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Abstract

This paper describes the “biologically inspired hoelology” as a computing and problem solving
technique. Bio-inspired methods have recently ghingortance in computing due to the need for Bexi
adaptable ways of solving engineering problems-iBspired algorithms are based on the structure and
functioning of complex natural systems and tenddiwe problems in an adaptable and distributeddash

An example of a bio-inspired approach to solving gnoblem of location search has been taken up and
discussed in this paper. The bio-inspired methagloloas several merits and demerits, which are also
discussed in the paper.

Keywords: Bio-inspired approach, Merits and Demerits, Haptigta Competitive and Cooperative
Interactions

1. Introduction

Computers have grown from rudimentary calculatiachines to sophisticated complex machines that can
perform detailed and precise computations and dtoge amounts of data. However, the capacity of
computers is still limited by the physical limitaposed by the raw material used to make computers.
(Nancy Forbes 2000)

Several computation techniques have been introdt@etihance computation beyond the physical limits
of computers to solve complex problems. One sugtrageh is biologically inspired computing, also
known as Bio-Inspired approach.

Despite the numerous advances in computing teciedpwe continue to be humbled by the way nature
operates. The variety, sophistication of nature &lasmys amazed the human kind. A problem solving
methodology derived from the structure, behaviond aperation of a natural system is called a Bio-
Inspired approach. Several systems such as theokonty system, bee foraging, bird flocking etc. dav
been used as the basis for developing models gudithims to solve various issues such as peer¢o-pe
network communication and optimal resource allaratBio-inspired algorithms have gained importance
in the field of computing for their remarkably fiele and adaptable nature.

2. What is Bio-Inspired Computing?

Computing has evolved to help us solve problemhb mitreasing ease. Several complicated problems can
be solved using engineering approaches. Howevesickl approaches to solve such problems lack in
flexibility and require rigorous mathematical arg$y In direct contrast to these approaches are new
methodologies inspired by the natural world thatvte simple solutions to complex problems that ldou

be hard by traditional computing approaches.

Biologically inspired algorithms or bio-inspiredgakithms are a class of algorithms that imitatecHjme
phenomena from nature. Bio-inspired algorithms @seally bottom-up, decentralized approaches (Ding
2009) that specify a simple set of conditions aotts and attempt to solve a complex problem by
iteratively applying these rules. Such algorithersdtto be adaptive, reactive and distributed. (Rad11)

2.1 Importance of Bio-inspired Approach
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The study of biological organisms has recently gdirmportance in computing. Biological organismalde
with environmental demands using ingenious solsgtitrat differ greatly from engineering solutionstth
are traditionally used to solve similar problemsicl$ biological solutions are commonplace and easily
available to study.

Inspiration has been drawn from biology since theetof early computing. The first digital computsr
von Newmann was based on the human brain. (NandyeB®004) However the use of algorithms directly
mimicking the behaviour of natural organisms iseent development and these algorithms are praven t
be significantly more robust and adaptive thaniti@ubl algorithms while not compromising much on
performance.

Bio-inspired algorithms imitate a biological systemterms of their component behaviour. Biological
systems heavily depend on individual componentshefsystem. Thus the first step in building a bio-
inspired algorithm is to build individual simplisttcomponents that imitate the behaviour of theitdgical
counterparts. These components then try to reachvérall goal that is defined for them. The congris
can then be tailored to meet specific problem regoénts such as performance or adaptability.

3.An Example

There have been several papers in this area taggepecific real world problems. Researchers have
tailored generic bio-inspired approaches such asetge engineering and ant-colony optimisation to
specialized computing problems such as developelfrosganizing systems and dynamic resource
allocation. One such application is the use ofHagtotaxis phenomenon to perform a location seiareim
unstructured p2p network. (Kulkarni, Ganguly, Cghti& Deutsch 2006)

3.1 Introduction to Haptotaxis

Tissue development, inflammation, tumour metastasid wound healing in the body takes place by a
phenomenon called Haptotaxis. Cell migration tocumded area or to an inflamed area in the body must
maintain a defined direction and speed. This iseaed by cell adhesion proteins that are presetftarcell
walls. Adhesion ligands are present in the exttadee matrix (ECM). The ECM is a layer that surrals
cells in a tissue. The ECM creates a gradient #fatthesion causing the cells to move towards highe
adhesion between ECM ligands and cell receptore. magnitude of adhesion affects the speed of cell
movement while the gradient of adhesion affectedfion of cell movement. The Haptotaxis phenomenon
is an example of making cells move closer to th&tidation. This concept can easily be applied tp an
guided search problem where at any given pointirokt the entity should be directed closer to the
destination.

3.2 Application

The paper “A new bio-inspired location search dthon for peer to peer network based Internet
telephony” (Brownlee 2005) describes a method qflyépg the concept of Haptotaxis to the general
problem of guided search and specifically to p2primet telephony systems such as Skype. This tgebni
is called the Hapto-search algorithm.

The authors assume a key based network, wherénthefdhe system is to retrieve location informatiof
other nodes in the system. Each node is assighkeg, avhich it distributes to a fixed number of nede
the network. We say that a node A knows the looaitdormation of a node B if it knows the key of B.
Thus, if a node A wants to find the location infation of a node B, it tries to reach a node C wihiab a
key of node B. Once it finds node C, it extracts Btation information from it.

Figure 1 depicts an instance of the use of the ¢daparch algorithm in a key based network. Assurata
node X distributes its key to nodes C and D. A nGdeies to find location information of node X.fitst
searches the keys it contains to determine i§dfitcontains the location information of the notlé node

G does not contain the key of node it searchesedighbours to find the neighbour that is closestht®
destination. To do this, it goes through the kéng each of its neighbours contains. If any oh#ghbours
contain the key of the destination node, the lacainformation is downloaded from that node. Othisew
the Hamming distance between each of the keys ¢betain and the destination is calculated to fimel t
neighbour with the least distance from the destinatThe closest neighbour becomes the current.node
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This process is repeated until one of the nodeB G X is found. The location is downloaded frone th
node thus found.

3.2.1 Structure of the network

Every node distributes its key to a fixed numbenoéles in the network. Thus every node in the netwo
contains keys from other nodes in the network.dfyr node to get the location information of a nates,
enough if they traverse to any of the nodes trantide has distributed its key to.

3.2.2 The concept of Closeness

The Hamming distance between keys is used as auneeafcloseness of one key to the other. A node A
said to be closer to the destination than a nodeABhas a key closer to the destination than Beims of
Hamming Distance. If a node does not have the redikey, it routes the query to a neighbour thahés
closest to the destination.

3.3 Problems with the algorithm

A major problem with the algorithm is when a logaihimum is reached. This means the current node is
the closest to the destination than any of its m@dgirs. This problem arises because of the way the
algorithm is designed rather than a problem with iological method used to model the situatiore Th
problem however is overcome by recognizing mininteemwthey occur and continuing the solution using
the neighbour farthest from the destination asctireent node. A minimum can be recognized easilgrwh
all neighbours of the current node have been etedua have a higher Hamming Distance than thesotirr
node.

4. Bio-Inspired Approach as a Problem Solving Technique

As described in section 2, bio-inspired algorithdepend heavily on component behaviour. They take a
bottom-up decentralized approach to solving anpler. They are called computationally intelligerithw
respect to the field of artificial intelligence. i§hs because the system is not told how to achaeveverall
goal. Instead, through iterative individual compainleehaviour, the system produces an emergentalbver
behaviour. This emergent behaviour is then utilifcedsolving the problem.

Bio-inspired techniques have three common concéptachieve the bottom-up emergent behaviour.
(Brownlee 2005)

a) Emergent Effects: Desirable characteristics eméma exposing the bio-inspired computational
system to a particular problem. This phenomenatuis to individual component interaction and
are easily observed and identified in systems. &tae usually complex relationships among
individual behavioural patterns that cause emergéatts.

b) Local Interactions: Local interactions are requifed components to pass local information,
synchronization etc. These interactions are simiplénd are easy to describe and implement.

c) Intermediate Dynamics: The activities of a systéiat tdescribe how and why discrete units and
local rules result in the desired emergent behasiothese dynamics are complex and difficult to
model or describe. Although these concepts are warg to model exactly for engineering
applications, each of these concepts can be omtni modified to suit specific engineering
problems. (Abbott 2005)

4.1 Component design

Components in biological phenomena can typically diassified into cooperative or competitive,
depending on whether the components share infoomati reach the component-level goal or whether
each component works competitively to reach thepmmnt-level goal. (Smistad 2010)

Consider, for example, Particle Swarm Optimizatig@SO). At the beginning of the algorithm, we
randomize the location of individual members and threction in which each member moves. Each
member of the swarm then does a local study (enment variables such as location, velocity anchadisg
from the original base camp). Usually in such atpgams, the individual aims to spread its informatio

its neighbours. This ensures that each memberagettative idea about its neighbours and has seifiic
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information about where its individual performarstands relative to the group. This information betpe
individual make decisions such as whether to keepimg in the same direction or not and whetheldas
down or speed up. These environment variables anedically checked by each component throughout
the lifetime of the program.

If we compare this search technique to evolutionaligorithms we see that both are parallel search
techniques. But, while evolutionary algorithms hasempetitive interactions, PSO has cooperative
interactions among its individual components.

To illustrate competitive interactions, we take themple of Bird Flocking Algorithms. This categarfy
algorithms are inspired by birds and fish that mmgether so that no individual in the flock cansiregled
out and eaten by predators. It is to be noteddhkdh particle swarm optimizations where the orgar's
tendency is to move towards achieving a common gb#ie entire group. This may not apply in case of
Bird Flocking Algorithms because here each indiaitfuaim is to survive. This may come at the cdst o
life of the other members. In some cases, the iddal is presented with a choice to leave the gruning

its migration if it senses that the group of whitks currently a part of is more susceptible togler that
some other group.

Craig Reynolds (1986) studied these algorithmsétaitl and was the first one to simulate the Flogkin
Behaviour on a computer. He suggested flocking Wiebiais controlled by three simple rules:

a) Separation - avoid crowding neighbours (short renegelsion)
b) Alignment - steer towards average heading of neighdb
c) Cohesion - steer towards average position of neigis(long range attraction)

The phenomena of cooperation and competition avingrforces for several complex biological systems
in nature.

5. Merits and Demerits of Bio-inspired Approach
5.1 Merits

As we have discussed, bio-inspired algorithms prieseveral merits because such a system is designed
be flexible, completely distributed and efficie®io-inspired systems can grow, organize, and im@rov
themselves with little direction from humans. Thesstems consist of several, usually quite simple,
individual components. The components usually fellsome simple behaviour according to the local
information they have or can perceive. This enaldetificially intelligent systems that use these
components and dynamics to do parallel procesEiagh of the components can often operate separately

A few other merits are presented in Table 1, coingathem to the methods adopted by conventional
algorithms using the following criteria.

a) Flexibility

b) Performance

c) Scalability

d) Flexibility in decision making

e) Improvement Scope and innovation
5.2 Demerits

Although Bio-inspired approaches to problem solvegggems almost ideal because of properties such as
self-optimization, flexibility and simple set ofaund rules, it has a few demerits.

1. Component Design: A major drawback in case of Bipired algorithms is the conflict on
whether to compromise on competitive interactionsamperative interactions.

2. Lack of data: Biological systems are extremely Hargtudy, and the lack of data on a system may
affect the design of the algorithm derived from toeresponding biological system. For example,
not many measurements have been made for birdifigckven with high speed cameras to film
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flocks. The rules listed above have been found foresmall groups but for large flocks the
validity of the above rules remains questionabspeeially the rule regarding cohesion in large
flocks.

3. Lack of complete adaptability: Bio-inspired alghbrits cannot be completely adapted to real world
systems because of conflicts in scalability or germiance issues. For example, in the Bird-
flocking algorithm, achieving component safety froeing singled out will require that we work
out the path of each individual in an explicit manrThis is alright when the algorithm is small
scale (similar to a flock of 15-20 birds). Howevédrwe are dealing with a large number of
components, this explicit programming will takewgh amount of time.

4. Low performance: Bio-inspired algorithms typicalhave low performance. This is because
biological methods aim to behave well in a wideietyr of situations as against aiming to reach
the goal quickly. (Neumann & Witt 2010) However, & free to improve on performance by
compromising on the adaptability or flexibility tde algorithm if we know parameters about the
environment that the algorithm will be working in.

A few other demerits are presented in Table 2, @ing them to the methods adopted by conventional
algorithms using the following criteria.

a) Initial thrust/Starting condition for the algorithm
b) Overhead involved
¢) Checking of the environment variables

6. Comparison of Bio-Inspired Algorithmswith Conventional Algorithms

Bio-inspired approach certainly differs from thengentional techniques. Biological techniques usuate
results of efforts of generations for their strigtp survive harsh conditions. Bio-inspired alduris are
built on simple rules and the assumption that thgamism stick to those rules. Also an important
characteristic of Bio-inspired approach is the mamus checking of an individual's own performanas,
compared to the group. Table 3 compares conventalgarithms to Bio-Inspired algorithms with respec
to four criteria

a) Intelligence

b) Testing and Verifiability

c) Improvement

d) Adaptability to practical situations (Kulkarni, Gguly, Canright & Deutsch 2006)

It is these very properties that are coming to fitve in emerging computer environments such as
autonomic computing, pervasive computing, peerdersystems, grid computing and the semantic web.
These environments demand systems that are rabdatiures, adaptable to changing requirements and
deployment scenarios, composed of relatively simptanponents for ease of development and
maintenance and are preferably decentralized aradigla

7. Conclusion and Future Work

Bio-inspired approach is an emerging field in pevblsolving technigues. Bio-inspired algorithms htne
unique feature of being highly decentralized, botigp, adaptable and flexible, thus providing elégan
solutions to engineering problems that are consrhby rigid limitations that traditional approashmse.
These algorithms are being progressively used dagtad to various real life situations and problems

In this paper, we have explored the Bio-Inspiregprapch and analysed its importance by way of an
illustration. Bio-Inspired Algorithms can be usesl @ problem solving technique using the concepts of
Emergent effects, Local Interactions and Interntedizynamics. The merits and demerits of using such
approach in real life problems are also shown. Paiger addresses the difference between convehtiona
approaches to problem solving and Bio-Inspired apghnes.
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Bio-Inspired approach to problem solving has immeepstential for research especially in the field of
Secure routing in Mobile Ad Hoc Networks. The sfieahallenges of secure routing in MANETSs can be
handled by using Bio-Inspired Algorithms. As futunerk, we intend to explore the possibility and
feasibility of using an immune system inspired Bispired approach for secure routing in MANETS.
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Notes

Note 1. The basic requirement of all bio inspiregbethms is that they always need some kind dfahi
thrust or some kind of competition or some condifimm which something has to be gained. If there i
nothing to be gained or there is no competitiomttiese types of algorithms should not be preferred

Note 2. Movement of every member (node) is not §imgndomized but is guided by some specific set of
rules which are programmed into the system.
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Table 1. Merits of Bio-Inspired algorithms compatedconventional algorithms

Criteria Bio-inspired Algorithms Conventional Algthrms
Flexibility Strength through flexibility, or Start with a fixed size or
strength in numbers population in mind and hence ar
not very flexible
Performance Work well even when the task i{sReach a saturation limit in their
poorly defined performance
Scalability Scalability is not really a Scalable, but only to a certain

challenge

degree

Flexibility in decision making

Tend to find the edhate best
available solution

Depends on programmer’s
understanding of the program

st

Improvement Scope andLargely unexplored field Conventional  algorithms e ar
innovation optimized and developed almg
to their limits
Table 1. Challenges while dealing with Bio-Inspigddorithms
Criteria Bio-inspired Algorithms Conventional Algiihms

Initial thrust/Starting condition fo

Require some kind of initig

| No other initial thrust required fo

0n —

the algorithm thrust the program to run than it
specified input
Overhead involved Overhead involved in assigningGverhead involved i

fitness value

comparatively less

Checking of the environmer

variables

tThey form feedback mechanism

Thus they need to continuous
check environment variables.

sDo not require any environme
Iyariables other

input and result.

than specifie

=3

Table 2. Comparison of Bio-Inspired Algorithms tor@entional Algorithms

Criteria

Bio-inspired Algorithms

Conventional Algdms

Intelligence

They are built on simple rulg
They take a bottom-up approach,

sStrictly top down approach.

Testing and Verifiability

Improvements have to bstéd on

Any modifications to the

generations success rate of thalgorithm can be tested ar

organisms has to be compared w
the previously existing succe
rates

itresults can be verified almo
ssmmediately

d

Improvement

Improving of the Bio-inspire
algorithms is not that easy becau
verifiability

serogrammer finds a bette

approach to problem

dCan be improved whenever the

D

=

Adaptability to practical situation
(Brownlee 2005)

sCannot be applied to practic

problems directly, but have to
customized to the problem

aBuilt keeping the practica
esituations and the end result
mind

in
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Figure 1. Sketch of a sample location informatiearsh.

21

www.iiste.org
pLLy

IS



This academic article was published by The International Institute for Science,
Technology and Education (IISTE). The IISTE is a pioneer in the Open Access
Publishing service based in the U.S. and Europe. The aim of the institute is
Accelerating Global Knowledge Sharing.

More information about the publisher can be found in the IISTE’s homepage:
http://www.iiste.org

The 1ISTE is currently hosting more than 30 peer-reviewed academic journals and
collaborating with academic institutions around the world. Prospective authors of
IISTE journals can find the submission instruction on the following page:
http://www.iiste.org/Journals/

The IISTE editorial team promises to the review and publish all the qualified
submissions in a fast manner. All the journals articles are available online to the
readers all over the world without financial, legal, or technical barriers other than
those inseparable from gaining access to the internet itself. Printed version of the
journals is also available upon request of readers and authors.

IISTE Knowledge Sharing Partners

EBSCO, Index Copernicus, Ulrich's Periodicals Directory, JournalITOCS, PKP Open
Archives Harvester, Bielefeld Academic Search Engine, Elektronische
Zeitschriftenbibliothek EZB, Open J-Gate, OCLC WorldCat, Universe Digtial
Library , NewJour, Google Scholar

m EB O INDEX (\@‘ COPERNICUS
I N T E RN A TTITIT ON AL

INFORMATION SERVICES
ULRICHSWES,  JournalTOCs @

N A ;
. E'z B Elektronische
lBAS(E T— Q0@ Zeitschriftenbibliothek O

open
> )
OCLC v)

The world’s libraries. — U cDigitalLibrary —
Connected. WorldCat e

Ny

'- ¥
GEORGETOWN UNIVERSITY
LIBRARY



http://www.iiste.org/
http://www.iiste.org/Journals/

