
4550 IEEE INTERNET OF THINGS JOURNAL, VOL. 5, NO. 6, DECEMBER 2018

Intercommunity Detection Scheme for Social
Internet of Things: Compressive Sensing

Over Graphs Approach
Tengjiao Wang , Jingbo Tan, Wenbo Ding , Member, IEEE, Yanru Zhang , Member, IEEE,

Fang Yang , Senior Member, IEEE, Jian Song, Fellow, IEEE, and Zhu Han, Fellow, IEEE

Abstract—As a cluster between Internet of Things (IoT) and
mobile social networks (MSNs), social IoT allows close inter-
action between humans and things. Many applications of IoT
and MSN are based on the community structure to realize effi-
cient services, and thus the detection of the community structure
has become a key problem and attracted much academic atten-
tion. In this paper, a compressive sensing (CS) over graphs-based
intercommunity detection scheme is proposed for the social IoT.
By exploiting the probability of two nodes encountering each
other, the encounter probability and the edge-clustering coeffi-
cient are utilized to define a novel metric for each connection
and construct the measurement matrix. Then a CS-based detec-
tion algorithm is proposed to detect the intercommunity links.
Moreover, the edge-clustering coefficient is exploited as the prior
information to further improve accuracy and reduce complexity.
Simulations show that the proposed detection scheme outper-
forms the conventional random walk-based scheme in the social
IoT.

Index Terms—Compressive sensing (CS) over graphs, edge
clustering coefficient, Internet of Things (IoT), mobile social
networks (MSNs), prior information, smart cities.

I. INTRODUCTION

INTERNET of Things (IoT) is a recent communication
paradigm [1], which connects a large variety of physical

devices and provide data services among them [2], [3]. The
mobile social network (MSN) is one emerging form of social
network, which utilizes the social relationship information to
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improve efficiency and effectiveness of network services. MSN
provides a variety of data delivery services involving the social
relationship among users [4], [5]. MSN facilitates many social
network-aware applications, such as social network-aware
routing [6], [7], context-aware information diffusion [8], [9],
and role determination [10], [11].

Recently, with more and more humans utilizing smart
devices and services every day to improve their life quality,
the concept of the social IoT has been introduced to com-
bine IoT with MSNs to meet the increasing demands [12].
As the cluster of IoT and MSN, the social IoT considers
not only thing-to-thing connection and human-to-human con-
nection, but also the close interaction between things and
humans. Therefore, the social IoT has been considered as
one of the trends for IoT and building blocks for smart
cities [13].

In the social IoT, many applications and services are
based on communities. The community-based structure helps
the data-centric services [3], the community-level ser-
vices [14], [15], and the trust management services [16], [17]
in IoT. Furthermore, many data forwarding algorithms are
also based on communities, including Simbet [18], Bubble
Rap [19] and so on. Therefore, the detection of intercommu-
nity links in the social IoT deserves further research beyond its
first investigation in the field of conventional social networks.
Girvan and Newman (GN) introduced a divisive algorithm
in which the edges are selected and removed one-by-one
based on the value of their “edge betweenness,” calculated
by the shortest path tree [20]. The GN algorithm represents a
significant step forward on the community detection in net-
works. However, the order of the removal process reveals
the community structure of a network. It therefore suffers
from high complexity for the large-scale social IoT [21].
Then, Radicchi et al. [22] proposed a method based on the
edge-clustering coefficient. In this method, they defined the
edge-clustering coefficient based on the triangle or quadri-
lateral links, and used it to achieve higher detection speed
and lower complexity [22]. From then on, the edge-clustering
coefficient has been used in many other community detection
schemes to enhance the performance, such as the commu-
nity detection in complex networks [23] and in protein-protein
interaction networks [24].

As a branch of compressive sensing (CS) [25]–[27], CS
over graphs, which takes advantage of the sparsity over the
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Fig. 1. Basic architecture of the social IoT.

network, has provided another approach in community detec-
tion [28], [29]. In the standard CS over graphs model, the
sparse value should be additive, e.g., the network latency or
the logarithm of the packet loss probability. However, under
many conditions in online social networks or MSN, it is
difficult to find such additive values. The CS approach for
intercommunity detection (CS-ComDet) [30] constructs an
additive value via the edge-clustering coefficient to resolve
this problem in the traditional social networks and achieves
good performance. However, to our best knowledge, there is
no relevant work in the social IoT and the direct application
of CS over graphs-based methods cannot achieve ideal perfor-
mance. Some inherent characteristics in social IoT motivate
us to find more efficient approaches.

In this paper, the intercommunity detection issue is inves-
tigated in the social IoT scenarios. First, the edge-clustering
coefficient and the encounter probability in the social IoT are
investigated to provide information of the whole network from
different aspects. Second, a novel metric is proposed based
on the edge-clustering coefficient and the encounter proba-
bility to better construct the measurement matrix. Third, an
efficient three-step detection method is proposed based on the
CS over graphs theory to detect the community structure. Last
but not least, the edge-clustering coefficient is exploited as the
prior information to reduce complexity of the conventional
CS algorithms and improve the recovery performance as well.
Simulations are carried out on real MSN traces and the results
demonstrate that the proposed method could achieve higher
accuracy with fewer measurements compared to the random
walk-based method. After the detection, the community struc-
ture can be derived to benefit various applications and services
in IoT [14]–[17].

The rest of this paper is organized as follows. In Section II,
the system model, the traditional random walk method
based on CS over graphs and the edge-clustering coeffi-
cient are explained, respectively. In Section III, the proposed

intercommunity detection method and the necessary analysis
is addressed. The numerical simulation results are provided in
Section IV. Finally, the conclusions are drawn in Section V.

Notation: Column vectors and matrices are denoted by low-
ercase and uppercase boldface letters; (·)H and (·)† denote the
conjugate transposition and pseudo-inversion, respectively; |�|
denotes the cardinality of set �; vi represents the ith element
of vector v; and M(i,j) represents the element in the ith row,
and jth column of matrix M.

II. SYSTEM MODEL

In this section, the traditional random walk-based CS over
graphs, the encounter probability, and the edge-clustering
coefficient will be investigated.

A. Compressive Sensing Over Graphs Detection

In the social IoT, the social network of all the entities includ-
ing humans and things are taken into consideration for the
evolution beyond IoT [31], where the basic architecture of the
social IoT is shown in Fig. 1. The human mobile nodes and
the thing nodes converse and connect with each other, while
they are connected to the Internet and the content provider is
used to provide extra data and content. In order to meet a vari-
ety of communication requirements, the network architectures
can be centralized networks or opportunistic networks.

Generally, the densely connected groups of nodes and sparse
connections between groups define a common comprehen-
sion of the community structure in a social IoT network.
These groups of nodes and the links between them are called
“Community,” and the connections between groups are called
“Intercommunity links” [32]. As illustrated in Fig. 2, the
dashed lines represent the intercommunity links.

We consider a network which can be described by an undi-
rected connected graph G = (V, E), where V represents the
set of nodes with cardinality |V| = n and E represents the set
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Fig. 2. Community and the intercommunity links in MSN.

Fig. 3. Example of measurement in graph.

of edges with cardinality |E| = k. The weight of each link
can be 1 or any other meaningful value in a certain network
and the degree of every node is denoted as deg(Ni). In the
graph, we consider a connected path with length t and the
measurement of it is the sum of every link’s weight on the
path. Now, suppose we have m measurements in total over
the whole graph. x represents a vector with length k whose
jth element is the weight of the jth edge and y represents a
vector with length m whose jth element is the result of the jth
measurement. Matrix A with size m×k is called measurement
matrix, which reflects the composition of the m measurements
whose element in the ith row and jth column is 1 if the jth
edge is on the ith measurement path, and 0 otherwise. Thus,
we have

y = Ax. (1)

Fig. 3 gives an example of the construction of the mea-
surement matrix. We consider a network with |V| = 4 nodes,
|E| = 6 edges, and 3 measurements. In measurement 2, the
path goes through the e3, e4, and e6 in order. Correspondingly,
the third, fourth, and sixth elements in the second row of the
matrix A are 1’s. The measurement matrix A is

A =
⎛
⎝

1 1 0 0 0 0
0 0 1 1 0 1
1 0 0 0 1 0

⎞
⎠. (2)

The typical model in the CS theory has the same expres-
sion as (2) [33]. It has been proved that if m and t satisfy
m = O(slog(n)), t = O(|E|/s) and the matrix A satisfies
the restricted isometry property condition, we can recover the
s-sparse x through CS recovery algorithms with an expected
accuracy, in which every measurement of matrix A or every
connected link is generated by a “good start” regularized ran-
dom walk [28], [29]. Furthermore, some prior information
determined in advance can reduce the complexity and improve
the accuracy of CS [34]. It is intuitive that if the weight of
intercommunity links are sparse, the CS over graphs can be
used on detection.

B. Encounter Probability

Learning from [9], we are going to use the parametric
method here to generate the network structure. We see that
the encounter durations of users follow a gamma distribution
as:

X ∼ �(k, θ) = �

(
M2

i,j

Ii,j
,

Ii,j

Mi,j

)
(3)

where k = M2
i,j/Ii,j, θ = Ii,j/Mi,j, Mi,j, and Ii,j denote the mean

and the variance of the encounter duration between users i and
j, respectively.

Given the encounter histories of a group of users with the
contact duration Xn and the number of encounters Ni,j, we can
calculate the mean of the encounter duration Mi,j as

Mi,j =
∑

n Xn

Ni,j
. (4)

Similarly, variance Ii,j of the encounter duration can be
obtained to represent the fluctuation of the encounter period

Ii,j =
∑

n

(
Xn − Mi,j

)2
Ni,j

. (5)

Thus, the probability density function of the encounter dura-
tion is given by

f (x; k, θ) = 1

θk

1

�(k)
xk−1e− x

θ (6)

where �(k) = ∫∞
0 tk−1e−tdt.

In order to guarantee a successful data transmission, we
assume that two users can be regarded as encountering with
each other if and only if they have been detected by each
other for at least Xmin. Thus, the probability of any two users
encountering with each other is pi,j, which can be represented
as

pi,j = 1 −
∫ Xmin

0
f (u; k, θ)du = 1 −

γ
(

k, Xmin
θ

)

�(k)
(7)

where γ (k, [Xmin/θ ]) is the lower incomplete gamma function,
written as

γ

(
k,

Xmin

θ

)
=
∫ Xmin

θ

0
tk−1e−tdt. (8)
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C. Edge-Clustering Coefficient

The edge-clustering coefficient is defined as the number
of triangles including a given edge, divided by the possible
maximum number of these triangles. Every edge has an edge-
clustering coefficient and the possible maximum number of
triangles can be calculated by the degree of two nodes linked
by the edge [22]. For the edge between the ith node and jth
node, its edge-clustering coefficient is

C(i,j) = zi,j + 1

min
[
deg(Ni) − 1, deg

(
Nj
)− 1

] (9)

where zi,j represents the number of triangles including that
edge and min[deg(Ni) − 1, deg(Nj) − 1] is the maximum pos-
sible number of the triangles. The idea behind the coefficient
is that the sparse intercommunity links have a low possibility
to be included in a triangle and the links in the community are
on the contrary. Specifically, the intercommunity links tend to
have a smaller edge-clustering coefficient than the links in the
community.

Thus, the edge-clustering coefficient indicates the intrinsic
sparsity of the intercommunity links to a certain degree which
can be used as the weight in the method of graph detection
toward CS. The edge with the smallest edge-clustering coef-
ficient has a large possibility to be an intercommunity link
which can be served as the prior information in CS to reduce
complexity.

Thus, combining edge-clustering coefficient with the CS-
based intercommunity detection method leads to lower com-
plexity and higher accuracy.

III. PROPOSED INTERCOMMUNITY DETECTION SCHEME

In this section, we propose a novel intercommunity detec-
tion scheme for the social IoT under the framework of CS
over graphs [28], [29]. We define a novel metric by exploiting
the encounter probability and the edge-clustering coefficient
to construct the measurement matrix better. Furthermore, the
edge-clustering coefficient is utilized as the prior informa-
tion to reduce the complexity of the standard CS recovery
algorithms and enhance the recovery performance as well.

The whole algorithm consists of three steps.

A. Step 1: Edge-Clustering Coefficient Calculation

The edge-clustering coefficient can be simply calculated
based on the adjacent matrix of the graph. First, we measure
the number of triangles that each link is included in the matrix
Z whose element in the ith row and the jth column represents
the number of triangles of the edge between Ni and Nj. Then,
we use (9) to derive the edge-clustering coefficient in matrix
C. Finally, we choose the two edges with the smallest edge-
clustering coefficient as the prior information which is used in
the following steps. Also, the labels of the two chosen edges
are restored in vector η.

B. Step 2: Measurement Matrix Construction

As explained in Section II-B, the encounter probability
between two users is one of the important parameters to

Algorithm 1 Enhanced CS Over Graphs-Based
Intercommunity Detection
Input:

1) graph of the network G(V, E);
2) measurement number m;
3) number of measurement steps t;
4) the intercommunity links’ sparsity s;
5) iteration times T;
6) encounter possibility matrix U;

Output: The s-sparse estimate vector x;
Step 1: Edge-Clustering Coefficient Calculation:

1: Z(i,j) = numbers of triangles between i and j;

2: C(i,j) = zi,j + 1

min[deg(Ni) − 1, deg(Nj) − 1]
;

3: η = indexes of the minimum elements in C;
Step 2: Measurement Matrix Construction:

4: Si = deg(Ni) ×
(∑

j∈neighbori
U(i,j)

)
;

5: Pfirst,i = Si∑
i Si

6: for i = 1 : m do
7: Vt = select related from Pfirst;
8: add Vt as the first node of �temp;
9: for j = 1 : t do

10: if neighborVt
�= φ then

11: Ptrans,i,j = Sj∑
k∈neighbori

Sk
;

12: Vnext = select in neighborVt
related from Ptrans;

13: else
14: Vnext = the previous node;
15: end if
16: delete the link between Vt and Vt, update S;
17: add Vnext into �temp;
18: Vt = Vnext;
19: end for

add �temp into the ith row of Matrix A;
20: end for

Step 3: Compressive Sensing:

21: W(i,j) =
⎧⎨
⎩

1

C(i,j)
, C(i,j) < ε(C);

0, C(i,j) > ε(C);
22: transmit W into w;
23: y = Aw;
24: x = CS(A, y, T, η).

describe a social network. Different from the random walk
method, we define a novel metric to describe the weight on
a node, i.e., the degree of node Ni multiplies the encounter
probability of all the neighbors of Ni, which is written as

Si = deg(Ni) ×
⎛
⎝ ∑

j∈neighbori

U(i,j)

⎞
⎠ (10)

where Ui,j denotes the encounter probability between the
nodes i and j, considering that intercommunity links have
higher probabilities to connect nodes with large degrees and
frequent encounters.
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Then we choose the nodes one-by-one with the possibility
according to S. After a node is chosen, we delete the link
between Vnext and Vt, and update S. In this step, we operate
m times walk with length t and add the ith measurement to
the ith row of matrix A.

C. Step 3: Compressive Sensing

In the model of CS over graphs, shown in (1), we assume
that s-sparse vector x represents the weight of every link in the
graph. However, in the intercommunity detection, we assume
that the nonzero elements of x represent the intercommunity
links. As a result, there is no harm to suppose x in the easi-
est form whose ith element is positive when the ith link is
an intercommunity link, and 0 otherwise. Consequently, to
approach the measurement result y, we transform the matrix
W to the vector w whose ith element is 0 if the ith link’s
edge-clustering coefficient is greater than average, and 1/C(i,j)

otherwise, which means links with a small edge-clustering
coefficient have a higher possibility to be the intercommu-
nity links. Recognizing the measurement matrix A is generated
with a high possibility to pass the intercommunity links, we
have

ỹ = Aw ≈ y = Ax. (11)

Thus, we use A and w to reconstruct y. Finally, the CS
algorithm is applied to recover the vector x, with the obser-
vation vector y, measurement matrix A, the iteration time T ,
and the prior information η. Various conventional CS recovery
algorithms can be used to solve the problem, such as orthog-
onal matching pursuit [35], compressive sampling matching
pursuit (CoSaMP) [34], and subspace pursuit (SP) [36]. The
comparisons of the complexity and the number of minimum
measurements of these algorithms are summarized in Table I.

In our proposed scheme, since the edges with smaller
edge-clustering coefficient have a larger possibility to be inter-
community links, indexes η of the minimum elements in
the edge-clustering coefficient matrix are utilized as prior
information to reduce the complexity of the conventional CS
algorithms. The initial support set is derived according to η,
thus there are only (s − |η|) remaining nonzero entries need
to be detected. The cardinality of η can be chosen accord-
ing to the scale of the network. If the SP recovery algorithm
is utilized to detect the intercommunity links, the complex-
ity is reduced to O((s − |η|)mn). Since the CS recovery
algorithm contributes the major complexity, the proposed algo-
rithm has much lower complexity than conventional CS over
graphs-based algorithms.

The pseudo-code of our proposed detection scheme is shown
in Algorithm 1.

IV. SIMULATION RESULTS

This section investigates the performance of the proposed
scheme. We verify our proposed methods on one traditional
social network trace and two MSN traces to demonstrate the
performance of the proposed scheme. The traditional social
network is simulated as a special example in which the
encounter probability is 1 between every pair of users. Among

TABLE I
COMPLEXITY AND MINIMUM MEASUREMENT REQUIREMENT

OF SOME CS RECOVERY ALGORITHMS

Fig. 4. Karate Club network intercommunity detection recovery percentage
with s = 5.

the two MSNs, one is a raw data set collected by CRAWDAD
team [37], the other is Infocom data collected during Infocom
2005 [38]. These sets of network data are used to illustrate
the outstanding performance of the proposed method on inter-
community detection compared with the random walk-based
method (without the prior information). Besides, we choose
the CoSaMP algorithm to perform the sparse signal recovery
in the proposed method [34].

A. Traditional Social Network

To evaluate the performance gain of the prior informa-
tion, we choose a traditional social network to simulate our
algorithm on, the Zachary’s Karate Club network [39]. The
Karate social network has 34 nodes and 78 edges. The random
walk-based method is also provided here for comparison.

As is shown in Fig. 4, the proposed method achieves bet-
ter performance than that of the random walk-based method,
i.e., has the higher recovery rate with the same number of
measurements. This improvement may benefit from the prior
information based on the edge-clustering coefficient.

B. CRAWDAD Data

The CRAWDAD data is collected by T-mote invent
devices which can detect invent-to-invent encounters anywhere
throughout the town of St. Andrews and beyond. The raw data
is expressed in a 25 × 25 matrix R whose entry in the ith row
and the jth column represents the probability of the ith and
jth users encountering with each other for at least 20 s [9]. To
process the data and analyze the community structure, we set
up a threshold at 0.8 to distinguish the relationship between
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Fig. 5. Trunk of the CRAWDAD MSN.

TABLE II
INDEXES OF THE LINKS IN THE CRAWDAD MSN

users meaning that if the probability is larger than 0.8, we
account the two people have a tight social connection. So, we
get new adjacent matrix G and encounter matrix U from the
following formula:

G(i,j) =
{

1, R(i,j) > 0.8

0, R(i,j) < 0.8
(12)

U(i,j) =
{

R(i,j), R(i,j) > 0.8

0, R(i,j) < 0.8.
(13)

Actually, this operation with the threshold may wipe off the
people who have few number of connections with others and
push the intercommunity detection to concentrate on the trunk
of the MSN. After the operation, 26 links remain in the trunk
of the MSN, which is shown in Fig. 5. The indexes of the
corresponding links are also illustrated in Table II.

Then, the proposed method is applied to the matrix G with
different sparsity from s = 2 to s = 4. The detected indexes
of the intercommunity links are shown in Table III. An illus-
tration is also provided to explain the simulation results more
intuitively. In Fig. 6, we can see the 2nd, 7th, 20th, and 24th
links, which are represented by the dotted lines, dashed lines,
and two types of dotted and dashed lines, respectively, con-
necting the two communities in this network, which is a nice
result proving that our proposed method works efficiently on
the community detection. The proposed method is compared
with the random walk method with different m. The results are

Fig. 6. CRAWDAD intercommunity detection results.

TABLE III
CRAWDAD MSN INTERCOMMUNITY DETECTION

RESULTS WITH DIFFERENT s

Fig. 7. CRAWDAD intercommunity detection recovery percentage with
s = 4.

shown in Fig. 7 at the condition of s = 4 and t = 15. It can
be seen from the results that the proposed method achieves
higher accuracy even with fewer measurements.

C. Infocom Data

Another data set is the Infocom data collected by [38].
The experiments were conducted during Infocom 2005 for
around three days. In the year of 2005, the traces includes
the encounter history of 41 mobile iMotes with a wireless
range around 30 m, which were worn by students attend-
ing the conference. We simulated the proposed method on
the Infocom 2005 data after the same preprocessing as the
CRAWDAD data, shown in (12) and (13). The results are
illustrated in Fig. 8. It can be seen from the figure that the
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Fig. 8. Infocom 2005 intercommunity detection recovery percentage with
s = 10.

recovery percentage increase with the increase of m/|E|, and
the proposed method enjoys better recovery percentage in all
range of m/|E|. The proposed enhanced CS over graphs-based
intercommunity detection method still demonstrates better
precision even with fewer measurements.

V. CONCLUSION

Facing the new trend of combining IoT and MSN to pro-
vide close interaction between humans and things for smart
cities, we considered the intercommunity detection issue in
this paper. A CS over graphs-based intercommunity detec-
tion scheme is first proposed for the social IoT scenarios. The
proposed scheme utilizes the encounter probability and the
edge-clustering coefficient to define a novel additive metric
to make the CS algorithms applicable. Moreover, the edge-
clustering coefficient is exploited as the prior information to
reduce the complexity and enhance the recovery performance
of the conventional CS algorithms. Simulation results demon-
strate that the proposed scheme enjoys better performance than
the traditional random walk-based one.
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