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ABSTRACT 

Sensor technologies have become very important today in gathering information about close 

by environments and its use in wireless sensor networks (WSN) is getting widespread and 

becoming popular every day. These networks are characterized by a number of sensor nodes 

deployed in the field for the observation of some phenomena. The usage of WSN is ever 

increasing in the diverse fields of Agriculture, Underground water resource management, 

Traffic management, Crime surveillance, Dataveillance etc. Due to the limited battery 

capacity in sensor nodes, energy efficiency is a major and challenging problem in such 

power constrained networks. To extend the life time of wireless sensor networks as well as 

conserving its power, some energy parameters have been under extensive research, which 

play an important role in the reduction of power consumption. These parameters are as 

energy required for operation, communication energy and battery capacity penalty. They 

have a direct and indirect �L�P �S�D�F�W�� �R�Q�� �W�K�H�� �Q�H�W�Z�R�U�N�¶�V�� �O�L �I�H�W�L �P�H���� �7�K�H�V�H�� �S�D�U �D �P�H�W�H�U�V�� must be 

chosen in such a way that the network use its energy resources efficiently. In This thesis we 

have analyzed these parameters and developed algorithms for design optimization of 

wireless sensor network through evolutionary paradigm and fuzzy control. the design 

parameters optimized by the genetic algorithm include the status of sensor nodes (whether 

they are active or inactive), network clustering with the choice of appropriate cluster heads 

and finally the choice between two signal ranges for the simple sensor nodes. We showed 

that optimal sensor network designs suggested by the genetic algorithms can optimize 

battery consumption and increase �Q�H�W�Z�R�U�N �¶�V �� �O�L �I�H�W�L �P�H���� �7�K�H  proposed algorithm 

characteristics and the impact of the chosen parameters have been investigated and 

illustrated in detail with various combinations. To achieve this goal, simulation algorithm 

that help in analyzing the effects of the parameters on sensor network lifetime has been 

designed and implemented in C++. Ultimately, results of extensive simulation studies are 

presented, and conclusions are drawn which can be helpful in guiding the wireless sensor 

network designer in optimally selecting the parameters proposed to improve the lifetime of 

the wireless sensor network. 

Keywords: WSN, Optimization, Genetic algorithm, Evolutionary algorithm, Design 

optimization  
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�x Events are propagated quickly and the rate of posting a task and switching the 

corresponding context is very high. 

�x It enjoys efficient modularity. 

Mate: is designed to work on the top of TinyOS as one of its components. It is a byte-code 

interpreter that aims to make TinyOS accessible to nonexpert programmers and to enable 

quick and efficient programming of an entire sensor network. In Mate, a program code is 

made up of capsules. Each capsule has 24 instructions, and the length of each instruction is 

1 byte. The capsules contain type and version information, which makes code injection easy. 

Mate capsules can deploy themselves into the network. Mate implements a beaconless 

(BLESS) ad hoc routing protocol as well as the ability to implement new routing protocols. 

A sensor node that receives a newer version of a capsule installs it. Through hop-by-hop 

code injection, Mate can program the entire network. Capsules are classified into four 

categories: message send, message receive, timer, and subroutine. An event can trigger Mate 

to run. It can be used not only as a virtual machine platform for application development, 

but also as a tool to manage and control the entire sensor network. 

MagnetOS: is a distributed adaptive operating system designed specifically for application 

adaptation and energy conservation. Other operation systems do not provide a network-wide 

adaptation mechanism or policies for application to effectively utilize the underlying node 

resources. The burden of creating adaptation mechanisms (if any) is on the application itself. 

This approach is usually not energy efficient. The goals of MagnetOS are to adapt to the 

underlying resource and its changes in a stable manner, to be efficient with respect to energy 

conservation, to provide general abstraction for the applications, and to be scalable for large 

networks. 

MANTIS: is a multithread embedded operating system, which with its general single-board 

hardware enables flexible and fast deployment of applications. With the key goal of ease 

for programmers, MANTIS uses classical layered multithreaded structure and standard 

programming language. The layered structure contains multithreading, preemptive 

scheduling with time slicing, I/O synchronization via mutual exclusion, a network protocol 

stack, and device drivers. The current MANTIS kernel realizes these functions in less than 

500 bytes of RAM. MANTIS uses standard C to implement the kernel and API. In the 















27 

(typically between 0.6 and 1). The objective is to combine the genes of both parents in order 

to produce better offspring. The most known crossover types are: 

�9 One-point crossover: One-point crossover is also referred to as single point 

crossover. One position is selected uniformly at random within the chromosome 

length, and the genes of the two parents are exchanged at this point to create two 

offspring. 

                          

Figure 2-4 One-point crossover 

�9 Two-point crossover: Two-point crossover is one instantiation of n-point crossover 

where n = 2. Two positions are selected uniformly at random to exchange the genetic 

material of the parents and produce two offspring. 

                          

Figure 2-5 Two-point crossover 

�9 Uniform crossover: Uniform crossover (Syswerda, 1989) does not assume any 

specific crossing point(s), but instead each gene of the offspring is randomly chosen 

from one of the parents. Both parents thus equally contribute to the offspring 
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generation.                         

 

Figure 2-6 Uniform crossover 

Mutation: The mutation operator is used to introduce some small changes in the individual 

to prevent converging prematurely to local optima. It typically modifies each gene of the 

individual with some constant low probability pm, usually between 0.001 and 0.01 (but it 

can also be dependent on the solution vector size, for example, pm=1/chromosome length). 

mutation can be defined as a change of a 1 into a 0 and vice versa, which is known as bit-

flip mutation. 

Elitism: Elitism consists in copying the current best individual (or set of best individuals) 

directly in the offspring population. It permits ensuring that the best fitness (or average, 

depending on the level of elitism) can only improve from one generation to another. 

However, it can also induce some premature convergence if diversity is lost too fast. 

Stopping Criteria: Since EAs are iterative algorithms, the typical stopping criterion, also 

referred to as termination condition, is a fixed number of iterations, that is, number of 

generations or fitness evaluations. Another criterion can be to stop the EA after some 

predefined amount of time. Finally, some more complex criteria might also be used, such 

as stopping if the population diversity is below some threshold or if there is no improvement 

of the best individual for some predefined number of iterations. 

2.8. Optimization in wireless sensor network  

Optimization plays a key role in wireless sensor networks. The optimization in WSNs can 

be broadly categorized into two those are single and multi-objective optimization problem. 

In single objective optimization, the main aim of the optimizer is to minimize or maximize 
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3.2.3.  Initial Population: 

Initial population of size 20 is used and the length of each chromosome is explained in the 

previous section. After running the simulation with different numbers of population 

(Chromosomes), it is found the suitable number is 20 and there is some scope for future 

study for more rational approach on deciding the number of chromosomes. The initial 

population is generated randomly by choosing 1 or 0 for each bit randomly.  The simulation 

makes sure that there will not be too many cluster heads when compared to the total number 

of sensor nodes. 

3.2.4. Fitness Function 

Since the fitness function is the only guiding factor that influences the search mechanism, 

it should be carefully chosen to meet the objectives. Fitness of chromosome is defined as 

the degree of correctness of an expected solution. The fitness function used for our 

Evolutionary algorithm is based on a performance measure of a given chromosome. In this 

study we use a similar performance measure that corresponds to the optimal realization of 

the objectives.   

On this study the fitness function is calculated from Equations (3-1,3-2,3-3)  

Fit(i)=1/(OE+CE*0.0001+BCP) �«�«�«�«�«�«�« �«�«�«�����������(�T�X  3-4 

Where, OE is operational energy, CE is communication energy, BCP is battery capacity 

penalty and fit(i) is fitness of chromosome i.  

3.2.5. Reproduction and Crossover: 

In this proposed FEA, the genetic operators, reproduction and crossover, are implemented 

exactly in the same way as those in basic genetic algorithm(BGA). The selection mechanism 

is based on the Tournament selection. In Tournament selection, initially a pair of 

chromosomes   were chosen randomly. Out of these two the better fit one is selected. Later 

another two chromosomes were chosen randomly and again better fit one out of these two 

is selected. Now these two-selected chromosomes will participate in crossover.                  
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 The following scatter chart in figure 4.5 shows the average number of sensors per cluster 

in the two scenarios (limiting and unlimiting) number of sensor per cluster throughout 

different generations, it shows that the average number of sensor per cluster increase in both 

cases, because of the number of cluster heads decrease by the optimization algorithm but in 

case of the first scenario (unlimiting sensor per cluster) some cluster heads have more 

number of sensors under them. In case of limiting the number of sensor per cluster, the 

results show that average sensor per cluster does not exceed more than the limit because 

excess sensors are handled by the proposed clustering algorithm that is proposed in section 

3.4 on this document. 

 
 

Figure 4-5 Average sensor per cluster with limited vs unlimited sensor per cluster 

4.4. Results on Basic GA and proposed algorithm   

The other study conducted in this thesis is comparative study of the proposed algorithm with 

basic genetic algorithm(BGA) in other words the effect of genetic algorithm parameter 

mutation, with probability of mutation with fuzzy controller and probability of mutation 

with fixed value, for this simulation we used 0.3 as mutation probability for fixed value 

mutation because as discussed in section 3.1.6 (The mutation probability pm should be 

sufficiently optimal). and for fuzzy controlled mutation the mutation probability range that 
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is described in the methodology section is used.  The results found from the simulation is as 

shown below in table 4-4 and figure 4.6                                                                                                                                                                                                     

Table 4-4 fuzzy mutation vs fixed value mutation 

Generation Number of CH in fuzzy 
mutation (proposed 

algorithm) 

Number of CH in 
fixed 

mutation=0.3(BGA) 
1 20 20 
10 14 19 
20 12 19 
30 10 18 
40 9 16 
50 8 15 
60 8 13 
70 8 12 
80 7 10 
90 6 9 
100 5 8 
200 5 7 

 

From the above table 4-4 We can see that decreasing of cluster heads throughout 

generations is slow when mutation probability is fixed at 0.3 than the fuzzy controlled 

mutation. Additionally, the scatter graph in figure 4.6 clearly show diagrammatically. 

Therefore, we can conclude that the proposed algorithm is much faster than the basic 

genetic algorithm in convergence to maximum fitness with less number of generation. 

 

Figure 4-6 fuzzy controlled vs fixed mutation 
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