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Abstract

This paper uses a genetic algorithm (GA) to generate bal-
anced and energy efficient data aggregation spanning trees
for wireless sensor networks. In a data gathering round, a
single best tree consumes lowest energy from all nodes but
assigns more load to some sensors. As a result, the energy
resources of heavily loaded nodes will be depleted earlier
than others. Therefore, we use a collection of trees that bal-
ances load among nodes and consumes less energy. Our
proposed GA takes these two issues in generating aggre-
gation trees. The GA is simulated in an open source sim-
ulator, J-sim. The simulation results show that proposed
GA outperforms a few other data aggregation tree-based
approaches in terms of extending network lifetime.

1 Introduction

Wireless sensor networks (WSNs) are commonly used in
various ubiquitous and pervasive applications. Due to lim-
ited power resources, the energy efficient communication
protocols and intelligent data dissemination techniques are
needed; otherwise, the energy resources will deplete dras-
tically and the network monitoring will be severely limited
[11, 12]. The network lifetime is defined as the number
of messages that can be received until all the nodes are in
working condition. In this paper, data aggregation trees are
used and the sensors receive data from neighboring nodes,
aggregates the incoming data packets, and forwards the ag-
gregated data to a suitable neighbor. Base station is a pow-
erful node and it is connected to both WSN and traditional
IP network. All data packets are directed towards base sta-
tion, which receives aggregated data from the entire WSN.
Although data aggregation can use data correlation and data
compression techniques [3], in this paper, packets are sim-
ply concatenated provided the aggregated size is less than
the maximum packet size. The proposed technique would
be suitable for a homogeneous WSN, where there is some
spatial correlation in the collected data.
In this paper, a genetic algorithm (GA) is used to create en-
ergy efficient data aggregation trees. For a chromosome,
the gene index determines the node and the gene’s value
identifies the parent node. The single-point crossover and
mutation operators are used to create future generations.
A repair function is used to avoid invalid chromosomes,

which would contain cycles (loops). The chromosome fit-
ness is determined by residual energy, transmission and re-
ceive load, and the distribution of load. The population size
and the number of generations are based on the network
size. An open-source simulator J-Sim1, is used for the sim-
ulation and performance evaluation.
The remainder of this paper is organized as follows: Sec-
tion 2 briefly describes the related work. Section 3 dis-
cusses the problem statement. Section 4 gives the details
of using GA to determine data aggregation trees. Section 5
provides the simulation results. Finally, Section 6 con-
cludes the paper and gives directions for future work.

2 Related Work

There are several approaches to reduce the overall energy
consumption. Kalpakis et al. [10] proposes a maximum
lifetime data gathering algorithm called MLDA. 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.
Dasgupta et al. [1] improves MLDA by using a cluster
based heuristic algorithm, CMLDA, which works by clus-
tering the nodes into groups of a given size. Then, each
cluster’s energy is set to the sum of the energy of the con-
tained nodes. The distance between clusters is set to the
maximum distance between any pair of nodes of two clus-
ters. After the cluster formation, MLDA is applied among
the clusters to build cluster trees. Then, CMLDA uses en-
ergy balancing strategy within a cluster tree to maximize
network lifetime. CMLDA has a much faster execution
time than MLDA; however, it is not suitable for non-dense
networks.
Tan et al. [2] proposes two minimum spanning tree based
data gathering and aggregation schemes to maximize the
lifetime of the network, where one is the power aware ver-
sion of the other. The non power aware version(PEDAP)
extends the lifetime of the last node by minimizing the to-
tal energy consumed from the system in each data gathering
round, while the power aware version (PEDAPPA) balances
the energy consumption among nodes. In PEDAP, edge
cost is computed as the sum of transmission and receiving
energy. In PEDAPPA, however, an asymmetric commu-
nication cost is considered by dividing PEDAP edge cost
with transmitter residual energy. A node with higher edge

1http://www.j-sim.org



cost is included later in the tree which results few incoming
messages. Once the edge cost is established, routing infor-
mation is computed using Prim’s minimum spanning tree
rooted at base station. The routing information is computed
periodically after a fixed number of rounds (100). These
algorithms assume all nodes perform in-network data ag-
gregation and base station is aware of the location of the
nodes.
In [6], EESR is proposed that uses energy efficient spanning
tree based multi-hop to extend network lifetime. EESR
generates a transmission schedule that contains a collection
of routing trees. In EESR, the lowest energy node is se-
lected to calculate its edge cost. A node calculates its out-
going edge cost by taking the lower energy level between
sender and receiver. Next, the highest edge cost link is cho-
sen to forward data towards base station. If the selected
link creates a cycle, then the next highest edge cost link
is chosen. This technique avoids a node to become over-
loaded with too many incoming messages. The total pro-
cedure is repeated for the next lowest energy node. As a
result, higher energy nodes calculate their edge costs later
and receive more incoming messages, which balances the
overall load among nodes. The protocol also generates a
smaller transmission schedule, which reduces receiving en-
ergy. The base station may broadcast the entire schedule or
an individual tree to the network.
Jin et al. [9] and Ferentinos [4] use GA to create a number
of pre-defined independent clusters which reduce the total
communication distance, in order to minimize the energy
consumption. The focus of their work is based on the opti-
mization properties of genetic algorithm.
In [7], a GA-based energy-efficient hierarchical clustering
technique is proposed to increase the network life time;
GA determines the energy efficient clusters and then clus-
ter heads choose their associates for further improvement.
However, it is assumed that sensors are one hop away from
their cluster heads and each cluster head is also one hop
away from the base station; these assumptions may not be
suitable for homogeneous network environment where all
sensor nodes have identical energy resources. In [8], GA is
used to generate a sequence of routing paths that maximizes
the system lifetime. A set of aggregation trees are given as
an input to a GA. The GA determines appropriate frequency
for each tree so that network lifetime is maximized.
In this paper, GA is used to create multi-hop spanning trees
and it is not based on hierarchical clusters. The data aggre-
gation trees created by the proposed GA technique are more
energy efficient than some of the current data aggregation
tree-based techniques. Further, as our GA uses data aggre-
gation spanning trees, it is only compared with other data
aggregation spanning tree approaches such as PEDAPPA
and EESR, as given in Section 5. The frequency of usage
of data aggregation tree is fixed and it is not dynamically
adjusted.

3 Problem Statement

In this work, we consider a sensor network application
where each sensor is capable of aggregating multiple in-

coming data packets with its own data and forwards a sin-
gle data packet of fixed length. Each node is equipped with
small amount of energy and the objective is to keep all sen-
sors working as long as possible.

Definition 1 In a data gathering round, base station re-
ceives data from all nodes. Each sensor acquires the re-
quired data samples for its environment, aggregates any in-
coming packets from its neighbors, and forwards the aggre-
gated packet to its parent or base station.

Definition 2 An aggregation tree forms a spanning tree
rooted at base station. It contains routing information for
all nodes in the network.

Definition 3 The network lifetime is defined as the number
of rounds until all nodes are in a working condition.

Definition 4 The load of a sensor node is defined as the
energy required to receive all the incoming data packets
from its children and to transmit the aggregated data to its
parent.

4 Genetic Algorithm (GA)

GA is commonly used in applications where search space is
huge and the precise results are not very important [5]. As
GA is relatively computation intensive, it is executed only
at the base station. GA is used to generate balanced and en-
ergy efficient data aggregation spanning trees for wireless
sensor networks. A chromosome represents a data aggre-
gation tree where gene index determines the node and the
gene’s value identifies the parent node. The next genera-
tion is obtained using standard genetic operations such as
single-point crossover, mutation, tournament selection,and
eliticism. Further, the population size and the number of
generations are based on the number of nodes.

4.1 Gene and Chromosome

The gene index represents a node identification number
(ID) and gene value provides the node’s parent’s ID. A
chromosome is a collection of genes and represents a data
aggregation tree for a given network. Each chromosome
has fixed length size, which is determined by the number of
nodes in the network.
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Figure 1: Chromosome Example

Figure 1 shows a chromosome representation for a network
of 32 nodes. The first node’s ID is 0 and its parent’s ID
is 20. Similarly, the last node’s parent ID is 25. Although
the gene value is denoted as decimal, it can be represented
in binary format. For instance, the chromosome given in
Figure 1 can be represented as 10100, 10010, 00101· · ·
10001, 11001. However, regardless of decimal or binary
representation, for all genetic operations, the entire gene



value is treated as atomic. Further, a chromosome is con-
sidered asinvalid chromosome if there are direct or indirect
cycles (loops).

4.2 Population

A population is a collection of chromosomes. In other
words, a population is a collection of possible aggregation
trees. For theinitial population, the parent nodes are se-
lected arbitrarily and validity of chromosomes is also main-
tained.

4.3 Generation

A new generation is created using crossover and mutation
operations. Tournament selection is used to select chromo-
somes for crossover. A single point crossover is performed
between two parent chromosomes to produce a pair of chil-
dren. Further, the best chromosome (parent) survies for the
next generation, by using eliticism selection. Moreover, the
population size remains same for all the generations.

4.3.1 Crossover

In crossoveroperation, the crossover point is randomly
selected and the gene values of participating parents are
flipped to create a pair of child chromosomes. Figure 2
shows the crossover operation between participating par-
ents of a network size of 5 nodes. The vertical dark bar
shows the crossover point. The pair of children is produced
by flipping the gene values of the parents after the crossover
point. In this example, the last two genes are flipped.
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Figure 2: Crossover Example

4.3.2 Repair Function

Notice that the crossover operation between two valid chro-
mosomes may produce invalid chromosome(s). Figure 3 il-
lustrates the creation of an invalid chromosome. As shown
in Figure 3,Child 1 is invalid chromosome because there
is a cycle (loop) in the network. A repair function is used to
identify and prevent the inclusion of invalid chromosomes
for the new generation.
Figure 4 shows a pseudo-code for the repair function. For
each gene in the chromosome, it checks whether the gene
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Figure 3: Illustration of invalid chromosome

forms a cycle or not. If a cycle is found, a random node is
selected as a potential parent. If the potential parent also
forms a cycle, the process of finding new parent continues
until the end of chromosome is reached.

procedureRepairFunction(chromosome)

1: for eachgenei in chromosomedo
2: while genei creates a cycledo
3: randomly select a new parent forgenei

4: end while
5: end for

Figure 4: Chromosome Repair Function

Figure 5 shows that the repair function can modify the in-
valid chromosome to produce a valid chromosome. For in-
stance, the crossover operation of Figure 2 causes a cycle in
Child 1. The repair function traverses all the genes (nodes)
in the chromosome and detects a cycle at node 3. Finally,
a valid chromosome that is free of cycles is produced, as
shown in Figure 5.
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Figure 5: Using a repair function to prevent the inclusion of
invalid chromosomes.

4.3.3 Mutation

Themutationadds variation in the next generation. In mu-
tation, a node is randomly picked and its parent ID is res-
elected randomly. Similar to crossover, mutation operation
may produce an invalid chromosome, which is also fixed
using the repair function.

4.4 Evaluation and Fitness

The objective of our GA algorithm is two fold. First, we
need an energy efficient aggregation tree so that nodes can
communicate for longer period of time. Second, the gener-



ated tree should balance load among nodes. The chromo-
some fitness is evaluated by the following parameters:

4.4.1 Ratio of energy to load (L)

A sensor node has different load in different aggregation
tree. The tree generated by the GA needs to be energy ef-
ficient. It is preferable that each node spends less amount
of energy in a communication round. For a nodei, the term
ei/loadi denotes the energy consumption ratio in the tree.
We want to maximize this ratio for all nodes.

4.4.2 Standard deviation of residual energy (Std)

After each round, a nodeni consumesloadi amount en-
ergy. To keep all sensors operating, loads among sensors
should be distributed according to their current residual en-
ergy. The termri = ei − loadi gives the next residual
energy for nodeni after a tree is executed for once. The
standard deviation ofri indicates how well a tree is bal-
ancing loads among nodes. A smaller value ofstd(ri) is
expected to maximize network lifetime.

4.4.3 Residual energy of the weakest node (Rmin)

An energy efficient aggregation tree may assign extra bur-
den to a specific node and may cause smaller network life-
time. The termRmin = min(ei − loadi) denotes the en-
ergy situation of the weakest node after executing a tree.
The higher value ofRmin of a chromosome indicates that
the corresponding tree has not over assigned load to any
node.

4.4.4 Fitness function

The above mentioned fitness parameters are evaluated for a
chromosomeci and a fitness scorefi is calculated as fol-
lows:

fi = w1·L + w2·Std + w3·Rmin (1)

wherew1, w2 andw3 are weight factors and are updated as
follows:

wcurrent =
wprevious + |fcurrent − fprevious|

1 + e−fprevious
(2)

In Equation 2, wcurrent and wprevious are the current
and previous weights respectively. Similarly,fcurrent and
fprevious are the fitness values of the current and previous
best chromosomes.
The GA stops after a specified number of generationsg,
which is given as follows:

g = f(n) (3)

wheren is the number of nodes in the network. We have
assumed that the number of generations required to obtain
the best chromosome is directly proportional to the number
of nodes.

Each chromosome is evaluated based on the given fitness
criteria. The chromosomes with better fitness have higher
chances to survive for the next generation.

5 Simulation

The proposed GA is simulated in J-sim for performance
evaluation. As J-sim provides a complete protocol stack for
sensor network applications, the simulation results would
be more accurate as compared to application level simula-
tors that ignore the MAC and lower layers.
The schedule of data aggregation tree is created at the base
station using any algorithm such as PEDAPPA, EESR, or
GA. Then, base station broadcasts the schedule to the sen-
sor network. Each sensor node extracts its own information
from the schedule packet. The sensor nodes use the sched-
ule for a given number of rounds, as specified in the sched-
ule. At the last round of the current schedule, each node
appends its residual energy level to the data packet. Then,
base station uses the current energy resources to generate
the next data aggregation tree.

5.1 Sensor Network Simulation Parameters

The simulation parameters for the sensor network are as
follows: a) network deployment areas are 50×50 and
100m×100m, b) initial energy of each sensor node is1
Joule, c) sensor nodes are randomly deployed in the given
area, d) each tree is used for 10 rounds, e) each experiment
is conducted for3 simulation scenarios and the average is
used for documentation, f)base station is located at the cen-
ter of the sensor network, g) MAC layer, 802.11, is used
in simulation, h) the default parameters for radio communi-
cation model of J-sim are used, and i) J-sim version 1.3 is
used for simulation.

5.2 GA Simulation Parameters

The simulation parameters for GA are as follows: a) pop-
ulation size and the number of generations are equal to the
number nodes, b) mutation rate is 0.006, c) crossover rate
is 0.80, and d) tournament selection probability is 0.90.

5.3 Results

For performance evaluation, the proposed GA is compared
only with energy efficient data aggregation spanning tree-
based approaches such as PEDAPPA and EESR. Although
EESR dynamically adjusts frequencies of trees usage, in
this paper, the frequencies of trees usage is constant for all
the trees, as given in PEDAPPA. In other words, the algo-
rithms are evaluated based on the creation of energy effi-
cient data aggregation trees only. The optimal frequency of
usage of each tree could be a separate topic of research and
can be applied independently on any algorithm.
Table 1 shows the simulation results for PEDAPPA, EESR
and GA algorithm. The results show that GA is better than
PEDAPPA and EESR algorithms for most of the cases. Al-
though GA is not very efficient in dense networks, it is sig-
nificantly better than other approaches for non-dense de-



ployments. GA is computation intensive as compared to
EESR and GA. However, as GA is performed at base sta-
tion, it will not be a issue for a typical sensor network de-
ployment. On the other hand, if base station is not powered
by regular power source and it is like a stargate node, the
proposed GA may not be a good choice.

Nodes GA PEDAPPA EESR
50 532 507 510
60 456 441 440
70 410 392 394
80 354 349 349
90 322 315 313
100 297 289 292

Table 1: Network lifetime for 50m×50m

Table 2 and Table 3 show the simulation results for
100m×100m and 200m×200m deployment areas respec-
tively. The results show that GA outperforms PEDAPPA
and EESR for sparse deployments too.

Nodes GA PEDAPPA EESR
50 330 308 312
60 295 266 276
70 268 250 250
80 251 227 232
90 228 213 219
100 210 199 203

Table 2: Network lifetime for 100m×100m

Nodes GA PEDAPPA EESR
50 131 111 117
60 129 112 116
70 106 95 98
80 103 92 95
90 99 91 92
100 93 89 89

Table 3: Network lifetime for 200m×200m

6 Conclusion

The proposed GA-based data aggregation trees extend the
network lifetime as compared to EESR and PEDAPPA.
However, the fitness function and the remaining GA param-
eters can be improved or tuned to increase the network life-
time. In future work, we would like to investigate adaptive
tree frequency techniques and optimization of GA fitness
parameters.
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