
Received February 15, 2020, accepted March 1, 2020, date of publication March 16, 2020, date of current version March 25, 2020.

Digital Object Identifier 10.1109/ACCESS.2020.2980865

Social-Aware D2D Video Delivery Method Based
on Mobility Similarity Measurement
in 5G Ultra-Dense Network
RUILING ZHANG1, SHIJIE JIA 1, (Member, IEEE), YOUZHONG MA1,
AND CHANGQIAO XU 2, (Senior Member, IEEE)
1Academy of Information Technology, Luoyang Normal University, Luoyang 471934, China
2State Key Laboratory of Networking and Switching Technology, Beijing University of Posts and Telecommunications, Beijing 100876, China

Corresponding author: Shijie Jia (shjjia@gmail.com)

This work was supported in part by the Program for Science and Technology Innovation Outstanding Talents in the Henan Province under
Grant 184200510011, in part by the Science and Technology Opening Up Cooperation Project of Henan Province under Grant
152106000048, in part by the Science and Technology Key Project of Henan Province under Grant 182102210105, in part by the National
Natural Science Foundation of China (NSFC) under Grant 61501216, in part by the Inter-Governmental Science and Technology
Cooperation Project under Grant 2016YFE0104600, and in part by the IRTSTHN under Grant 18IRTSTHN014.

ABSTRACT The huge amounts of network traffic generated by the ultra-high-definition video playback of
super-large-scale video users results in tremendous pressure for front-haul and back-haul in the 5G network,
which brings severely negative influence for the large-scale deployment and scalability of video systems and
video delivery performance (e.g. transmission delay and packet loss) related to user quality of experience.
The direct D2D communications between mobile devices with adjacent position in geographical area can
offloading huge video traffic into the underlying networks, which reduces load of cellular base station in
the edge networks and relieves traffic pressure in the core networks. In this paper, we propose a novel
Social-Aware D2D Video Delivery Method based on Rapid Sample-Efficient Measurement of Mobility
Similarity in 5G Ultra-Dense Network (DMSEM). By investigation for one-hop D2D pair relationship,
DMSEM builds a social state transition model of user movement, which makes use of encounter duration
and shared video length between encountered users to define the state transition condition. A cluster
algorithm of encounter events is proposed, which achieves initial clusters of encounter events by calculating
similarity between encounter events from the two aspects of both variation rate of geographical distance
between mobile users and encounter duration time. DMSEM makes use of the Fuzzy C-Means to refine the
initial clusters and extracts encounter patterns of mobile users. DMSEM designs a sample-efficiency rapid
recognition algorithm of encounter pattern, which can use small number of encounter distance samples to
achieve fast heuristic recognition of encounter pattern. Extensive tests show how DMSEM achieves better
results in comparison with other state-of-the-art solutions in terms of packet loss rate, average freeze time,
cache utilization, average bitrate, buffer level and control overhead.

INDEX TERMS Social-aware, video delivery, mobility similarity, 5G ultra-dense network, traffic offloading.

I. INTRODUCTION
The state-of-the-art communication technology 5G not only
relies on the expanded bandwidth to support the applications
of video services with quality-increasing visual content, but
also employs the ultra-dense deployment to provides ade-
quate air interface for the explosive growth of mobile devices
in order to deal with the decimated coverage [1]–[7]. The
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video services with rich visual content and the convenience
of ubiquitous access provided by the 5G network attract the
vast number of users (The number of video users is 759 mil-
lion in China until june, 2019). The combination between
the super-large-scale users and the high traffic consumption
brings tremendous pressure for front-haul and back-haul in
the 5G network [8]–[10]. Device-to-Device (D2D) communi-
cations enable mobile devices with adjacent position in geo-
graphical area to implement direct data transmission without
intervention of infrastructure by leveraging licensed cellular
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FIGURE 1. Mobile video streaming services in 5G network.

spectrum [11]–[14]. The direct communications between
mobile devices can offloading huge video traffic into the
underlying networks, which reduces load of cellular base
station in the edge networks and relieves traffic pressure in
the core networks, as Fig.1 shows. The geographical distance
between mobile devices without regard to signal interference
is the key factor for performance and efficiency of D2D
communications. The stable adjacent distance enables D2D
communication pairs to deliver data with low energy con-
sumption and high transmission rate during a relatively long
period time. Conversely, the variation of neighbor relation-
ship from one hop to multiple hops brings severely negative
influence for performance and efficiency of D2D commu-
nications. In fact, the movement behaviors of mobile users
have the strong uncertainty. For instance, the sudden change
of the weather leads to the immediate adjustments to the
original travel schedule. The change of movement behaviors
poses a significant challenge to the performance of D2D com-
munications which highly relies on the stability of one-hop
neighbor relationship of D2D communicating parties. The
accurate pairing of D2D communication parties with long
and stable one-hop neighbor relationship is significant for
the high-quality video services using the high-efficiencyD2D
communications.

Sociability is an essential attribute of human movement
behaviors [15]. For instance, the employees periodically go
there and back at workplace and home and meet with col-
leagues on workday; the students arrive and depart between
school and home and meet with classmate and teachers
from Monday to Friday. The sociability of human movement
behaviors laies the foundation of content sharing in the edge
networks and illustrates appropriate D2D communications
pairs [16]- [18]. In other words, the users with long-term
frequent encounter and willing content sharing can be con-
sidered as the close group such as relatives and friends. The
D2D communications between users with close relationship
can achieve data exchange with high transmission rate and

low energy consumption during a relatively long period time.
Numerous researchers focus on improving performance and
efficiency of D2D communications by making use of socia-
bility between mobile users. Fan et al. make use of social
information of interests, behaviors and social tie closeness to
measure social relationship levels between mobile users and
design a social-aware virtual MAC protocol, which promotes
cellular and D2D energy efficiency [19]. Wu et al. make use
of Jaccard coefficient to measure social similarity between
users and design a two-stage social-aware D2D relay selec-
tion scheme [20]. Wang et al. design a heuristic algorithm of
D2D-based content caching and sharing by construction of
social propagation in terms of social graphs and user behav-
iors in online social work and prediction of user mobility [21].
However, the video systems difficultly are aware of classi-
fication (e.g. relative and friend) and closeness (e.g. strong
and weak) of realistic complex relationship between users.
Even if the video systems obtain online social information
provided by online social applications, the measurement for
social relationship between users in terms of online interac-
tion information difficultly ensures stability and durability
of D2D communication pairs. Moreover, except for period-
icity, the human movement behaviors also has uncertainty
and randomness. For instance, the employees go away on
business temporarily on workday instead of going to the
office as usual. The uncertainty also bring severely negative
influence for stability and durability of D2D communication
pairs, which results in interrupt of video data delivery and
breaks smoothness of video playback. The stability and dura-
bility of D2D communication pairs and uncertainty-tolerant
level of movement behaviors are significant for the perfor-
mance of social-aware D2D-based video sharing and user
quality of experience (QoE).

In this paper, we propose a novel Social-Aware D2DVideo
Delivery Method based on Rapid Sample-Efficient Measure-
ment of Mobility Similarity in 5G Ultra-Dense Network
(DMSEM). Our contribution focuses on: 1) the discovery of
periodical encounter rule in terms of the sociability of move-
ment behaviors of mobile users and 2) the fast recognition of
encounter scenarios suitable for the video sharing using small
number of encounter sample data. The detailed contribution
is described, as follows.
• We classify the encounter events of mobile users in

order to screen out encounter event samples which are fit
for one-hop D2D video sharing. Therefore, a social-based
state transition model of user movement is proposed, which
marks the state of encounter events by comparison between
duration time and shared video length in the process of
encounter.
• We design a cluster algorithm of encounter events

by making use of encounter duration time and variation
rate of geographical distance between encounter nodes to
express encounter events and map the events into a graph
and by iteratively seeks and merges vents mapped in graph
in terms of distance between events and centrality gain of
mergence.
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•We employ the Fuzzy C-Means (FCM) to remove noises
in initial event cluster and refine accuracy levels of initial
clustering because the low accuracy of clustering encounter
events brings negative influence for the accurate recognition
of movement behaviors of mobile users.
• We further extracts encounter patterns of mobile users

from the refined event clusters and design a sample-efficiency
rapid recognition algorithm of encounter pattern, which can
use small number of encounter distance samples to achieve
fast heuristic recognition of encounter pattern.
• Extensive tests show how DMSEM achieves better

results in comparison with other state of the art solutions in
terms of packet loss rate, average freeze time, cache utiliza-
tion, average bitrate, buffer level and control overhead.

II. RELATED WORK
Recently, numerous researchers focus on leveraging social
relationship between mobile devices to promote perfor-
mance of D2D communicationwith low energy consumption.
Ying et al. proposed a social-aware relay selection method
for multi-hop D2D communications (PSRS) [22]. PSRS
measures closeness of social relationship between mobile
users in terms of interaction and contribution and estimates
transmission consumption in terms of D2D communication
distance. PSRS formulates and solves an optimal relay selec-
tion problem based on constraints of social relationship and
transmission consumption in the process of multi-hop D2D
communication path selection, which efficiently enhances
performance of multi-hop D2D communications. Fan et al.
designed a social-aware virtual MAC protocol by integrating
virtualization and social-awareness features for D2D com-
munications [19]. By gathering social information of users,
the mobile devices can efficiently search potential D2D pairs
and associates D2D objective devices. In order to promote
efficiency of cellular and D2D resource allocation, the two
optimization problems are proposed: 1) the optimization
problem of cellular resource allocation; 2) The optimization
problem of D2D resource allocation. By solving the above
two optimization problems, a joint D2D channel-power allo-
cation method is proposed, which achieves energy efficiency
of D2D and cellular resource allocation.

Wu et al. formulated a multi-objective binary integer
linear programming problem for social-aware D2D user-
equipment-to-network relay selection [20]. A joint decision
weight generation strategy by incorporating both subjective
and objective preferences is proposed, which estimates the
relative proximity degree of relay helper of user equip-
ment from the perspective of victim user equipment. The
optimal solution corresponding to the formulated problem
is obtained in terms of the relative proximity degree. The
user-centric social-aware D2D relay selection algorithm is
design, which promotes network capacity and improves
accessability of user equipment. Zhao et al. considered the
integration between social relationships based on the complex
social connections in the continuum space and the resource
allocation for D2D communications [23]. By formulating

a social group utility maximization game with the purpose
of maximization of social group utility of each D2D user,
the joint performance of social and physical domains can
be quantitatively measured. The distributed algorithm of
resource allocation based on the switch operations is pro-
posed in terms of theoretical investigation for the Nash Equi-
librium of the game. Zhang et al. proposed a social-aware
peer discovery strategy for D2D communication underlaying
cellular networks [40]. By investigation for contact rates
and centralities of users, the users are divided into multiple
communities in terms of the community detection algorithm
K-CLIQUE. D2D pair probe with constant intervals can
obtain an acceptable performance, which is better than
other probe strategies. Further, the maximization problem of
number of effective contacts with energy budget constraints
is formulated and solved, which optimizes the detection
of potential D2D pairs and reduces energy consumption.
Chen et al. proposed a social-aware cooperative device-to-
device (D2D) communicationmethod [25]. The physical con-
straints for feasible D2D cooperation is modeled in terms
of the physical graphs; The social trust among the nodes is
modeled in terms of the social graphs. A network-assisted
relay selectionmechanism is designed, which supports imple-
menting the coalitional game solution to promote efficiency
of D2D cooperation. Chen et al. proposed a social-trust-aided
D2D communication framework by making use of the social
trust to promote performance of D2D communication [26].
The clustering coefficient in graph theory is used to define
social-link probability, namely social trust among cellular
and D2D users. By utilizing stochastic geometry to quantita-
tively analyze the social trust rate for D2D communications,
the theoretical bound of potential performance gains using
social trust among mobile users with secure transmission is
obtained. An optimization problem of resource allocation for
maximizing the system social trust rate is formulated. The
implementation mechanism of resource allocation among
multiple users in terms of the matching theory is designed,
which promotes security and performance of D2D commu-
nications. However, the above methods only consider social
relationship to implement D2D communications. Because the
closeness degree of social relationship does not ensure stabil-
ity and durability of D2D communication distance between
mobile devices, the dynamic movement behaviors of mobile
devices brings severely negative influence for the perfor-
mance D2D communications of the above methods.

The dynamic mobility between D2D communication pairs
is the main reason for influencing performance of D2D-
based content delivery. Leveraging mobility measurement of
mobile devices to ensure stability of geographical distance
between them becomes an important method of promoting
content sharing performance in the edge network. Yoon et al.
built a mobility model of mobile users based on the realistic
movement traces [27]. The movement trajectories of mobile
users is defined as the set of network infrastructure (e.g. WiFi
andAPs) accessed by themobile users. By collecting the orig-
inal movement trajectories of mobile nodes in an actual map,
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FIGURE 2. Social-based state transition of user mobility.

the original movement trajectories are refined and the refined
trajectories further are converted to a graph of mobility of
mobile users. Based on the built graph, themovement patterns
of mobile users are extracted by calculating frequency of
the mobile users passing the APs and the probability of the
mobile users passing the APs in the future can be calcu-
lated. Waqas et al. investigated the adoption and implemen-
tation of D2D communication technology from the mobility
aspects of D2D communication [28]. The state-of-the-art
problems and the corresponding solutions for encouraging
the exploitation of mobility to assist D2D communications is
extensively reviewed. The advantages and existing problems
of mobility-aware D2D communication are summarized and
the open issues and future research directions concerning
D2D communication applications in real-life scenarios are
discussed.

III. DMSEM DETAILED DESIGN
A. SOCIAL-BASED USER MOVEMENT STATE
The D2D communications allow direct delivery of video data
between nodes without the intervention of cellular tower,
which reduces data forwarding load of cellular tower and
enhances performance of data transmission. The D2D partici-
pators need to enable the geographical distance between them
always be less than the radius of their communication range
and have slight fluctuation, namely there is a stable one-hop
neighbor relationship with each other during a long period
time. The change of geographical location caused bymobility
of mobile users is main reason which leads to the change of
one-hop relationship (from one-hop to multiple hops). How-
ever, the mobility of mobile users also has periodicity and
pseudo-randomness because of human sociality, so that the
stability of one-hope relationship between participant D2D
nodes can be estimated and predicted.

As Fig.2 shows, the movement behaviors between mobile
users have the three states: 1) Noncorrelation: When the

geographical distance between the two nodes is larger than
their communication radius (e.g. vehicle A and C), their
states are considered as the noncorrelation; 2) Correlation: the
geographical distance between the two nodes is less than their
communication radius and they keep the one-hop neighbor
relationship during a short period time (e.g. encounter of vehi-
cle A and B at road intersection), their states are considered as
the correlation; 3) Companion: When the two nodes keep the
one-hop neighbor relationship during a long period time, their
states are considered as the companion because the long-term
one-hop relationship provides enough delivery time of video
data (e.g. user A and B). There is transition among the three
states due to the dynamic movement behavior of users:

1) Noncorrelation → Correlation: When the two nodes
havemultihop relationship at ti, respectively and they become
one-hop neighbor at ti+1, their states make a transition from
noncorrelation to correlation. For instance, when the two
vehicles A and B drive from different area to encountered
road intersection and become one-hop neighbors, their states
change from noncorrelation to correlation.

2) Correlation → Noncorrelation: When the two nodes
keep one-hop neighbor relationship during a short period time
1t and become multihop relationship after 1t , their states
change from correlation to noncorrelation. For instance,
the two vehicles A and B drive from the short-term encounter
at road intersection to running in the opposite direction.

3) Correlation→ Companion: When the two nodes keep
one-hop relationship from a short period time to a long period
time, their states change from correlation to companion. For
instance, the two users A and B encounter in the building and
keep encounter state during a long period time;

4) Companion → Noncorrelation: When the two nodes
which have a long-term one-hop neighbor relationship
become multihop relationship, their states change from com-
panion to noncorrelation.

The ‘‘correlation’’ and ‘‘companion’’ state rely on the
common precondition: the one-hop neighbor relationship
between the two mobile nodes; The difference between ‘‘cor-
relation’’ and ‘‘companion’’ state focuses on duration time of
one-hop neighbor relationship. Because the encounter time of
the two mobile nodes is unidirectional increasing, the ‘‘com-
panion’’ state is not changed into the ‘‘correlation’’ state.
Once the two mobile nodes which keep the ‘‘correlation’’
state lose their one-hop neighbor relationship, their ‘‘corre-
lation’’ state is changed into the ‘‘noncorrelation’’ state.

The distinct transition conditions from noncorrelation/
correlation to correlation/noncorrelation and from com-
panion to noncorrelation denote the variation from one-
hop/multihop to multihop/one-hop. However, the transition
condition from correlation to companion is based on the
indistinct description for the boundary between short and
long period time of one-hop relationship. We need to further
clearly define the transition condition from correlation to
companion. The long-term one-hop relationship can avoid
severe fluctuation of video data transmission performance
caused by the variation from one-hop to multihop, so the low
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transmission delay and packet loss rate of one-hop D2D com-
munications can meet the demand of delay-sensitive video
services. If the time length of one-hop relationship between
nodes is equal or greater than the time length required by
transmission of video data, the encounter state of nodes can
be considered as the companion. For instance, a mobile node
ni has m one-hop neighbors Ni = (n1, n2, . . . , nm). ni is a
receiver and ni’s SINR (Signal to Interference plus Noise
Ratio) corresponding to any node nj in Ni can be defined as
γj,i [29]. The larger the value of γj,i is, the easier the matching
level between ni and nj is. The received and sent power and
geographical distance in γj,i are the two important impact
factors for the successful pairing between adjacent devices.
If the geographical distance between ni and nj is long, ni and
nj need to increase their received and sent power in order
to avoid fast signal fading and achieve successful matching;
Otherwise, if the geographical distance between ni and nj is
short, ni and nj can keep the low-level power to achieve suc-
cessful matching. The close and stable geographical distance
between ni and nj not only reduces power consumption, but
also decreases risk of matching failure.

After the successful matching, ni and nj transmit data with
each other. In terms of the Shannon formula [30], the link
rate between ni and nj can be defined as Rj,i = Bj,ilog2(1 +
γj,i), where Bj,i is the communication bandwidth between ni
and nj. The γj,i and bandwidth Bj,i between ni and nj are
key factors for the values of Rj,i. If the value of Bj,i is a
constant or keeps very slight fluctuation in the small range,
the value of Rj,i keeps the increase trend with increasing
value of γj,i. The stable and close geographical distance
between ni and nj reduces the sent and received power and
the signal fading level, which enables the value of γj,i to
keep the high levels. Therefore, when the value of γj,i keeps
the high levels, the high-level value of Rj,i ensures the fast
transmission of video data between ni and nj, which reduces
the transmission time. The D2D participators usually employ
the periodical search strategy of D2D communication object,
which increases the probability of matching D2D commu-
nication object. Let T denote the period time of searching
one-hop D2D communication object. If nj is the one-hop
neighbor of ni between k th search period of ni, the gain
of one-hop neighbor relationship between nj and ni can be
defined as:

Gkj,i = wkj,iS
k
j,i (1)

where Skj,i denotes the size of video data which can be trans-
mitted between nj and ni during the period time Tj,i; Skj,i =
Pkj,iR

k
j,iT

k
j,i where P

k
j,i is the frame loss rate of current channel

during k th search period; Rkj,i is the link rate between nj and
ni during k th search period; The higher the link rate Rj,i
is, the more the gain Gj,i of one-hop neighbor relationship
between nj and ni is. T kj,i ∈ (0,T ] is the time length of one-hop
neighbor relationship of nj and ni during k th search period;
wkj,i is a social factor for the gain of encounter between nj and

ni and is defined as:

wkj,i =
Fj,i
m∑
c=1

Fc,i

,wkj,i ∈ [0, 1] (2)

where Fj,i is the total number of encounter between nj and ni;
m is the total number of encountered one-hop neighbor nodes

of ni;
m∑
c=1

Fc,i denotes the total number of encounter between

ni and m one-hop neighbor nodes. wj,i can be considered as
the credibility level of stability of one-hop neighbor relation-
ship between nj and ni. If there is the frequent encounter
between nj and ni, the one-hop neighbor relationship between
them is reliable and their encounter can be considered as the
recurrent event; If there is the infrequent encounter between
nj and ni, the one-hop neighbor relationship between them is
unreliable and fragile and their encounter can be considered
as the accidental event. The frequent encounter between nj
and ni enables the value of wj,i increase and further promote
the gain Gj,i.
When nj and ni continuously encounter and the cumulative

time of encounter between nj and ni can support the long-term
video sharing with one-hop neighbor relationship, the ‘‘corre-
lation’’ state between nj and ni can be changed into the ‘‘com-
panion’’ state. If nj still has the one-hop neighbor relationship
with ni after experiencing h period of ni, the cumulative sum
of gain of one-hop neighbor relationship between nj and ni

is
h∑

c=1
Gcj,i. If

h∑
c=1

Gcj,i ≥ S̄, the state of nj and ni occurs to

change from correlation to companion where S̄ =

k∑
c=1

Sc,i

k . k
is the total number of all one-hop neighbor nodes which have
shared videos with ni. Because the video resource sharing is
not necessary after each encounter of the two mobile nodes,
the value of k (the total number of video sharing of ni) may
be equal or unequal to m (the total number of encountered
one-hop neighbor nodes of ni); Sc,i is the size of shared video
data between any one-hop neighbor nc and ni; The size of
each shared video can be computed in terms of the length and
playback rate of shared video files. S̄ is average size of shared
video files between ni and historical all one-hop neighbor

nodes.
h∑
c=1

Gcj,i ≥ S̄ means that the encounter duration time

of nj and ni (the movement behaviors of nj and ni has enough
stability) can support delivery of the whole video data.

B. CHARACTERISTIC EXTRACTION OF ENCOUNTER EVENT
The encounter among the mobile nodes can be considered
as the event. In fact, the encounter among the mobile nodes
is caused by the event in real life. For instance, the vehicles
in the process of driving accidentally encounter in a road
intersection or a road. This is because the travel planning
formulated by the drivers includes the same road intersection
or road in advance. The two users periodically encounter
in the office because of their colleague relationship. How-
ever, the video system difficultly fetches the complex social
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FIGURE 3. Distribution of geographical distance between nj and ni with
increasing timestamp.

knowledge to recognize what kind of event happens. In other
words, the video system only is aware of mobility level
and encounter time length of nodes in the encounter events.
Therefore, the duration length and mobility level can be
used to describe the encounter event. When the encounter
event occurs, the video system can recognize what kind of
encounter event happens in terms of the matching level of
event characteristics.

Based on the above mentioned state transition con-
dition from correlation to companion, the events corre-
sponding to the companion state of nj and ni form a set
Ej,i = (e1, e2, . . . , en). We only focus on the event corre-
sponding to the companion state of nj and ni because the
companion event can support the delivery of the whole video
data. Any item ei in Ej,i can be defined as ei = (li, bi). Li is
the duration length of ei and the value of Li can be defined
as the difference between the ending and beginning time
of encounter; bi denotes the variation rate of geographical
distance between nj and ni. The variation of geographical
distance between nodes brings severely negative influence,
so the variation rate of geographical distance is the impor-
tant factor for the stability of one-hop neighbor relationship
between encountered nodes. For instance, the increase in the
geographical distance between nodes results in the greater
attenuation of channel signal, which reduces the matching
success ratio of D2D participators and decreases the trans-
mission rate of video data. ni periodically searches the D2D
communication objects in ei, namely the duration length of
ei is consisted of several search period. ni can obtain the
geographical distance between ni and nj after experiencing
each search period by exchange of geographical location
information. The values of geographical distance between
nj and ni after experiencing each search period form a set
DSj,i(t) = (d1(t1), d2(t2), . . . , dk (tk )) where t is the times-
tamp of search period of ni. All items in DSj,i keep discrete
distribution in a two-dimensional surface with linear increase
of timestamp. As Fig.3 shows, the abscissa and ordinate in the
two-dimensional surface denote timestamp and geographical
distance, respectively. The variation of geographical distance
can reflect the stability of one-hop relationship between nj
and ni. We employ the slope bj,i of linear regression fitting
line for all items in DSj,i to denote the variation rate of

geographical distance between nj and ni with increasing time
by making use of the least square method [31]–[33].

bj,i =

k∑
c=1

tcdc − kt̄d̄

k∑
c=1

t2c − kt̄2
(3)

where t̄ and d̄ denote the mean values of time length and
geographical distance in DSj,i, respectively. bj,i > 0 denotes
that the geographical distance keeps increasing trend; Other-
wise, bj,i < 0 denotes that the geographical distance keeps
decreasing trend. If the value of |bj,i| (bj,i’s absolute value)
keeps relatively high level, the variation level of geographical
distance between nj and ni is high. Similarly, the values of b
in other events can be defined according to bj,i.
ni encounters with many nodes in the process of move-

ment, which generates a large amount of encounter events
corresponding to ni and ni’s encountered nodes, namely the
events form a set Ei. In fact, there are the frequent encounter
events with the same characteristics in Ei. For instance,
the encounter between colleagues on weekdays can be con-
sidered as the periodical frequent events. The events which
have similar duration length and variation rate of mobility
can be considered as the same kind of events. Therefore,
by clustering all items in Ei in terms of similarity of duration
length and variation rate of mobility, Ei can be expressed by
a small number of representative events. Because any item
in Ei is denoted by duration length l and mobility variation
rate b, all items inEi can bemapped in a two-dimensional sur-
face where the abscissa and ordinate in the two-dimensional
surface denote duration length and mobility variation rate,
respectively. Each item ex in Ei can obtain the Euclidean dis-
tance from ex to other items in Ei according to the following
equation [34].

dx,y =
√
(lx − ly)2 − (bx − by)2 (4)

where lx and ly are the duration length of encounter between
ex and ey, respectively; bx and by are the variation rate of
geographical distance between ex and ey, respectively. The
Euclidean distance between ex and other items in Ei form a
set DSx = (d1,x , d2,x , . . . , dn,x).

C. CONSTRUCTION OF INITIAL ENCOUNTER EVENT
CLUSTER
Each item in Ei calculates the Euclidean distance with other
items in Ei. In terms of the Euclidean distance between items
in Ei, the centrality of any item ex can be defined as [35]:

Cx =

|Ei−ex |∑
c=1

dc,x

|Ei − ex |
(5)

where dc,x denotes the Euclidean distance between ex and
any item ec in Ei; |Ei − ex | returns the number of items

in the difference set between Ei and ex .
|Ei−ex |∑
c=1

dc,x is the
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cumulative sum of Euclidean distance between ex and other
n − 1 items in Ei. Cx is the centrality of ex corresponding to
n−1 items in Ei. Similarly, other n−1 items in Ei can obtain
their set of Euclidean distance and the centrality values. Each
item in Ei is discretely distributed in the two-dimensional
surface and initially is considered as a cluster. For instance,
the cluster consisted by ex can be expressed as Sx = (ex).
In fact, clustering discrete data into multiple sets can be
considered as the process of discovery of data which has close
Euclidean distance. In other words, the clusters in DSx focus
on the mergence with data which has the shortest Euclidean
distance. The mergence process can be described in terms of
the following steps.

Step 1: Initially, each cluster in Ei only contains an event
and needs to search the event which has the shortest Euclidean
distance. For instance, Sx only contains ex and ex can obtain
a subset DS(1)x (DS(1)x ∈ DSx) where all items in DS(1)x have
the shortest Euclidean distance with ex . If ex merges any item
ey in DS

(1)
x , the centrality gain of ex can be defined as:

MGx = C (1)
x − Cx ,C

(1)
x =

|Ei−ex−ey|∑
c=1

dc,x

|Ei − ex − ey|
(6)

where |Ei − ex − ey| returns the number of items in the
difference set among Ei, ex and ey. C

(1)
x is the centrality of

ex after ex removes the connection with ey. MGx denotes the
increment of centrality of ex before and after ex removes the
connection with ey. MGy = C (1)

y − Cy is the centrality gain
of ey after the mergence. C (1)

y is the centrality of ey after ey
removes the connection with ex . Let S

(1)
x denote a cluster built

by ex and ey and themergence gain of ex and ey can be defined
as:

MGx,y =
|S(1)x |∑
c=1

MGc (7)

where |S(1)x | returns the number of items in S(1)x after the
mergence, namely S(1)x = (ex , ey). MGx,y denotes the total
number of centrality increment of all items in S(1)x after the
mergence. In terms of the above process, ex calculates the
gain values by merging each item in DS(1)x .

Similarly, other n− 1 items in Ei also calculate their mer-
gence gains with the events which have the shortest Euclidean
distance with them. The gain values of all items in Ei form a
set GSi = (MG1,2,MG1,3, . . . ,MGm,n). Each item in GSi is
corresponding to a new merged cluster among all items in Ei.
However, themerged results shouldmeet the requirement: the
intersection between clusters is empty. Therefore, the redun-
dancy items in GSi can be removed from GSi. The process of
cluster mergence is described, as follows.

(1) LetMGmax denote the largest value among all items in
GSi. The merged cluster corresponding to the largest value
MGmax is defined as: Smax .
(2) If the merged clusters corresponding to all items in GSi

includes any event in Smax , the gain values corresponding to

these clusters are removed from GSi. The remaining items in
GSi form a new set GS(1)i .

(3) Let GSi = GS(1)i and return (1).
The convergence condition of the above iterative mergence

is that GSi becomes an empty set. After the mergence itera-
tion, the merged clusters form a new set CSi.

Step 2: Each cluster in CSi attempts to search and merge
new events included in other clusters. The events included in
each cluster in CSi select the events which have the shortest
Euclidean distance with them as the object to be merged.
For instance, a cluster S(1)x = (ex , ey) in CSi includes the
two events ex and ey. The event sets which have the shortest
Euclidean distance with ex and ey are defined as DS(2)x and
DS(2)y , respectively where ey /∈ DS

(2)
x and ex /∈ DS

(2)
y . If an

Euclidean distance between ex and any item in DS(2)x is less
than that between ey and any item in DS(2)y , all items in DS(2)x
can be considered as the object to be merged; Otherwise, If an
Euclidean distance between ex and any item inDS(2)x is larger
than that between ey and any item in DS(2)y , all items in DS(2)y
can be considered as the object to be merged; If the Euclidean
distance between ex and any item in DS(2)x is equal to that
between ey and any item in DS(2)y , all items in DS(2)x ∪ DS

(2)
y

can be considered as the object to bemerged. Let eh be an item
in the merged objects and C (1)

x is the centrality of ex staying
in S(1)x .

C (1)
x =

|Ei−S
(1)
x |∑

c=1
dc,x

|Ei − S
(1)
x |

(8)

where |Ei−S
(1)
x | returns the number of items in the difference

set between Ei and S
(1)
x . Let C (2)

x be the centrality of ex after
eh is merged into S(1)x .

C (2)
x =

|Ei−S
(1)
x −eh|∑
c=1

dc,x

|Ei − S
(1)
x − eh|

(9)

If eh is merged into S(1)x , the centrality gain of ex can be
defined as MGx = C (2)

x − C (1)
x . Similarly, if eh is merged

into S(1)x , ey also has the centrality gain MGy. Let C
(1)
h be the

centrality of eh staying in the current S
(1)
h , eh ∈ S

(1)
h . Let C (2)

h
denote the centrality of eh after eh join into S(1)x and C (2)

h can
be defined as:

C (2)
h =

|Ei−S
(1)
x −eh|∑
c=1

dc,h

|Ei − S
(1)
x − eh|

(10)

MGh = C (2)
h −C

(1)
h is the centrality gain of eh after eh join

into S(1)x . If eh joins into S
(1)
x , ex , ey and eh form a new cluster

S(2)x . MGx,y,h =
|S(2)x |∑
c=1

MGc is the mergence gain of all items

in S(2)x .
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Algorithm 1 Construction of Initial Event Cluster

1: /*CS(m)i is cluster set of ni at mth round; */
2: m = 1; n = 2;
3: each event in Ei is a cluster and is added into CSi;
4: calculates centrality of events in CS(m)i by eq.(7);
5: while(CS(m)i ! = CS(n)i )
6: CS(m)i = CS(n)i ; CS(n)i = Null;
7: for(h = 0; h < |CSi|; h++)
8: for(j = 0; j < |CSi|; j++)
9: if (h! = j)
10: calculates distance d between CSi[h] and CSi[j];
11: dh is added into list DSh;
12: end if
13: end for
14: Extracts minimum distance set DS(1)h from DSh;
15: combinational set of CSi[h] and items DS(1)h isMSh;
16: for(j = 0; j < |MSh|; j++)
17: calculates gain of MSh[j] by eq.(9);
18: MGh,j is added into list GSh;
19: end for
20: while(|MSh|! = 0)
21: selects item MGmax with largest value from MSh;
22: Smax is combination corresponding to MGmax ;
23: Smax is added into set CS

(n)
i ;

24: for(j = 0; j < |Smax |; j++)
25: MSh removes item which includes event Smax[j];
26: end for
27: end while
28: end for
29: m++; n++;
30: end while

In terms of the above method, the mergence gains of S(1)x
merging other objects can be obtained. Similarly, the mer-
gence gains generated by all clusters in CSi merging their
merged objects also are calculated. All mergence gains can
form a new set GSi = (MG1,2,MG1,3, . . . ,MGm,n). Each
item in GSi is corresponding to a new merged cluster among
all items in Ei. In order to ensure the intersection between
the merged clusters be empty, the redundancy items in
GSi can be removed from GSi in terms of the process of
Step 1.

Step 3: In terms of the process of cluster mergence in
Step 1 and 2, the events in clusters of CS(2)i continue to
search the merged objects which have the shortest Euclidean
distance with them. The continuous cluster mergence results
in increase in the number of events in clusters, so that the
similar events are merged into the same cluster. The conver-
gence condition of cluster mergence can be defined as: all
clusters in CS(n)i (the generated cluster set after the nth round
mergence) cannot merge any event in other clusters, namely
CS(n)i = CS(n+1)i . At the moment, CS(n)i includes the initial
event clusters. Algorithm 1 describes the construction process
of initial event cluster.

D. CONSTRUCTION OF ENCOUNTER EVENT PATTERN
The centrality of any event is considered as the relative
location represented by other n− 1 events. The construction
of initial event clusters in CS(n)i relies on high centrality
gains generated by the events with high centrality to adsorb
the events which has low centrality. The events with high
centrality may assimilate the events which have more far dis-
tance with them into current clusters, namely the initial event
clusters in CS(n)i may include some noise events. The noise
events bring severely negative influence for the representation
accuracy of encounter patterns. Therefore, wemake use of the
Fuzzy C-Means (FCM) to remove noises and refine accuracy
levels of clustering events [36].

Because all items in CS(n)i are acentric clusters, the cen-
tric nodes should be selected from each item in CS(n)i .
For instance, any cluster Sx ∈ CS(n)i includes the events
ex , ey, . . . , eh. The average value of distance between any
event ex and other events in Sx can be defined as:

d̄x =

∑
c 6=x,c∈Sx

dc,x

|Sx | − 1
(11)

where |Sx | returns the number of items in Sx . Similarly,
the average distance values of other items in Sx can be cal-
culated. If an item in Sx has the least value among average
distance values of all items in Sx , the item is considered
as centric node of Sx ; If there are multiple items with the
least value in Sx , the item which has the least centrality is
considered as centric node of Sx . In terms of the above process
of selection of centric node in Sx , the centric nodes of other
clusters in CS(n)i also can be selected. The membership of any
item ey corresponding to Sx in CS

(n)
i can be defined as [36]:

My,x =

|CS(n)i |∑
c=1

(
dy,x
dc,x

)
2

m−1
,My,x > 0 (12)

where |CS(n)i | returns the number of items in CS(n)i , namely
|CS(n)i | denotes the number of centric nodes of all items in
CS(n)i . m is degree of fuzziness. dy,x denotes the distance

between ey and centric node ex of Sx ;
|CS(n)i |∑
c=1

dc,x denotes the

total sum of distance between ey and centric nodes of other
items in CS(n)i . The objective function of FCM can be defined
as [37]:

J =
|Ei|∑
i=1

|CS(n)i |∑
j=1

Mi,jdi,j,
|CS(n)i |∑
j=1

Mi,j = 1 (13)

Let Sr be set of disperse events. J vk is defined as value
of objective function where k is the number of refinement
round; v is the number of re-calculation in the current round.
The process of refinement of clusters in CS(n)i is described,
as follows.

Step 1: The cluster S which is not refined in the current
refinement round is extracted from CS(n)i . The item which
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has the maximum distance with centric node of S is removed
from S.
Step 2: Because there is the change of construction of S,

the centric node of S needs to be reselected and the value
J of objective function needs to be re-calculated (The new
value of objective function is marked as J v+1k ). If J v+1k < J vk ,
the removed item from S is considered as a noise event and
is added into Sr . S is marked as the refined cluster. If J v+1k ≥

J vk , the removed item from S cannot be considered as a noise
event and is re-added into S. The original centric node of S
still acts as centric node of S. S is marked as the unrefined
cluster.

Step 3: If there is the unmarked clusters inCS(n)i , the refine-
ment process returns Step 1; Otherwise, implementing Step
4.

Step 4: If all clusters in CS(n)i are marked and the number
of refined clusters is equal or greater than 1, the number of
refinement round is marked as k+1. The marks of all clusters
in CS(n)i are removed and the refinement process returns to
Step 1; Otherwise, implementing Step 5.

Step 5: If all clusters in CS(n)i are marked as the unrefined
clusters, the current refinement iteration is terminated and all
clusters in CS(n)i are considered as refined clusters.

The each cluster in CS(n)i is considered as one type of
encounter events; The centric node of each cluster in CS(n)i is
considered as pattern of the type of encounter events. In other
words, the encounter event patterns between ni and other
nodes can be defined as a set EPSi which includes the centric
nodes of all clusters in CS(n)i . Similarly, the encounter event
patterns of all nodes in networks can be obtained according
to the above method.

E. D2D COMMUNICATIONS BASED ON FAST ENCOUNTER
PATTERN RECOGNITION
The time length of encounter and the variation rate of
geographical distance are the two characteristic items of
encounter events and are used to calculate similarity levels
between encounter events. The representation accuracy of
encounter event relies on number of gathered characteristic
data samples, namely the more the number of samples is,
the higher the accuracy of event representation is. The high
accuracy of event representation reduces the deviation level of
membership degree between encounter events and patterns.
However, the number of characteristic data samples is related
with the gathered time length. The long gather time leads
to the less available time of video data delivery between
nodes, which reduces the video sharing efficiency. We design
an encounter event recognition strategy, which makes use
of small amount of characteristic data samples to accurately
calculate membership degree between encounter patterns and
events.

In order to ensure efficient sharing of video data, the video
request node ni needs to select an encounter node which
stores the requested video and has stable movement state
relative to ni. The stable movement behaviors between ni and

encounter node not only support long-term data transmission
with one-hop relationship, but also ensure stability of data
transmission rate between them. Let NSa denote encounter
node set of ni at ta. We filter noise encounter patterns and
noise nodes in NSa in terms of encounter time length and data
transmission rate between ni and encounter nodes. By esti-
mation of link rate between ni and all items in NSa according
to the Eq. (2), ni calculates time length of delivering video
vx between ni and items in NSa. If the duration time of an
encounter pattern between ni and an item in NSa is less than
the delivery time between them, the pattern is considered as a
noise pattern. If all patterns between a node and ni are noise,
the node can be removed from NSa.

After removing noise patterns and nodes, ni select a
video provider from NSa in terms of membership degree of
encounter patterns between ni and items in NSa. For instance,
nj is an item in NSa. The encounter event of ni and nj is
marked as eai,j. The encounter patterns between ni and nj
are corresponding to all items in the intersection set �i,j of
CS(n)i andCS(n)j . eai,j includes a sample di,j(ta) of geographical
distance between ni and nj at the time ta of initial encounter
of ni and nj. di,j(ta) is added into the data sets of geographical
distance of an item ek in�i,j. ek recalculates the variation rate
bk of geographical distance. The centric node in the encounter
event cluster corresponding to ek is reselected. If ek is not
selected as the centric node, eai,j and ek are marked as the
dissimilar events, which means that di,j(ta) is a noise sample
for ek ; Otherwise, if ek is still selected as the centric node,
eai,j and ek are marked as the similar events, which means
that di,j(ta) is a valid sample for ek . If eai,j is similar with

ek , σk = d̄ (o)k − d̄
(c)
k denotes the difference between original

and current average distance of ek and other events in current
cluster, namely deviation caused by di,j(ta). According to the
above process, the distance deviation of events in �i,j which
are similar with eai,j are calculated. If σk is the least deviation
value among all distance deviation, ek is considered as the
pattern corresponding to eai,j. The window length of encounter
time of ni and nj is defined as:

ωi,j =
lk
2αi,j

(14)

where lk is the encounter time length of pattern ek corre-
sponding to eai,j; αi,j is the number of variation of pattern
corresponding to eai,j; The initial value of αi,j is 0. Therefore,
the initial window length of encounter time of ni and nj is
ωi,j = lk where αi,j = 0 and lk is the encounter time
length of ek . If the pattern corresponding to eai,j frequently
changes, the window length of encounter time of ni and nj
fast decreases due to increasing value of αi,j, which reduces
time of video data sharing between ni and nj.
Similarly, the distance deviation values of subjected pat-

terns between ni and other items in NSa can be calculated.
If an encounter pattern ek of ni and a node nj in NSa has the
least distance deviation among all distance deviation values,
ek becomes the pattern corresponding to eai,j. The initial win-
dow length of encounter time of ni and nj is ωi,j = lk , lk > Lx
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where αi,j = 0. At the moment, ni constructs a connection
with nj and sends a video request message to nj. After nj
receives the video request message from ni, nj delivers the
data of video vx to ni. After experiencing the second search
period t2, ni and all items inNS(1)a generate the new geograph-
ical distance samples. ni makes use of these geographical
distance samples to recalculate the new distance deviation
values. If ek still has the least distance deviation, ek becomes
the pattern corresponding to eai,j and nj continues to deliver
the data of video vx to ni; If an encounter pattern ex of ni
and an item nh in NSa becomes the pattern corresponding to
eai,j, the window length of encounter time of ni and nh is the
encounter time length ωi,j = lx of ex . ni sends a video request
message containing location information of current playback
point to nh. After nh receives the request message from ni, nh
continues to deliver video data to ni according to the playback
point location.

Although ni disconnects with nj, the window length of
encounter time of ni and nj still is redefined as ωi,j =

lk
2

where αi,j = 1. If lk2 < Lx , nj is removed from NSa and other
items in NSa form a new set NS(1)a ; Otherwise, if lk

2 ≥ Lx ,
nj still is included in NSa. In terms of the above process,
after experiencing a new search period, ni recalculates the
distance deviation values based on the new geographical dis-
tance samples and fetches the remaining data from the video
provider corresponding to the selected encounter pattern. The
convergence condition of the above process is ni has received
all data of the requested video or does not search appropri-
ate video providers which do not provide enough encounter
time.

The frequent replacement of video provider breaks play-
back continuity and increases the startup delay. In order to
reduce the frequency of replacement of provider caused by
the erroneous pattern matching, we add a weight µ for the
distance deviation between ni and other nodes in NSa. For
instance, if ek has the least distance deviation values σk
among all encounter patterns of ni and nj, the weight µi,j
corresponding to σk is defined as:

µi,j =


ft

ft − fr
, ft > fr

0, ft ≤ fr
(15)

where ft is the total number of encounter of ni and nj;
fr denotes the number that ek being replaced after ek
becomes the pattern corresponding to eai,j. The more the
number of replacement is, the larger the distance deviation
value is. In terms of the historical statistical information
of pattern replacement, the video requesters can find video
providers with stable movement behaviors and reduce the
selection probability of video providers with instable move-
ment behaviors. Algorithm 2 describes the search process
of video provider of ni. The complexity of Algorithm 2 is
O(n2) and DMSEM has the same complexity of the algo-
rithm 2 for the search process with the state-of-the-art
solutions [25], [38].

Algorithm 2 Search Process of Video Provider
1: /*Li is length of video data received by ni; */
2: ni searches one-hop D2D communication objects;
3: communication objects of ni form a set NSa;
4: for(i = 0; i < |NSa|; i++)
5: NSa[i].� is intersection set of patterns betweenNSa[i]

and ni;
6: estimates link rate between NSa[i] and ni by eq.(2);
7: calculates video delivery time between NSa[i]

and ni;
8: for(j = 0; j < |NSa[i].�|; j++)
9: if duration l of NSa[i].�[j] is less than delivery time
10: NSa[i].�[j] is removed from NSa[i].�;
11: end if
12: end for
13: if � == Null
14: NSa[i] is removed from NSa
15: end if
16: end for
17: while(Li < Lx)
18: for(i = 0; i < |NSa|; i++)
19: get geographical distance sample set d of NSa[i]

and ni;
20: for(j = 0; j < |NSa[i].�|; j++)
21: d is added geographical distance set DS of�[j];
22: calculates variation rate b of �[j];
23: if �[j] is centric node of original event cluster
24: calculates deviation σ caused by d ;
25: σ is added into list DL[i];
26: end if
27: end for
28: σ

j
min is minimum deviation in DL[i];

29: σ
j
min is added into list ML;

30: end for
31: calculates weighted deviation for items in ML by

eq.(17);
32: σmin is minimum weighted deviation in ML;
33: if video provider of ni is null
34: node corresponding to σmin is provider of ni;
35: sets window length of encounter time by eq.(16);
36: else if current provider is not node corresponding

to σmin
37: replaces current provider;
38: resets window length of current and original

provider;
39: end if
40: end if
41: ni receives video data from provider;
42: end while

F. PARAMETER SETTINGS
In this section, a series of simulation tests has been con-
ducted to compare the performance of our proposed DMSEM
with two state-of-the-art solutions: SV-MAC [19] and
UE-NW [20]. In UE-NW, a two stage-based D2D selection
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method is proposed: 1) The first stage exploits an intuition-
istic fuzzy scheme to estimate the social and preference
similarity; 2) The second stage selects the D2D partners by
solving an integer linear programming problem. In SV-MAC,
a social-aware D2D connection discovery is presented, which
controls the D2D links via a social graph resided in each user
equipment’s repository.

The simulation time is set to 500 s. The simulation scenario
is a 2000 × 2000 m2 square with 200 mobile nodes moving
according to the random way point model [39]. The enough
large scenario can support the simulation of relatively real
movement behaviors of mobile nodes and collect the com-
plete and various movement traces of mobile nodes. In this
mobilitymodel, each node first chooses the destinationwithin
the area following the uniform distribution. Then, it randomly
selects a velocity and begins to move. After reaching the
destination, the node repeats the above process and continue
moving. The velocity ranges from [10, 40] m/s, unless other-
wise specified. 25 base stations uniformly are distributed in
the scenarios and act as the AP to support the mobile nodes
accessing to the video content. The 5G D2D setting follows
the settings of the 5G D2D simulation in the popular current
studies [40].

To approximate the real scenarios, there are 40 different
videos shared among the mobile nodes. These videos are
segmented and each segments is 2 s long with the size ranging
from 100 KB - 500 KB, The time length of each video ranges
from 120 s to 240 s. Mobile nodes request the videos by the
Zipf distribution, whichmeans for the 40 videos, the probabil-
ity of requesting the n-th popular video can be given by [41]

P(n) =

∑40
k=1

1
kρ

rρ
(16)

where ρ is the Zipf constant and is set to 0.8. Each user
generates video request message following the Poission dis-
tribution with 0.1. For each mobile node, the LRU caching
replacement scheme is applied.

For the D2D communication, we utilize the 802.11p as the
MAC proctocl and set the upper bound of data rate to 27
Mbps. The maximum communication range is 250 m and the
MAC channel delay is 250 ms. The propagation loss model
is the Friis Propagation Loss Model (FPLM) in NS3 [42].
The FPLM is designed for unstructured clear path between
receiver and transmitter, which eliminates the performance
degraded by random shadowing effects. Therefore, the sim-
ulation tests derived by using FPLM can be more for con-
vincible since the results erase the random effects caused by
shadowing.

G. PERFORMANCE EVALUATION
The performance of DMSEM is compared with that of
SV-MAC and UE-NW in terms of packet loss rate (PLR),
average freeze time, average bitrate, buffer level and control
overhead, respectively.

(1) Average packet loss rate (APLR): We define APLR
as the ratio between the number of received packets and the

FIGURE 4. Average packet loss rate against simulation time.

number of sent packets. Fig. 4 shows how the APLR values
of three solutions vary with increasing simulation time. The
three curves corresponding to the the three solutions expe-
rience a decreasing trend before the 300 s and then remain
stable. The reason for the decrement is that the accuracy of
choosing D2D clusters increases over the time, as more and
more users’ moving pattern or social relationships are cap-
tured by the D2D discovery schemes. After 100 s, the three
curves corresponding to the three solutions have a stable
phase since the arrival and departure of viewers is balanced.
DMSEM outperforms the other two solutions, i.e., DMSEM
is about 15% (17%, respectively) lower than the SV-MAC
(UE-NW, respectively) when in stable phase.

Fig. 5 shows the APLR of three solutions under different
velocity ranges. All bars corresponding to the three solutions
rises with increasing velocity. This is mainly because fast
speed may shorten the encounter time of mobile nodes and
also raise the risk of long distance transmission. Access-
ing the video from remote providers increases the packet
loss probability due to the complex channel condition. Also,
the short encounter time also results in the frequent inter-
ruption of content delivery. Comparing with SV-MAC and
UE-NW, DMSEM achieves a much lower APLR. Especially,
the APLR ofDMSEM is below the 15%during the simulation
and other twos are around 17%.

The two social-based solutions have similar performance,
since they mainly rely on the similarity of social relation-
ship to discover the D2D connection. The superiority of
DMSEM is because it provides more accurate D2D provider
selection. Unlike the two social-based solutions search the
D2D pairs by the social relationships, DMSEM extracts
the encounter patterns by clustering the encounter events.
Especially, a rapid pattern recognition algorithm is proposed
which achieves the fast convergence while ensures the accu-
racy. Thus, comparing with other two solutions, DMSEM has
the better performance on selecting the video providers with
low distance and stable link states, which achieves a lower

VOLUME 8, 2020 52423



R. Zhang et al.: Social-Aware D2D Video Delivery Method Based on Mobility Similarity Measurement in 5G Ultra-Dense Network

FIGURE 5. Average packet loss rate against velocity.

bitrate loss. Besides, DMSEM also achieves a lower PLR
because the encounter patterns are considered. Accurate the
awareness and recognition of encounter patterns ensure the
most of devices canmaintain a stable delivery link. Therefore,
the single consideration for the social relationship difficultly
ensures the long-term stability between mobile devices since
the movement behaviors are random in most cases.

(2) Average freeze time (AFT): The average freeze time is
defined as [43]:

AFT =

∑V
v=1 fv
V

(17)

where V denotes the overall playback times of video dur-
ing the simulation time; fv is the freeze time of vth play-
ing video. Fig 6 plots the variation of three solutions’ AFT
with increasing simulation time. The three curves reveal an
increasing trend given the fact that the network is becoming
crowded with more and more users requesting the video. The
increasing occurrence of concurrent video delivery rises the
average video access latency and thereby enlarging the AFT.
DMSEM achieves the lowest AFT after 220 s, which ranges
from 1.6 s to 1.8 s. The UE-NW has the better performance
than that of SV-MAC, i.e., UE-NW and SV-MAC AFT are
2.9 and 4.3 at 500 s, respectively. Fig 7 shows the AFT
under different speed range. We observe that the values of
all solutions’ AFT keep rise trend with increasing velocity.
This is mainly because that the a higher speed may result in a
higher probability of delivery interruption. Similarly as Fig. 6,
DMSEMoutperforms the other two solutions in terms of AFT
and advantages expands in higher moving speed.

The reasons for DMSEM having the lowest AFT can be
explained: DMSEM accurately clusters the encounter events
between mobile users to accurately extract the encounter
patterns and fast recognize the encounter patterns of mobile
users. Hence, DMSEM provides more stable D2D link and
also shortens the delivery latency. SV-MAC and UE-NW

FIGURE 6. Average freeze time against simulation time.

FIGURE 7. Average freeze time against velocity.

only consider the social relationship, so that they suffers
unstable D2D communications due to short encounter time
between two D2D partners. UE-NW solution is better than
that of SV-MAC since it considers not only the social rela-
tionship, but also the viewers preferences. The mobile users
with similar preferences may have identical demand on video
content, which increases the probability of discovering the
D2D links.

(3) Average bitrate (AB). As Fig.8 the results of AB con-
firm that DMSEM achieves the best performance on content
delivery. The reasons are two-folded: (1) DMSEM stabilizes
the D2D communications via capturing the encounter pat-
terns of mobile nodes and selects the D2D partners with
high similar encounter patterns, which stabilizes the D2D
links during the whole transmission process. The stable link
ensures the smooth delivery which reduces the packet loss
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FIGURE 8. Average bitrate against simulation time.

FIGURE 9. Buffer level against simulation time.

and occurrence of interrupt; (2) DMSEMalso selects the pair-
ing nodes with shorter distance to access the content, which
can also improve the channel conditions, thereby increasing
the data rate given the better channel state.

The results of AB confirm that DMSEM achieves the best
performances on content delivery. The reasons are explained
by the following two-folded: (1) the stable link ensures the
smooth delivery which reduces the packet loss and occur-
rence of interrupt; (2) Accessing content with nearby nodes
also improves the data rate given the better channel state.

(4) Buffer Level (BL): Fig. 9 shows the average buffer
level of users of three solutions during the whole simulation
time. By comparing with UE-NW and SV-MAC, DMSEM
has the highest buffer level, i.e., 4.5 s, 2.8 s and 2.5 s for
DMSEM, UE-NW and SV-MAC at 200 s, respectively. The
results confirm that DMSEM has the lowest BL values since
for the most of mobile users and the video contents in buffer
are enough for the smooth playback.

FIGURE 10. Average cache hit ratio against simulation time.

FIGURE 11. Control overhead against simulation time.

(5) Average Cache hit ratio (ACHR): This parameter is
calculated by the ratio between total number of sent request
messages and number of satisfied requests. Fig. 10 shows
that DMSEM achieves the highest ACHR. Namely, the more
users can access the video content within one-hop range
when using DMSEM. By comparing with the social-based
solutions UE-NW and SV-MAC, the accurate and fast recog-
nition for the encounter patterns can provide more accurate
D2D connection discovery. UE-NW performance is better
than that of SV-MAC. This is because UE-NW considers not
only users mobility but also the preference selection. The
requested content is more likely cached by the nodes with
similar preference. Thus, UE-NW achieves better cache hit
ratio than SV-MAC.

(6) Control Overhead (CO): Figure 11 shows the CO
caused by deploying the three D2D delivery schemes.
The three curves corresponding to the three solutions
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experience a rise trend because of the increase in the num-
ber of video requesters. DMSEM has lower CO since it
only requires video sharing between mobile nodes with the
similar encounter patterns. In fact, DMSEM makes use of
the complex computation of similar encounter patterns to
compensate the control overhead of D2D communication
pairing. Unlike DMSEM, UE-NW and SV-MAC discover
the D2D connections by estimating the social relationships,
which requires the mobile devices continuously collect the
information about social interactions for estimating the social
similarity between mobile users, which may consume much
communication resources.

IV. CONCLUSION AND OPEN RESEARCH ISSUES
In this paper, we propose a novel Social-Aware D2D Video
Delivery Method based on Rapid Sample-Efficient Measure-
ment of Mobility Similarity in 5G Ultra-Dense Network
(DMSEM). DMSEM makes use of social state transition to
describe encounter event samples of fitting one-hop D2D
video sharing in terms of one-hop D2D pair relationship and
comparison between encounter duration and shared video
length. By expression of encounter events using variation rate
of geographical distance between mobile users and encounter
duration time and implementing iterative search and mer-
gence in graph according to distance between events and
centrality gain of mergence, the initial clusters of encounter
events are generated. DMSEM makes use of the Fuzzy
C-Means (FCM) to remove noises in initial event cluster
and refine accuracy levels of initial clustering, to extract
encounter patterns of mobile users. DMSEM employs a
sample-efficiency rapid recognition algorithm of encounter
pattern to achieve fast heuristic recognition of encounter
pattern. DMSEM achieves better results in comparison with
other state-of-the-art solutions SV-MAC and UE-NW in
terms of packet loss rate, average freeze time, cache uti-
lization, average bitrate, buffer level and control overhead.
We investigate the mobility management to enhance the per-
formance of D2D communications in the future.
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