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Space-Crossing: Community-Based Data Forwarding
in Mobile Social Networks Under the Hybrid

Communication Architecture
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Abstract—In this paper, we study two tightly coupled issues,
space-crossing community detection and its influence on data
forwarding in mobile social networks (MSNs). We propose a com-
munication framework containing the hybrid underlying network
with access point (AP) support for data forwarding and the base
stations for managing most of control traffic. The concept of phys-
ical proximity community can be extended to be one across the
geographical space, because APs can facilitate the communication
among long-distance nodes. Space-crossing communities are ob-
tained by merging some pairs of physical proximity communities.
Based on the space-crossing community, we define two cases of
node local activity and use them as the input of inner product
similarity measurement. We design a novel data forwarding algo-
rithm Social Attraction and Infrastructure Support (SAIS), which
applies similarity attraction to route to neighbor more similar to
destination, and infrastructure support phase to route the message
to other APs within common connected components. We evaluate
our SAIS algorithm on real-life datasets from MIT Reality Mining
and University of Illinois Movement (UIM). Results show that
space-crossing community plays a positive role in data forwarding
in MSNs. Based on this new type of community, SAIS achieves a
better performance than existing popular social community-based
data forwarding algorithms in practice, including Simbet, Bubble
Rap and Nguyen’s Routing algorithms.

Index Terms—Mobile social networks, infrastructure support,
space-crossing community, data forwarding.

I. INTRODUCTION

THE mobile social network (MSN) is a mobile communi-
cation system involving social relationships of the users
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[1]. The majority of mobile social applications (e.g., Facebook,
WeChat, Myspace) are currently implemented over the cen-
tralized cellular networks due to the high efficiency of service
implementation and management under such a centralized ar-
chitecture. However, if data transmitting totally relies on the
base stations in cellular networks, there will be some disadvan-
tages, such as the issues related to overload and privacy. To be
specific, first, according to Cisco’s global mobile data traffic
forecast [2], global mobile data traffic will increase nearly
11-fold between 2013 and 2018. By the end of 2014, the
number of mobile-connected devices will exceed the number
of people on earth, and by 2018 there will be nearly 1.4 mobile
devices per capita. So, we can see that receiving and forwarding
large amount of information via base stations will make the
stations overloaded and easily become the bottlenecks; second,
if much privacy information is laid on stations, it is usually
prone to be stolen by the third part, meanwhile, not every
user likes to give their privacy social information to the public
centralized base stations [1]. For example, there are some
studies [3]–[6] show that the data in the server would be stolen
by some adversary adversaries. The adversary will use the
methods of machining learning, trajectory reconstruction and so
on to obtain some sensitive information, like the patient gene,
daily trip trajectory, and the sensitive personal information in
mobile phones.

An intuitive solution to these problems is to introduce the
ad hoc framework and realize some peer-to-peer mobile social
applications. Moreover, MSNs under such an ad hoc framework
have been extensively studied [7]–[12]. An observation to all
these studies is that they limit the underlying communication
networks for mobile social applications to the case at the other
extreme, i.e., the purely decentralized ad hoc networks, allow-
ing no base station to get involved. Furthermore, they totally
neglected the low performance in terms of service stability
and global control resulted from the pure ad hoc networks,
regardless of the real-world communication architecture for
MSN. In a common real-world scenario for MSNs, the central-
ized cellular (base station based) networks and decentralized
ad hoc networks usually coexist. We propose a more practical
framework where ad hoc networks undertake the heavier task,
i.e., data transmission, while cellular networks assist doing a
much lighter task, i.e., management and coordination of some
relevant global information.

Cellular networks can be assumed to be 3G or LTE networks.
We adopt the WIFI networks for the ad hoc networks. Specially,
in the practical framework stated above, we take a full consid-
eration for the role of access points (APs) in WIFI networks
for data transmission, and model the WIFI network to a hy-
brid communication paradigm consisting of both direct ad hoc
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Fig. 1. Proposed architecture.

communications among users and AP-user communications.
We also can adopt other short-distance communication stan-
dards for the ad hoc networks, such as Bluetooth, with the
hybrid communication network consisting of direct ad hoc
communications among users using Bluetooth and AP-user
communications using WIFI. Some assumptions about APs
are given in Section II-B. In this paper, we mainly address
the routing schemes for data transmission in MSNs under
such a communication framework.1 The overall architecture is
illustrated in Fig. 1.

This communication framework has certain advantages.
First, as a popular wireless broadband access technology, WIFI
is recognized as one of the primary offloading technologies
[15]–[17]. The hybrid underlying network can be seen as an
offloading network for base stations (delivering data origi-
nally targeted for cellular networks by WIFI). Next, as a self-
organized mode, the ad hoc communication can still be used as
an extension of centralized base stations and prevent users from
exposing much privacy information to public. Finally, the base
station is only used to send some periodic beacon information
to do some simple and auxiliary global work. The global and
high efficient control capability is kept in the network.

Under the hybrid communication architecture, when study-
ing the data forwarding in mobile social networks, we need to
pay attention to two importance aspects. One is the infrastruc-
ture support; the other is the social attributes of nodes. So, we
propose a space-crossing community method to solve the high
efficiency data forwarding problem in such MSNs.

Traditionally, a community is defined as a group of tight-
knit nodes with more internal than external links [18]–[20].
The definition of community is quite subjective and depends
on the specific application. There is not a uniform definition
about community [1]. In mobile social networks (MSNs), the
links usually represent the social friendship. The friendship
can be formed according to various factors. One of the repre-
sentative friendships/links results from device physical contact
frequency. It has demonstrated by some studies [12], [21] that
the physical contact frequency and the friendship impact with
each other. In our paper, we just focus on this kind of mobile so-
cial network. It can be called the geographic proximity mobile
social network that also has been studies by some researchers
in literature [7], [8], [22]. If the underlying network in MSNs
uses the ad hoc way, according to the traditional definition of
the community, the community will represent a group of nodes

1Some studies about the data forwarding protocol, like literature [13], [14],
are also based on the underlying network with AP support. However, 1) they
do not consider the role of base stations; 2) the APs have no “brains” to
decide whether to do data forwarding, i.e., they are passive. So, our network
architecture is different from them.

with high physical contact frequency. It also can be termed as
the physical proximity community. The links among devices
are the direct physical contact/communication, for example,
the Bluetooth and/or WIFI connection of the mobile phones
or portable tablets. The community structure shows stronger
communication capability. Now, in our hybrid communication
architecture, the underlying network has AP supports. Some
long-distance nodes without direct links could also commu-
nicate frequently through APs although there are no direct
contacts (links) among them. These long-distance nodes with
strong communication capability should be partitioned into the
same group to show the friendships among them. So, the tradi-
tional definition of the community “a group of tight-knit nodes
with more internal links than external links” will not fit for
the hybrid communication architecture since there are no direct
links between some long-distance nodes. Thus, the definition of
community changes in nature. Then, we give a new definition
of community in this hybrid communication architecture, called
space-crossing community. The space-crossing community can
be described/defined as the following two steps: 1) According
to the direct contacts among some APs and mobile users, we
can first obtain some physical proximity communities by using
the traditional community detection method. 2) But, it is not
the end since some long-distance nodes without direct contacts
have not been dealt with. Then, spanning physical space, we
combine some physical proximity communities via several
APs to obtain the space-crossing communities. So, the space-
crossing community reflects the aspects of the infrastructure
support and the social community attribute simultaneously.

Based on space-crossing community structure, we define
local activity of a node (including the mobile user and the
stationary access point) with respect to its belonging com-
munity. According to the contact records between user pairs
and user-AP pairs, the local activity of a mobile user u in its
belonging space-crossing communityComSC is defined as the
ratio of u’s encounter probability with other nodes in ComSC
to the sum of encounter probability between any two nodes in
ComSC. Note that call logs among users (explicit social links)
are not considered in our local activity definition. Similarly, ac-
cording to the contact records of user-AP pairs, each stationary
AP r also has a statistical ratio value of r’s encounter prob-
ability with other nodes in ComSC to the sum of encounter
probability between any two nodes in ComSC. Specially, the
local activity of an AP r is defined as the sum of the statistical
ratio values of APs in common connected components within
its common space-crossing communities. Then, based on the
node local activity, we use the inner product similarity and
design an efficient data forwarding scheme to fully demonstrate
the role of the space-crossing community structure.

The main contributions of this paper can be summarized as
follows:

• To the best of our knowledge, the proposed architecture,
consisting of mobile phones, APs and base stations, was
not considered for any MSN scenario.

• We give the detailed descriptions of the space-crossing
community detection method in MSNs by taking thehybrid
underlying network with APs support into consideration.

• A SAIS (Similarity Attraction and Infrastructure Support)
data forwarding scheme is proposed, which is based on
the detection results of space-crossing communities.
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The rest of the paper is organized as follows. Section II pre-
sents the network model. Sections III and IV study the space-
crossing community detection and its impact on data forwarding
in MSNs respectively. We conduct extensive experiments and an-
alyze our results in Section V. We simply review the related work
in Section VI. Finally, we conclude the paper in Section VII.

II. NETWORK MODEL

A. Dynamic Graph
We model this hybrid underlying network with APs support

as a dynamic graph which can be defined as a time sequence of
network graph, denoted by G = {G0, G1, . . . , Gt, . . .}, where
Gt = (Vt, Et) represents a time dependent network snapshot
recorded at time t;Vt denotes the set of nodes, including
the set of mobile users and the set of stationary APs; Et =
{(u, v)|u, v ∈ Vt} denotes the edge set. Both node and edge
sets change over time.

B. Assumption of AP
In our mobile social network, the ratio of the number of APs

to the number of mobile users is small. The coverage area of all
APs does not occupy the entire mobile social network. Some of
the APs are interconnected via wired or wireless links. Many
studies usually utilize an unrealistic assumption, in which that
large amount of APs are all connected with a backbone network
in city area. This assumption aims at simplifying the network
analysis. In this kind of network environment, the data flooding
along the backbone results in heavy workloads on all APs. It is
not a recommendable data forwarding scheme. In fact, we can
partition some AP connected components according to the geo-
graphical area. In our paper, for simplicity, we partition some AP
connected components based on the following steps: 1) system
dispatches the sequence numbers (natural number) to each AP;
2) according to ascending sequence number (from small to large
sequence number), random numbers (2–5) of APs are grouped
into different connected components in which APs are connected
one by one (a chain). So, our underlying network withAP support
could not only guarantee a certain amount of copies in the
network, but also avoid introducing a large scale data flooding.
C. Contact Aggregation for Edges

Contact records of Bluetooth and WIFI access points are
usually contained in social datasets. To show a cumulative ef-
fect on mobile social network, a median-based sliding window
mechanism will be implemented.

Let l(u, v, t)=1 denote that there starts a contact between
node u and v at time t (0≤ t<∞). Then, we have∑tnow

t=tnow−Δ l(u, v, t) denote the overall numbers of contacts
between node u and v from time tnow −Δ to tnow; and have∑tnow

t=tnow−Δ l∗(t) denote the overall numbers of contacts for all
nodes from time tnow−Δ to tnow, 0<Δ<tnow.2 We define the
encounter ratio between nodeu and v at current time tnow

3 as

w(u, v, tnow) =

∑tnow

t=tnow−Δ l(u, v, t)
∑tnow

t=tnow−Δ l∗(t)
.

2In the paper, we take the length of sliding window Δ as a constant,
not a variable. The window length of sliding window mechanism is usually
empirically determined [7], [23]. We have Δ equal 6∗3600 s, since the social
based comparison algorithm, like literature [7] used in the experiment, is also
set this value.

3In the following sections, for brevity, denote the current time tnow by t,
without confusion.

An edge between nodes u and v will be created if
w(u, v, tnow) is larger than the median of {w(u′, v′, tnow)|u′,
v′ ∈ Vt and w(u′, v′, tnow) �= 0}.

Remark 1: To cope with the asymmetric detection of
Bluetooth devices in datasets, we have w(u, v, tnow) =
w(v, u, tnow), by assigning the larger value to the other.

D. Space-Crossing Community
In the hybrid underlying network, every mobile user and

stationary access point can be viewed as an independent parti-
cipant (node). First, due to frequent interactions (physical
proximity) between the mobile user pairs and user-AP pairs,
users and APs will form some dense groups, called physical
proximity communities. Then, with the help of connectivity
among some APs, a part of long-distance nodes that are in
different physical proximity communities containing APs could
have the capability to communicate with each other. We com-
bine those physical proximity communities through APs to
form some groups across the geographical space, called space-
crossing communities. Both the physical proximity and space-
crossing communities reflect structures with relatively strong
communication capability. We allow that space-crossing com-
munities can overlap with each other. The detailed description
of Space-Crossing Community Detection algorithm is provided
in Section III.

III. SPACE-CROSSING COMMUNITY DETECTION

In the dynamic and hybrid underlying networking environ-
ment, we detect the space-crossing communities in two basic
ways. First, according to our dynamic graph, we use AFOCS
[11] to obtain physical proximity communities at each time
slot. Second, using combination criterion CA (at time slot t1)
or combination criterion CB (in all subsequent time slots),
we get final space-crossing communities at each time slot.
Finally, we have two sequences, one is a dynamic time se-
quence of physical proximity community structure, denoted by
{PP0,PP1, . . . ,PPt, . . .}. Let ComPPt(i) represent the i−
th physical proximity community at time t in PPt. The other is
a dynamic time sequence of space-crossing community struc-
ture, denoted by {SC0,SC1, . . . ,SCt, . . .}. Let ComSCt(i)
represent the i− th space-crossing community at time t in SCt.

At initial network snapshot, based on network graph G1

(the nodes in G1 contain APs and mobile users) defined in
Section II-A, the initial locating community phase of algo-
rithm AFOCS [11] is applied to obtain initial set of physical
proximity communities PP1, as illustrated in technical report
[59, Appendix B, Algorithm 1].

We give a simple but practical combination criterion CA
to obtain the initial set of space-crossing communities SC1.
Combination criterion CA is described as following steps.

(1) System dispatches the sequence numbers (natural num-
ber) to each AP. Each AP maintains a mark (undone)
that means the belonging community did not apply yet
the CA combination operation at current time slot.

(2) Suppose that, for simplicity, according to ascending
sequence number (from small to large sequence num-
ber), random numbers of APs are grouped into different
connected components in which APs are connected one
by one (a chain).
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Fig. 2. There are three connected components of APs (r1 − r2 − r3, r4 −
r5 − r6, r7 − r8). Subfigure (a) shows the result of the space-crossing com-
munity detection at time slot t1. As network evolves, subfigure (b) shows the
dynamic changes/updates of space-crossing communities at time slot t2. The
black solid line means the wire links between APs. The black dash line circles
the physical proximity communities. The green area covers the space-crossing
communities.

(3) A certain AP r will first check 1) if the AP r′ in its left
order (i.e., the sequence number of r′ is smaller than r)
has a link with it; 2) the mark of combination criterion
CA of AP r′ is undone; 3) they are not in the same
physical proximity communities.

(4) If the above three conditions are satisfied, combine the
physical proximity communities containing r and r′ into
a new space-crossing community; and set the mark of
combination criterion CA of AP r and r′ as done.

(5) Otherwise, the same operations (3) and (4) will be done
for the AP r′ in its right order (the sequence number of
r′ is larger than r).

Assuming there are R APs in a certain connected compo-
nent of APs, the number of space-crossing communities will
be at most R

2 . Pseudo-codes of combination criterion CA in
simulation are shown in technical report [59, Appendix C,
Algorithm 6]. Our combination criterion eases the workload
on APs and avoids forming a large space-crossing community
around the backbone network of APs.

Fig. 2(a) gives an intuitive illustration of the combination cri-
terion CA at time slot t1. Suppose that, after applying the initial
locating community phase of algorithm AFOCS, we have three
physical proximity communities ComPPt(1) ∼ ComPPt(3),
which contain mobile users and APs. There are three connected
components of APs (r1 − r2 − r3, r4 − r5 − r6, r7 − r8). Ac-
cording to combination criterion CA, in the first connected
component, space-crossing communities ComSCt(1) can be
formed by r1 − r2; in the second connected component, space-
crossing communities ComSCt(2) can be formed by r4 − r5.
Since r7 and r8 are already in the same physical proximity
community, there is no need to apply combination criterion and
r7 and r8 are also in the same space-crossing community.

For subsequent time slot t (2 ≤ t < ∞), based on PPt−1,
the adaptive finding community phase of algorithm AFOCS [11]
is applied to obtain the set of physical proximity communities
PPt. In the adaptive finding community phase of algorithm
AFOCS, dynamic network changes are classified into four sim-
ple actions: adding new nodes, adding edges, removing nodes
and removing edges. For each kind of changes, Algorithms 2-5
in technical report [59, Appendix B] gives corresponding meth-
ods to adaptively find the updated physical proximity commu-
nities.

Based on above PPt (2 ≤ t < ∞), we apply combination
criterion CB to obtain the set of space-crossing communities
SCt (2 ≤ t < ∞). Combination criterion CB is described as
follows.

(1) At time slot t (2 ≤ t < ∞), each AP maintains an initial
mark (undone), meaning that the community did not
yet apply the CB combination operation at the current
time slot.

(2) When a certain AP r whose mark of combination cri-
terion CA is done finds that the size of its belonging
physical proximity communities changes.

(3) The following steps are similar to the combination cri-
terion CA (3)–(5). The difference lies in changing the
mark of combination criterion CA into the mark of
combination criterion CB.

The combination criterion CB adaptively and locally com-
bines (updates) the changed physical proximity communi-
ties into new space-crossing communities as network evolves.
Pseudo-codes of combination criterion CB in simulation are
shown in technical report [59, Appendix C, Algorithm 7].

Fig. 2(b) illustrates the combination criterion CB at time slot
t2. Based on the left picture, suppose that four kinds of network
changes (adding new nodes, adding edges, removing nodes and
removing edges) have taken place. After applying the adaptive
finding community phase of algorithm AFOCS, we have a new
physical proximity community structure containing
ComPPt(1)∼ComPPt(5). We find that the physical
proximity communities where APs r1, r2, r3, r5, r6 belong to
have changed. Therefore, using combination criterion CB, in
Fig. 2(b), due to r1 and r2, ComPPt(1) and ComPPt(2) are
locally combined to form a new space-crossing community
ComSCt(1); due to r5, ComPPt(3) and ComPPt(5) are also
locally combined to form a new space-crossing community
ComSCt(2).

We provide the detailed call order of different algorithms and
combination criteria at different time phases in space-crossing
community detection in technical report [59, Appendix D].

Remark 2: The analysis on the effectiveness and complex-
ity of algorithm CA and CB is provided in technical report
[59, Appendix E].

Remark 3: The simple combination criteria CA and CB
can ensure the operability of the detection method. The idea
of coupled combination mainly guarantees that the APs will
not bear much overhead for the combination workload. In real
application, based on AP communication load, a more complex
and alternative combination criterion can be applied, e.g., as
provided in technical report [59, Appendix H].

Remark 4: AFOCS is a viable choice (some advantages are
given in the related work) for our basic physical proximity com-
munity detection. From technical prospective, other detection
methods mentioned in technical report [59, Appendix A] also
can be used in finding physical proximity community.

IV. SAIS DATA FORWARDING SCHEME

In this section, based on the results of Space-Crossing Com-
munity Detection, we design a SAIS (Similarity Attraction and
Infrastructure Support) data forwarding scheme to validate the
positive role of the space-crossing community.

A. Two Cases of Local Activity and Inner Product
Social Similarity

Definition 1 Local Activity:
Case I For Mobile Users: Let LAVt(i, u) denote the local
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activity of a mobile user u in a space-crossing community
ComSCt(i) at time t. Then,

LAVt(i, u) =

∑
(u,v)∈ComSCt(i)

w(u, v, t)
∑

(v′,v′′)∈ComSCt(i)
w(v′, v′′, t)

, 1 ≤ i ≤ K,

where v′ and v′′ are any two nodes in ComSCt(i);w(u, v, t)
has been defined in Section II-C; K represents the number of
space-crossing communities. The numerator represents the sum
of the encounter ratio between node u and other nodes in com-
munity ComSCt(i) and the denominator represents the sum
of the encounter ratio between any two nodes in community
ComSCt(i).

Case II For Stationary APs: Let CCt(i, j) denote the j −
th connected component of APs in a certain space-crossing
community ComSCt(i). We define the local activity of every
AP rk ∈ CCt(i, j) as

LAPt(i, rk) =
∑

rm∈CCt(i,j)
LAVt(i, rm),

where for every AP rm ∈ CCt(i, j),LAVt(i, rm) is obtained
according to the method provided in Case I, treating APs as
ordinary mobile users.

Here, a calculation example of the local activity of an AP is
provided. As illustrated in Fig. 2(a), there are two connected
components of APs (r1 − r2 − r3, r5 − r6) in space-crossing
community ComSCt(1) and two connected components of
APs (r4 − r5 − r6, r7 − r8) in space-crossing community
ComSCt(2), respectively.Then, we have

LAPt(1, r1) =LAPt(1, r2) = LAPt(1, r3)

=LAVt(1, r1) + LAVt(1, r2) + LAVt(1, r3);

LAPt(1, r5) =LAPt(1, r6)

=LAVt(1, r5) + LAVt(1, r6);

LAPt(1, r4) =LAPt(1, r7) = LAPt(1, r8) = 0;

LAPt(2, r4) =LAPt(2, r5) = LAPt(2, r6)

=LAVt(2, r4) + LAVt(2, r5) + LAVt(2, r6);

LAPt(2, r7) =LAPt(2, r8)

=LAVt(2, r7) + LAVt(2, r8);

LAPt(2, r1) =LAVt(2, r1);

LAPt(2, r2) =LAPt(2, r3) = 0.

The local activity of a node (including the mobile user and
the stationary AP) can represent the importance of the node in a
certain community. A larger local activity means that the node
has more interactions with other members in the community.
In data forwarding, local activity is important because if the
message is given to a node having low local activity, it will
cause a low efficiency in terms of delivery ratio.

Definition 2 Activity Vector: For each mobile user u, we
define the activity vector at time t as

At(u)

=(LAVt(1, u),LAVt(2, u), . . . ,LAVt(i, u), . . . ,LAVt(K,u));

for each AP r, we define the activity vector at time t as

At(r)

= (LAPt(1, r),LAPt(2, r), . . . ,LAPt(i, r), . . . ,LAPt(K, r)),

where LAVt(i, u) and LAPt(i, r) denote the local activity of
mobile user u and AP r respectively in space-crossing commu-
nity ComSCt(i) at time t. K represents the number of commu-

Fig. 3. A session from node u to w. The black dotted arrow means a data
forwarding path. Similarity attraction phase occurs at transmissions from u to
v1, v1 to v2, v2 to r1, r1 to v3, r3 to v4 and r2 to w. Infrastructure support
phase occurs at transmissions from r1 to r2 and r2 to r3.

nities after applying the space-crossing community detection
method.

There are some similarity measurements, such as Euclid-
ean distance, Hamming distance, inner product measurement,
Pearson correlation coefficient and Jaccard coefficient [24],
which are often used in the research of social network, rec-
ommendation system and clustering analysis in web search
[11], [12], [25]–[28]. When being applied in different environ-
ments, each measurement has its advantage and disadvantage
[12], [26], [29].

In the paper, we want to concern on two key aspects, one is
local activity, the other is the distribution of the node belonging
communities. We require the larger node local activity and
more similar distribution of the node belonging communities
to the destination, simultaneously. However, some of above
measurements can not meet our requirement. For example, the
cosine angular distance and Pearson correlation coefficient only
focus on the distribution of the node belonging communities
with the destination; the Euclidean distance puts emphasis on
the component value (local activity) of two vectors; the Jaccard
coefficient only considers the number of common communities
with the destination. So, according to the characteristic of our
input (activity vector), inner product measurement is properly
chosen as our social similarity, defined in Definition 3.

Definition 3 [12] Inner Product Social Similarity Social
Similarity: Given two activity vectors At(u) of node u and
At(w) of node w, we define the social similarity between u and
w at time t as SSt(u,w), having SSt(u,w) = At(u) · At(w),
where the symbol · denotes the inner product of vectors.

Space-crossing community can reflect the node’s belonging
property from the view of physical communication among
nodes. Local activity can show the importance of a node in
a certain space-crossing community. Based on destination-
oriented aim, a larger inner product social similarity can not
only guarantee to find a node that has similar distribution of the
node belonging communities to the destination, but also can
gain larger local activity entries in the vector. Thus, a larger
inner product social similarity to the destination indicates that
the relay node has higher chance to approach to the destination.

B. SAIS Data Forwarding Scheme
In this section, we provide the details of SAIS (Similarity At-

traction and Infrastructure Support) algorithm. It includes two
phases: Similarity Attraction Phase and Infrastructure Support
Phase, as illustrated in Fig. 3.

1) Similarity Attraction Phase: In this phase, each node has
its activity vector. When the message holder (including the mo-
bile user and the stationary AP) meets another node, they will
calculate their inner product social similarities to the destination
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respectively. The calculation is enabled by beacon messages
sent by base stations periodically, so that the source node can
learn the activity vector of the destination. The message holder
tries to send the message to a node which has larger social
similarity than itself and let the node send the message to the
destination consecutively.

2) Infrastructure Support Phase: In this phase, a message
holder AP delivers the message to other APs in its common
connected components.

3) SAIS Algorithm: The pseudo-codes of the SAIS al-
gorithm are described in technical report [59, Appendix F,
Algorithm 8]. We do not distinguish the two phases in sequence.
This is because the message exchange in SAIS is compatible
with each phase.

• Mobile user holding the message chooses its next relay
from the APs and mobile users according to the require-
ment of Similarity Attraction Phase.

• An AP holding the message first delivers the message to
other APs according to the requirement of Infrastructure
Support Phase; and then all these AP message holders
choose their next relays from mobile users according to
the requirement of Similarity Attraction Phase.

Note that, the implementation and future application of the
space-crossing community detection and SAIS algorithm are
provided in technical report [59, Appendix G].

V. PERFORMANCE EVALUATION

In this section, we evaluate the performance of SAIS based
on two tracing datasets. One is MIT Reality Mining [30],
the other is UIM (University of Illinois Movement) [31]. The
detailed dataset selection and simulation setup are provided in
technical report [59, Appendix I].

A. Comparisons With Other Forwarding Schemes
We compare SAIS algorithm with Simbet [32], BUBBLE

RAP [7] and Nguyen’s Routing [11] (i.e., three popular social
community-based routing algorithms).
B. Comparison Fairness

For the sake of fairness, first, we select settings or parameters
which bring about the best performances for these comparison
algorithms. Additionally, since the comparison algorithms are
not based on the hybrid underlying network, we treat APs as
the ordinary mobile users to fit the operability requirement
and use the fair AP strategy (spreading the messages in AP
connected component) for the comparison algorithms. That is
to say, Simbet, BUBBLE RAP, and Nguyen’s Routing also
can be used in the environment with AP supports. They all
have the same multiple copies strategy on APs with our SAIS
forwarding scheme.

C. Experiment Results and Analysis
Figs. 4 and 5 show the delivery ratio, overhead ratio and

average latency of SAIS, Simbet, BUBBLE RAP and Nguyen’s
Routing algorithms in MIT and UIM datasets, respectively. We
can see, for the two datasets, the delivery ratio of SAIS achieves
best among those algorithms while the overhead ratio and the
average latency are lowest.

In terms of delivery ratio, Fig. 4(a) and Fig. 5(a) show that
SAIS performs best among those algorithms. In MIT Reality
Mining dataset, its delivery ratio is higher than Nguyen’s Rout-
ing with 56.21 percent, BUBBLE RAP with 70.32 percent and

Fig. 4. Simulation Results on MIT Reality Mining Dataset. Subfigure (a),
Subfigure (b) and Subfigure (c) show the delivery ratio, overhead ratio and
average latency respectively.

Fig. 5. Simulation Results on UIM Dataset. Subfigure (a), Subfigure (b) and
Subfigure (c) show the delivery ratio, overhead ratio and average latency
respectively.

Simbet with 127.6 on average. In UIM dataset, its delivery
ratio is higher than Nguyen’s Routing with 70.32 percent,
BUBBLE RAP with 79.3 percent and Simbet with 197.12 on
average. The peak value of SAIS arises later that the other three
comparison algorithms. After that, due to the increasing TTL
and the copies of messages, it is normal that the delivery ratios
of all algorithms decrease slightly. However, the degree of the
decline in SAIS is smaller than the comparison algorithms.

This advantage is mainly brought about by the space-
crossing community structure. In the current hybrid underly-
ing network, if we use the traditional community detection
method, since the remote geographical area, two nodes with
frequent communication through APs will be partitioned into
two different physical proximity communities. Then, the social
similarity between the two nodes will be smaller than the cast
that they are in the same community. So, due to small social
similarity, the data forwarding may not occur between the two
nodes even they encounter with each other. However, in reality,
due to AP facilitation, a message transmission is proper to
occur between the two nodes. That is to say, the transmission
capability between them is strong. Now, our space-crossing
detection is fit for the hybrid underlying network. On the
premise of not increasing the work load of APs, the above two
nodes will be partitioned into the same space-crossing com-
munity. The social similarity between the two nodes becomes
large. A data forwarding will be more likely to occur than
before. So, based on space-crossing community structure, using
the inner product social similarity and local AP transmission,
SAIS has better performance than three comparison algorithms
in terms of delivery ratio. Especially, we independently do some
simulations to test the role of space-crossing community in
technical report [59, Appendix J].

For Simbet and BUBBLE RAP, besides the problem of
without considering the space-crossing community, another
problem is the employment of global betweenness in entire
or partial phase of data forwarding. In Simbet and BUBBLE
RAP, the concept of community is considered. That is to say,
each node has its belonging community(ies), expect solitary
nodes. If we deliver the message to a node having high global
betweenness, although it indeed has high contact frequency
with other nodes with respect to the entire network, it may be in
a community which is irrelevant to or does not overlap with the
destination community. As a relay, this node is not proper and

Data
Squiggly

Data
Squiggly

Data
Squiggly



4726 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 14, NO. 9, SEPTEMBER 2015

increases the time of reaching the destination. For Nguyen’s
Routing, it tends to send messages to nodes having many
interests with the destination. However, it may deliver them to
the nodes which have low local activity in their communities
(or interests groups). This is the main reason of the low delivery
ratio of Nguyen’s Routing.

In Fig. 4(b) and Fig. 5(b), on average, SAIS keeps a low
overhead ratio of 25.28 in MIT Reality Mining and 24.84 in
UIM. It is better than Nguyen’s Routing which is 44.72 in
MIT Reality Mining and 42.13 in UIM. The overhead ratios
of Simbet and BUBBLE RAP are much higher than SAIS and
Nguyen’s Routing. The reason is SAIS and Nguyen’s Routing
prefer to choose the similar interests nodes as relays, which
can control the number of copies in sessions. In the enlarged
legend, the overhead ration of SAIS and Nguyen’s Routing
are descending with TTL increasing. This is because both of
them use social similarity strategy (SAIS uses the inner product
as similarity, Nguyen’s Routing uses the number of common
interests as similarity) to delivery message. As time goes by, the
social phenomena becomes increasingly clear, which makes the
algorithms more and more suitable for the social network, i.e.,
just fewer copies can handle the data forwarding. Fig. 4(c) and
Fig. 5(c) show that the delays of those algorithms all increase
with TTL increasing. SAIS performs better than the three
comparison algorithms. Due to the help of space-crossing com-
munities, some long-distance nodes can communicate through
short paths across the geographical space, which lead to the low
delay of SAIS.

The partial results of this work have been presented in the
conference paper [33]. We provide the summary of differ-
ences and the comparison experiments in technical report [59,
Appendices K and L].

VI. RELATED WORK

There exist many classical community detection algorithms
[11], [34]–[48] and interesting data forwarding algorithms [7],
[8], [10], [11], [13], [14], [32], [49]–[53] in mobile social
networks or under the hybrid communication networks. Due to
space limits, we refer them in technical report [59, Appendix A].

VII. CONCLUSION

In this paper, we study a more realistic communication
framework for MSNs, i.e., the hybrid underlying network with
access point (AP) support undertakes the work of data forward-
ing and the base stations help doing auxiliary global work. Due
to the help of APs, the AP connectivity motivates a new concept
of space-crossing community. We propose a space-crossing
community detection method and describe a high efficient data
forwarding scheme SAIS based on it.

In the future, we will put emphasis on studying/measuring
the communication overhead in real scenario under the circum-
stance of frequent community update and the large scale net-
works. At the same time, the forwarding willingness (including
the trust and incentive mechanism) will be considered in the
future work.
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