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Abstract - We consider or merges the enhance coverage ratio and Overlap-Sense Ratio using mobility in heterogonous with 
Wireless Mesh Networks (WMN). We study the dead node condition replacement in grid for Efficient Heterogeneous K-
Mean Genetic Bacterial Foraging Algorithm (EKMG-BFA) is a widely popular, nature-inspired optimization algorithm. 
Routing and CH selection are immensely popular techniques for improving the life of the Wireless Mesh Networks (WMN). 
In the bi-tier architecture CH selection dies earlier. Therefore, extra care must be taken while selection of CH's. The present 
study focuses on solving both of the problems using bacteria foraging algorithm. The CH selection algorithm is improvised 
with a new fitness function based on residual energy and distance. And the routing proposed is also of novel fitness which 
considers energy and distance. The proposed algorithms are rigorously tested in different scenarios to exhibit their 
performance and are compared with traditional methods such as, EADC, DHCR and Hybrid Routing. Experimental results 
show that proposed algorithms perform. In wireless Mesh network the transmission calculation is based on received 
transmission power Strength and CH selection algorithm is defining with new fitness function for any soft computing based 
technique which can be find residual energy, optimality and distance. The routing also proposed with novel fitness which 
considers energy and distance and counter max fitness value. The proposed algorithms have to enhance no of alive nodes 
with different simulation area of Mesh network which different scenarios to show its performance an enhanced K-means 
Genetic Algorithm for optimal clustering in network of data. The aim is to maximize the compactness the cluster head with 
large separation between at farthest distance using K-Means approach in between two clusters. The superiority of EKMG-
BFA is compared with grouping BFA approach would be simulated using MATLAB 2014Ra. 
 
Keyword - HKMGA, Heterogeneous Based K-Mean Genetic Algorithm; Wireless Module Mesh Networks TRMN; Cluster 
Head selection; Routing;  
 
I. INTRODUCTION 

 
Wireless Module Mesh Networks (WMMN) which 
has come up as a powerful application of Micro-
electro-mechanical systems (MEMS). Presently, 
fetching greater scientific audience due to its wide 
spectrum of applications such as environment, 
military and healthcare [1]. A WMMN comprises of 
multitudes of autonomous, power-efficient, 
multifunctional Mesh nodes. These are strategically 
deployed in a vast area, for long-term sensing in a 
distributed and cooperative manner [2].  
For greater coverage area of deployment along with 
the feature of long-term sensing, nodes definitely need 
to be very power efficient and conserve energy as 
much as possible. As each node is usually battery-
powered, it is impractical to replace these batteries 
routinely. In this way making vitality protection basic 
piece of the issue. 
Restricting requirements of Mesh hubs, for example, 
less power, plan and so forth prompt lower little 
transmission range and information rates. Therefore in 
such kind of networks, direct communication ranges 
of meshes are also limited. To enable communication 
among the nodes which are not in each other’s range, 
Meshes are arranged in multi-hop fashion. Mesh hubs 
viably gather information from environment and 
exchange that information on the whole to the Base 
Station (BS) [4].  

The cost required in transmitting a bit is higher than 
the calculation. To support multi-hop ad-hoc 
architecture and to minimise complex processing on 
Mesh nodes, clustered WMMN were put forward. In 
clustered WMMN, non-cluster head (NCH) nodes 
monitor its surroundings then send the data to a cluster 
head (CH) node within its cluster. Afterwards, CH 
processes the data and transmits it to the BS in multi-
hop network. Since energy consumption is determined 
by transmission distance [3], it is advised to choose 
CHs at optimal locations to ensure minimized energy 
consumption. Nature inspired algorithms like Particle 
Swarm Optimization (PSO), Ant Colony Optimization 
(ACO) can be employed for pointing optimal 
locations for CHs. 
The significant contributions in this paper are as 
follows:  
• BFO based CH selection technique which 

considers residual energy and distance in its 
fitness function formulation.  

• BFO based routing technique which considers 
residual energy and distance in its fitness function 
formulation and it provides the complete routing 
solution for multichip communication between 
the CH and BS.  

• In experimental study, proposed algorithms on 
combination, compared with some of the existing 
conventional routing methods.  
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The remaining content of the paper is organized as 
follows. Section 2 presents a summary of the related 
works on the subject. The terminology, energy and 
network model are mentioned in section 3. Section 4 
contains the proposed model for cluster head selection 
and routing. Performance analysis with some existing 
conventional and population based algorithms is 
mentioned in section 5. Finally concluded the study in 
section 6.  
 
II. LITERATURE SURVEY 

 
As of late, a great deal of research concentrate on the 
scope issue in WMSNs. Appropriated eager 
calculation was proposed to expand arrange scope [7]. 
Two sorts of adjusted eager calculations in view of 
need were produced to upgrade the scope range.To 
empower the correspondence amongst CH and BS, 
many steering methods are portrayed underneath. One 
of the core techniques is HEED devised by o. Younis 
et al [8]. Need enlarged diagram and hereditary 
calculation had been produced to streamline need 
based target scope. Another mechanism is devised by 
M.R. Senouci et al.[9], extending functionality of 
HEED by employing multi-hop fashion inside the 
cluster, requiring less power for each CH selection 
node On account of snags existed in detecting field, 
node‟s introduction was controlled by a conveyed 
calculation to limit the impact of impediments and 
aggregate covering locales . W.K. Lai et al proposed 
an equivalent cluster formation technique [10]. Bunch 
load is used to discover group estimate. In this 
manner, the likelihood of bunch renewal is less and 
number of active hubs in the system increments.The 
arrangement in view of a bi-level blended number 
program was utilized to give full Multiview point 
scope with less hubs by A.E.A.A. Abdulla et al that 
based on the concept of hybrid boundary[11], which 
gave careful consideration to covering scope. For 
given area, a few calculations have been introduced to 
advance system scope in view of virtual drive . By 
presenting the idea of "centroid," Tao made an 
interpretation of the scope issue into the centroid 
points‟ uniform conveyance issue. In directing way 
computation two parameters are utilized i.e., vitality 
and hub degree. Be that as it may, it doesn't deal with 
the separation for way determination. DHCR protocol 
is proposed by S. Maryam et al [13].Every hub 
balanced heading with same edge to lessen the 
covering districts and increment the scope of detecting 
spaces. The calculation was neglected to completely 
consider diverse impacts with various covering 
districts. Along these lines, the scope rate couldn't be 
enhanced altogether. Matched digression point 
aversion component [14] was used to change the 
above calculation with the decrease of nodes‟ 
calculation, though it couldn't expand the scope 
significantly more inferable from only concentrating 
on the closest hub The two calculations specified 
above did not consider the prolongation of system 

lifetime. The impact of entire neighboring sensors on 
the present hub was considered in the virtual 
centripetal compel based.Therefore, it outperforms 
EADC.  
 
III. PRELIMINARIES 

 
The current section consists: notations and 
abbreviation used in this paper, network model, 
energy model and description of Heterogeneous Based 
K-Mean Genetic Algorithm (HKMGA).  
 
A. Notations 
This section presents all the notations and 
abbreviations used in the paper ahead: 
Iβr: number of intra-cluster members of  rth cluster 
mβ : no. of Cluster Head 
nβ : no. of Mesh node 
dis(si CHr) : distance from ith Mesh to rth Cluster Head 
Echi: residual energy of ith cluster head 
dis(CHi,PH) : distance between ith CH to its PH 
dis(PH, BS) : distance between PH to the BS 
Ecfs : energy consumption in free space model 
Ermp: energy required in multi-path fading model 
Erele : energy required per bit in transmitter circuitry 
d0: threshold distance 
dmax• : maximum communication range for Mesh 
 
B. System Model 
In this study, hierarchical routing architectures have 
following properties. All nodes are homogenous in 
nature. The transmission distance is calculation is 
based on received transmission power strength. In 
node deployment, random method is used. After the 
deployment, nodes broadcast its energy and location 
to the BS. Afterwards, BS executes CH selection 
algorithm to select CH nodes from all and then routing 
path is computed from each CH to the BS[14]. The 
first order radio model is considered for energy 
computation. Energy dissipation in transmitting L bits 
of data at distance dt is shown in Eq. 1. where Eamp is 
the energy dissipation in amplification.  

E =
E × L + E × L × d  , d < d
E × L + E × L × d  , d ≤ d ,

      (1) 

 
Energy Divertissement on receiving L bits of data 
shows in Eq.2.  

E = E × L 
 
C. Heterogeneous Based K-Mean Genetic 
Algorithm: RFFO Algorithm after being proposed by 
Hanning Chen (2011) [6]. Among the optimization 
algorithms which are inspired by natural swarm such 
as PSO, ACO, BFO is a newer and quite effective. 
The chief concept was to imitate the group foraging 
strategy of a swarm of E.coli to optimize multi 
objective function. In order to maximize the energy 
obtained per it time bacteria search for nutrients. In nu 
ients searching process, bacterium moves by taking 
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small steps in the environment, this process is called 
Chemotaxis and was the key idea behind HKMGA. In 
HKMGA a virtual bacterium, rather a solution vector 
to the optimization problem performs chemotactic 
movement in the problem se ch space to obtain a 
global optimal solution vector.  
 
Rosenbrock function 
pµ: Dimension of search space,  
Sµ: Total no. of bacteria in the population, 
Nµcd: The No. of chemotactic steps, 
Nµsl: The swimming length, 
Nµrs: The no. of reproduction steps, 
Nµede: The no. of elimination-dispersal events, 
Pµed : Elimination-dispersal probability 
Cµ(i): Size of step taken in the random direction 
specified by tumble 
 
The biological phenomena of real bacterial foraging 
which makes up all the steps in Bacterial Foraging 
Optimization Algorithm are as follows-  

 
IV. THE PROPOSED MODEL 
 
This section depicts two algorithms; one is routing 
algorithm and next is CR selection. 
 
A. Cluster Head Selection using HKMGA 
Initialization of the bacterium: Initialization of the 
bacterium: .In the selection process of CR each 
bacteria have certain percentage of nodes selected as 
CRs. At start the S numbers of p-dimensional are 
initialized randomly. Let be the ith bacteria, where 
every position 훩 depicts node id in range of 1 to 
maximum number of node in the network. 
Chemotaxis for CH selection: Every 훩  depicts 
node_id picked as a CR in the network. In 
chemotaxis, CRs 2D coordinates are revised. At the 
newly pitch adjusted coordinate it may not be 
possible that there exists a Mesh node. Therefore, the 
closet Mesh node to the revised position is set as the 
new CR. 
Swarming for CH selection: By using equation in 
preliminary section Swamping is performed. Where 
퐽 (훩, (푃(푗,푘,i)) is the objective function and value to 
be summed to the actual function to be reduced to 
minimum. 
Reproduction for CH selection: With respect to health 
bacteria is arranged in ascending order. In order to 
perform the step of reproduction the top half of the 
bacteria is copied to lower half. 
Elimination & dispersal for CH selection: For all 
bacteria θi, with probability Ped' the bacteria is 
eliminated and dispersed. The bacterium is reset in 
with the fresh nodes as CRs rejecting the previous 
bacterium. 
Derivation of Fitness Function: This fitness function 
have residual energy , as well as data such as distance 

from CH to BS and intra-cluster, using this function 
we do selection of the CH’s in the network. 
a) Residual Energy of Cluster Head: When data is 
transmitted more energy consumption of CH occurs. 
Data receiving, aggregating and transmitting are 
some of the reasons through with energy is depleted. 
CH that have larger residual energy is more suitable 
choice. The reason is that higher residual energy will 
resist from network reformation and will increase 
number of alive nodes in network. So, our first sub 
aim with respect to residual energy is fl minimized as 
Eq.3. 
f =

                                                                        (3)  

 
b) Intra-cluster distance: It is the Euclidean 
distance between the CH and its members 
Transmission distance (in section 3.2) is a factor 
responsible for energy depletion of Mesh node. 
Smaller transmission distance means lower energy 
consumption. So our main aim is to minimize the 
distance in between Meshs and their respective CH. 
As it will decrease the energy consumption by a 
significant amount in low energy Mesh nodes (CH 
members). So, second sub objective with respect to 
intra-cluster distance is f2 minimized as Eq.4. 
f =

∑ dis (s , CH)|I                                        (4)  

All above the mentioned sub objectives have different 
ranges, to change them in same range i.e. [0,1], we 
apply normalization function. In next step, they are 
converted into the single objective function by 
applying weighted sum approach as show in Eq.5. 
Here α1, α2 and α3 are weights assigned to each sub 
objective.   
 
Fitness = α (f ) + α (f ) + α (푓 )                                    
(5) 
 
Where      훼 = 1; ∀ 훼 ∈ (0,1) 
 
B. Heterogeneous Based K-Mean Genetic 
Algorithm for CH selection and Routing  
 
Following is a pseudo-code for Heterogeneous Based 
K-Mean Genetic Algorithm  
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The HKMGA Model 
Initialisation of Bacterium and mapping for 
routing: Sum of numbers of CHs and one extra 
position gives the dimension of each bacterium in 
routing. For example, the harmony of each p + I, 
where number of CHs is m and another one for BS. 
Let 휃  be the it bacterium, 휃  represents a real 
number between 0 and 1. After that a proposed 
mapping function is applied to calculate the next-hop 
towards the BS. 

 
a) The mapping function is showed in Eq.6. and the 
Rosenbrock function function is showed in Eq.7. 

 
푓(푥)

= 푖, 푓표푟 푤ℎ푖푐ℎ
푖
푗 − 푋 , 푖푠 푚푖푛푖푚푢푚,∀ 1 ≤ 푖 ≤ 푘     

                                                                                       (6)
 

 
푓 (푥) = ∑ 100 × (푥 − 푥 ) + (1 − 푥 )                  

(7) 
 

b) Derivation of Fitness Function: Selecting optimal 
route from each CH to BS is our main aim. To reach 
this, fitness function is derived by taking into 

consideration the multiple sub objectives such as 
Euclidean distance and residual energy. 
i. Residual energy of next-hop:In the first sub 
objective, residual energy which is present in  next-
hop choose as a relay towards the BS. During 
transmission of data next hop is responsible for 
receiving and collecting data then transmitting to the 
BS. So, next-hop that have higher residual energy is 
more suitable choice. So, our first sub objective with 
respect to residual energy is fl maximized as Eq.8. 
 

f = ∑                                              (8) 
 
ii. Euclidean Distance: It is the Euclidean distance 
between the CH to the next-hop and from there to the 
BS . As mentioned in the section 3.2, there exist a 
direct correlation between transmission distance and 
energy depletion. If the distance is maximum, then it 
will spend less amount of energy and vice-versa. So 
our second objective is to minimize the distance 
between CH and BS [15] as it will lead to longer life 
cycle of network. So, second sub objective with 
respect to distance is f2 maximized as Eq.9. 
 
f = ∑ ( , ) ( , µ )

              (9) 

 
 
All above the mentioned sub objectives have different 
ranges, to change them in same range i.e. [0,1], we 
apply normalization function. In next step, they are 
converted into the single objective function by 
applying weighted sum approach as show in Eq.4.3. 
Here α1, α2 and α3 are weights assigned to each sub 
objective. 
 
Comparison Table among HKMGA, BFO, PSO, and 
GA on 10-D problems 
 
V. EXPERIMENTAL ANALYSIS 
 
The performance of the proposed algorithms have 
been analyzed by the use of Java and Matlab [16]. 
The parameters used for algorithms is shown in Table 
1. The performance tests were done three varying 
environments, outside the network (250x 250), corner 
(200x200) and at center of the network (100 x100). 
Pre Existing routing techniques such as DHCR 
devised by Hybrid Routing devised by Ahmed E.A.A 
Abdulla et-al.(2012), and sabet Maryam et-al.(2015) 
EADC devised by Yu. J et-al (2012) were used to 
analyse the performance of algorithms. 
 
A. Performace Metrics 
Three metrics were used to judge the performance of 
proposed algorithms with the existing ones: 
a. Residual Energy: In WMMN, the Mesh node 
emits energy during transmission, receiving and 
aggregation of energy. After emission, the remaining 
energy is called the residual energy. An increase in 
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residual energy can enhance the network 
performance.  

 
Table I Comparison Table among HKMGA, BFO, PSO, and 

GA on 10-D problems 
 

 
Fig 1: HKMGA Placed at Center(IOOxIOO) 

 

 
Fig2: HKMGA Placed at Corner(200x200) 

 
Fig 3: HKMGA Placed at Center(250x250) 

 
Fig 4: HKMGA Placed at Center( IOOx I 00) 

 
Fig 5: Convergence results of Rosenbrock Function 

 

 
Fig 6: Population evolution of HKMGA in 0 chemotactic steps 
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Fig 7: Population evolution of HKMGA in 100 chemotactic 

steps 
 

 
Fig 8: Population evolution of HKMGA in 200 chemotactic 

steps 
 

Number of alive nodes:  It shows the alive nodes 
remaining after certain rounds. Numer of increased 
alive nodes really helps in network performance. 
 
b. Data Packets received at BS: It is the number of 
packets delivered to the BS end. Since it is directly 
proportional to the network lifetime and residual 
energy in the network, therefore, if the residual 
energy or the network lifetime increases, the delivery 
of data packets received at the BS will rise. 
 
B. Residual Energy:This test analyses the proposed 
algorithms and compares them with existing routing 
algorithms, proposed algorithm is simulated and then 
compared. The figure 1 shows the data observed and 
results of comparison. 
 
Explanation of Fig.1: Plots show residual energy of 
proposed routing, EADC, HF and DHCR routing 
algorithm. It is clear from Fig 1, 2, 3 that residual 
energy in proposed routing after 2000 rounds is better 
than those of existing routing algorithms. 

 
C. Count of Alive Nodes:The proposed method was 
also compared in terms of alive nodes with routing 
methods in WMMN. Fig.4. shows that prop osed 
method have a better number of alive nodes after 
2000 rounds when compared to conventional routing 
methods. Fig.5. also shows that the proposed method 
also does better when compared to EADC, DHCR 
and HF  in BS when placed at corner, whereas Fig.6. 
illustrates the performance of proposed routing with 
EADC, HF and DHCR  when BS is put outside the 
network area at (250x250).The plot confirms that our 
proposed routing algorithm is better and able to find 
routes over the comparatives. 
 
D. Count of Received Data Packets:Fig. 2 depicts 
the comparison of the proposed routing, EADC, HF 
and DHCR in terms of count of the data packets 
received at BS. Observation comes out to be that 
count of data packets received at BS is more in case 
of proposed routing when compared to EADC, HF 
and DHCR in all the cases[18] ( i.e. when BS placed 
at centre, at corner and outside the network area). It is 
also observed that count of packets received at BS 
decreases rapidly in HF and EADC when BS moves 
from centre to outside or corner of network area 
whereas it was consistent in case of DHCR and 
proposed routing. The reason behind the fitness 
function formulation mentioned in 8 and 9 take care 
of sub objectives in such way that it saves the 
adequate amount of energy to deliver the data packets 
at the BS.  
[Fig.5. Comparative results of proposed and existing 
clustering techniques with respect to data packets] 
 
CONCLUSIONS & FUTURE SCOPE  
 
Selection and Routing of CH in WMMN is 
computationally expensive task. These both problems 
arise due to high complexity which is rises 
proportionally with the network size. Nature inspired 
algorithms can be used to deal with such problems. In 
current analysis, BFO was used to deal with both the 
problems stated above. Initially, BFO cluster head 
selection algorithm was proposed with objective 
function consisting distance & energy and using 
efficient encoding scheme. Then, routing schedule 
was computed from each CH to the BS by our 
proposed algorithm. Performance analysis consisted 
of two tests on our proposed algorithm and was then 
compared to the existing algorithms of HF, EADC 
and DHCR. The Experimental analysis discussed in 
section V confirms superiority over existing 
algorithms. In 2-and 10-dimensional benchmark 
issues, they can't be scaled up to deal with the 
majority of the 300-dimensional cases. For the four 
issues we tried, the first BFO calculation dependably 
neglected to focalize to great close ideal 
arrangements; Four generally utilized benchmark 
capacities have been utilized to test the HKMGA 
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calculations in correlation with the first BFO, the 
standard PSO and the genuine coded GA. The 
reenactment results are empowering: the HKMGA is 
certainly superior to the first BFO for all the test 
capacities and have all the earmarks of being 
tantamount with the standard PSO and GA. 
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