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Abstract: In mobile ad hoc networks (MANETs), mobile nodes rely on batteries for proper
operation. Battery energy of each node is finite and represents one of the greatest constraints for
designing multicast routing protocols. Considering limited battery energy in supporting multicast
service, some studies have proposed several techniques for designing a power-saving network layer.
These techniques include minimizing the total power to route packets in path selection, optimizing
the size of control headers, reducing the transmission of control messages, and etc. This paper
discusses the quality-of-service multicast routing problem in MANETs which is NP-complete. In
order to prolong the lifetime of a source-based multicast tree, we present an Energy-Aware
Multi-Constrained Genetic Algorithm (EAMC_GA) to resolve this problem that depends on: (1)
bounded end-to-end delay; and (2) minimum battery cost of the multicast tree. Furthermore, we use
a data structure of tree to encode a multicast tree, thereby simplifying the encoding/decoding
operations of genetic algorithm. Experiment results show that our proposed algorithm is efficient
and effective.
Keywords: Mobile ad hoc Networks, Multicast Tree, Quality of Service, Genetic Algorithm,
Residual Battery Capacity.

1. Introduction
Unlike wired and cellular networks, Mobile Ad Hoc Networks (MANETs) [1-3] have no fixed
networking infrastructure. MANETs consist of multiple mobile nodes that maintain network
connectivity through wireless communication. If two mobile nodes are within the transmission
range of each other, they communicate directly. Otherwise, they need a packet forwarding operation
using a multi-point hopping method. MANETs have applications in areas where it is not
economically practical or physically possible to provide a wired networking infrastructure, e.g.,
battle field and disaster recovery. In such situations MANETs offer a promising solution.
In MANETs, mobile nodes are typically powered by batteries with limited energy supply.
When a node exhausts its battery energy, it ceases to function. This shut down may potentially result
in partitioning of the entire network. Therefore, the most important issue related to mobile nodes in
MANETs is that of operation in limited-energy environments. In general, the design of QoS
1
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multicast routing protocol [4-7] with multi-constrained metrics has not always taken into
consideration energy consumption. Without any consideration of energy consumption in MANETs,
some nodes often have problems with being overused and therefore die of battery exhaustion soon.
Once these selected nodes in the multicast tree run out of residual battery energy during packet
forwarding, there are numerous interruptions that can occur in selected packet forwarding paths [8].
The multicast service for applications will not be maintained continuously until the completion of
packet forwarding. To address this problem, packets should be routed through nodes that have
sufficient remaining energy. As mentioned above, the QoS items which are called as metrics include
end-to-end delay, available bandwidth, packet loss ratio, delay jitter and so on. Since metrics can be
characterized by the mathematical operator that is used to compute the metric value of a path, they
are classified into three categories, namely additive (e.g., end-to-end delay), multiplicative (e.g.,
packet loss ratio) and concave (e.g., available bandwidth). Many studies have addressed multicast
routing usually with the general QoS metrics such as the bandwidth, transmission delay and packet
loss ratio.
Genetic algorithm (GA) is a random searching algorithm [9-12]. It derives inspiration from the
optimization process that exists in nature. The “survival of fittest” filter is applied to the population,
which is constructed by crossover and mutation operators. In each generation, new population of
solutions is generated by exchanging and combining the information obtained from the solutions of
previous generation. Crossover operator merges two selected chromosomes to generate new
offspring by exchanging some genes of two chromosomes. Mutation inducts new genetic structures
into the population by randomly modifying some of the genes. Mutation keeps the search algorithm
away from local optimum and prevents converging too fast. The entire population is ordered on the
basis of the fitness values of individuals and the best individuals are retained. When generations are
produced in an iterative manner, the average fitness of each generation is expected to be improved.
In this paper, we study the delay-constrained least-cost multicast routing problem. Our
proposal is based on GA that begins with a set of random multicast Steiner tree. We use the tree
structure encoding scheme to improve the encoding/decoding mechanism. By this encoding
method, the coding space is greatly reduced and the encoding/decoding operation is omitted.
Moreover, remaining battery capacity (i.e., the energy left in the battery) is considered in the cost
function and the cost is minimized in route selection. In this way, the energy consumption is
distributed among all nodes in a balanced manner. Thus, the overusing situation of nodes can be
improved. We utilize an improved crossover and energy-efficient mutation mechanism. The
proposed mutation method is applicable in extending the lifetime of a multicast tree by replacing
the bottleneck node with minimum energy by other nodes with higher energy. The simulation
results show that our proposal is an efficient and effective algorithm for multicast route selection.
The remainder of this paper is organized as follows: Section 2 describes the network model
and the multicast routing problem. Section 3 presents the Energy-Aware Multi-Constrained Genetic
Algorithm (EAMC_GA). Section 4 gives the analysis of convergence of EAMC_GA and the
comparison with other GAs. Section 5 evaluates the performance of EAMC_GA. Section 6
concludes this paper.

2. Problem Formulation
In general, a QoS multicast routing problem can be involved in several constraints, e.g., end-to-end
delay, cost, available bandwidth, packet loss ratio, and delay jitter. If all the constraints are
considered in the design of routing algorithm, the corresponding algorithm will be too complicated
to be applicable in practice. In this paper, we consider only two QoS constraints in our algorithm
and present a feasible model for QoS multicast routing. Most multimedia applications are
delay-sensitive. Therefore, the delay constraint is considered. In MANETs, nodes rely on batteries
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for proper operation. Battery energy is the basic requirement for transmitting application’s
information. Therefore battery energy is also considered.
An ad hoc network can be modeled as a graph G  (V , E ) , where V and E denote the set
of nodes and links, respectively. Each node u V represents a mobile host, and each link
e  (u, v)  E indicates that nodes u and v are within the transmission range of each other and
can communicate directly. Any link e  E has a delay delay(e) : E  R  associated with it,
and any node u V has a cost cost(u) : V  R associated with it, where R  is the set of
positive real numbers.
Let s V be the multicast source and D  V  {s} the set of multicast destinations. A
multicast tree T ( s, D) is a tree rooted at s and spanning all members of D . The delay of a path
from s to a destination t  D on the tree T , denoted as delay( PT (s, t )) , is described as
follows:

delay( PT ( s, t )) 



delay(e)

(1)

e pT ( s ,t )

The total cost associated with a multicast tree is defined as follows:

cost T  s, D   



uT  s , D 

cost  u 

(2)

Definition 1. (Delay-Constrained Least-Cost Multicast Routing Problem). Given a network
G(V , E ) , a source node s V , a destination node set D  V  {s} , a positive link delay function

delay()  R , a positive node cost function cost()  R , the delay-constrained least-cost
multicast routing problem is to find a minimum cost tree T which spans s and D subject to:

delay  pT  s, t    DDCF  t  , t  D

(3)

where pT ( s, t ) is the path from s to t on T , and DDCF () is the delay constraint function
that assigns an upper bound to the path delay from the source to each destination. It is noted that
DDCF (u) may be different from DDCF (v) for u  v , u, v  D . In the special case,
DDCF () assigns the same delay bound to all destinations, i.e., DDCF (t )   , t  D .

3. The Proposed Multicast Routing Algorithm
There are two main genetic operators in GA. Crossover identifies the common links between two
“parent” individuals and retains them in the child individual, since the common links represent the
“good traits” and should be passed on to the child. Mutation simply adds genes to the individuals.
Mutation introduces new genetic structures in the population by modifying some of the genes, and
keeps the search algorithm escaping from the local optimum. In this paper, we design a
source-tree-based routing algorithm and adopt the tree structure encoding scheme to simplify
encoding/decoding operations. In order to use node energy in a balanced manner, we utilize a cost
function based on the node’s remaining battery capacity. Figure 1 shows the flowchart of the
EAMC_GA. The corresponding pseudo code is given in Figure 2.
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Figure 1. The flowchart of EAMC_GA

EAMC_GA (G, s, D)
{
1. for (i=1; i<= Np; i++) {
// Np: population size
2. Chromosome(i) = RandomDFS(G, s, D);
// RandomDFS(): random depth-first search algorithm
}
3． for (j=1; j<=Ng; j++) {
// Ng: the number of generations
4.
select the best individuals and copy them into the next generation;
5.
for (k=1; k<=Np-Noptimal; k++) {
// Noptimal: the number of the best individuals
6.
TM=MSTSelect (Chromosome)
7.
TN= MSTSelect (Chromosome)
8.
TC=Crossover(TM, TN);
9.
if (rand() < pm)
// pm: mutation probability
10.
Mutation(TC);
}
}
11. Select the best individual and output it;
}

Figure 2. The pseudo code of EAMC_GA.

3.1. Encoding
How to encode a multicast tree into a chromosome is a key issue for GA. A better encoding method
would make the genetic operation (e.g., crossover and mutation) more efficient. A N  N
one-dimensional binary encoding scheme is adopted in [4], where N represents the number of nodes
in the network. However, in this encoding scheme, back and forth transformation between genotype
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and phenotype space is very complicated, especially for large networks. This weakness causes its
low efficiency. Another representative encoding scheme for a tree is the Prüfer number used in
[13,14]. This method encodes a tree consisting of n nodes into n-2 integers. The disadvantage of this
scheme is that it exhibits relatively low locality. Changing even one element of Prüfer number can
drastically change the structure of the tree. In our algorithm, we choose the tree structure encoding
method. Any data structure of a tree [15] can be used to describe the chromosome structure. Each
chromosome represents a multicast tree. By this method, the encoding and decoding operations are
omitted.

3.2. Initial population
In general, two issues should be considered for population initialization: (1) population size Np; (2)
the procedure to initialize the population. The population size Np is set by the system. The way to
generate the initial population is the same as that presented in [16]. A random depth-first search
algorithm was employed to generate a random multicast Steiner tree. The searching process begins
at the source s and randomly selects an unvisited node at each node for the next visit. The algorithm
terminates when all destination nodes have been visited.

3.3. Fitness function
Fitness function interprets the chromosome in terms of physical representation and evaluates its
fitness based on traits of being desired in the solution [17]. In other words, the fitness function
should reflect the individual performance: the “good individual” has bigger fitness than the “bad
one”. Therefore, the fitness function is defined as follows:

f T  



   delay  p  s, t    DDCF t  ,

fbattery _ cost T  tD

1, Z  0
Z   
 , Z  0

T

(4)

0   1

where f (T ) represents the fitness value of a chromosome T ,  is the positive real coefficient,

fbattery _ cos t (T ) is the battery cost function for T , and ( Z ) is the penalty function. For any

tD ,

if

the

path

pT ( s, t )

satisfies

the

delay

bound

DDCF (t )

(i.e.,

delay  pT  s, t    DDCF  t  ), the value of    is 1, or else γ. The value of γ determines the

degree of penalty: the smaller the value of γ, the higher the penalty. In our study, we set γ=0.5.
In order to use node energy in a more balanced manner, we utilize a cost function based on the
t
node’s remaining battery capacity. Let cu denote the residual battery capacity of node u∈V at
time t, and cu  cu n , where cu is the full capacity of u (assuming cu  1 ) and n is the
integer ranging from 1 to 100. We suppose that the willingness of each node to forward packets is
inversely proportional to its remaining battery capacity. The less battery capacity it has, the more
t

full

full

full

reluctant it is. The battery cost function of u is given by fbattery _ cost  u  

1
. Then the total battery
cut

cost of a tree is defined as follows:

1
t
uT cu

fbattery _ cost T   

~ 14 ~

(5)

Computer Communication & Collaboration (2017) Vol. 5, Issue 1: 10-20
This battery cost function prevents mobile nodes from being overused by finding the multicast
tree with sufficient remaining battery capacity, thereby consuming node energy in a more balanced
manner and maximizing the network lifetime. However, a multicast tree including a node with little
remaining battery capacity may still be selected, because only the summation of battery cost of each
node is considered in route selection. To address this issue, in the mutation phase, we remove the
bottleneck node (i.e., the node with the minimum residual battery capacity in a multicast tree) from
the tree and use nodes with higher battery capacity instead.

3.3. Selection of parents
In our GA, the elitist model [18] is adopted as the selection operator. Through this model, we first
select the optimal chromosomes and copy them into the next generation directly. Then, we select the
rest by the proportional model [19]. The selection probability ps (i ) that a parent i is selected is
given by:

ps  i  

f (Ti )
Np

 f (T )
j 1

(6)

j

3.4. Crossover scheme
The crossover operator used in our work is an improved scheme proposed in [20]. Two multicast
trees are selected by proportional model as the parents to produce an offspring. This process is
repeated N p  Noptimal times, where Noptimal is the number of the best individuals, which are
selected and directly copied into the next generation.
According to the crossover probability of 1, the crossover operator generates a child Tc by
identifying the same links of two parents (e.g., TM and TN ) and retaining them in Tc . Since the
individual with higher fitness value is selected as parent with higher probability, the same links of
selected parents are more likely to represent the “good traits”. It is helpful to select the same links
and pass them on to the child for quicker convergence of the algorithm. It should be noted that these
same links may be in some separate sub-trees and links are needed to be added to transform these
sub-trees into a tree.
The process of connecting separate sub-trees to be a multicast tree is as follows. Two separate
sub-trees are randomly selected among these sub-trees. The two selected sub-trees are connected
with the least-delay path. Therefore, a new sub-tree consisting of the two sub-trees and the path is
formed. The newly generated sub-tree will be among the separate sub-trees for next selection. This
process continues until a multicast tree is constructed. In order to find the least-delay path between
two sub-trees, we add two nodes. One is connected to all the nodes of one sub-tree with links,
which have zero delay associated with them. In the same way, the other one is connected to all the
nodes of the other sub-tree with zero-delay links. Hence the problem of finding the least-delay path
between two sub-trees is equivalent to the problem of finding the least-delay path between the two
added nodes. Clearly there is no routing loop in the multicast tree by this connection scheme.
Figure 3 shows an example of crossover procedure. As shown in Figure 3, the same links of

TM and TN are retained in Tc . Then, all sub-trees are connected with least-delay paths which are
denoted as dot lines in Tc .
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Figure 3. Example of the crossover procedure

3.5. Mutation
When a new offspring is produced, the mutation operation is performed according to the mutation
probability pm. In order to extend the lifetime of the multicast tree, our mutation process is as
follows. First, check whether the bottleneck node x  D . If x  D , go to the second step;
otherwise, do nothing. Second, remove x from the tree T , remove the link between x and its
father node, and remove the links between x and its child nodes. After the removing operations,
some separate sub-trees are left. Third, randomly select two sub-trees and connect them with the
least-cost path to generate a new sub-tree. This selection and connection process continues until a
multicast tree is constructed. In order to find the least-cost path between two sub-trees, we also add
two nodes as described in Section 3.5. One is connected to all the nodes of one sub-tree and the
other one is connected to all of the nodes of the other sub-tree. The cost associated with the two
newly added nodes is zero. Similarly, the problem of finding the least-cost path between two
sub-trees is equivalent to the problem of finding the least-cost path between the two added nodes

4. Analysis of the Proposed Algorithm
4.1. Analysis of convergence
The characteristics of EAMC_GA are as follows: (1) crossover probability pc  (0,1] ; (2)
mutation probability pm (0,1) ; and (3) adopting the elitist model for selection. According to the
Theorem 2.7 in [21], EAMC_GA could finally convergence to the global optimal solution.
For a large-scale network, it is time-consuming to obtain the optimal solution to the multicast
routing problem with multiple QoS constraints, which is NP-complete. Furthermore, GAs may not
be promising candidates for supporting delay-sensitive applications in MANETs because they
involve a large number of iterations in general. This problem can be overcome by the hardware
implementation of GAs (e.g., field-programmable gate array (FPGA) chips) [22], which is very fast.
In addition, GAs are not very sensitive to network size [23]. In this regard, EAMC_GA is quite
promising for multicast routing in MANETs.

4.2. Comparisons with other genetic algorithms
Compared with the GAs presented in [4,13,14], EAMC_GA adopts tree structure encoding scheme.
This encoding scheme overcomes the weaknesses of one-dimensional binary code [4] and Prüfer
number [13,14]. The back and forth transformation between genotype and phenotype space in
binary encoding is very complicated, especially for large networks. The drawback of Prüfer number
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encoding is that it does not preserve the locality. Compared with the GA presented in [24], the
crossover and mutation of EAMC_GA will not form illegal trees (i.e., tree with non-existent links).
However, the crossover and mutation in [24] may generate illegal trees and repair process is needed,
which will increase the computation complexity. Compared with GA in [16], EAMC_GA adopts the
elitist model for selection to avoid the pre-maturation convergence occurred in [16].

5. Experiments
The computational simulation is implemented in MS VC++ 6.0 uses the GAlib which is a C++
Library of GA. The simulation environment was carried out on an Intel Pentium Dual-core CPU
with 2.50GHz, 2GB RAM, and Windows XP Professional Operating System. GAlib provides
interfaces to specify the crossover and mutation probability, the number of generations and the
population size. We modified the crossover and mutation operators and used the fitness function
formula mentioned earlier. The simulation was performed using random network. Every node is
within the maximum transmission range of at least one other node in the network, i.e., the network
is connected. The source and the destinations are randomly generated. DDCF (t ) for destination t
is uniformly distributed in the range of [30ms, 160ms], the delay of each link is uniformly
distributed in [0ms,50ms].
Our experiments aim to test the convergence ability, the convergence speed and the
convergence procedure of the GA. We have study the following three performances: (1) Average
Success ratio (SR); (2) Convergence process; (3) Running time. The SR is defined as follows:

SR 

N accepted

(7)

N request

where N accepted is the average number of multicast routing accepted and N request is the total
number of multicast routing requests. If the multicast tree constructed by the proposed algorithm
satisfies the delay constraints, we consider a successful routing request is accepted.

5.1. Success ratio
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Figure 4. Comparison of average success ratio for EMAC_GA and LDT
Since the least-delay multicast tree algorithm (LDT) has the highest routing success ratio among all
the delay-constrained multicast routing algorithms, we compare the EAMC_GA with LDT in this
experiment. Figure 4 shows the comparison of success ratio between EAMC_GA and LDT in a
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network with 14 nodes. From Figure 4, we can observe that the two algorithms have the same
success ratio. This proves that EAMC_GA is capable of constructing a delay-constrained multicast
tree if one exists.

5.2. Convergence process
Figure 5 shows the convergence processes of EAMC_GA under parameters:   20 , N g  18 ,

N p  15 , pm  0.05 , and Figure 6 under parameters:   25 , N g  18 , N p  15 , pm  0.05
. For simplification, we set the same delay bounds to all destinations. From Figure 5 and Figure 6, it
is obvious that the algorithm can converge to the global solution quickly.
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5.3. Running time
Figure 7 shows the computation time for networks with different size. Form Figure 7, it is obvious
that the running time grows slowly with the size of the network. For a large-scale network with 140
nodes, the running time is fairly desirable.
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Figure 7. Running time of EAMC_GA for networks with different size

6. Conclusions
We focus on energy consumption efficiency which generally means selecting nodes with low energy
consumption in route selection. Although this mechanism can reduce the total power consumption
of the overall network, it may generate a situation in which some nodes with low power
consumption are overused. Thus, these nodes will die of battery exhaustion soon. Such excessive
usage situation will result in partitioning of the entire network and shorten the lifetime of the
multicast service. We adopt a strategy to balance energy consumption for multicast in the entire
work. EAMC_GA has the following characteristics. (1) Tree structure encoding scheme simplifies
the encoding operation and omits the encoding/decoding process. (2) Cost function based on node’s
remaining battery capacity balances energy consumption in the network. (3) Heuristic crossover
mechanism speeds up the convergence. (4) Energy-aware mutation technique extends the lifetime of
multicast service. Our research on genetic algorithms for multicast routing problem is more suitable
for MANETs.
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