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Abstract The problem of dynamic router node placement (dynRNP) in wireless mesh networks (WMNs) is con-

cerned with determining a dynamic geographical placement of mesh routers to serve mobile mesh clients at different 

times, so that both network connectivity (i.e., the greatest topology subgraph component size) and client coverage (i.e., 

the number of the served mesh clients) are maximized. Mesh clients are wireless devises associated with users, and in 

real world, the users with same interests or some social relationship have higher chance to gather and move together 

geographically, i.e., they form a community, and the WMN with multiple communities can be regarded as a social 

network. Therefore, this paper investigates the so-called social-aware WMN-dynRNP problem assuming that mesh 

routers should be aware of the social community structure of mesh clients to dynamically adjust their placement to 

improve network performance. To cope with this problem, this paper proposes a social-based particle swarm optimi-

zation approach, which additionally includes a social-supporting vector to direct low-loading mesh routers to support 

the heavy-loading mesh routers in the same topology subgraph component (community), so as to dynamically adopt to 

the social community behavior of mesh clients. As compared with the previous approach, our experimental results 
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show that the proposed approach is capable of effectively reducing number of the unserved mesh clients and increasing 

network connectivity in dynamic social scenarios. 

 

Keywords Social network · wireless mesh network · router node placement · community movement · particle 

swarm optimization 

 

1 Introduction 

Wireless mesh network (WMN) has been a popular wireless communications technology. Different from other com-

munications technologies, e.g., GSM, satellite, 3G, and WLAN, WMNs combine characteristics of WLANs and ad 

hoc networks, and enjoy merits of high transmission bandwidth, low cost, and high mobility. They have various ap-

plications and provide last-few-miles solutions [1], [2], e.g., home broadband networks, community networks, enter-

prise network connectivity, building automation, wireless multimedia sensor network [3], [4], etc. WMNs are robust 

as nodes in the network have self-organizing and self-configuring ability, i.e., the WMN system can find other alter-

native routing paths for those disconnected mesh nodes [5]. 

This paper considers the WMNs composed of mesh routers and mesh clients. Mesh clients are wireless devices 

associated with users; mesh routers are access points that constitute the backbone of WMNs, and have the gateway 

function to connect to the outside Internet. A topology graph can be established as follows. Each mesh router pro-

vides a circular radio coverage region, and the mesh clients within the radio coverage region can connect to the In-

ternet via multi-hop communication. Two mesh routers can communicate with each other if their radio coverage re-
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gions are overlapped. As illustrated in Figure 1, the connection from a mesh router to the Internet is represented by a 

black solid line segment; the connection between a mesh router and a mesh client is represented by a red dotted line 

segment; the connection between two mesh routers is represented by a green dashed line segment. Note that if a mesh 

client exists in the overlapping range of radio coverage regions of two mesh routers, it chooses an arbitrary mesh 

router to communicate. 

 

 

Fig.1. Illustration of a WMN topology. 

 

This paper is concerned with the problem of router node placement (RNP) in WMNs [6], and this line of re-

search has moved from static WMN scenarios [7], [8], [9], [10], [11] to the dynamic WMN scenarios [12]. Note that 

the RNP problem has been studied in other fields of optimization (e.g., facility planning and logistics), and the geo-

graphic concern in wireless networks has as well, e.g., [13]. In recent years, the RNP problem has been applied to 

wireless networks, e.g., sensor placement in wireless sensor networks [14], gateway placement in WMNs [15], etc. In 

WMNs, a bad-quality RNP could lead to unavoidable wireless interference as well as load unbalancing, in which 

some mesh routers have unexpected high service loading while the others have a lower utilization rate [16]. The ob-
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jective of the WMN-RNP problem in this paper is to maximize the WMN connectively and the client coverage [17], 

which are size of the greatest topology subgraph component and number of the covered mesh clients, respectively. 

Since the WMN-RNP problem has been shown to be NP-hard [14], [15], [18], it is commonly resolved by me-

taheuristic algorithms. A lot of previous works existed for static WMN-RNP problems. Oda et al. [7] proposed a ge-

netic algorithm approach, and tested the influences of different mutation and selection schemes on different WMN 

sizes. Xhafa et al. [8] proposed a simulated annealing approach, and then Xhafa et al. [9] proposed a tabu search ap-

proach to avoid the solution search from falling into local optimal solutions. Chang et al. [10] proposed a 

hill-climbing algorithm. Our previous work in [11] further proposed a simulated annealing approach with momentum 

terms for the static WMN-RNP problem with mesh client priority constraint. Instead of considering the static WMN 

scenario, our another previous work in [12] started to investigate the metaheuristic algorithms for dynamic 

WMN-RNP problems (WMN-dynRNP for short), in which mesh clients and mesh routers have mobility; mesh cli-

ents move their positions at different times; mesh routers adjust their deployments accordingly to adapt the WMN 

topology change. The work in [12] further proposed a particle swarm optimization (PSO) approach for the 

WMN-dynRNP problem, and derived a theoretical convergence analysis. 

This paper focuses on the so-called social-aware dynamic router node placement in WMNs (social-aware 

WMN-dynRNP for short). In practice, some mesh clients may form a social community relationship, in which the 

mesh clients with similar interest may have a high chance to gather or move together and frequently communicate 

with each other directly or indirectly, so that they form a social network [19]. As a result, this paper extends our pre-

vious work in [12] for the WMN-dynRNP problem to a more practical social network scenario in which some mesh 
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clients in the WMN form a community structure, so that the mesh clients in the same community gather and move 

together; additionally, each mesh router is restricted to serve only a restricted number of mesh clients (which were 

never considered before). Hence, the placement of mesh routers should be aware of the community structure to be 

adjusted at different times. Some previous works also made their extension in the similar way on different topics. For 

instance, Kim et al. [20] and Song et al. [21] simulated the movement behavior of real-human communities to con-

duct the related analysis on their respective problems. 

To solve the social-aware WMN-dynRNP problem, if we continue using the original PSO approach in [12], 

then many mesh clients could not be served, because each single mesh router could not serve dense mesh clients due 

to their community structure. Additionally, if the placement of mesh routers is not adjusted accordingly in time to fit 

the community structure, performance could become worse as some communities move to their new locations at the 

next time step. From the literature, lots of previous works also applied characteristics of social networks to enhance 

the communication process among nodes, especially used for designing routing protocols and algorithms, e.g., [22], 

[23], [24], [25], [26]. Therefore, this paper also considers the factor of social community to improve the original PSO 

approach in [12] to propose the so-called social-based PSO approach, which includes an additional social-supporting 

vector where mesh routers in the same community can communicate with and support each other to make a rapid 

adjustment for possible community movement behaviors of mesh clients. By doing so, low-loading mesh routers tend 

to move to be closer to the heavy-loading mesh routers in the same community, so that those unserved mesh clients 

within the radio coverage regions of heavy-loading mesh routers have higher chance to be served at later time steps. 

To evaluation performance of the proposed approach, we consider the experimental dataset in [12] with two or three 
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communities of mesh clients and their moving trajectories. Experimental results show that in the dynamic scenario, 

the proposed social-based PSO approach is capable of effectively decreasing the total number of unserved mesh cli-

ents, and increasing network connectivity. 

The organization of this paper is stated as follows. Section 2 describes the social-aware WMN-dynRNP prob-

lem in detail. Section 3 proposes a social-based PSO approach for the social-aware WMN-dynRNP problem. Section 

4 gives the experimental design and results. Finally, Section 5 gives the conclusion of this work. 

 

2 Problem Description 

This section describes the problem of social-aware WMN-dynRNP mathematically. 

 

2.1 Describing the Concerned Problem 

For a WMN consisting of mesh routers and mesh clients deployed in a rectangular area, consider a more practical 

scenario where some of the mesh clients may gather and move together geographically to form a community, so that 

the WMN with multiple communities constitutes a social network with a community structure. Although a commu-

nity structure underlies the distribution of mesh clients, it cannot be realized and determined due to its complexity 

and uncertainty. If the placement of mesh routers can be aware of the community structure of mesh clients to be ad-

justed dynamically, the performance would be increased. Hence, this paper investigates the so-called social-aware 

WMN-dynRNP problem, in which the RNP is capable of being aware of the social community movement behavior of 

mesh clients to dynamically determine their placement at different times, so as to maximize the network connectivity 
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and the client coverage. Especially, the mesh routers in the same topology subgraph component should be able to 

support each other to balance the service loading. Hence, the concerned problem is described as follows: 

 

Social-aware dynamic router node placement in WMNs (Social-aware WMN-dynRNP): Consider a WMN deployed 

in a 2D rectangular area with size W × H, consisting of n mesh routers and m mesh clients. Suppose that each mesh 

router can serve only a restricted number of mesh clients; and mesh clients form a community structure. At each time 

step, each mobile mesh client can arbitrarily change its position in the deployment area; some of the mesh clients 

form a community and the mesh clients of the same community could gather and move together. The problem is to be 

aware of the social community behavior of mesh clients to determine placement of mesh routers at each time step, 

and the objective of this problem is to maximize both the network connectivity and the client coverage simultaneous-

ly. 

 

2.2 Notations 

This paper continues using the notations in [12], except for those used in the service capacity constraint of each mesh 

router. All the notations used throughout this paper is given in Table 1. 

At the t-th time step, the WMN with n mesh routers and m mesh clients deployed on a 2D area of size W × H 

can be represented as Ut = R  Ct in which R = {r1, r2, …, rn} is set of mesh routers and Ct = {c1, c2, …, cm} is set of 

mesh clients. For i  {1, 2, .., n}, each mesh router ri is associated with a circular radio coverage region with radius i. 

Note that the subscript t used in Ut and Ct is because mesh clients could switch off their network access at different 
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time steps in the dynamic scenario. 

 

Table 1  Notations used in this paper. 

Variable Meaning 
W Width of the rectangular deployment area 
H Length of the rectangular deployment area 
t Index of time step 
n Number of mesh routers 
m Number of mesh clients 
ri The i-th mesh router, for i  {1, 2, …, n} 
ci The i-th mesh client, for i  {1, 2, …, m} 
R = {r1, r2, …, rn} Set of mesh routers 
Ct = {c1, c2, …, cm} Set of mesh clients at the t-th time step 
Ut = R  Ct  Set of mesh nodes at the t-th time step 
i Radius of the circular radio coverage range of mesh router ri 

t
i  Number of the mesh clients served by mesh router ri at the t-th time step 

max  Upper bound of t
i  

Dt(ci) Position of mesh client ci  Ct on the deployment area at the t-th time step 
Dt(R) = {Dt(r1), …, 
Dt(rn)} 

Set of positions of all mesh routers on the deployment area at the t-th time step 

t
i  The circle centered at Dt(ri) with radius i 

Et  Set of the links at the t-th time step 
Gt = (Ut, Et)  The network topology graph at the t-th time step 

1 2 ... h
t t t tG G G G     There are h subgraph components 1 2, ,..., h

t t tG G G  in Gt 
( )tG   Network connectivity of topology graph Gt 
( )tG   Client coverage of topology graph Gt 

1 2 (2 )( , ,..., )t t t t
k k k k nX x x x   Position of particle k on the solution space, for placement at the t-th time step 

1 2 (2 )( , ,..., )t t t t
k k k k nV v v v   Velocity of particle k, for placement at the t-th time step 

Vmax  Maximal velocity 
 Inertia weight to control influence of the velocity at the previous iteration 

( )t
kf X   Fitness of particle k, for placement at the t-th time step 

Gt,k  Topology graph according to the placement represented by t
kX  

t
kP  The best position found by particle k so far, for placement at the t-th time step 

P* The best position found by all particles so far 

1 2 (2 )( , ,..., )t t t t
i k k k nS s s s  Social-supporting vector of particle k at the t-th iteration, for placement at the t-th 

time step 

 

In what follows, we establish a topology graph based on the mesh nodes in Ut and the following two types of 

links. First, consider the links between mesh routers and mesh clients. Note that each mesh router has a radio cover-

age region. Different from the previous works, this paper assumes that each mesh router serves only a restricted 
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number of mesh clients. Hence, if a mesh client is located within the radio coverage region of some mesh router, and 

the mesh router does not exceed its restricted number of serving mesh clients, then the mesh client can be linked to 

the mesh router. 

As for communication between two mesh clients, if two mesh clients are linked to the same mesh router, they 

can communicate with each other via the mesh router. On the other hand, if two mesh clients are linked to two dif-

ferent mesh routers that belong to the same topology subgraph component, they can communicate with each other via 

multi-hop communication. That is, if two mesh clients belong to two different subgraph components, or not both of 

them are linked to any mesh routers, they cannot communicate. Additionally, we assume a heterogeneous WMN sce-

nario where the radio coverage region of each mesh router is of a different size. 

Second, consider the links between mesh routers. If the radio coverage regions of two mesh routers are over-

lapped, the two mesh routers are linked and then belong to the same topology subgraph component. Note that the 

mesh routers in the same topology subgraph component can be aware of existence of each other, and hence, should 

be able to help and support each other, from the viewpoint of social community cooperation behavior. 

One of the main differences of this work from the previous works is to consider that each mesh router serves 

only a restricted number of mesh clients. Throughout the rest of this paper, let t
i  denote number of the mesh clients 

served by mesh router ri at the t-th time step, and max denote its upper bound, i.e., max
t
i  . Additionally, to be 

consistent with the practice, it is assumed that each mesh router can only be aware of whether max
t
i  . 

 

2.3 Modeling the Social-aware WMN-dynRNP Problem 
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After defining notations and definitions of mesh routers and mesh clients, this subsection describes the dynamic sce-

nario of the social-aware WMN-dynRNP problem, in which mesh routers and mesh clients have mobility; mesh cli-

ents can change their positions at different times; some of the mesh clients belong to a community, and the mesh cli-

ents within the same community could gather and move together. After mesh clients change their positions, the 

placement of mesh routers in the social-aware WMN-dynRNP problem aims to be aware of the social community 

behavior of mesh clients to be adjusted periodically. Suppose that the period to determine placement of mesh routers 

is between two time steps. Hence, at each time step, mesh clients may form a different community structure, and the 

placement of mesh routers should base on the community structure to be adjusted to maximize the network perfor-

mance. 

The dynamic scenario can be described as follows. At the t-th time step, the position of each mesh client ci  Ct 

on the 2D deployment area is denoted by Dt(ci)  R2. Based on the position distribution of mesh clients at each time 

step, positions of mesh routers on the deployment area are determined and denoted by Dt(R) = {Dt(r1), Dt(r2), …, 

Dt(rn)}. Note that the circle centered at Dt(ri) with radius i is denoted by t
i . With the positions of mesh routers and 

mesh clients, we can establish a topology graph Gt = (Ut, Et), in which Ut = R  Ct; Et is set of the links with two 

following types: First, for each pair of mesh routers ri, rj  R, if t t
i j   , then (ri, rj)  Et; second, for each 

mesh client ci  Ct and each mesh router rj  R, if ( ) t
t i jD c  , then (ci, rj)  Et.   

Note that the network topology graph Gt may not be connected, i.e., Gt includes multiple subgraph components. 

Suppose that h subgraph components 1 2, ,..., h
t t tG G G  exist in Gt, so that 1 2 ... h

t t t tG G G G     where i, j  {1, 
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2, …, h}, i  j, i j
t tG G  . To increase the network connectively of the WMN topology, size of the greatest sub-

graph component should be maximized so that it can serve as the backbone of the network to connect all mesh clients. 

However, a large greatest subgraph component size does not imply that it serves a large number of mesh clients, so 

we should also consider to serve mesh clients as many as possible. 

The social-aware WMN-RNP problem considers to maximize the following two terms: network connectivity 

and client coverage, as described in [12]. To make the placement of mesh routers constitute a backbone for the whole 

network, the network connectivity at the t-th time step is defined as the size of the greatest subgraph component 

among the h components 1 2, ,..., h
t t tG G G  in Gt, as expressed as follows: 

{1,..., }
( ) max {| |}i

t t
i h

G G


 . 

If (Gt) is larger, then more mesh nodes are connected. Specifically, if 

(Gt) = m + n,  

then it implies that all mesh nodes are connected. 

If only the network connectivity is concerned, the mesh clients covered by other subgraph components may be 

neglected. Hence, the second term of our problem objective is to maximize the client coverage at the t-th time step 

expressed as follows: 

{1,..., }

( ) ( ),t t i
i m

G d c


   

where dt(ci) is defined as follows: 

1, if mesh client  at the -th time step is served; 
( )

0, otherwise.                                                         
i

t i

c t
d c
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3 The Proposed Social-based PSO Approach for the Social-aware WMN-dynRNP Problem 

This section first gives the overview of the proposed social-based PSO approach to the social-aware WMN-dynRNP 

problem, and then the main components of the approach. 

 

3.1 Algorithm of the Social-based PSO Approach 

Particle swarm optimization (PSO) [27], [28] is a metahuristic algorithm that iteratively searches the global solution 

by imitating a number of particles (agents) that search an optimal solution (in terms of fitness values) on the solution 

landscape space. Each particle has its own position (a candidate solution on the solution space) at each iteration, and 

flies to a new position at a velocity at the next iteration. The velocity is updated at each iteration according to the best 

position found by each particle so far (i.e., the individual best experience of each particle) as well as the best position 

found by all particles so far (i.e., the global best experience). After a number of iterations, the final solution is gener-

ated if almost all particles arrive at the same position (solution). 

The proposed social-based PSO approach to the social-aware WMN-dynRNP problem is based on our previous 

approach to the WMN-dynRNP problem in [12]. The main difference of the proposed approach from [12] is to in-

clude a social-supporting vector in the velocity updating formula which makes low-loading mesh routers tend to 

support the heavy-loading mesh routers in the same topology subgraph component. The algorithm of the proposed 

social-based PSO approach to determine the placement of mesh routers at the t-th time step is given as follows (see 

also the flowchart of the algorithm in Figure 2): 
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1)  If time step index t = 0, then let each particle k’s initial position 0
kX  be a random position (solution) within the 

solution landscape space, and each particle k’s initial velocity 0
kV  be a random velocity within the feasible 

range; else (i.e., t > 0), let each particle k’s position t
kX  and velocity t

kV  be their respective values at the 

previous iteration (i.e., 1t
kX   and 1t

kV  , respectively). Let the best position t
kP  found by each particle k so 

far be equal to t
kX . 

2)  Evaluate each particle k’s fitness value ( )t
kf X . According to those fitness values, find the position with the 

best fitness value, and let it be the best position found by all particles so far, denoted by P*. 

3)  Repeat the following steps until the maximal number of iterations is reached. 

a)  Use each particle k’s social-supporting vector t
kS  to update its velocity t

kV  and position t
kX  accord-

ing to Equations (1) and (2), respectively. Note that the two vectors must satisfy their respective range 

constraints. 

b)  Evaluate each particle k’s fitness value ( )t
kf X . According to those new fitness values, update the best 

positions found by each particle k and all particles so far, i.e., t
kP  and P*, respectively. 

c)  Update each particle’s social-supporting vector t
kS . 

 

The above algorithm is explained as follows. Note that each particle’s position represents a candidate solution 

of the concerned problem, i.e., the placement of mesh routers on the deployment area. At Step 1) of the algorithm, 

since the concerned problem is to determine the placement of mesh routers at different times, two cases for the initial 

position of each particle are considered according to the current time step. If the initial time step (i.e., t = 0) is con-
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cerned, then the initial solution and velocity of each particle are set randomly within the restricted ranges; else (i.e., 

the positions and velocities at the previous time step exist), the two vectors are set to inherit their respective values at 

the previous time step. 

 

 

Fig. 2. Flowchart of the proposed social-aware PSO approach. 

 

At Step 2), the fitness value is used to evaluate the performance of each particle according to its position (i.e., 

placement of mesh routers), and then the best position found by all particles so far is recorded. Next, Step 3) repeats a 

loop until the maximal number of iterations is achieved. In the loop, Step a) updates each particle’s position and ve-

true 

Update each particle k’s velocity  and position 

Evaluate each particle k’s fitness value  

Update each particle k’s previous best position  

Update the global best position P* 

The maximal iteration 
number is achieved?

false 

Begin 

End 

Increase 
iteration 
number 

Time step t = 0? 

Randomize each particle k’s initial 
position  and velocities  

Initialize other parameters 

For each particle k, 
;  

Compute each particle k’s social-supporting vector 

false true 
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locity according to Equations (1) and (2), which will be explained later. Note that Equation (1) includes a so-

cial-supporting vector, which is the main difference from the previous work. Next Steps b) and c) update each parti-

cle’s best positions respectively found by its own, all particles, and its social-supporting vector. 

 

3.2 Main Components of the Social-based PSO Approach 

Based on the social-based PSO algorithm detailed in the previous subsection, this subsection gives the main compo-

nents of the algorithm. 

 

3.2.1 Solution Representation 

The solution representation in this work is the same as [12]. Position of each particle represents a placement of mesh 

routers (i.e., (x, y)-coordinates of n mesh routers) on a 2D deployment area of size W × H, whose bottom-left corner 

is placed at the origin of the xy plane. Hence, for each particle k, position of particle k at the t-th time step is encoded 

as 1 2 (2 )( , ,..., )t t t t
k k k k nX x x x , in which (2 1) (2 )( , )t t

k i k ix x  is the (x, y)-coordinate of mesh router ri, i  {1, 2, …, n}; 

0  (2 1)
t
k ix    W; 0  (2 )

t
k ix   H. Let t

kP  and P* denote the best positions found of each particle k and all particles 

so far, respectively. Also let f(X) be the fitness value of position X. Hence, ( )t
kf X , ( )t

kf P , and f(P*) are the fitness 

values of t
kX , t

kP , and P*, respectively. 

 

3.2.2 Updating the Particle Velocity and Position 
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At each iteration, each particle k at the t-th time step moves its position t
kX  at a velocity 1 2 (2 )( , ,..., )t t t t

k k k k nV v v v  

with –Vmax  t
iv   Vmax, i  {1, 2, …, 2n}, where Vmax  max{W, H}. Before movement, velocity t

iV  is updated 

according to the following formula: 

*
1 1 2 2 3 3( ) ( )t t t t t t

k k k k k kV V w e P X w e P X w e S              ,      (1) 

where t
kV   denotes the updated velocity with four sources: the original velocity t

kV , the direction toward the best 

position t
kP  found by particle k so far, the direction toward the best position P* found by all particles so far, and the 

social-supporting vector t
kS  of particle k, which will be explained later; parameter  is the inertia weight to control 

the influence of t
kV ; parameters w1, w2, and w3 are used to control the scales of the later three terms in this formula; 

e1, e2, and e3 are three random floating numbers between 0 and 1. Note that  was proposed first in [29], and in gen-

eral, it decreases linearly from 0.9 to 0.4 as number of iterations grows. Then, the work in [30] proposed a random 

inertia weight. Since the dynamical positions of mesh clients cannot be predicted in the concerned problem, the ran-

dom inertia coefficient is more suitable for our approach. 

After updating the velocity t
kV  , the new position t

kX   of particle k at the t-th time 

step can be obtained by the following formula: 

t t t
k k kX X V   .       (2) 

 

3.2.3 Fitness Evaluation 

 

Fitness value is used to evaluate performance of a particle’s position, and the PSO approach aims to iteratively im-

prove the fitness value of each particle. The fitness evaluation in this work is the same with [12], which aims to sim-

ultaneously maximize the network connectivity and the client coverage as follows: 
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, ,( ) ( )
( ) (1 )t k t kt

k

G G
f X

n m m

 
     


 

where ( )t
kf X  is the fitness value of the position t

kX  of particle k at the t-th time step; Gt,k is the topology graph 

according to the placement of mesh routers represented by t
kX ; ,( )t kG  and ,( )t kG  are the network connectivi-

ty and the client coverage based on ,t kG , respectively; the denominator of each term is used for normalization;  is a 

floating number between 0 and 1, which is used for balancing the two terms. Note that the previous works in [7], [8], 

[9], [10] were two-stage methods for static RNP problems, which maximize the first term and then the second term. 

The concerned problem focuses on a dynamic scenario, which is generally resolved by simultaneously maximizing 

the two terms [11], [12]. 

 
3.2.4 Social-Supporting Vector 

 

In the social-aware WMN-dynRNP problem, each mesh router serves only a restricted number of mesh clients. Recall 

that t
i  denotes the number of mesh clients served by mesh router ri at the t-th time step, and max denotes the 

maximal number of mesh clients that each mesh router can serve. Hence, we have max
t
i  . 

Given a placement of mesh routers, consider the case where a lot of mesh clients are located densely within the 

radio coverage region of a mesh router (i.e., one dense community may exist in this region), and the total number of 

those mesh clients is greater than max. In this case, the mesh router is aware that a community of mesh clients exists 

in the neighborhood of the coverage region, but has no enough capacity to serve all of those mesh clients. To make 

use of the awareness, the proposed social-based PSO approach includes a social-supporting vector t
iS  in the veloci-

ty updating formula of t
iV  in Equation (1), which makes the mesh routers in the same topology subgraph component 
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tend to support the mesh router that is aware of a dense community. Note that the reason why we only make use of 

the mesh routers in the same topology subgraph component is that the other components cannot communicate with 

the concerned component and hence cannot support it. 

Let 1 2 (2 )( , ,..., )t t t t
i k k k nS s s s  where (2 1) (2 )( , )t t

k i k is s  is the movement of mesh router ri for supporting other 

mesh routers for each i  {1, 2, …, n}. The algorithm of calculating t
kS  is stated as follows: 

1)  Consider each mesh router, say ri, that does not serve any mesh client. 

2)  Arbitrarily select a mesh router rj that serves no less than max mesh clients in the same topology subgraph 

component with mesh router ri (i.e., it is aware that a community may exist in its neighborhood). 

3)  The entries (2 1) (2 )( , )t t
k i k is s  for mesh router ri in the social-supporting vector t

kS  are calculated as follows: 

(2 1) (2 ) (2 1) (2 ) (2 1) (2 )( , ) ( , ) ( , )t t t t t t
k i k i k j k j k i k is s x x x x    . 

That is, mesh router ri will tend to move closer to the position of mesh router rj. 

4)  After considering all the mesh routers at Step 1), the final social-supporting vector t
kS  is obtained. Note that 

each pair (0, 0) in this vector means that its corresponding mesh router does not support any mesh router. 

 

Note that in Step 1) of the above algorithm, if there is no mesh router that does not serve any mesh client, then 

no social support is generated from the remaining steps of the algorithm. However, it is hard to decide whether to 

move some mesh router that has served some number of mesh clients, because those served mesh clients may lose 

connection of the mesh router. Hence, it would be of interest to design a cost function that evaluates whether to move 

a mesh router that has served some number of mesh clients. 
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To clarify the above algorithm, a simple numerical example is given as follows. Consider the topology graph Gt 

at the t-th time step as illustrated in Figure 3(a), in which there are 6 mesh routers r1, r2, …, r6 and 12 mesh clients c1, 

c2, …, c12; the links between mesh routers and mesh clients are marked by red dotted line segments; the links be-

tween mesh routers are marked by green dashed line segments. Suppose that each mesh router serves at most three 

mesh clients (i.e., max = 3). Hence, mesh routers r4 and r6 in Figure 3(a) serve no less than 3 mesh clients, i.e., each 

of them is aware that a community may exist in its neighborhood. 

 

 

(a)                         (b) 

Fig. 3. A numerical example for illustrating the social-supporting vector. 

 

Step 1) of the above algorithm finds the mesh routers that do not serve any mesh clients, i.e., r2, r3, and r5. 

Since there is no heavy-loading mesh router in the topology subgraph component that mesh router r2 belong to, it 

suffices to consider mesh routers r3 and r5. Suppose that Step 2) of the above algorithm selects mesh routers r6 and r4 

respectively for mesh routers r3 and r5. Let (xi, yi) denote the (x, y)-coordinate of mesh router ri for each i  {1, 2, …, 

6}. Hence, Step 3) of the above algorithm calculates the entries for mesh r3 and r5 in the social-supporting vector as 
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(x6 – x3, y6 – y3) and (x4 – x5, y4 – y5), respectively. Hence, Step 4) of the above algorithm obtains the final so-

cial-supporting vector as follows: 

t
kS  = (0, 0, 0, 0, x6 – x3, y6 – y3, 0, 0, x4 – x5, y4 – y5, 0, 0). 

 

3.3 Complexity analysis of the proposed algorithm 

In order to analyze the space and time complexity of the proposed algorithm, some notations are concerned as fol-

lows. Recall that n and m denote numbers of mesh routers and mesh clients, respectively. Let  be number of parti-

cles applied in the social-based PSO algorithm, and  be number of iterations of the main loop of the algorithm. 

Consider to analyze the space complexity of the proposed social-based PSO algorithm. The proposed algorithm 

works on  particles. Each particle keeps a position vector t
kX , a velocity vector t

kV , its previous best positions t
kP , 

and its social-supporting vector t
iS ; and the whole particle swarm keeps the global best solution P*. Also, each vec-

tor is of length 2n. Hence, the space complexity of recording all particles’ data structures is O(  (4  2n ) + 2 n) = 

O(  n). To evaluate fitness of each particle, the graph topology of each particle (Subsection 2.3) is recorded for 

convenience of computation. Each graph topology consists of links between mesh routers and mesh clients (stored in 

O(m  n) space) and links between mesh routers (stored in O(n2)). Hence, the total space complexity of the algorithm 

is O(  n +  (m  n + n2)) = O( (m + n) n). 

Consider to analyze the time complexity of the main algorithm (Subsection 3.1). Initialization of all parameters 

in Step 1) is done in time O(  n) because length of each parameter vector is at most 2n and some parameters are set 

at most  times for all particles. At Step 2), to evaluate fitness of each particle, a topology graph corresponded to the 
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position of each particle is established in O((m + n) n) time as analyzed in the above space complexity analysis. Since 

network connectivity ,( )t kG  and client coverage ,( )t kG  can be computed linearly in side of the topology (Sub-

section 2.3), the fitness value of a particle can be computed in O((m + n) n) time. Therefore, Step 2) is done in O( 

(m + n) n) time. 

Before analyzing Step 3) of the algorithm in Subsection 2.3, consider to analyze the algorithm of calculating a 

social-based supporting vector in Subsubsection 3.2.4. Step 1) considers each mesh router ri, and hence, this algo-

rithm has n iterations. For each iteration, Step 2) finds the neighboring mesh router rj in O(n) time, because the data 

structure of the graph topology has recorded the adjacency relationship of links during establishing topology. Step 3) 

is done in O(1) time. Step 4) just outputs the final result. Hence, the total time complexity of the algorithm of calcu-

lating a social-based supporting vector in Subsubsection 3.2.4 is O(n2). 

Now consider Step 3) of the main algorithm in Subsection 2.3. Substep a) updates all particles’ velocities and 

positions in O(  n) time. Substep b) is done in O( (m + n) n) time as the analysis for Step 2). Since a social sup-

porting vector is calculated in O(n2) time, Substep c) calculated all particles’ social supporting vectors in O( n2) time. 

As a result, Step 3) of the main algorithm considers  iterations, so is done in O( ( n +  (m + n) n +  n2)) = O(  

(m + n) n) time. 

With the above time complexity analysis, the proposed social-based PSO algorithm is computed in O(  (m + 

n) n) time. 
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4 Experimental Design and Results 

Performance of the proposed social-based PSO approach to the social-aware WMN-dynRNP problem is evaluated in 

this section, and compared with the previous PSO approach in [12]. This section first describes the experimental data 

and the experimental design on dynamic scenarios, and then gives the experimental results under various scenarios. 

 

4.1 Experimental Data 

We continue using the experimental datasets in [12], including the following three different-scale network cases, each 

of which has 10 instances: 

 Small-scale case: Consider a 32 × 32 deployment area (i.e., W = H = 32). The problem is to place 16 mesh 

routers with circular radio coverage regions with radii ~ U(3, 6) to serve 48 mesh clients. 

 Middle-scale case: Consider a 64 × 64 deployment area. The problem is to place 32 mesh routers with circular 

radio coverage regions with radii ~ (4 2 2,8 2 2)U    to serve 96 mesh clients. 

 Large-scale case: Consider a 128 × 128 deployment area. The problem is to place 64 mesh routers with circu-

lar radio coverage regions with radii ~ U(7, 14) to serve 192 mesh clients. 

 

The simulation is implemented in C++ programming language, and the parameter settings are given in Table 2, 

in which most of the parameter values continue using those in [12].  

Note that the setting of the  value has been discussed in our previous work in [12], which was decided by not 

only lots of experimental trials but also visualization of the WMN configurations (see also Fig. 4 in [12]). The work 
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in [12] found that a too large  value leads to a deployment where mesh routers are too dense in some regions so that 

number of the served clients is small; while a too small  value cannot lead to a large topology component. Hence, 

the  value is set to 0.3 finally. Also note that number of the iterations between two time steps in the dynamic scenar-

io is 30, i.e., mesh clients change at each time step (at each 30 iterations), and the placement of mesh routers is ad-

justed to adapt to this change. 

 

Table 2  Parameter setting. 

Parameter Value 
Number of iterations in the static scenario 90 
Number of iterations between two time steps in the dynamic scenario 30 
The total number of iterations in the dynamic scenario for small-scale network case 30  16 
The total number of iterations in the dynamic scenario for middle-scale network case 30  31 
The total number of iterations in the dynamic scenario for large-scale network case 30  55 
The farthermost distance to which a mesh client can move in the dynamic scenario 3 
The maximal number of mesh clients that a mesh router can serve (i.e., max) 3 
The weighting parameter that controls the two terms in the objective  0.3 
Parameter w1 in Equation (1) 2 
Parameter w2 in Equation (1) 2 
Parameter w3 in Equation (1) 1 
The maximal velocity Vmax of each particle 0.1 W 
The total number of particles 100 

 

4.2 Experimental Design of Dynamic Scenarios for Social Communities 

To test whether the proposed approach can cope with the dynamic behavior of social communities of mesh clients, 

we design three dynamic scenarios with social community behavior in the experiments: simplified dynamic scenario, 

generalized static scenario, and generalized dynamic scenario, in which the term simplified means that each mesh 

client belongs to a community; the term generalized means that except for those mesh clients that belong to commu-

nities, the others are scattered on the deployment area; the term static means that all mesh clients are static, while the 
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term dynamic means that each mesh client could move its position or switch its network access as time goes. For 

simplicity, we only consider the three scenarios, but they suffice to analyze performance of the proposed approach. 

Additionally, two or three communities are considered in each scenario. Hence, considering 3 network scales 

(i.e., small, middle, large), 2 possible community numbers (i.e., 2 or 3), and 3 scenarios (i.e., simplified dynamic, 

generalized static, and generalized dynamic scenarios), there are 3  2  3 = 18 combinations of experimental settings 

in total. The number of mesh clients in each community in different-scale network cases is given in Table 3. 

 

Table 3  The number of mesh clients in each community in different-scale network cases. 

Small-scale network case 
Num. of Communities 2 2 (simplified) 3 3 (simplified) 
Num. of mesh clients in Community #1 16 24 12 16 
Num. of mesh clients in Community #2 16 24 12 16 
Num. of mesh clients in Community #3 0 0 12 16 
Other scattered mesh clients 16 0 12 0 
Total mesh clients 48 48 48 48 

Middle-scale network case 
Num. of Communities 2 2 (simplified) 3 3 (simplified) 
Num. of mesh clients in Community #1 32 48 24 32 
Num. of mesh clients in Community #2 32 48 24 32 
Num. of mesh clients in Community #3 0 0 24 32 
Other scattered mesh clients 32 0 24 0 
Total mesh clients 96 96 96 96 

Large-scale network case 
Num. of Communities 2 2 (simplified) 3 3 (simplified) 
Num. of mesh clients in Community #1 64 96 48 64 
Num. of mesh clients in Community #2 64 96 48 64 
Num. of mesh clients in Community #3 0 0 48 64 
Other scattered mesh clients 64 0 48 0 
Total mesh clients 192 192 192 192 

 

In what follows, the dynamic design of communities is explained in detail. Consider two types of mesh clients: 

the mesh client of type 1 must belong to some community and hence move together with the community; the mesh 

client of type 2 does not belong to any community and hence can move arbitrarily on its own. Hence, the simplified 

scenario is defined to include only the first type of mesh clients, while the generalized scenario is defined to include 
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both of the two types of mesh clients. For example, a generalized scenario is illustrated in Figure 4, which includes 

two communities and some scattered mesh clients on the deployment area. 

Next, consider the community movement in the dynamic scenario. Take Figure 4 for an example in the gener-

alized dynamic scenario with two communities, in which the moving trajectory of each community is shown. 

 

 

Fig. 4. The moving trajectories of two communities. 

 

 

Fig. 5. The moving trajectories of three communities. 

Our dynamic design for this example includes four social community behaviors: first, the two communities 

move to gather together and hence are merged into a single super community (i.e., the trajectories shown by dotted 
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curves in Figure 4); then, the super community moves together for a while (i.e., the trajectories shown by solid curves 

in Figure 4); then, the super community is divided into the original two communities that keep moving on their own 

(i.e., the trajectories shown by dashed curves in Figure 4); finally, all the mesh clients in the two respective commu-

nities are disbanded (i.e., they do so at the arrow marks in Figure 4). Those social community behaviors are obtained 

by imitating the human behaviors in real world. Figure 5 is an example in the generalized dynamic scenario with 

three communities, in which the third community moves from the upper-right corner to the lower-left corner and fi-

nally is disbanded. 

Although our dynamic design for community movement is artificial, some notable works on social networks 

(e.g., see [31]) also applied artificial dynamics in their dynamic design. In fact, investigating real-world dynamic 

traces in the dynamic design suffices to form another full paper (including user survey and behavior validation) and is 

complicated. It is out of the scope of this paper. Hence, a future line of the research is to investigate whether the pro-

posed approach can handle real-world dynamic traces in the dynamic design in the future work. 

 

4.3 Experimental Results in the Simplified Dynamic Scenario 

The purpose to conduct the experiments in the simplified dynamic scenario (i.e., each mesh client belongs to a com-

munity) is to obtain the basic test for whether our proposed social-based PSO approach can make more efficient and 

effective adjustment for such a community structure than the previous PSO approach in [12]. Note that there is no 

previous work that is directly related to this work except for [12], and hence, only the work in [12] is compared ex-

perimentally with this work. We conduct the experiments of three different-scale datasets in the simplified dynamic 
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scenario with two or three communities by using our proposed approach and the previous approach in [12]. Note that 

each dataset contains 10 instances, and each statistical value is obtained by averaging 20 times of running the exper-

iments on the 10 instances. After comparing all experimental statistics (the best fitness value, the average fitness val-

ue, the worst fitness value, and the standard deviation of fitness values), our proposed approach always performs bet-

ter than the previous approach. Comparisons of the best, average, and worst fitness values using our and the previous 

approaches in the simplified dynamic scenario are given in Figure 6(a)–(c), respectively, in which the horizontal axis 

lists all different-scale cases and two possible community numbers (denoted by C). From Figure 6, our proposed ap-

proach performs better than the previous approach in terms of the three statistics of fitness values in all cases. 

 

 

(a) Best fitness         (b) Average fitness         (c) Worst fitness 

Fig. 6. Comparison of the fitness values using our and the previous approaches in the simplified dynamic scenario. 

 

To analyze the reason why our proposed approach performs better in the simplified dynamic scenario, we find 

that the previous approach in [12] does not utilize the social relationship of mesh routers in the same topology sub-
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graph component, and hence requires more iterations to adjust its placement of mesh routers to adapt to the commu-

nity structure of mesh clients; furthermore, before finishing the adjustment to adapt to the community structure, some 

communities may move to their next positions at the next time step in the dynamic scenario, and hence, the perfor-

mance of the previous approach becomes worse. On the other hand, our proposed new social-based approach in-

cludes a social-supporting vector to make effective adjustment to adapt to the community structure. 

 

4.4 Experimental Results in the Generalized Static Scenario 

The experimental results in the previous subsection have shown that our proposed approach performs better in the 

simplified dynamic scenario. However, in real world, aside from communities, scattered mesh clients exist on the 

deployment area (i.e., they do not belong to any community). Hence, this paper further analyzes the experimental 

results in a generalized scenario. Note that although this paper focuses on the dynamic scenario, it is of interest in this 

subsection to first analyze whether our proposed approach also performs better in the generalized static scenario. 

The comparisons of the best, average, and worst fitness values using our and the previous approaches in the 

generalized static scenario are given in Figure 7(a)–(c), respectively. 

From Figure 7, the difference of all fitness statistics using our and the previous approaches looks almost no 

different. Hence, the independent-sample t-test is conducted to test whether performance of the two approach has 

remarkable difference. In the test, we select the experimental setting with the most representative average fitness 

value and the most complex dataset (i.e., the large-scale network case and three communities). Under the 95% confi-

dence interval, the p-value of the t-test is 0.197 > 0.05. That is, the average fitness values using the two approaches 
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do not have remarkable difference. As a result, we conclude that our social-based PSO approach mainly focuses on 

the dynamic scenario, and hence, the experimental results in this subsection confirm that even if scattered mesh cli-

ents exist on the deployment area, our approach still keeps as good performance as the original PSO approach, so that 

we can further analyze the experimental results in the generalized dynamic scenario. 

 

 

(a) Best fitness          (b) Average fitness         (c) Worst fitness 

Fig. 7. Comparison of the fitness values using our and the previous approaches in the generalized static scenario. 

 

4.5 Experimental Results in the Generalized Dynamic Scenario 

From the experimental results in the two previous subsections, we have known that our approach performs better in 

the simplified dynamic scenario, and performs similar to the previous approach in the generalized static scenario. 

This subsection further analyzes the performance in the generalized dynamic scenario. 

Comparisons of the best, average, and worst fitness values using our and the previous approaches in the gener-

alized dynamic scenario are given in Figure 8(a)–(c), respectively. From Figure 8, it can be observed that our pro-
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posed approach performs better than the previous approach in terms of all fitness statistics. To analyze this, we find 

that since each of the majority of the mesh clients in the generalized dynamic scenario belong to a certain community, 

mesh clients can support each other by using our social-based approach, and hence an efficient and effective read-

justment can be achieved. 

 

(a) Best fitness          (b) Average fitness        (c) Worst fitness 

Fig. 8. Comparison of the fitness values using our and the previous approaches in the generalized dynamic scenario. 

 

5 Conclusion and Future Work 

This paper focuses to include the social-awareness of mesh routers to the placement of dynamic router node place-

ment in WMNs (WMN-dynRNP), in which mesh clients may belong to a community, and hence move and gather 

together; additionally, each mesh router can serve only a restricted number of mesh clients. To cope with this problem, 

this paper has proposed a social-based PSO approach, which includes a social-supporting vector in the formula of 

updating the velocity of each particle. This vector makes low-loading mesh routers tend to support the heavy-loading 

mesh routers in the same topology subgraph component, and hence, the mesh clients within the radio coverage re-
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gions of those heavy-loading mesh routers may have higher chance to be served by other mesh routers. 

The experimental results are compared with our previous approach to the basic WMN-dynRNP problem in [12]. 

First, in the simplified dynamic scenario (in which each mesh client belongs to a community, i.e., there is no scattered 

mesh clients), our proposed approach obviously performs better than the previous approach to make effective ad-

justment to adapt the dynamic change of communities. Next, we consider the generalized static scenario in which 

scattered mesh clients are added, and we find that our approach performs no significantly different from the previous 

approach, but our approach still can ensure to keep the solution quality. Last, the experimental results in the general-

ized dynamic scenario show that our proposed social-based approach can perform better to adjust the mesh router 

placement according to the social community behavior of mesh clients, under different problem scales. 

In the future work, more extension on the social behaviors of mesh clients could be made, and the data in a re-

al-world deployment area can be applied. Especially, it is of interest to investigate whether the proposed approach can 

handle real traces of communities in the dynamic design. Additionally, detailed parameter analysis of the proposed 

algorithm would be also interesting. For the solution solvability, a cost function may be considered during the process 

of calculating the social-supporting vector, so that mesh routers could move to the direction with the most benefit to 

support the other mesh routers so as to achieve better solutions.  
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