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Chapter 1

Introduction

1.1 Background

Multi-objective optimization is a field of mathematical optimization problems involving
more than one objective functions. It is also called vector optimization, multi-objective pro-
gramming, multi-criteria optimization or Pareto optimization. Multi-objective optimization
has been used in various applications where optimal decision is required in the presence of
multiple trade-offs. In practical cases where multiple objectives are to be satisfied no single
solution exists that is optimal for all the objectives. These type of objectives are referred to
as conflicting objectives where improvement of one may degrade the other(s). A solution is
called non-dominating or Pareto-optimal if none of the objectives can be improved without
degrading the other objectives. Unlike single objective optimization multi-objective opti-
mization usually has more than one solutions that are Pareto-optimal. Purpose of various

multi-objective optimization algorithms is to find these non-dominating solution(s).

Membrane computing model provides a framework to utilize the effectiveness of working
of biological cells by abstraction of various activities performed by the cell and its interac-
tion with other cells and the environment. Equivalently membrane computing is an area of
computer science aiming to abstract computing ideas and models from the structure and the
functioning of living cells, as well as from the way the cells are organized in tissues and

higher order structures. This type of abstraction has vast potential for parallel as well as



distributed processing.

Similar to other bio-inspired optimization algorithms membrane computing can offer greater
exploration of solution space and is suitable for Pareto based method of optimization. This
method can produce multiple solutions that are close to Pareto-optimal solutions. With these
solutions decision maker (DM) can make suitable decision. Bio-inspired methods are par-
ticularly suitable in cases where preferences for objectives (a-priori preference expression)

cannot be assigned before optimal solutions are available.

1.2 Statement of the Problem

Multi-objective optimization problems require achieving optimal solution among conflicting
requirements. More than one optimal solution is possible but decision maker may prefer on
solution over another even if mathematically they arrive at same optimal value. So full

exploration of Pareto-optimal solutions also known as Pareto Front is necessary.

1.3 Objectives

To create membrane computing inspired evolutionary algorithm to solve multi-objective

optimization problem and compare its performance with current bio-inspired algorithms.



Chapter 2

Literature Review

Computing with membranes is a branch of Molecular Computing initiated by Gheorghe
Paun by the paper Computing with Membranes[1]. This computing model is also called P
systems[2] which have the same computing power with a Turing universal computing model.
Membrane systems mainly focuses on the various computational features of the membranes
such as transferring chemical substances between membranes or chemical reaction in the
region of the membrane, instead of modeling the biological membranes. In strict sense
number of principles are abstracted underlying the functioning of biological membranes,

and this abstraction is used as the working mechanism of the computing model.

Based on the above-mentioned context, an integral membrane system includes the nested
membrane structure, multisets, and reaction rules. Multiset, which consists of a collection
of symbol-objects, is placed in the compartments defined by the membrane structure, and
it is evolved by executing the reaction rules in a non-deterministic and maximally paral-
lel manner[1]. The membranes except the skin membrane can be dissolved and divided
by invoking the corresponding reaction rules. Because the structure of membrane systems
provides an enhanced parallelism, membrane systems can solve intractable problems in a
polynomial time [2]. More specifically, the membrane system with an enhanced parallelism
is able to trade space for time, that is to say, it can solve intractable problems in a feasible

time due to making use of an exponential space.

An evolutionary algorithm is proposed in [3] which is based on membrane systems to solve

the global numerical optimization problems for single objective functions. The algorithm



employs fundamental ingredients of membrane systems, including multisets, reaction rules
and membrane structure. In addition, the algorithm incorporates information of the adjacent

symbol-objects, to guide the evolution toward the global optimum, efficiently.

In multi-objective optimization more than one objectives are needed to be reached. When
decision maker cannot express the preference information about these objectives such multi-

objective optimization methods can be classified as no-preference methods [4].

Legacy works in multi-objective optimization include Weighing Method [4] where weighted
sum of all objective functions are merged into one objective and solved as single optimiza-
tion problem. This will produce one solution among the many Pareto-optimal solutions.
Changing of the individual weights can produce other solutions. This method has shortcom-
ings where problem is non-convex. In e-Constraint Method one of the objective functions is
selected to be optimized, the others are converted into constraints [4]. Solving non-convex
single-objective optimization problems to global optimality or at least with some guaranteed

proximity to the optimal value is known to be a challenge in mathematical optimization [5].

Several evolutionary algorithms are proposed over the years with capabilities to resolve

challenges with classical optimization methods [6], [7], [8], [9].

Earlier evolutionary algorithm such as Non-dominating Sorting Genetic Algorithm (NSGA)
[6] uses concepts from genetic algorithm such mutation, selection and ranks the results in

terms their non-dominance.

NSGA was further improved in NSGA-II [7] and NSGA-III [8] reducing computational

complexity and improvement of diversity and optimal values of solutions.

Multi-objective Evolutionary Algorithm Based on Decomposition (MOEA/D) [9] combines
classical method of optimization known as decomposition with concepts form evolutionary

algorithm and is comparable to performance with NSGA-II.

Estimation of Pareto Front (PF) and selection of offspring based on the proximity of off-
spring to the estimated PF is discussed in [10]. Unlike other evolutionary algorithms this

method takes the shape of PF into account while exploring solution space.



Chapter 3

Research Methodology

This section describes proposed optimization algorithm and benchmark function to evaluate

the algorithm which will be developed during the course of this research.

3.1 Components

3.1.1 Multi-objective optimization problem

Multi-objective Optimization Problems (MOOP) involves a set of function that are to be
maximized or minimized. Mathematically,
min f,,(x), where m =1,2,3,..... M
subject to
gi(x) >0, where : = 1,2,3,..... ]
h;(z) =0, wherei=1,2,3,....,J

and x;, < x < zy, where

* z is lower bound and xy is upper bound

5



* fm(z) are objectives to be minimized
* g;(x) are constraints with inequality

* hj(x) are constraints

If an objective is to maximize, negation or inverse of the objective becomes minimizing

problem. Similar operations can be done to constraints to standardize optimization problem.

Multi-objective optimization problems in principle have a set of optimal solutions also
known as Pareto-optimal solutions. Goal of any multi-objective optimization algorithm is to

find as many and diverse set of Pareto-optimal solutions.

3.1.2 Membrane System

The membrane structure is a hierarchical arrangement of membranes embedded in a skin

membrane which separates the system from its environment.
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Figure 3.1: Membrane Structure

To further understand a cell-like membrane system, its basic structure with degree n is sim-

ply described in eq. (3.1).

1= (V,T, u, wy, wy, ws, ..., wy, R) (3.1



where,

V' is the alphabet. Its element is named as an object. An object is the abstract repre-
sentation of atomic, molecular or the other chemical substances. The object may be

represented by symbol or string, also named as symbol-object

T C V, where T'is the output alphabet

* 11 1s a membrane structure with degree n

w; € V*, 1 < i < n, w,; represents the multiset in the i*" region of the membrane

structure u
* R represents the reaction rules in the region of membranes
To solve optimization problems using membrane system symbol objects are used as potential

solutions. Then using reaction rule and functional rule as described in [1] membrane system

can be adapted to solve muti-objective optimization problem.



3.2 Proposed Evolutionary Algorithm based on

Membrane Computing

Massive parallelism provided by membrane computing abstraction can be utilized to solve
MOOPs. Symbol objects inside membranes are used as possible solutions. For each objec-
tive function separate membrane will be used and within these membranes symbol objects
will be initialized. Evolutionary rule(s) will be applied inside each membrane to improve
optimal value. Communication rule(s) between membranes will be used to filter out domi-
nating solutions. Dissolution rule(s) will then be applied to diversify the solutions. Iteration

of above operations will result in solutions close to PF.

3.3 Performance analysis with benchmark functions

Following functions will be used to test the performance of proposed algorithm:

3.3.1 Schaffer Function 1

Minimize:
fi(x) = a2,
fo(x) = (v —2)?

Search Domain :

—A < x < A where values of A from 10 to 10°



3.3.2 Schaffer Function 2

Minimize:

-z, ifz <1
—r—2, ifl<x<3
4—z, if3<az <4

r —4, ifx >4

fala) = (2 = 2)?

Search Domain: —5 < x < 10

3.3.3 Zitzler-Deb-Thiele’s Function 1

Also known as ZDT1 which defines the minimizing of:

—_
IN
IA
w
=}

3.3.4 Zitzler-Deb-Thiele’s Function 2

Also known as ZDT?2 which defines the minimizing of:

filz) =

fa(z) = g(x)h(fi(2), g(x))
glx) =1+ ?szl
h(fi(x), g(x)) = 1 — (&)



Search Domain :

o
IN
&
IN
—_

,_.
IA
IN
o
S

3.3.5 Zitzler-Deb-Thiele’s Function 3

Also known as ZDT3 which defines the minimizing of:

filx), g(w) =1 — /88 — Dl gin (107 f1 (x))

3.4 Performance comparison with standard algorithms

Performance of the proposed algorithm will be compared with following standard multi-

optimization algorithms:

1. NSGA I

2. Multi-Factorial Evolutionary Algorithm With Online Transfer Parameter Estimation

(MFEA-TI)
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3.5 Tools

1. Python 3
2. Netbeans IDE
3. Matlab 2022a

4. Visual Studio Code
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Chapter 4

Expected Outcome

At the end of this research, an evolutionary algorithm based on membrane computing will
be created that can solve MOOPs. Detailed analysis of performance of this algorithm with
benchmark functions as well as performance comparison with other MOOPs solving algo-

rithm will be presented.

12



Chapter 5

Work Schedule

The working schedule for this thesis is proposed as follows:

Table 5.1: Time Schedule for the Thesis Work

Task

Weeks

1

2

10

11

12

Literature Review

Prepare suitable reaction rules

Prepare suitable evolution rules

Implementation

Testing and Debugging

Comparison and Analysis

Documentation

13
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