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Abstract: Efficient routing techniques can enhance the lifespan of a wireless sensor network, but most 

research has focused on how long the network survives, but without considering the ‘quality’ of the 

network in its final iterations. Here we examine how changing the fitness parameters used in the 
genetic algorithm can affect both the lifespan and quality of the lifespan of a wireless sensor network.  
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1. Introduction 

There has been much work done investigating different routing techniques for wireless sensor 

networks [1]. There are many different routing algorithms out there, both intelligent and not. One 

commonly cited unintelligent algorithm is LEACH [3], which randomly cycles through the various 

nodes to act as a temporary head node for a group of nodes. The head node communicates with the 

base station, while the child nodes communicate with the head node. This reduces the number of 

longer distance transmissions that are made. Other algorithms, such as PEGASIS [5] involve chaining 
– each node communicates with a neighboring node until the message reaches the head node.  

Genetic Algorithms (GAs) work by evolving a solution to the problem, through some random chance 

and combining with other solutions, much like natural evolution. A chromosome represents one 
potential solution to the problem Chromosomes can mate, resulting in an offspring that combines 

elements of the two, and random mutations can also occur. GA presents an ideal machine learning 

approach for this problem, as they do not require that an optimal solution should be known for any 
instance of the problem. Learning takes place through a combination of random chance and selection 

of the fittest chromosomes at each stage, as shown in [6]. 

Jin et al. [4] have also used GA for energy optimization in wireless sensor networks. In their work, GA 

allowed the formation of a number of pre-defined independent clusters which helped in reducing the 

total minimum communication distance. The pre-defined cluster formation also decreased the 

communication distance by 80% as compared with the distance of direct transmission. Ferentionos et 

al. [2] extended the attempts proposed in [4] by improving the GA fitness function. The focus of their 

work is based on the optimization properties of genetic algorithm 

In this paper, we concern ourselves with the quality of the network, as opposed to the lifespan of the 
network. It is irrelevant if a network lasts a long time if the distribution of the surviving nodes is so 

skewed as to not provide any meaningful measure; for our purposes, a high quality network is one that 

has well distributed nodes in the final iterations. 

2. Simulation 

A simulation program has been implemented in Java. For this work, the GUI in [7] is modified to 

include a method to change the weight parameters for the fitness parameters of the genetic algorithm. 

This program simulates running a Genetic Algorithm on the sink to determine the ideal configuration, 

transmitting 100 times, and then finding a new GA solution.  



Parameter 1 is the difference between the direct distance (if each node were to transmit independently 

to the sink) and the distance calculated by the current chromosome. Parameter 2 is the number of non 

header nodes. Parameter 3 is the inverse of the total network energy, and Parameter 4 is the standard 

deviation of the transmission distance (as computed based on clustering). A screenshot of this 

implementation is given in Figure 1. 

 

Figure 1: Screenshot of application with initial network configuration 

3. Experiments and Results 

The experiments were conducted using a 100x100 uniform grid of 200 nodes, with each node placed 5 
units apart. Each node is assumed to be able to monitor an area with a radius of 2.5 units as the desired 

precision. The experiment is executed until 10% or less of the nodes are still alive. Note that this does 

not mean that there is an equal number of nodes in the final iteration, as several nodes can die between 

iterations. 

We ran the network using a number of different parameters for the weights of the fitness functions. We 

have a quantitative measure of how many nodes are very closely spaced, and qualitative observations 

about how well covered the entire network is. For the qualitative observation, the network is divided 

three groups: ‘Good’, ‘Average’, and ‘Poor’, which are described as follows: 

• Good:  a) at least 2 nodes in each quadrant, with these nodes not being too close, b) largest 

circle that can be drawn without containing nodes should be no more than about ¾ the size of 

a quadrant, c) no major clustering towards the center or towards edges, and d) no more than 
2:1 ratio between halves (top/bottom, right/left) 

• Average:  a) at least one node in each quadrant, b) no more than 3:1 ratio between halves, c) 

largest circle that can be drawn without containing nodes should be no larger than a circle with 

a quadrant as a bounding box. 

• Poor: all others 

 

For example, Figure 2 (a) is a ‘good’ distribution. All 4 quadrants have nodes, although the lower left 
only has 3; there are nodes in the center, and there are nodes near the edges.  Figure 2 (b), an ‘average’ 

distribution, only has one node in the lower right quadrant, and has far more nodes in the left half than 

in the right. Figure 2 (c), on the other hand, has all but 2 nodes in the top half of the field, with no 



nodes in the bottom right corner, as well as a rather large gap in the center – a circle can be drawn that 

is larger than a quadrant.. 

      

(a)  good   (b) average   (c) poor 

 Figure 2: Examples of good, average, and poor distributions 

For our quantitative measurements, we looked at the area as a grid. Initially, all of the grid points have 

nodes; all squares are covered by nodes and all squares contain nodes (a node at the corner of 4 

squares is contained in all of them, and covers all of them). Our quantitative measure looks at how 

many nodes are located immediately adjacent to other nodes. 

 

Figure 3: Illustration of “contains” and “covered by” measures. 

 Initially, we have a grid as shown in Figure 3. The square A contains one node and is covered by one 

node. The square B contains 3 nodes and is covered by 3 nodes. Since this represents the bottom left 

corner, 2 of the nodes are covering an area which we don’t care about; the nodes on the edges are why 
the ‘contains’ measure and the ‘covered by’ measure are different. Once the nodes get down to 10%, 

we would like to have them as spread out as possible; in this case, the situation above is undesirable, 

since B is covered by 3 nodes. Ideally, the number of squares covered would be 4 per node; in this 

case, a node in the center would be most desirable, as indicated by the circle with the dashed line. 

Table 1 shows the results of simulation experiments. Overall, there is a tendency for networks that 

provide better coverage before the end to die more quickly, as two of the best networks only lasted 

6100 iterations, and as well for networks that last a long time to die in a way that provides poor 

coverage.  Network 8 provides a good balance of longevity with quality of coverage. In terms of the 

parameters that produced long lasting networks, we can note that the networks with standard deviation 
weights 0.15 and smaller consistently produced good coverage. The relationship for the Transfer 

Distance weight is interesting; the smallest and the largest weights produced the better networks, while 

those in the middle produced poor results. For Network Energy, the range from 0.3 to 0.7 produced the 

A B 

D C 



best results. Not as many networks were looked at for the header proportion, but the value of 0.1 

produced a network with better coverage but significantly lower lifespan. 

 

Network # 1 2 3 4 5 6 7 8 9 10 

Transfer Distance 0.2 0.5 0.7 0.9 0.1 0.15 0.25 0.2 0.2 0.2 

Header Proportion 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 

Network Energy 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.7 0.9 0.3 

Standard deviation of distance 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.15 

Final Iteration 7000 6400 6900 5900 5800 6200 6100 7100 6400 6800 

# of nodes in final it. 18 15 15 19 18 20 9 19 15 20 

# of nodes in 2nd last it 25 21 22 28 33 21 24 21 21 21 

# of squares covered 59 50 50 74 60 70 36 64 50 65 

# of nodes containing 63 52 52 76 66 72 36 70 56 66 

Covered per node 3.28 3.33 3.33 3.89 3.33 3.5 4 3.37 3.33 3.25 

Containing per node 3.5 3.47 3.47 4 3.67 3.6 4 3.68 3.73 3.3 

Good, Average, Poor P P P A A G P A P A 

           

Network # 11 12 13 14 15 16 17 18 19 20 

Transfer Distance 0.2 0.2 0.25 0.2 0.2 0.2 0.2 0.2 0.2 0.2 

Header Proportion 0.08 0.08 0.08 0.1 0.05 0.08 0.08 0.08 0.08 0.08 

Network Energy 0.6 0.8 0.7 0.5 0.5 0.5 0.5 0.5 0.5 0.5 

Standard deviation of distance 0.15 0.15 0.15 0.15 0.15 0.1 0.2 0.3 0.05 0 

Final Iteration 6800 7000 6100 6100 7200 6600 6300 6800 6100 6100 

# of nodes in final it. 13 14 19 15 15 20 19 16 20 20 

# of nodes in 2nd last it 23 23 21 24 26 21 21 34 21 22 

# of squares covered 44 54 62 51 50 57 72 52 71 74 

# of nodes containing 46 54 68 53 50 70 76 62 74 76 

Covered per node 3.38 3.86 3.26 3.4 3.33 2.85 3.79 3.25 3.55 3.7 

Containing per node 3.54 3.86 3.58 3.53 3.33 3.5 4 3.88 3.7 3.8 

Good, Average, Poor G P A A P G A A G G 

Table 1: Simulation Results 

This is certainly a good area to look at in terms of adding new fitness parameters to the problem, 

although an easy to calculate measure of the evenness of the distribution is required. The grid based 

approach, while easy to calculate, has many limitations. First of all, it reveals little about the coverage 
of the network as a whole. There certainly is a relationship, but not a very strong one. Excluding 

network 7, which had only 9 nodes survive to the final iteration, Network 12, for example, was judged 

poor overall, but had a score of 3.86 for both; network 16, which was judged good overall, had a score 

of 2.85 and 3.5, respectively. The grid approach is mainly useful in seeing if the nodes are covering an 



optimal amount of the area, without considering the overall distribution; with our simulation, a 

network can do perfectly but still have very large gaps in coverage. What this measure indicates is how 

much overlapping there is of the remaining nodes; it doesn’t, for example, take into account whether 

the node is just out of range, or whether it is on the other side of the area. Increasing the grid size 

presents problems, as a node which is at or near an intersection point can skew the results. 
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  (a) Transfer distance    (b) Network Energy 
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  (c) Header Proportion    (d) Standard Deviation 

Figure 4: Variation in weights 

The graphical illustrations are used to determine the suitable values for the weights of the fitness 

parameters. Figure 4 shows variation in weights of four parameters of the fitness function. Part (a) 
shows that qualitatively, for transfer distance, the weight of 0.15 performed “Good”, 0.9 and 0.1 

performed “average”, while the rest rated “poor”. Part (b) shows the variation in weights of network 

energy; the weight of 0.6 performed “good”, 0.7 and 0.3 performed “average”, while the rest rated 

“poor”. Part (c) shows the variation in weights of header proportion; the weight of 0.1 performed 

“average”, while the rest rated “poor”. Finally, part (d) shows that for standard deviation, the weight of 

0, 0.05, and 0.1 performed “Good”, and the others rated “average”. 

One thing that should be clear from the above graphs is that a network can do well on the number of 

squares covered by nodes and the number of nodes containing nodes, and still do poorly qualitatively. 

This is because this measure only looks at nodes that are very close together, without considering 
nodes that are still close, but slightly farther apart.  



4. Conclusion and Future Work 

A better quantitative measure of distribution needs to be implemented. If done right, this could provide 

an additional fitness parameter for the algorithm.  

Genetic Algorithms represent a good approach for the problem of maximizing the power remaining in 

a wireless sensor network. Neural Networks do not provide an appropriate tool for this problem, 
although they have been used successfully to reduce the number of transmissions based on the specific 

data being recorded. The grid based approach for estimating the distribution of the nodes is simple to 

calculate, but does not provide a good overall measure of how evenly the network is dying in networks 
where most of the nodes are dead, merely a measure of how many surviving nodes are very close to 

other surviving nodes. 
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