 
approximate the properties of 
sequences of random numbers. 
Computer based random 
number generators are almost 
always pseudo-random number 
generators.



Discrete event simulation



Discrete-event simulation

Discrete-event simulation studies systems whose states change their 
values only at discrete times. For example, a simulation of an epidemic 
could change the number of infected people at time instants when 
susceptible individuals get infected or when infected individuals 
recover.



Discrete-event simulation

In discrete systems, the changes in 
the system state are discontinuous 
and each change in the state of the 
system is called an event. 
The model used in a discrete system 
simulation has a set of numbers to 
represent the state of the system, 
called as a state descriptor.



Discrete system

A discrete system is one in which the state variables change only at a 
discrete set of points in time. A graphical comparison of discrete 
simulation methodologies.
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Key Features

• Entities − These are the representation of real elements like the parts 
of machines.
• Relationships − It means to link entities together.
• Simulation Executive − It is responsible for controlling the advance 

time and executing discrete events.
• Random Number Generator − It helps to simulate different data 

coming into the simulation model.
• Results & Statistics − It validates the model and provides its 

performance measures.



Three approaches to describing the discrete 
simulation
• Event: This approach describes 

an instantaneous change, usually 
from a stop event to a start 
event.
• Activities: Represents duration. 

Essentially groups a number of 
events in order to describe an 
activity carried out by an entity 
e.g. a machine loading. 
• Process: This approach groups 

activities to describe the life cycle 
of an entity e.g. a machine.



Components of a discrete-event simulation 
model
System state: the collection of state variables necessary to describe the 
system at a particular time.
Simulation clock: a variable giving the current value of simulated time
Event list: a list containing the next time when each type of event will 
occur.
Statistical counters: variables used for storing statistical information 
about system performance
Initialization routine: a subprogram to initialize the simulation model 
at time 0.



Components of a discrete-event simulation 
model
Timing routine: a subprogram that determines the next event from the 
event list and then advances the simulation clock to the time when the 
event is to occur.
Event routine: A subprogram that updates the system state when a 
particular type of event occurs (one routine per event).
Library routine: A set of subprograms used to generate random 
observations from probability distributions that were determined as 
part of the simulation model.
Report generator: A subprogram that computes estimates (from the 
statistical counter) of the desired performance measures when 
simulation ends.



Components and Organization



Time Graph Representation

Every system depends on a time parameter. In a graphical 
representation it is referred to as clock time or time counter and 
initially it is set to zero.
• Time Slicing − It is the time defined by a model for each event until 

the absence of any event.
• Next Event − It is the event defined by the model for the next event 

to be executed instead of a time interval. It is more efficient than 
Time Slicing.



Queuing System

A queue is the combination of all entities in the system being served 
and those waiting for their turn. 
A queue is waiting line for service i.e the combination of all entities in 
the system-those being served, and those waiting for service-will be 
called a queue.



Queuing System

Queueing systems are simplified mathematical models to explain 
congestion. 
The important parameters in a queuing system are:

1. The arrival pattern of customers
2. The service pattern 
3. The no. of servers 
4. The queue discipline 



Queuing System

The Single-Server Queue The Multi-Server Queue



Strategies of discrete event simulation

• Flowchart oriented simulation
• Activity-oriented simulation
• Event-oriented simulation
• Process-oriented simulation



Flowchart oriented simulation

Flowchart oriented simulation are represented by the language GPSS 
(General Purpose Simulation System), that exists in many versions on 
various computers. The user must view the dynamics of the system as a 
flow of the so called Transactions through a block diagram. 
Transactions are generated, follow a path through a network of blocks, 
and are destroyed on exit. In blocks transactions may be delayed, 
processed, and passed to other blocks. 
Blocks are in the program represented by statements that perform 
the Activities of the model.



Activity-oriented simulation

Activity oriented simulation are not based on explicit scheduling of 
future activities. For each activity the user describes the condition 
under which the activity can take place (that also covers scheduling if 
the condition is reaching certain time). 



Activity-oriented simulation

The algorithm of the simulation control repeatedly increments time 
and tests conditions of all activities. The disadvantage of this approach 
is obvious - it is necessary to evaluate all conditions in every step, that 
may be very time consuming.



Event-oriented simulation

Event oriented simulations are based on 
direct scheduling and canceling of future 
events. The approach is very general. 
The user must view the dynamics of the 
system simulated as a sequence of relatively 
independent events. Every event may 
schedule and/or cancel another events. 



Event-oriented simulation

The system routine must keep record of scheduled events. That's why 
every event is represented by the so called Event notice, that contains 
the time, the event type, and other user data.



Process-oriented simulation

Process oriented simulations are 
based on the fact, that events are not 
independent. An event is typically a 
consequence of other previous events.
In other words it is often possible to 
define sequences of events that may 
be viewed as entities of a simulation 
model at higher level of hierarchy.



Process-oriented simulation

Process based abstract systems 
are very close to reality, that is 
always made of various objects 
that exist and act in parallel 
interfering with each other.
A sequence of events is 
called Process. Unlike events 
process has a dimension in time. 



Continuous simulation



Continuous system

A continuous system is one in which important activities of the system 
completes smoothly without any delay, i.e. no queue of events, no 
sorting of time simulation, etc. 
When a continuous system is modeled mathematically, its variables 
representing the attributes are controlled by continuous functions.



Continuous simulation

Continuous simulation is a simulation based 
on continuous time, rather than discrete 
time steps, using numerical integration 
of differential equations.
Continuous simulation is a type of simulation 
in which state variables change continuously 
with respect to time.
Continuous simulation concerns the 
modeling over time of a system by a 
representation in which state variables 
change continuously with respect to time. 



Continuous simulation

Continuous simulation language can be classified in two ways, as
Block oriented simulation languages : are based on the methodology 
of analogue computers. The system must be expressed as a block 
diagram that defines the interconnection of functional units and their 
quantitative parameters. 
Expression oriented continuous languages : are based on writing 
expressions (equations) that represent the mathematical model. So the 
system simulated must be expressed by a set of equations. 



Continuous time & discrete time models
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Combined discrete-continous 
simulation



Hybrid Simulation

Hybrid Simulation (sometime Combined 
Simulation) corresponds to a mix 
between Continuous and Discrete Event 
Simulation and results in integrating 
numerically the differential equations 
between two sequential events to 
reduce the number of discontinuities.



Combined discrete-continuous simulation

A combined discrete/continuous simulation is advanced between 
subdomain boundaries by the numerical solution of the describing 
equations that characterize the particular subdo- main.



Other Simulation Languages

There are other simulation languages exists 
1. Object Oriented Simulation language 
2. On Line Simulation language 
3. Advanced Continuous Simulation Language 
4. Graphic Simulation Language (GSL) - a combined continuous and 

discrete simulation language 



Simulator



Simulation tools

Assuming simulation is the appropriate means, three alternatives exist:

①Build model in a general purpose language
②Build model in a general simulation language
③Use a special purpose simulation package



Types of Simulation Languages

Continuous Simulation Languages: 
• CSMP, DYNAMO
• Differential equations
• Used in chemical engineering

Discrete-event Simulation Languages:
• SIMULA and GPSS

Combined: 
• SIMSCRIPT and GASP.
• Allow discrete, continuous, as well as combined simulations.



General purpose languages



Simulation languages



Simulation software packages



Special purpose packages



Artificial Intelligence



Artificial Intelligence

Artificial Intelligence is a way of making a 
computer, a computer-controlled robot, 
or a software think intelligently, in the 
similar manner the intelligent humans 
think.
Artificial intelligence is a science and 
technology based on disciplines such as 
Computer Science, Biology, Psychology, 
Linguistics, Mathematics, and 
Engineering.



History of Artificial intelligence

1923 Karel Čapek play named “Rossum's Universal Robots” (RUR) opens in London, first use of
the word "robot" in English.

1943 Foundations for neural networks laid.
1945 Isaac Asimov, a Columbia University alumni, coined the term Robotics.

1950
Alan Turing introduced Turing Test for evaluation of intelligence and published Computing
Machinery and Intelligence. Claude Shannon published Detailed Analysis of Chess
Playing as a search.

1956 John McCarthy coined the term Artificial Intelligence. Demonstration of the first running AI
program at Carnegie Mellon University.

1958 John McCarthy invents LISP programming language for AI.

1964 Danny Bobrow's dissertation at MIT showed that computers can understand natural
language well enough to solve algebra word problems correctly.

1965 Joseph Weizenbaum at MIT built ELIZA, an interactive problem that carries on a dialogue in
English.



History of Artificial intelligence

1969 Scientists at Stanford Research Institute Developed Shakey, a robot, equipped with
locomotion, perception, and problem solving.

1973 The Assembly Robotics group at Edinburgh University built Freddy, the Famous Scottish
Robot, capable of using vision to locate and assemble models.

1979 The first computer-controlled autonomous vehicle, Stanford Cart, was built.
1985 Harold Cohen created and demonstrated the drawing program, Aaron.
1997 The Deep Blue Chess Program beats the then world chess champion, Garry Kasparov.

2000
Interactive robot pets become commercially available. MIT displays Kismet, a robot with a
face that expresses emotions. The robot Nomad explores remote regions of Antarctica and
locates meteorites.



Research areas

The domain of artificial intelligence 
is huge in breadth and width. While 
proceeding, we consider the 
broadly common and prospering 
research areas in the domain of AI.



Design optimization 

Contemporary engineering design is 
heavily based on computer simulations. 
This introduces additional difficulties to 
optimization. 
Growing demand for accuracy and ever-
increasing complexity of structures and 
systems results in the simulation 
process being more and more time 
consuming. 



Design optimization 

The integrated components of the optimization process are the 
optimization algorithm, an efficient numerical simulator and a realistic-
representation of the physical processes we wish to model and 
optimize. 
Optimization problems can be formulated in many ways. For example, 
the commonly used method of least-squares is a special case of 
maximum-likelihood formulations. 



Design optimization 

There are three main issues in the simulation-driven optimization and 
modelling, and they are: 
• the efficiency of an algorithm, 
• the efficiency and accuracy of a numerical simulator, 
• assign the right algorithms to the right problem. 



Optimization algorithms

Optimization algorithms can be classified in many ways, depending on 
the focus or the characteristics we are trying to compare. Algorithms 
can be classified 
• gradient-based (or derivative-based methods) 
• gradient-free (or derivative-free methods) 

Algorithms can also be classified as deterministic or stochastic. 



Optimization algorithms

Fuzzy Logic Flower Pollination Optimization (FPO)
Artificial Neutal Networks (ANN) Genetic Algorithm (GA)
Artificial bee colony algorithm (ABC) Particle swarm optimization
Memetic algorithm (MA) Swarm Intelligence Optimization
Ant colony optimization algorithm (ACO)
Bacterial Foraging Optimization (BFO)



Evolutionary Algorithms

Evolutionary Algorithms (EAs) are efficient heuristic search methods 
based on Darwinian evolution with powerful characteristics of 
robustness and flexibility to capture global solutions of complex 
optimization problems.



Evolutionary Algorithms

An EA contains four overall steps:
• initialization, 
• selection, 
• genetic operators, 
• termination. 
These steps each correspond, roughly, to a 
particular facet of natural selection, and 
provide easy ways to modularize 
implementations of this algorithm category.



Typical optimization scheme

The evolutionary algorithm is the main object of interest in 
evolutionary computation.



Bacterial Foraging Optimization 

To better understand the basics of BFO, it is 
worth mentioning briefly about the movements 
and life processes of the Koli Basili bacteria.
During these processes, Koli Basili bacteria can 
be divided into two or can be reproduced or the 
presence of harmful sources in the environment 
or according to the average life processes of 
these bacteria can end their lives. 



Flower Pollination Optimization

Flower Pollination Optimization 
(FPO) is another technique 
developed by Yang. 
FPO's main source of inspiration, 
as understood, is the pollination 
in nature. 

Yang, X.-S., 2012, Flower pollination algorithm 
for global optimization, International 
Conference on Unconventional Computing and 
Natural Computation, 240-249. 



Artificial Bee Colony

Arificial Bee Colony (ABC) is a AI-based 
opimizaion algorithm that is mainly based 
on the idea of modeling the bee's food 
search behavior of Karaboğa.
ABC is known to be one of the effecive 
techniques that offer an opimizaion 
process in the evoluionary process soluion 
approaches.

Karaboğa, D., Akay, B. ve Öztürk, C., 2007, Arpficial bee colony 
(ABC) oppmizapon algorithm for training feed- forward neural 
networks, Internaponal Conference on Modeling Decisions for 
Arpficial Intelligence, 318-329. 



Types of algorithms

Some groups of algorithms that use gradient information include:
• Bracketing Algorithms
• Local Descent Algorithms
• First-Order Algorithms
• Second-Order Algorithms



Metaheuristic algorithms

Metaheuristic algorithms are often nature-inspired, and they are now 
among the most widely used algorithms for optimization. 
Metaheuristic algorithms are very diverse, 

genetic algorithms simulated annealing
differential evolution ant and bee algorithms
particle swarm optimization harmony search
firefly algorithm cuckoo search 
and others 



Ant algorithms

Ant algorithms, especially the ant 
colony optimization mimic the 
foraging behaviour of social ants. 
Primarily, ants use pheromone as a 
chemical messenger and the 
pheromone concentration can also be 
considered as the indicator of quality 
solutions to a problem of interest. 



Bee algorithms

Bees-inspired algorithms are more 
diverse, and some use pheromone and 
most do not. Bee algorithms are 
inspired by the foraging behaviour of 
honey bees in nature. Interesing 
characterisics such as waggle dance, 
polarizaion and nectar maximizaion 
are omen used to simulate the allocaion 
of the foraging bees along flower 
patches and thus different search 
regions in the search space.



Bat algorithm

Bat algorithm is a relatively new 
metaheuristic, developed by Xin-She 
Yang in 2010 . It was inspired by the 
echolocation behaviour of microbats.
Microbats use a type of sonar, called, 
echolocation, to detect prey, avoid 
obstacles, and locate their roosting 
crevices in the dark. 

Yang, X. S. A new metaheuristic bat-inspired 
algorithm, in: Nature-Inspired Cooperative 
Strategies for Optimization (NICSO 2010) (Eds. 
Gonzalez J. R. et al.), Springer, SCI 284 , pp. 65--74. 



Simulated annealing

Simulated annealing developed by 
Kirkpatrick et al. in 1983 is among the 
first metaheuristic algorithms. It was 
essentially an extension of traditional 
Metropolis-Hastings algorithm but 
applied in a different context. 
The basic idea of the simulated 
annealing algorithm is to use random 
search in terms of a Markov chain.

Kirkpatrick, S., Gelatt, C. D., and Vecchi, M. P., 
(1983). Optimization by simulated annealing, 
Science, 220 (4598), 671--680. 



GeneSc algorithms

Geneic algorithms are a class of 
algorithms based on the abstracion 
of Darwin's evoluion of biological 
systems, pioneered by J. Holland and 
his collaborators in the 1960s and 
1970s.
Each soluion is encoded in a string 
(omen binary or decimal), called a 
chromosome. 

Holland, J., (1975). Adaptation in Natural and Artificial 
Systems, University of Michigan Press, Ann Anbor. 



Genetic algorithms

Important issue in the algorithmic process of GA is the crossing and 
mutation processes. 
Crossover: In this process, the predetermined individuals are in a sense 
reproduced to create a new individual. 
Mutation: In order to increase the potential of successful individuals to 
some more successful solutions within the algorithm, mutation is also 
applied. 



Differential evolution

Differential evolution (DE) was 
developed by R. Storn and K. Price. It is 
a vector-based evolutionary algorithm. 
Differential evolution consists of three 
main steps: 
• mutation, 
• crossover 
• selection. 

Storn, R. and Price, K., (1997). Differential evolution - a simple 
and efficient heuristic for global optimization over continuous 
spaces, Journal of Global Optimization, 11 , 341--359. 



ParScle swarm opSmizaSon

Paricle swarm opimizaion (PSO) was 
developed by Kennedy and Eberhart in 
1995 based on the swarm behaviour such 
as fish and bird schooling in nature. 
The movement of a swarming paricle 
consists of two major components: a 
stochasic component and a determinisic 
component. 

Kennedy, J. and Eberhart, R. C., (1995). Particle swarm 
optimization, in: Proc. of IEEE International Conference on 
Neural Networks, Piscataway, NJ. pp. 1942--1948. 



Harmony Search

Harmony Search (HS) is a music-inspired 
algorithm, first developed by Z. W. Geem et al. 
in 2001. Harmony search can be explained in 
more detail with the aid of the discussion of 
the improvisation process by a musician. 
The usage of harmony memory is important as 
it is similar to choose the best fit individuals in 
the genetic algorithms. 

Geem, Z. W., Kim, J. H. and Loganathan, G. V., 
(2001). A new heuristic optimization: Harmony 
search, Simulation, 76 , 60--68. 



Firefly Algorithm

Firefly Algorithm (FA) was first 
developed by Xin-She Yang in 
2007 which was based on the 
flashing patterns and behaviour
of fireflies. 

Yang, X. S. (2008). Nature-Inspired Metaheurispc 
Algorithms, First Edipon, Luniver Press, UK. 
Yang, X. S., (2009). Firefly algorithms for mulpmodal 
oppmizapon, 5th Symposium on Stochaspc Algorithms, 
Foundapon and Applicapons (SAGA 2009) (Eds Watanabe 
O. and Zeugmann T.), LNCS, 5792 , pp. 169--178. 



Cuckoo search

Cuckoo search (CS) is one of the latest 
nature-inspired metaheurisic algorithms, 
developed in 2009 by Xin-She Yang and 
Suash Deb. CS is based on the brood 
parasiism of some cuckoo species. 
In addiion, this algorithm is enhanced by the 
so-called Lévy flights, rather than by simple 
isotropic random walks. 

Yang, X. S. and Deb, S., (2009). Cuckoo search via Lévy flights, 
in: Proc. of World Congress on Nature & Biologically Inspired 
Compupng (NaBic 2009), IEEE Publicapons, USA, pp. 210--214. 



Other Algorithms 

There are many other metaheuristic algorithms which are equally 
popular and powerful, and these include 
• Tabu search 
• Artificial immune system



Neural Networks 

The basic mathematical model of an 
artificial neuron was first proposed by W. 
McCulloch and W. Pitts in 1943, and this 
fundamental model is referred to as the 
McCulloch-Pitts model. 
A single neuron can only perform a simple 
task -- on or off. Complex functions can be 
designed and performed using a network 
of interconnecting neurons or 
perceptrons.



A brief history

1940 : The first neural model was developed by McCulloch & Pi<s.
1949: Donald Hebb wrote a book “The OrganizaEon of Behavior”, which pointed to the 
concept of neurons.
1950: with the computers being advanced, it became possible to make a model on these 
theories. It was done by IBM research laboratories.  
1959: Bernard Widrow and Marcian Hoff, developed models called ADALINE and 
MADALINE. These models have MulEple ADApEve LINear Elements. MADALINE was the 
first neural network to be applied to a real-world problem.
1962: the perceptron model was developed by Rosenbla<, having the ability to solve 
simple pa<ern classificaEon problems.
1969: Minsky & Papert provided mathemaEcal proof of the limitaEons of the perceptron 
model in computaEon. Such drawbacks led to the temporary decline of the neural 
networks.
1982: John Hopfield of Caltech presented his ideas on paper to the NaEonal Academy of 
Sciences to create machines using bidirecEonal lines. Previously, unidirecEonal lines were 
used.



Neural Networks 

. The structure of a network can 
be complicated, and one of the 
most widely used is to arrange 
them in a layered structure, with 
an input layer, an output layer, 
and one or more hidden layer 



Back Propagation Algorithm 

There are many ways of 
calculating weights by 
supervised learning. 
One of the simplest and widely 
used methods is to use the back 
propagation algorithm for 
training neural networks, often 
called back propagation neural 
networks (BPNNs). 



Genetic programming

Geneic programming is a systemaic method of using evoluionary 
algorithms to produce computer programs in a Darwinian manner. L. J. 
Fogel was probably one of the pioneers in primiive geneic programing 
as he first used evoluionary algorithms to study finite-state automata. 
The true formulaion of modern geneic programming was introduced 
and pioneered by J. R. Koza in 1992.

Fogel, L. J., Owens, A. J. and Walsh, M. J., (1966). Arpficial Intelligence Through Simulated 
Evolupon, John Wiley & Sons, New York. 
Koza, J. R., (1992). Genepc Programming: On the Programming of Computers by Means of Natural 
Selecpon, MIT Press. 



Machine learning



Machine learning

Machine learning investigates how 
computers can learn (or improve 
their performance) based on data.
Typical machine learning problem 
is to program a computer so that it 
can automatically recognize 
handwritten postal codes on mail 
after learning from a set of 
examples.



Machine learning

Supervised learning is basically a synonym for classification. The 
supervision in the learning comes from the labeled examples in the 
training data set. 
Unsupervised learning is essentially a synonym for clustering. The 
learning process is unsupervised since the input examples are not class 
labeled.
Semi-supervised learning is a class of machine learning techniques that 
make use of both labeled and unlabeled examples when learning a 
model.
Active learning is a machine learning approach that lets users play an 
active role in the learning process.



Abrrivations
ABC Artificial bee colony algorithm
ABM Agent-Based Modeling
ACO Ant colony optimization 

algorithm
ANN Artificial Neutal Networks 
BFO Bacterial Foraging Optimization 
CS Continuous Simulation
DES Discrete Event Simulation
FA Firefly Algorithm 
FPO Flower Pollination Optimization 
GA Genetic Algorithm 

MA Memetic algorithm
OOS Object Oriented Simulation 
PSO Particle swarm optimization 


