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Abstract

With the advancement of micro-sensor and radio tech-
nology, wireless sensor networks are deployed in various
applications. In a continuous monitoring application, sen-
sors gather information and transmit the sensed data to
base station in a periodic manner. In each data gather-
ing round, a node generates a data packet and transmits the
packet to base station, or any other node; the data pack-
ets received from neighbouring nodes can be aggregated.
The lifetime of such sensor system is the time until base sta-
tion receives data from all sensors in the network. We pro-
pose a Genetic Algorithm (GA) based multi-hop routing for
a homogeneous network to maximize the network lifetime.
Given the location of the sensor nodes and base station,
our algorithm generates a sequence of routing paths that
maximizes the system lifetime.

1 Introduction

The emerging of low power, light weight, small size
and wireless sensors has encouraged tremendous growth of
wireless sensor applications. As energy required in commu-
nication plays a major role in energy depletion of the sen-
sor node, we should minimize the number of transmissions
along with efficient routing to achieve extended system life-
time [8].

In this paper, we propose a Genetic Algorithm (GA)[1]
based multi-hop routing technique to maximize network
lifetime in terms of first node death. We assume that all
nodes perform in-network data aggregation. Data aggre-
gation or fusion is a useful technique that combines data
from different sensors and avoid redundant transmissions.
Our GA based approach generates a transmission schedule
which consists a collection of transmission rounds. A trans-
mission schedule denotes how data is collected from each
sensor and propagated to base station. It represents a collec-
tion of routing paths that network will follow to maximize
lifetime. Clearly, a routing path forms a tree that spans all
the sensor nodes. We call such spanning trees as aggrega-

tion trees similar in [5].
A maximum lifetime data gathering algorithm called

MLDA, is proposed in [4]. Given the location of each node
and base station, MLDA gives the maximum lifetime of
a network. MLDA works by solving a linear program to
find edge capacities that flow maximum transmissions from
each node to base station. The algorithm generates a sched-
ule of multiple spanning trees that gives maximum lifetime.
MLDA gives almost near optimal lifetime of a network in
terms of first node death. However, MLDA has an extreme
run time complexity that requires solving linear program
with O(n3) variables, where n is the number of nodes in
the network. To overcome the limitation of MLDA, a cluster
based heuristic algorithm called CMLDA is proposed in [5].
The CMLDA algorithm works by first clustering the nodes
into groups of a given size. Each cluster’s energy is set to
the sum of the energy of the contained nodes. The distance
between clusters is set to the maximum distance between
any pair of nodes of two clusters. After the cluster forma-
tion, MLDA is applied among the clusters to build cluster
trees. CMLDA has a much faster running time than MLDA
but does not work well on sparse networks; CMLDA works
better on dense networks.

The remainder of this paper is organized as follows: Sec-
tion 2 describes maximum lifetime problem and discusses
our Genetic Algorithm approach to solve that problem. Sec-
tion 3 discusses simulation and results. Finally, Section 4
concludes our paper with future work.

2 MAXIMUM LIFE TIME ROUTING

2.1 Problem Statement

Consider a network of n sensor nodes with non-
replenishable energy which are randomly placed in a net-
work. Each node generates a fixed length data packet of
size l bits and transmits the packet towards base station.
Each node can aggregate one or more incoming data pack-
ets with its own. In a data gathering round, base station
receives sensed data of each sensor. We are interested in a
routing algorithm that maximizes the number of rounds be-



fore the first node dies. We define an aggregation tree that
spans all the sensor nodes. These aggregation trees repre-
sent paths in the network. The best aggregation tree can
be computed using any traditional spanning tree algorithm
[7]. Although the best aggregation is the most efficient path
in the network, the continuous usage of this path would let
few nodes die early than others. Therefore, we need to find
a collection of aggregation trees, where each tree is used
for a fixed number rounds, so that energy consumption is
balanced among all nodes in the network. The number of
rounds for which an aggregation tree will be used is defined
as the frequency of that tree. Therefore, a routing schedule
defines the collection of aggregation trees with their corre-
sponding frequencies.

2.2 Genetic Algorithm Based Routing

Genetic algorithm is a popular choice for search and op-
timization problem [1]. In this paper, we investigate the
maximum lifetime optimization using GA. A set of aggre-
gation trees are given as an input to a GA. The GA deter-
mines appropriate frequency for each tree so that network
lifetime is maximized. We define these unknown frequen-
cies as parameter vector F with objective function T as fol-
lows:

T = f(F ) (1)

where parameter vector F is the frequencies of aggregation
trees which will maximize network lifetime. A genetic al-
gorithm uses fitness tests on possible solutions to generate
next set of possible solutions. The fitness determines the
quality of an individual solution on the basis of defined cri-
teria. A solution with better fitness has the chance of sur-
vival for next generation.

2.2.1 Chromosome

A chromosome contains genetic information for GA. We
represent a transmission schedule as a chromosome. Our
chromosome consists of all the frequencies of aggregation
trees that are in a schedule. In other words, if a transmis-
sion schedule consists of n number of aggregation trees, a
chromosome will contain n number of genes where each
gene corresponds to a specific aggregation tree frequency.
The frequency of an aggregation tree is represented as bits
of their binary values. If the highest frequency of a trans-
mission schedule requires s bits and there are k aggregation
trees in the schedule, the total number of bits in a chromo-
some will be s×k. A chromosome, c, is defined as follows:
c = (t1, t2, ....., tk), where ti is the frequency of the ag-
gregation tree Ti; each frequency is represented in binary
format.

All possible aggregation trees of a network can be com-
puted using the algorithm proposed in [3] with O(k+V +E)

time complexity, where k is number of possible trees, V de-
notes the number of nodes, and E is number of edges in
the network. For a large and dense network, the number of
possible aggregation trees can be extremely high. As a re-
sult, we choose to use k best minimum spanning trees by
using the algorithm proposed in [6]. Currently, we restrict
the value of k = V × 4, where V is number nodes in the
network, as this value showed better performance.

2.2.2 Population

An initial population of our GA is created with a randomly
chosen value for each aggregation tree frequency in the
chromosome. A population of q chromosomes is repre-
sented as p = (c1, c2, ....cq). All chromosomes in the pop-
ulation have the same size. The selection process of GA
determines which two parents will take part in mating to
create new population. We use tournament selection where
two chromosomes are chosen randomly for mating. To
avoid losing of best chromosome in a current population,
we also followed elitism selection [1]. We use two opera-
tors crossover and mutation to generate a new population
from the current population. Crossover acts on two parents
to form offspring. We use a single point crossover on each
gene in the chromosome with a defined probability. To be
more specific, we cross frequency of the same tree of differ-
ent chromosomes. Figure 1 shows chromosomes consisting
of three genes. A gene encodes the frequency of a partic-
ular aggregation tree. The vertical bar in each gene of the
chromosome is the crossover point which is selected ran-
domly. By flipping the bits after the crossover point with
corresponding genes of two parents we obtain new frequen-
cies for the trees that form offspring.

Parent 1 1001|0 00|100 111|00
Parent 2 0100|1 10|010 011|01
Child 1 10011 00010 11101
Child 2 01000 10100 01100

Figure 1. An illustration of crossover

2.2.3 Fitness

Fitness is the core part of a Genetic Algorithm. Our fitness
function is designed to increase the lifetime of the system.
Our fitness function evaluates whether a chromosome in-
creases the lifetime of the system or not. We preserve the
highest fitness value chromosome for the next generation.
The objective function (1) is obtained as follows:

T =
∑

i

(wi, pi),∀pi ε {IF, V F, FD} (2)

where wi is the initial weight assigned to a specific fitness
parameter pi. The fitness parameters are as follows: IF



is the sum of invalid frequencies, V F is the sum of valid
frequencies, and FD is the frequency difference; the details
of fitness parameters are given below.

• Sum of invalid frequencies (IF) determines the number
of over estimated transmissions. If the sum of all fre-
quencies of a chromosome i is S but the first node die
after t rounds then invalid frequency is given as fol-
lows: IF = S − t, (S > t). IF reduces the search
space by eliminating invalid solutions. Note that the
frequencies of the aggregation trees are non-linear and
dependent on each other. Large frequency of a partic-
ular tree reduces the chance of using other trees in the
schedule. To increase lifetime of a network, the value
of IF has to be minimum.

• Sum of valid frequencies (VF) determines the lifetime
of a chromosome is sum of all the frequencies. Valid
frequencies are sum of all the frequencies in the chro-
mosome that can be used before the first node dies. To
maximize network lifetime, sum of valid frequencies
has to maintain the following constraint:

m∑
i=1

V F i ≥ tmax (3)

Where tmax is the maximum lifetime possible if we
use single best tree. This constraint shows that, sum of
valid frequencies has to be greater than the lifetime of
single best aggregation tree. Higher value of VF will
increase the network lifetime.

• Frequency Difference (FD) is used to balance the en-
ergy consumption among all nodes in the network. The
variation of frequencies in a chromosome should be
small for near-uniform distribution of nodes. FD in-
dicates suitable combination of tree frequencies. The
frequency FD is computed as follows:

FD =

√√√√ 1
m

m∑
i=1

(µ − fi)
2 (4)

where µ =
∑ m

i=1
fi

m , fi is the frequency of ith aggre-
gation tree, and m is the number of aggregation trees
in the transmission schedule.

After each generation, the best fit chromosome is evalu-
ated and the weights for fitness parameters are updated us-
ing the change of fitness parameters: wi = wi−1 + ci(pi −
pi−1), where ci+1 improves the value of the weight based
on the previous experience, ci+1 = 1

1+e−fi
.

3 Simulation and results

In this section, we present performance result of our
GA based routing technique with CMLDA [5]. We used
MAPLE to solve the liner program of CMLDA and inte-
grated with our Java based GA simulator. CMLDA is con-
sidered as near optimal algorithm to maximize lifetime for
large network. Although MLDA gives better lifetime than
CMLDA, but due to high complexity of the algorithm we
couldn’t simulate MLDA more than 15 nodes. The experi-
ment was conducted in two network areas of 100 × 100m2

and 500 × 500m2 for network size of 10, 20, 30 and 40.
Each sensor has an initial energy of 1J and base station was
located (25, 200) and (500, 700) respectively. Each sensor
node generates a fixed length packet size of 1000 bits. All
nodes are placed randomly in the specific network field. No-
tice that, our algorithm also generates the single best tree
as the side effect of the algorithm. The single best tree is
the most energy efficient path in terms of last node death.
As a result we also compare our algorithm with single best
tree (denoted SBT). Recall that, a routing schedule con-
sists of a collection of aggregation trees which base station
broadcasts to the network. The number of aggregation trees
would result in additional overhead every time a schedule
is broadcasted to the network. Therefore, we compare the
number of aggregation trees (denoted SL) generated by our
GA algorithm and CMLDA. In each experiment, we took
the average value of five trials to get the confidence in our
results.

For communication energy estimation, we use a first
order radio model described in [5]. In this model, en-
ergy required to run the transmitter or receiver circuitry
is eelec = 50 nJ/bit and the transmitter amplifier requires
eamp = 100pJ/bit/m2. Energy required to transmit a data
packet of size l bits from a node i to node j is given by
Tij = lEe + lEampd

2
ij , where dij is the distance between

node i and j. Energy required to receive a l bit packet for
any node j is given by Ri = eelecl.

Tables 1 shows comparision of our GA based multi-hop
routing with CMLDA for network field size 100 × 100m2

and 500 × 500m2. We choose various size networks to see
the impact of our protocol in different situations. Data from
Table 1 shows that our GA algorithm gives better lifetime
than the single best tree (SBT). GA gives the same life-
time with CMLDA for small network size. As the network
grows, our routing algorithm looses performs due to large
number possible spanning trees in the network. We see a
significant improvement of lifetime for network size 20 and
30. This gives the indication that our GA algorithm per-
forms same as CMLDA for small and sparse networks. Re-
call that, CMLDA routing involves solving linear program
to build the aggregation tree of clusters; whereas our algo-
rithm extracts fixed number of aggregation trees and finds



Table 1. Comparision of different routing al-
gorithms

n Area SBT GA SL CMLDA SL
100x100 734 1796 40 1735 885
500x500 72 192 40 175 25
100x100 775 1832 40 1845 148510
500x500 43 94 40 91 91
100x100 734 1317 80 2196 206720
500x500 156 273 80 276 215
100x100 738 1291 120 2525 229030
500x500 175 315 120 317 289
100x100 861 861 160 3738 373940
500x500 130 256 160 419 384
100x100 720 720 200 3822 380250
500x500 215 215 200 339 329

suitable frequency for each tree that maximizes lifetime of
the network. It is noticeable that, CMLDA gives better per-
formance at the cost of generating a large number of aggre-
gation trees. Base station broadcasts this schedule to each
node in the network and it adds extra overhead for each sen-
sor. Our algorithm tries to extend network lifetime with the
minimum number aggregation trees. CMLDA works with
the assumption that each node has n − 1 communication
links; as a result, the number of aggregation trees grows ex-
tremely high and our GA approach fails to achieve reason-
able performance. In reality, the number of reliable commu-
nication links are much lower and a node can communicate
with only small number of neighbors [2] in the network. As
a result, there will be limited number of possible spanning
tress, which will favor our GA technique.

While our approach mainly concerns to build a multi-hop
path that will minimize energy consumption of the network
and extend lifetime, it may not achieve its goal for dense and
large network. It tries to maximize network lifetime using
limited number of aggregation trees. We will extend our
GA algorithm to incorporate balancing of residual energy
of each node. In future, we will also investigate hierarchi-
cal approach of our GA algorithm so that it can maximize
lifetime for large network.

4 Conclusion

In this paper, we propose a genetic algorithm based
multi-hop routing to maximize the lifetime of the network.
We showed that it maximizes network lifetime without solv-
ing any linear program. We presented our simulation results
with some performance bounds. We showed that our algo-

rithm is able to give maximum lifetime using a very limited
number of trees for small network.
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