Hindawi Publishing Corporation
Discrete Dynamics in Nature and Society
Volume 2013, Article ID 758079, 6 pages
http://dx.doi.org/10.1155/2013/758079

Hindawi

Research Article

Opinion Impact Models and Opinion Consensus Methods in
Ad Hoc Tactical Social Networks

Demin Li,' Jie Zhou,” Jingjuan Zhu,’ and Jiacun Wang*

! College of Information Science and Technology, Donghua University, Shanghai 201620, China

2 College of Science, Donghua University, Shanghai 201620, China

? College of Public Administration, Nanjing Agricultural University, Nanjing 210095, China

* Department of Computer Science and Software Engineering, Monmouth University, West Long Branch, NJ 07762, USA

Correspondence should be addressed to Demin Li; deminli@dhu.edu.cn
Received 1 August 2013; Accepted 15 August 2013
Academic Editor: Guanghui Wen

Copyright © 2013 Demin Li et al. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Ad hoc social networks are special social networks, such as ad hoc tactical social networks, ad hoc firefighter social networks, and
ad hoc vehicular social networks. The social networks possess both the properties of ad hoc network and social network. One
of the challenge problems in ad hoc social networks is opinion impact and consensus, and the opinion impact plays a key role for
information fusion and decision support in ad hoc social networks. In this paper, consider the impact of physical and logical distance
on the opinions of individuals or nodes in heterogeneous social networks; we present a general opinion impact model, discuss the
local and global opinion impact models in detail, and point out the relationship between the local opinion impact model and the
global opinion impact model. For understanding the opinion impact models easily, we use the general opinion impact model to ad
hoc tactical social networks and discuss the opinion impact and opinion consensus for ad hoc tactical social networks in the end.

1. Introduction where d;; denotes the connection between the nodes, j, & ;(t)
is the impact of the node j on 7, and h;(t) is the noise of the
system. Considering the properties of ad hoc social networks,
we improve the impact model as follows.

Huang et al. [6] assumed that in the social networks, each
of the nodes holds one of the two opposite opinions denoted
by 1, —1. To illustrate the social impact of the community, the
initial distributions of the opinion are as follows:

Ad hoc social networks are special social networks [1]. They
possess both the properties of ad hoc networks and social
networks, such as the properties of self-organization, decen-
tralization, multihop communication, structure influence,
opinion impact, and small world. The ad hoc social networks
are applied in many fields, such as ad hoc tactical social net-
works [2], ad hoc firefighter social networks [3], and ad hoc
vehicular social networks [4]. Lewenstein et al. [5] presented | i— 192 M
a social impact theory. Individuals are assumed to exchange, 0;(0) = { o T (2)
compare, adjust, and influence each other’s attitudes. The -L i=M+1,...,N,
total impact I; that the ith individual experiences from his
or her social environment is a function of the persuasive
impact of those individuals who hold the opposite opinion to
the ith individual, relative to the supportive impact of those
individuals who share the opinion.

In the paper [5, 6], the dynamics of the opinion is
governed by the following rule:

where 0;(t) denotes the opinion of the ith node at the time
step t and 0;(0) denotes the opinion of the ith node at the
time step 0. We know that in real ad hoc social networks,
the opinion o;(¢) of i may not be 1 or -1 and may be a
fuzzy opinion or fuzzy number, such as triangular fuzzy
number. For example, use [-0.1, 0, 0.1] to denote the opinion
of cross-bencher. So, in this paper, we always assume that

N the opinion of every node is a triangular fuzzy number,
o; (t+1) = sign Zdijaj ) Eﬁ ) +h ()|, 1) and let 0,(t) = [a;(t), b;(t), ¢;(t)]. Where a,(t), b,(t), and

j=1 ¢;(t) are all real numbers and satisfy a;(t) < b(t) < ¢(t).



Therefore, o;(t) = [a;(t), b,(t), ¢;(t)] means that the individual
or node i’s opinion is between in g;(¢) and ¢;(t) and centered
in b(t).

For ad hoc social networks, especially for scale-not-free
social networks, the connection d;; may not be simply 1
or 0 but should be approximately inversely proportional to
the physical distance or the hop number of communication
between i and j. In other words, the smaller the hop number
is, the stronger the connection between i and j is. Considering
the change of dynamic topology with the time in ad hoc
social networks, the physical location or distance also change;
in this paper, we assume that d;; is a function of time and
dl-j(t) 1/(h (t) + 1), where h (t) is the hop number of
commumcatlon fromi to j at tlme L.

Ad hoc networks are usually assumed to be homoge-
neous, where each node shares the same radio capacity.
However, homogeneous ad hoc networks suffer from poor
scalability. Recent research has demonstrated its bottle neck
performance through both theoretical analysis and simula-
tion experiments and test bed measurements. Xu et al. [7]
presented a design methodology to build a hierarchical large-
scale ad hoc network using different types of radio capabilities
at different layers. In such a structure, nodes are dynamically
grouped into multihop clusters. Each group elects a cluster-
head to be a backbone node (BN). Then, higher-level links are
established to connect the BNs into a backbone network. The
backbone nodes have stronger social power or impact than
the others. So, the backbone nodes have stronger opinion
impact on the others. Illuminated in [8, 9], we use the
social power factor SP; = (C;)" to describe social power
strength, where C; is the centrality of node j and « is a
parameter controlling the social diversity. So, for §;(¢) in
(1), considering the properties of ad hoc social networks,
it may be approximately proportion to social power factor
SP; = (C;)" and inversely proportional to the logical distance
or level distance between node j and i. So, we may define
Eji(t) = SPj/(Ilevel(j) — level(i)| + 1), where level(i), level()
denote the levels of the node i, j live in respectively.

By above discussion, (1) can be rewritten as follows:

SP;

! o;(t).

o;(t+1) = Z h;; (t) +1 [level (j) — level (i) + 1 %
3)

We make some remarks to easily understand (3).

Remark 1. In (3), physical distance is a Euclid distance
between node i and j. For easy calculation, usually the
physical distance is measured by the hop number of commu-
nication between i and j. In other words, the hop number
is approximately the number of nodes which connect node i
to node j, and the logical distance in (3) is a level distance
between node i and j. For easy calculation, especially in
hierarchical network with different levels, usually the logical
distance is measured by different levels between node i and
node j.

Remark 2. The difference between the physical distance
and logical distance is that the physical distance is only
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considering the communication distance and not considering
the relationship between the nodes, but the logical distance is
considering the relationship and the social power between the
nodes especially in hierarchical network.

Remark 3. In (3), physical distance mainly reflects the influ-
ence between nodes in the same level, and logical distance
mainly reflects the influence between nodes in different
levels. The impact of logical distance in (3) acts as an amplifier
to physical distance. The impact mainly emphasizes the
influence of backbone nodes and social powerful nodes.

To the best of our knowledge, there are no any papers
using physical distance and logical distance that discuss
opinion impact model.

The rest of the paper is organized as follows. In Section 2,
we present the local and global opinion impact models and
point out that the local opinion impact model is part of
the global opinion impact model. By applying the models to
ad hoc tactical social networks, in Section 3, we discuss the
opinion impact. In Section 4, we give the opinion consensus
for ad hoc tactical social networks. And we conclude in
Section 5.

2. Local and Global Opinion Impact Models

By the general opinion impact models in Section 1, in the
following, we discuss the local opinion impact models for
nodes in the same level and global opinion impact models
for nodes in different levels in detail.

2.1. The Local Opinion Impact Model. In this subsection, we
only consider local opinion consensus in the same level, and
§;(t) = SP;. Assume N; nodes in the same level with the node
i, so (3) can be rewritten as

o;(t) SP; .
Z TGRS i=1,2..,N. (4

1]]

o;(t+1) =

If we only consider the neighbor nodes of 7, we have that
hij(t) =1,and

o, (t+1) = Za (t) SP;. (5)

l]]

If we only consider the neighbor nodes of i, and neigh-
bors’ neighbor of i we have

N, N,
Zo’ OSP+ - > 08B (©

l]— l]N+1

o;(t+1)=
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In general, assume that the maximum hop number is k;
for node i in the same level, then

N,-1 +N,-2

N.
1 & 1
oi(t+1)==—>0;(t)SPj+—— Y 0;(t)SP;+---
i 2Ni 5 J J 3Nl j=M1+1 J J
Ny +N,, ++Nj | +N,

1 1 1

—_ D o, (t)SP;,
(ki + l)Nl j:I\Ii1+

N,.2 +".+Mki—l+1

7)

where N; are the number of neighbors of i. The physical
distance between those neighbors and i is I hops, I =
1,2,...,k,andNi1 +N12 +"'+Nik = Ni'

2.2. The Global Opinion Impact Model. For global opinion
impact, consider the different levels; from (3), we get that

N
o;(t+1) = % Z d,‘j (t) 0 ) Eji (t)
j=1

1\]1,

1 11
=% Zldij (t)o; (t) SP;

p=

1 Ml] +M12

Z dij(t)o; () SP;+ -

=Ni, +1

+_
2N .
J

1 Ny #Ny, +-4Ny + N,
+_
mN .

J=Niy, +Ny ++N,, - +1

d;; (t)0; (1) SP;,

(8)

where N; is the number of neighbors of the node i. The

logical distance between those neighbors and i is [, hops,
u=12...,mand N; +N; +---+N; = N.Here,
N; = N; in local opinion impact model. So, we can see
easily that the local opinion impact model is part of the global
opinion impact model.

3. The Opinion Impact Models for
Tactical Social Networks

In Section 2, we discussed generally the local and global
opinion impact models. In this section, we apply the results
in Section 2 to the special ad hoc social networks, ad hoc
tactical social networks. Lihui Gu et al. [2] discussed the
characteristics of tactical environment and showed the archi-
tecture of multilevel heterogeneous ad hoc wireless networks
with Unmanned Aerial Vehicles (UAVs). The hierarchical
infrastructure (Figure 1) reflected the three layers, including
level 1: ground ad hoc wireless networks; Level 2: ground
embedded mobile backbone networks; and level 3: aerial
mobile backbone networks.

In Figure 1, in level 1, there are three groups or clusters.
The largest group, denoted by G, includes eight soldiers; the
other two groups, denoted by G, and G;, each includes five

FIGURE 1: Multilevel UAV heterogeneous ad hoc wireless network

[2].

soldiers. In level 2, there are also three groups or clusters. The
largest group includes three tanks, denoted by G,; the other
two groups, denoted by G5 and G, each includes one tank. In
level 3, there is only one group, denoted G, which includes
three planes. So, the total number of nodesis N = 18 + 5 +
3 = 26. For simplicity, we neglect the impact of centrality and
discuss all situations as follows.

3.1. When i Is in the Group G,. From (8), we get

a(t+l):iN %Y
i N &5 [1+hy; (0] [[level (j) - level ()] +1]
1 o (t) 1 0 ()

= — _ + — —

26 /3, [1 +hy; (t)] 26 J';z [1 +hy (t)]

1 o (t) 1 0 (®)
+ — Y+ — -,
26 j;;, [1 +hyj (t)] 52 j;4 [1 +hyj (t)]

0 (t)

1y 95O 1 _
"5 jg?s [+ hy )] " 52 ]és [1+hy )]
i 0j ®)
78 &g, [1+hy 0]
9)

In (9), we discuss the situations as follows:

j€Gy, then2<h;(t) <3 and
1 0j () 1
- > o)< — <= ) 0;(t);
4 J;l ! ;;1 [1+hy®] 3 fél ’
j€G,, thenh;(t)=5and

(¢
Zaf—():lzgj(t);

jeG, [1 +hyj (t)] 6 jG,

Jj€Gs,

i (1)
Y e Y 00

j€Gs [1 + hyj (t)] 6 jG,

then hij (t) =5 and



4
je€G,, thenlc< hij (t) <2 and
1 0j (1) 1
- Y o.(H) < — <= o;(t);
1;34 ’ 1;34 [1+h; @] 2 j;; !
j €Gs, then h;; (t) =4 and

(¢
Zaf—()zlzaj(t);

jea, [Lrhy 0] 5 &,

j€Gs  then hy; (f)

> =5 2 005

ARG =)

=4 and
0j (t)
j€G,, then2< hij (t) <3 and

(1) 1

—Zo(t)_z[aj—g—ZUj(t).

1+ hy; (t)] 3,

j€G; j€G;
(10)
Equation (9) follows as
1 1 1
— Yo O+— Y o;O+— ) o;)
104 & 156 &%, 156 & 7
1
— Y o +== ) o;(®)<o(t+1)
260 , L 312 &
1 1 )
< — (1) Y o)+ — Y o;(t)
] J ]
78 jeG 156 JEG,UG 104 j€G
— Y oi®)+== ) o;(t)
J J
260 j€G5UGg 234 j€G;

In (11), we see that the impacting factors or weights are as
follows.

When node j is in the group G,, the impacting weight of
G, is between 1/104 and 1/78; node j is in G, and G;, the
impacting weights are 1/156; node j is in G, the impacting
weight is between 1/156 and 1/104; node j is in G5 and Gg,
the impacting weight is 1/260; node j is in G;, the impacting
weight is between 1/312 and 1/234.

3.2. WheniIsin Group G,. Similarly, we can get the result as
follows:

1 1 1
=Y ot+— > oO+— > ot
78 &2, ] 156 . &5, 104 = /

— Y ;<0 (t+1)

j€G,UG, j€G,

1
e Y o)+ 10420].@)

j€G, j€G,UG, j€Gs

1
+% Z 0()+234 Zoj(t).

JEG4UG j€G;
(12)
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3.3. WheniIs in Group G5. Similarly, we can get the result as
follows:

1 1 1
=Yoo +— Y o®)+— Y o;(t)
78 &2, 1 156 . &5, 104 & J

1 1
+ﬁ Z (t)+31220j(t)sai(t+l)

j€G,UGs j€G,

1
ot)+— Y o)+ — w Y o)

j€G, j€GLUG, j€Gs

(13)

4. Opinion Consensus for the Ad Hoc
Tactical Social Networks

In this section, based on the opinion models in Section 3, we
discuss the opinion consensus of soldiers in an ad hoc tactical
social network for six situations in detail.

Situation 1. When i € G, and k € G, from (11), we trans-
form the opinion consensus into vectors consensus, every
components in a vector is the impacting weights of groups
(from one to seven), respectively. So, the opinion consensus
intimet +1is

Slo;(t+1),0, (£ +1)]
- [<1 1 1 1 1 1 1)
71\ 104’ 156" 156" 156 260° 260" 312/ > (14)

( 1 1 1 1 1 1 1 >]
78’ 156° 156" 104’ 260" 260 234 /1
By the vectors consensus definition of Cook and Seiford

in [10], we have that the minimum opinion difference or
opinion consensus between the node i and j is

Slo;(t+1),0, (t+1)]
2 2 2
(5 101) (o 6) (3 30) |
(15)

Let

(55-35)
(x . T - bl
234 312
1 1 \? 1 1 \?
() )
156 104 78 156
< 1 1 )2 ( 1 1 )2
== == .
260 156 104 260

So, opinion consensus between the node i and k is

l-a=2S[o;(t+ 1,0, t+1)]=21-a-p  (17)
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Situation 2. When i € G, and k € G,, from (12), we
transform the opinion consensus into vectors consensus,
every components in a vector is the impacting weights of
groups (from one to seven), respectively. So, the opinion
consensus in time t + 1, from we have

Slo;(t+1),0 (t+1)] =1—[<ﬁ—i)2] =1l-a.
(18)

Situation 3. When i € G; and k € G, from (13), we
transform the opinion consensus into vectors consensus,
every components in a vector is the impacting weights of
groups (from one to seven), respectively. So, the opinion
consensus in time ¢ + 1, from we have

1 1

Slo;(t+1),0,(t+1)] =1- [(2—34—33>Z] =1-a.
19)

Situation 4. Wheni € G, andk € G,,ori € G, and k €
G, from (11) and (12), we transform the opinion consensus
into vectors consensus, every components in a vector is the
impacting weights of groups (from one to seven), respectively.
So, the opinion consensus in time t + 1 is

Slo;(t+1),00(t+1)]

~ [<1 1 1 1 1 1 1)

~ [\ 104> 156° 156 156° 260° 260" 312/ (20)
<1 1 1 1 1 1 1>]
1567 78’ 156 260° 260° 104° 234 /1"

By the vectors consensus definition of Cook and Seiford,
we have

Slo;(t+1),0, (t+1)]
1 1 \? 1 1 \?
ﬂ‘“‘[(ﬁ‘ﬁ) +<%_ﬁ)

1 1 \? 1 1 \?
(5 15¢) (03~ 3) |
Slo;(t+1),0,t+1)]=1-a-p.
(21

Situation 5. Wheni € G, and k € G;,0ori € Gy and k €
G,, from (11) and (13), we transform the opinion consensus
into vectors consensus, every components in a vector is the
impacting weights of groups (from one to seven), respectively.
So, the opinion consensus in time t + 1 is

S[o;(t+1),0,(t+1)]

By the vectors consensus definition of Cook and Seiford,
we have

Slo;(t+1),0,t+1)]=1-a-p. (23)

Situation 6. Wheni € G, andk € G;,0ori € Gy and k €
G,, from (12) and (13), we transform the opinion consensus
into vectors consensus, every components in a vector is the
impacting weights of groups (from one to seven), respectively.
So, the opinion consensus in time t + 1 is

Slo;(t+1),0(t+1)] =1— [(514—3%)2] =l-a.
(24)

We can see from the six situations that the opinion con-
sensus of Situations 2, 3, and 6 is the strongest, the consensus
strength is 1 — «, the opinion consensus of Situations 4 and 5
is the weakest, the consensus strength is 1 -« — f3, the opinion
consensus of Situation 1 is middle, and the consensus strength
is between1 —aand 1 — a — .

5. Conclusions

By using physical and logical distance, we present novel local
and global opinion impact models. The models are suitable
to general ad hoc social networks, and, for the first time, we
improve the opinion impact model and establish foundation
for group opinion consensus. For understanding the idea of
the paper, we discuss opinion impact models and opinion
consensus for ad hoc tactical social networks. Opinion impact
model may influence the individual’s information fusion and
decision making in an ad hoc social networks that we are
dealing with.
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