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Temporal Data Dissemination in Vehicular
Cyber-Physical Systems
Kai Liu, Member, IEEE, Victor C.S. Lee, Member, IEEE, Joseph K. Y. Ng, Senior Member, IEEE
Jun Chen, and Sang H. Son, Fellow, IEEE,

Abstract—Efficient data dissemination is one of the fundamental requirements to enable emerging applications in vehicular
cyber-physical systems. In this work, we present the first study on
real-time data services via roadside-to-vehicle communication by
considering both the time-constraint of data dissemination and
the freshness of data items. Passing vehicles can submit their
requests to the server and the server disseminates data items
accordingly to serve the vehicles within its coverage. Data items
maintained in the database are updated periodically to keep the
information up-to-date. We present the system model and analyze
challenges on data dissemination by considering both application
requirements and communication characteristics. On this basis,
we formulate the temporal data dissemination (TDD) problem
by introducing the snapshot consistency requirement on serving
real-time requests with temporal data items. We prove that TDD
is NP-hard by constructing a polynomial time reduction from
the Clique problem. Based on the analysis of the time bound on
serving requests, we propose a heuristic scheduling algorithm,
which considers the request characteristics of productivity, status
and urgency in scheduling. An extensive performance evaluation
demonstrates that the proposed algorithm is able to effectively
exploit the broadcast effect, improve the bandwidth efficiency
and enhance the request service chance.
Index Terms—Data dissemination, temporal consistency, realtime scheduling, vehicular cyber-physical system

I. I NTRODUCTION
EHICULAR cyber-physical systems (VCPS), which embrace the latest advances in communications, computing,
electronics, sensing and control, etc., are envisioned as a
promising approach to achieving breakthroughs in transportation safety, efficiency and sustainability [1]. Efficient data
dissemination is critical to enable emerging applications in
VCPS, such as collision avoidance [2], roadway reservation
[3] and autonomous intersection management [4], to name but
a few. This paper investigate the scenario where the roadside
unit is installed along the road and provides real-time data
services to passing vehicles. Data items maintained in the

V

This work was supported in part by the HKBU Research Centre for Ubiquitous Computing (RCUC), the Institute of Computational and Theoretical
Studies (ICTS), and the HKBU Strategic Development Fund under the grant
no. HKBU SDF 10-0526-P08, and in part by MSIP (CPS Global Center) and
NRF GRL Program (2013K1A1A2A02078326).
Kai Liu is with the College of Computer Science, Chongqing University,
Chongqing, China (email: liukai0807@gmail.com)
Victor C.S. Lee is with the Computer Science Department, City University
of Hong Kong, Hong Kong (email: csvlee@cityu.edu.hk)
Joseph K.Y. Ng is with the Computer Science Department, Hong Kong
Baptist University, Hong Kong (email: jng@comp.hkbu.edu.hk)
Jun Chen is with the School of Information Management, Wuhan University, China (corresponding author, email:christina cj@whu.edu.cn)
Sang H. Son is with the Information and Communication Engineering at
DGIST, Korea (email:son@dgist.ac.kr)

database are updated periodically to keep the information upto-date. Vehicles within the service range of the roadside unit
can submit requests for particular services or information, such
as routing advisories, road conditions and parking slots, etc.
In response, the roadside unit disseminates corresponding data
items to serve the vehicles. Obviously, to enable such services,
it is expected to guarantee the freshness of information and the
timeliness of data dissemination.
The vehicular communication system plays an important
role in interconnecting the driver, the vehicle and the cyber
information in VCPS. Different parties including automotive manufacturers, governments and universities are actively
engaged into the research of vehicular communications. In
automotive manufacturers, MyFord Touch is an embedded
communication system developed by the Ford Motor Company
and Microsoft. It enables drivers to interact with vehicles
via smart phones. Toyota Entune is an integrated multimedia
navigation system developed by the Toyota Motor Company.
It provides data services such as stocks and traffic information.
Mbrace2 developed by the Mercedes-Benz Company provides
drivers with both safety-critical and value-added information
via vehicular communications. The U.S. Department of Transportation is also collaborating with a number of universities on
the development of a variety of vehicular communication systems. Examples include the Connect Vehicle research program,
the Vehicle Infrastructure Integration project, the MITCarTel
project and the Berkeley PATH project, etc. Clearly, there is
great significance of the research on providing real-time data
services via vehicular communications.
Although there has been extensive research on data scheduling in conventional mobile computing environments ([5], [6],
[7]), none of them addressed unique challenges arising in
VCPS for providing real-time data services. In the community
of vehicular ad-hoc networks (VANET), great efforts have
been put into the roadside-to-vehicle and vehicle-to-vehicle
communications ([8], [9], [10]). Nevertheless, these studies
mainly focused on the issues resided on MAC or PHY
layers, such as improving wireless communication quality or
reliability in VANET. To the best of our knowledge, this is
the first work on data dissemination in VCPS which considers
both the time-constraint of services and the freshness of data
items at the application layer. In particular, the following
issues are investigated. First, there is a strict time constraint
on serving requests. On the one hand, vehicles cannot retrieve
data items after leaving the service region of the roadside unit.
On the other hand, there are a variety of location-dependent
data services such as route queries, which have to be satisfied
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II. DATA D ISSEMINATION M ODEL
The data dissemination model is shown in Figure 1, where
the road-side unit (RSU) is installed along the road and
provides data services. In general, there are both locationindependent and location-dependent services [11]. For the
location-independent service such as multimedia downloads,
it may tolerate longer delay to be completed. However, for the
location-dependent service such as navigation queries, it may
impose both temporal and spacial constraints on successful
completion. In this model, we focus on the data dissemination for location-dependent services, where stringent time
constraints are required. Besides, it is commonly assumed
that RSUs are sparsely deployed along the road ([8], [10]).
Accordingly, we consider the data service has to be completed
within the coverage of one RSU.
When vehicles driving into the service range of the RSU,
they may submit requests for particular services, such as road
condition queries or routing advisories. Outstanding requests
are pended in the service queue. According to a certain
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within a certain time bound (e.g. before reaching the road intersection). Second, a request may ask for multiple dependent
data items, and the query cannot be fully processed until all
the requested data items are retrieved. For example, in order
to compute the optimal route to a destination, the navigation
system has to request the road conditions of all possible routes.
Since different routing information corresponds to different
data items, the optimal route can be computed only when all
the corresponding data items are retrieved. Third, due to the
temporality of data items, the multiple retrieved data items
should be consistent in versions. Inconsistency readings of
dependent data items may result in fatal failure of services.
The main contributions of this paper are outlined as follows. First, we present the roadside-to-vehicle communication
system in VCPS and investigate the newly arising challenges
of data dissemination. Second, we formulate the temporal
data dissemination problem called TDD by investigating the
snapshot consistency requirement on serving real-time requests
with temporal data items, and we prove that TDD is NP-hard
by constructing a polynomial-time reduction from the Clique
problem. Third, by analyzing time bound of serving real-time
requests with temporal data items, we propose a heuristic
scheduling algorithm, which aims at enhancing overall system
performance by improving the broadcast effect, the bandwidth
efficiency and the request service chance. Finally, we build the
simulation model for performance evaluation. The comprehensive simulation results validate that the proposed solution is
effective in providing real-time data services under different
traffic scenarios and application requirements.
The rest of this paper is organized as follows. Section
II presents the system model. In Section III, we formulate
the temporal data dissemination problem and prove that it is
NP-hard. In Section IV, we analyze the service time bound
and propose a heuristic scheduling algorithm. In Section V,
we build the simulation model and evaluate the algorithm
performance. Section VI reviews the related work. Section VII
concludes this work and discusses future research directions.

Fig. 1. Data dissemination model in vehicular cyber-physical systems

scheduling algorithm (e.g. Earliest Deadline First (EDF) [12]),
the RSU retrieves data items from the local database and
broadcasts them to passing vehicles. Note that the broadcast
nature of wireless communication is commonly exploited for
data dissemination in vehicular networks ([8], [13], [14]).
Therefore, each broadcasted data item can be retrieved by all
vehicles within the service region. Typically, there are two
types of broadcast approaches: push-based and pull-based [15].
Safety-critical services are usually provided via push-based
broadcast, where the messages are disseminated periodically.
On the other hand, many value-added services are provided
via the pull-based broadcast, where the messages are only disseminated based on explicit requests. This data dissemination
model is dedicated to the latter application scenario.
The RSU is connected to a backbone network, via which
it can access the internet and other specific sensor networks.
Due to the highly dynamic nature of traffic information, the
data items stored in the local database are updated periodically
by the sensors and information providers from the backbone
network. Once an update is installed for a data item, a new
version is created and the previous version becomes outdated.
Only the latest version of each data item is maintained in the
database. Each request is associated with a deadline, which
may be either imposed by specific application requirements
or bounded by the dwell time of vehicles in the service
region [15]. For requests asking for multiple dependent data
items, they have to retrieve all the data items before their
respective deadlines. In addition, due to the temporality of
data items, the multiple dependent data items in a request have
to be consistent in versions. Detailed requirements on serving
time-critical multi-item requests with temporal data items are
formulated as follows.
III. P ROBLEM F ORMULATION
The set of data items in the database is denoted by D =
{d1 , d2 , · · · , d|D| }, where |D| is the total number of data items.
Each data item di (1 ≤ i ≤ |D|) is characterized by a 3-tuple:
< V (di |t),U(di |t), E(di |t) >, where V (di |t) is the value of
di at time t. U(di |t) and E(di |t) represent the update time
and the expiration time of di in its version at time t. The
update interval of di is denoted by l(di ). Accordingly, we have
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l(qm2 )

TABLE I
S UMMARY OF NOTATIONS
U(q1m |t1 )

Notations
D
V (di |t)
U (di |t)
E(di |t)
l(di )
Q(t)
Qm
qnm
R(Qm )
S(Qm )
L(Qm )
τ
TQm (qnm )
TQfm
TQl m
EQe m (t)
RuQm (t)
χQm (t)
X Qm
Qs (t)
Pdi (t)
ΛQm (t)
ΨQm (t)
ωQm (t)
ΩQm (t)

Descriptions
set of data items
value of di at t
update time of di at t
expiration time of di at t
update interval of di
set of pending requests at t
the mth request
the nth data item requested
by Qm
requested data set of Qm
submission time of Qm
deadline of Qm
data transmission time
time when qnm is disseminated
time when the first data item
is disseminated for Qm
time when the last data item
is disseminated for Qm
earliest expiration time of
the requested data items
unserved set of Qm
tentative time bound
determined time bound
set of schedulable requests
effective data productivity of di
effective request productivity
remaining ratio
feasible scheduling segment
feasible scheduling period

Notes
D = {d1 , d2 , · · · , d|D| }

U(qm2 |t2 ) S(Q m )

1
U(q1m |t 4 ) TQm (qm )

TQm (qm2 )

U(q1m |t7 ) L(Q m ) U(qm2 |t 9 )

t
t1

U (di |t) ≤ t
E(di |t) > t
U (di |t) + l(di ) = E(di |t)

t3

t2

t4

t5

l(q1m )
TQf m

Qm ∈ Q(t)
qnm ∈ D

ʏ

t6

l(q1m )

ʏ

t7

TQl m

t8

t9

EeQm (TQf m )

Fig. 2. Relationship of timings on satisfying a request
|R(Qm )|

R(Qm ) = {q1m , q2m , · · · qm

}

•

TQfm = min(TQm (qnm ))
TQl m = max(TQm (qnm ))
EQe m (t) = min(E(qnm |t))
RuQm (t) ⊆ R(Qm )
χQm (t) = min(L(Qm ), EQe m (t))
XQm = min(L(Qm ), EQe m (TQfm ))
Qs (t) ⊆ Q(t)

TQfm > S(Qm )

A. Snapshot consistency requirement
Due to the temporality of data items, the versions of the
retrieved dependent data items in a request are expected to
be correlated in time. Otherwise, the query result could be
meaningless. For example, when a vehicle requests the traffic
conditions of two routes, it is expected that the time stamps
of these two pieces of information (i.e. the update time of the
two data items) are close enough for comparison. In order to
guarantee certain correlation among the retrieved data items in
a request, we define the snapshot consistency requirement as
follows. At time t, the database maintains the latest version for
each data item, which is regarded as the snapshot of the current
database. The versions of the multiple retrieved data items
in a request are demanded to be in the same snapshot with
respect to a particular time instance, while the time instance is
determined by the time when the first data item for this request
is disseminated. In other words, when a request retrieves its
first data item, the versions of its remaining requested data
items need to be in the same snapshot regarding to the first
one. The detailed conditions are stated as follows.

(1)

f

•

the length is |ΩQm (t)|

E(di |t) = U(di |t)+l(di ). The set of pending requests in the service queue is denoted by Q(t). The request Qm (Qm ∈ Q(t)) is
characterized by a 3-tuple: < R(Qm ), S(Qm ), L(Qm ) >. R(Qm )
is the set of requested data items, and it is represented by
|R(Q )|
R(Qm ) = {q1m , q2m , · · · qm m }, where |R(Qm )| is the number
of requested data items. qnm (1 ≤ n ≤ |R(Qm )|) represents
the nth data item requested by Qm and qnm ∈ D. S(Qm ) and
L(Qm ) represent the submission time and the deadline of Qm ,
respectively. The time taken to broadcast a data item is denoted
by τ , which is referred to as the transmission time. The primary
notations are summarized in Table I.

The time to disseminate each qnm for Qm (i.e. TQm (qnm ))
has to be later than the submission time of Qm (i.e.
S(Qm )). This is because vehicles only retrieve data items
after submitting their requests. Denote TQfm as the time
when the first data item is disseminated for Qm . The first
condition is represented by:

where TQm = min(TQm (qnm )), ∀qnm ∈ R(Qm ).
Each qnm has to be retrieved before the request deadline
L(Qm ). The retrieval time of qnm is TQm (qnm )+ τ , where τ is
the data transmission time. Denote TQl m as the time when
the last data item is disseminated for Qm . The second
condition is represented by:
TQl m + τ ≤ L(Qm )

•

(2)

where TQl m = max(TQm (qnm )), ∀qnm ∈ R(Qm ).
The version of each retrieved data item has to be in the
same snapshot, which is determined when the first data
f
item is disseminated for Qm (i.e. TQm ). Each qnm is associf
f
ated with an expiration time at TQm , which is E(qnm |TQm ).
Denote the earliest expiration time of these data items as
EQe m (TQfm ). The third condition is represented by:
f

TQl m + τ ≤ EQe m (TQm )

(3)

where EQe m (TQfm ) = min(E(qnm |TQfm )), ∀qnm ∈ R(Qm ).
Figure 2 illustrates the relationship of timings for serving
a request. Suppose Qm is submitted at t3 , and the requested
data set R(Qm ) = {q1m , q2m }. The deadline of Qm is t8 . q1m is
updated at t1 , t4 and t7 with the update interval of l(q1m ), while
q2m is updated at t2 and t9 with the update interval of l(q2m ). To
serve Qm , according to the first condition, the broadcast time
of q1m and q2m should be later than S(Qm ) (i.e. t3 ). Since q1m
f
is the first data item broadcasted for Qm , we have TQm = t5 .
This satisfies the first condition as t5 > t3 . According to the
second condition, both q1m and q2m have to be retrieved before
L(Qm ) (i.e. t8 ). Since q2m is the last data item broadcasted for
Qm , we have TQl m = t6 . This satisfies the second condition as
t6 + τ ≤ t8 . According to the third condition, the versions of
q1m and q2m have to be consistent regarding to the snapshot at
time TQfm , which is t5 . Since E(q1m |t5 ) = t7 and E(q2m |t5 ) = t9 ,
the earliest expiration time EQe m (TQfm ) = t7 . This satisfies the
third condition as t6 + τ ≤ t7 . With the satisfaction of the three
conditions, Qm can be satisfied by such a schedule.
Suppose the duration between t3 and t4 is less than the
time of transmitting two data items (i.e. [t3 ,t4 ] < 2 · τ ), then
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Qm could not be satisfied if either q1m or q2m is disseminated
during [t3 ,t4 ]. This is because if t3 < TQfm < t4 , the expiration
time of q1m at this snapshot (i.e. E(q1m |TQfm )) would be t4 . So,
the earliest expiration time (i.e. EQe m (TQfm )) is computed by
min(t4 ,t9 ) = t4 . However, it cannot satisfy TQl m + τ ≤ t4 due to
[t3 ,t4 ] < 2 · τ . Therefore, it violates the third condition and Qm
cannot be served by such a schedule. This example indicates
that even for serving a single request, it is not always wise to
start the service as early as possible.

Clique Problem:
Clique Problem:
G = <V, E>
G = <V,
V E>
E
V = <v1, v2, ..., v5>
V = <v1, v2,2 ..., v5>
E = <e1, e2, ..., e8>
E = <e1, e2,2 ..., e8>

v1
e1
e4

B. NP-hardness
The Temporal Data Dissemination (TDD) problem is specified as follows.
Instance: There are M requests Q1 , Q2 , ..., QM and R(Qm ) is
the set of data items requested by Qm (1 ≤ m ≤ M). Each
data item di (di ∈ D) has an update interval of l(di ). The
submission time and the deadline of Qm are S(Qm ) and L(Qm ),
respectively. The data transmission time is τ .
Question: Is there a schedule which can satisfy at least C
(C ∈ Z + ) requests?
We proof TDD is NP-hard by constructing a polynomial
time reduction from a well known NP-hard problem, namely,
the Clique problem [16], to a special instance of TDD.
Proof. Given an instance of Clique < G, k > for determining
whether there is a clique of size k in a graph G, we consider a
special instance of TDD as follows to complete the reduction.
For any Qm , let |R(Qm )| = 2, S(Qm ) = 0 and L(Qm ) = k. For
any di , let l(di ) = k and U(di |0) = 0. Let the data transmission
. With the above settings,
time τ = 1 and the target C = k·(k−1)
2
for a graph G =< V, E >, we construct a one-to-one mapping
from each vertex vi (vi ∈ V ) to each requested data item di
(di ∈ D). In addition, for any Qm with the requested data
items di and d j , we construct an edge em between the two
corresponding vertices vi and v j , which gives a one-to-one
mapping between a request Qm and an edge em . Consider
different requests asking for different sets of data items,
namely, R(Qi ) = R(Q j ) (1 ≤ i, j ≤ M and i = j). According to
the mapping, there is at most one edge between two vertices.
An example of this reduction is illustrated in Figure 3. Suppose
k = 4, for the Clique problem, the question is whether there is
a clique with at least the size of 4. For the TDD problem,
= 6, the question is whether there is a
since C = k·(k−1)
2
schedule that can satisfy at least 6 requests. In this example,
the answers to both the questions are Yes. Specifically, for
the Clique problem, there is V  = {v1 , v3 , v4 , v5 } ⊂ V , which
forms a clique with the size of 4. For the TDD problem, there
is a schedule of disseminating d1 , d3 , d4 , d5 , which can satisfy
6 requests (i.e. Q3 , Q4 , Q5 , Q6 , Q7 and Q8 ).
In the following, we prove that with the above polynomial
time reduction, the graph G has a clique with at least size k
if and only if there is a schedule that can satisfy at least C
.
requests, where C = k·(k−1)
2
Suppose G has a clique V  ⊆ V and |V  | = k. According
to the mapping, there are k corresponding data items, which
k·(k−1)
requests. Each request asks for two
are requested by
2
out of these k data items. Since τ = 1 and L(Qm ) = k for any

e6
v4

v2

e5

e8
e2

v5
e7

v3

e3

Is there a clique with at least size k
s there a clique with at least size k

TDD Problem:
TDD Problem:
Q = <Q1, Q2, ͙,Q8>
Q = <Q1, Q2, ͙,Q8>
S(Qm) = 0 (m = 1,2,..,8)
S(Qm) = 0 (m = 1,2,..,8)
L(Qm) = k (m = 1,2,..,8)
(Qm) = k (m = 1,2,..,8)
D = {d1, d2 , d3, d4, d5}
D = {d1, d2 , d3, d4, d5}
l (di) = k (i = 1,2,3,4,5)
(di) = k (i = 1,2,3,4,5)
R(Q1) = {d1, d2}
R(Q2) = {d2, d3}
R(Q1) = {d1, d2}
R(Q2) = {d2, d3
R(Q3) = {d3, d4}
R(Q4) = {d1, d4}
R(Q3) = {d3, d4}
R(Q4) = {d1, d4
R(Q5) = {d1, d5}
R(Q6) = {d4, d5}
R(Q5) = {d1, d5}
R(Q6) = {d4, d5
R(Q7) = {d3, d5}
R(Q8) = {d1, d3}
R(Q7) = {d3, d5}
R(Q8) = {d1, d3
C = k · (k-1) / 2
C = k · (k
( -1) / 2
Is there a schedule that can
Is there
schedule
that can
satisfy
at aleast
C requests
satisfy
f at least C requests

Fig. 3. An example of reduction from the Clique problem to the TDD problem

Qm , when k data items are disseminated, none of the request
will miss its deadline. Besides, the expiration time of each
di is computed by E(di |0) = U(di |0) + l(di ), which equals k
according to the default setting. So, the earliest expiration time
EQe m (0) = k. Therefore, disseminating k data items will not
violate the snapshot consistency requirement. To sum up, all
the k·(k−1)
requests can be satisfied. So, given a clique of size
2
k, there is a schedule that can satisfy at least k·(k−1)
requests.
2
Conversely, suppose there is a schedule that can satisfy at
least k·(k−1)
requests. According to the mapping, there is a
2

sub-graph G =< V  , E  >, which consists of k·(k−1)
edges.
2
Since there is at most one edge between two vertices, given
.
k vertices, the number of edges is bounded by Ck2 = k·(k−1)
2
Therefore, at least k vertices are required, which implies |V  | ≥
k. In addition, since L(Qm ) = k and l(di ) = k, there are at
most k time units (i.e. k data items can be disseminated) to
serve these requests. Therefore, G contains at most k vertices,
which implies |V  | ≤ k. To sum up, we have |V  | = k and G
is a complete sub-graph of G. So, given a schedule that can
k·(k−1)
satisfy at least 2 requests, there is a clique of size k.
The above proves the NP-hardness of a special case of the
TDD problem. Accordingly, TDD is NP-hard
IV. A LGORITHM D ESIGN
A. Time bound analysis
Due to the broadcast effect, some requests may be partially
served before being scheduled. Specifically, these requests may
have retrieved part of their data items, which are broadcasted
to serve other scheduled requests. In view of this, we define
the unserved set of a request as follows.
Definition 1. Unserved set of a request. At time t, the
set of unserved data items of a request Qm is represented

|Ru (t)| 




by RuQm (t) = {q1m , q2m , · · · qm Qm }, where RuQm (t) is the




number of unserved data items (0 < RuQm (t) ≤ |R(Qm )|) and
RuQm (t) ⊆ R(Qm ).
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Given Qm , if none of its requested data items have been
retrieved (i.e., RuQm (t) = R(Qm )), then Qm is called the unserved request. In contrast, if part of the requested data items
/
have been retrieved (i.e., RuQm (t) ⊂ R(Qm ) and RuQm (t) = 0),
then Qm is called the partially-served request. Recall that each
request is associated with a deadline. Meanwhile, each data
item is associated with an expiration time. Therefore, there
is a practical time bound to serve a request when considering
both the request deadline and the data expiration time. Indeed,
for unserved requests and partially-served requests, they have
different attributes in terms of the time bound. We analyze
this issue by introducing the tentative time bound and the
determined time bound for unserved requests and partiallyserved requests, respectively.
Definition 2. Tentative time bound. At time t, if Qm is
an unserved request, then the tentative time bound for Qm
(χQm (t)) is either its request deadline (L(Qm )), or the earliest
expiration time of its requested data items at time t (EQe m (t)),
whichever is earlier. That is:

χQm (t) = min(L(Qm ), EQe m (t))

(4)

Note that χQm (t) is not the finalized time bound for Qm and
the value of χQm (t) may change with time. This is because
although the request deadline L(Qm ) has been determined
since the submission of Qm , the value of EQe m (t) may vary with
time. Therefore, at different scheduling points, the dynamic
value of EQe m (t) may result in different values of χQm (t). Consider the example shown in Figure 2 and suppose t3 < t < t4 .
We have EQe m (t) = min(E(q1m |t), E(q2m )|t) = t4 . Accordingly,
χQm (t) = min(L(Qm ),t4 ), which equals t4 . In contrast, if
t4 < t < t7 , then we have EQe m (t) = min(E(q1m |t), E(q2m |t)) = t7 ,
and hence the value of χQm (t) changes to min(L(Qm ),t7 ) = t7 .
Note that the tentative time bound is only the attribute of
unserved requests. As soon as the service starts for a request,
due to the snapshot consistency requirement, the versions of
all its data items are determined. This gives a determined time
bound for the partially-served request.
Definition 3. Determined time bound. If Qm is a partiallyserved request, then the determined time bound for Qm (XQm )
is either its request deadline L(Qm ), or the earliest expiration
time of its requested data items at time TQfm (i.e., EQe m (TQfm )),
whichever is earlier. That is:
f

XQm = min(L(Qm ), EQe m (TQm ))

(5)

where TQfm is the time when the first data item is disseminated
for Qm .
Since both L(Qm ) and E e (qnm |TQfm ) have been fixed at time
TQfm , XQm is a static value. With the above time bound analysis,
we can find those requests which have chance to be satisfied at
a specific time t, which are called the schedulable request. At
time t, denote Qs (t) as the set of schedulable requests. Based
on the service status of requests, Qs (t) can be divided into
two subsets (i.e., Qs1 (t) and Qs2 (t)), which are obtained as
follows.
a)
For an unserved Qm , it is schedulable if Qm can
retrieve all of its data items before the tentative time

bound χQm (t). The subset is represented by:
Qs1 (t) = {Qm |RuQm (t) = R(Qm ) ∧
t + |R(Qm )| · τ ≤ χQm (t)}
b)

(6)

For a partially-served Qm , it is schedulable if Qm
can retrieve its remaining data items before the determined time bound XQm . The subset is represented
by:
Qs2 (t) = {Qm |RuQm (t) ⊂ R(Qm ) ∧
RuQm (t) = 0/ ∧ t + |RuQm (t)| · τ ≤ XQm }

(7)

To sum up, the set of schedulable requests is obtained by:
Qs (t) = Qs1 (t) ∪ Qs2 (t)

(8)

B. PSU Algorithm
As the broadcast is an intrinsic nature of wireless communication in VCPS, the scheduling is expected to exploit the
broadcast effect for data dissemination and enhance the system
scalability. Besides, as a request may correspond to multiple
dependent data items for completing the service, it is critical
to consider the bandwidth efficiency in terms of satisfying
multi-item requests. Last, due to the time-constraint of services
and the temporality of data items, it is expected to serve as
many vehicles as possible before their respective service time
bounds. With the above motivation, we propose a heuristic
algorithm called PSU, which considers request characteristics
of Productivity, Status and Urgency in scheduling.
1) Objectives: The primary objectives of PSU include
exploiting the broadcast effect, improving the bandwidth efficiency and enhancing the request service.
• Exploiting the broadcast effect: In roadside-to-vehicle
communication, a data item broadcasted from the RSU
can be retrieved by all the vehicles within its coverage,
which is called the broadcast effect. Clearly, it is expected
to exploit such a benefit to enhance the system scalability.
Conventionally, scheduling a data item with the largest
number of pending requests would be the best option to
maximize the broadcast benefit. However, as analyzed in
Section IV-A, not all the requests are schedulable at a
scheduling point due to the temporality of data items.
Therefore, a more sophisticated approach is expected to
effectively exploit the broadcast effect.
• Improving the bandwidth efficiency: Due to the application requirement in VCPS, a request may ask for multiple
dependent data items for query processing. In this case,
it is a waste of bandwidth if a request retrieved part
of its data items but could not be completely served
before its time bound. Previous studies ([17], [18]) have
revealed that there is a trade-off between maximizing the
broadcast effect and improving the bandwidth efficiency
for serving multi-item requests. Specifically, it will cause
the starvation problem if an algorithm simply schedules
data items with large number of pending requests but
ignores the fact that a multi-item request has to retrieve
all of its data items before the time bound. To address
the starvation problem and avoid the waste of bandwidth,
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the algorithm should consider the service status of each
multi-item request in scheduling.
• Enhancing the request service: due to the time-constraint
of services and the temporality of data items, there is
a stringent time bound for serving requests. In order to
enhance the service chance of requests, conventionally,
the algorithms consider either the deadline (e.g. EDF
[12]) or the slack time (e.g. SIN [6]) in scheduling to
capture the attribute of request urgency. Nevertheless,
these solutions cannot be directly applied into this new
setting, because as analyzed in Def.2, the time bound
cannot be determined for unserved requests (i.e. the
tentative time bound). Therefore, it is desirable to design
new metrics to reflect the request urgency and enhance
the request service.
2) Metrics: For exploiting the broadcast effect, the effective
data productivity and the effective request productivity are
defined as follows.
Definition 4. Effective data productivity. At time t, denote
Qdi (t) as the set of requests which satisfies the following two
conditions: a) di is in the unserved set of Qm , namely, di ∈
RuQm (t). b) Qm is schedulable at time t, namely, Qm ∈ Qs (t).
The effective data productivity of di (1 ≤ i ≤ |D|), denoted by
Pdi (t), is defined as the number of requests in Qdi (t). It is
represented by:


(9)
Pdi (t) = Qdi (t)
It has been demonstrated that it is effective in serving multiitem requests by broadcasting all the unserved data items of
a request successively [18], namely, scheduling at the request
level. In this regard, the effective request productivity is defined
as follows.
Definition 5. Effective request productivity. At time t, the
effective request productivity of Qm , denoted by ΛQm (t), is the
average of the effective data productivity of its unserved data
items, which is computed by:


ΛQm (t) = ∑ Pdi (t)/ RuQm (t)
(10)
di ∈RuQm (t)

Selecting requests with higher values of ΛQm (t) can better
exploit the broadcast effect.
For improving the bandwidth efficiency, the remaining ratio
is defined as follows to capture the service status of requests.
Definition 6. Remaining ratio. At time t, the remaining ratio
of Qm , denoted by ΨQm (t), is the number of its unserved data
items over the total number of its requested data items, which
is computed by:



 u
RQm (t)
(11)
ΨQm (t) =
|R(Qm )|
A small value of the remaining ratio implies that a large
percentage of the requested data items have been retrieved
and the request is close to be satisfied. Giving higher priority
to a request with a smaller value of remaining ratio will
help to improve the bandwidth efficiency. We justify this
claim by the following two cases. Case 1: Consider two

requests Qm and Qn , which ask for the same number of
data items (|R(Qm )| = |R(Qn )|). Suppose ΨQm (t) < ΨQn (t),
which implies that Qm has fewer unserved data items than
Qn (i.e. |RuQm (t)| < |RuQn (t)|). So, it requires less bandwidth to
complete the service of Qm . Case 2: Consider two requests
Qm and Qn , which
  have the same number of unserved data
 


items (RuQm (t) = RuQn (t)). Suppose ΨQm (t) < ΨQn (t), which
implies that Qm asks for more data items than Qn . Accordingly, more bandwidth
has been consumed
to serve Qm (i.e.


 u

 u

|R(Qm )| − RQm (t) > |R(Qn )| − RQn (t)). So, completing the
service of Qm will make the previously consumed bandwidth
for Qm count, which means more cost effective.
For enhancing the request service, we define the metric
called feasible scheduling period to capture the request urgency. First, we introduce the concept of feasible and nonfeasible scheduling segments. At time t, depending on the
service status of Qm , there are two cases for feasible/nonfeasible scheduling segments.
a)
Qm is an unserved request: if Qm is schedulable (i.e.,
t + |R(Qm )| · τ ≤ χQm (t)), then [t, χQm (t)] is a feasible
scheduling segment. Otherwise, [t, χQm (t)] is a nonfeasible scheduling segment.
b)
Qm is a partially-served request: if Qm is schedulable
(i.e., t + |RuQm (t)|· τ ≤ XQm ), then [t, XQm ] is a feasible
scheduling segment. Otherwise, [t, XQm ] is a nonfeasible scheduling segment.
Note that in Case b), [t, XQm ] is the only possible
feasible/non-feasible scheduling segment. However, in Case
a), it may have multiple feasible/non-feasible scheduling segments. Recall the example shown in Figure 2. The tentative
time bound χQm (t) = t4 if t3 < t < t4 . At this time, [t, χQm (t)]
is a non-feasible scheduling segment because [t,t4 ] < 2 · τ .
Since t4 < L(Qm ), the algorithm proceed to examine other
segments by setting t  to t4 . At t  , the new tentative time bound
χQm (t  ) = t7 . Clearly, [t  , χQm (t  )] is a feasible scheduling
segment. Finally, when setting t  to t7 , the current tentative
time bound χQm (t  ) = t8 , and [t  , χQm (t  )] is a non-feasible
scheduling segment (suppose [t7 ,t8 ] < 2 · τ ). As t8 equals the
request deadline L(Qm ), which is the latest time for Qm to be
served, it cannot move forward to check other segments. With
the above knowledge, we define the feasible scheduling period
of Qm as follows.
Definition 7. Feasible scheduling period. At time t, the
feasible scheduling period for Qm , denoted by ΩQm (t), is
the union of the feasible scheduling segments (ωQm (t)) in
[t, L(Qm )]. It is represented by:
ΩQm (t) = ∪ωQm (t) in [t, L(Qm )]

(12)

For a partially-served Qm , the only possible feasible
scheduling segment is [t, XQm ]. Therefore, ΩQm (t) is either
[t, XQm ] or 0,
/ depending on whether [t, XQm ] ⊆ ωQm (t). For an
unserved Qm , ΩQm (t) is obtained by combining all the feasible
scheduling segments of Qm at t. Note that these feasible
scheduling segments may not be consecutive. The operation to
compute ΩQm (t) for unserved requests is described as follows.
• Set the feasible scheduling period to the null set
/ and set t  to the current time t (t  ← t).
(ΩQm (t) ← 0),
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Check whether [t  , χQm (t  )] is a feasible scheduling segment. If it is true, add [t  , χQm (t  )] to ΩQm (t) (i.e.,
ΩQm (t) ← ΩQm (t) ∪ [t  , χQm (t  )]).
• Check whether χQm (t  ) equals the request deadline
L(Qm ). If it is true, the operation is terminated. Otherwise
(i.e., χQm (t  ) < L(Qm )), set t  to the current tentative time
bound (i.e., t  ← χQm (t  )).
• Repeat the update of t  until the tentative time bound
equals the request deadline (i.e., χQm (t  ) = L(Qm )).
The length of feasible scheduling period |ΩQm (t)| reflects
the actual duration in which a request can be served. In
particular, for a schedulable request, the shorter of |ΩQm (t)|
is, the more urgent of the request is.
3) Scheduling policy: With the above metric design and
analysis, we have the following three observations.
• To exploit the broadcast effect, the algorithm should give
a higher priority to the request with a larger value of the
effective request productivity.
• To improve the bandwidth efficiency, the algorithm
should give a higher priority to the request with a smaller
value of the remaining ratio.
• To enhance the request service, the algorithm should give
a higher priority to the request with a shorter length of
the feasible scheduling period.
Accordingly, the request priority is a compound effect
of the effective request productivity (ΛQm (t)), the remaining
ratio (ΨQm (t)) and the length of feasible scheduling period
(|ΩQm (t)|), which is defined as follows.
•

Definition 8. Request priority. At time t, the priority of Qm
is computed by:
PriorityQm (t) =

ΛQm (t)
ΨQm (t) · |ΩQm (t)|

(13)

PSU consists of three steps. Step 1, it constructs the set of
schedulable requests Qs (t) by analyzing the time bound. Step
2, it computes the priority of requests in Qs (t) and schedules
the one with the highest priority. Step 3, it broadcasts each of
the unserved data item for the scheduled request and updates
the status of pending requests in the service queue. The
pseudo-code of PSU is illustrated in Algorithm 1.
4) Computation complexity: It is commonly to evaluate the
computation complexity of the algorithm by measuring the
number of data items to be examined in each scheduling point
([5], [6]). Suppose there are n requests in the service queue and
each request asks for s data items. The computation complexity
of PSU is analyzed as follows. First, in order to construct the
set of schedulable requests Qs (t), PSU traverses the service
queue and computes the time bound of each request. For
this operation, at most s data items will be examined for a
request. Accordingly, the total number of data items to be
examined is bounded by s · n. Second, PSU computes the
priority of each request in Qs (t) and selects the one with the
highest priority. As |Qs (t)| ≤ n, likewise, there are at most
s · n data items need to be examined. Once the request is
selected, its unserved data items are scheduled to broadcast
successively, where at most s data items are examined, and
the maintenance of the service queue examines at most n

Algorithm 1 PSU
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:

Step 1: Construct the set of schedulable requests Qs (t)
Qs (t) ← 0;
/
for each unserved request Qm ∈ Q(t) do
if t + |R(Qm )| · τ ≤ χQm (t) then
Qs (t) ← Qs (t) ∪ {Qm };
end if
end for
for each partially-served
request Qm ∈ Q(t) do



if t + RuQm (t) · τ ≤ XQm then
Qs (t) ← Qs (t) ∪ {Qm };
end if
end for
Step 2: Schedules the request with the highest priority
maxPriority ← 0;
for each Qm ∈ Qs (t) do
ΛQm (t)
PriorityQm (t) = Ψ (t)·|Ω
;
Qm
Qm (t)|
if maxPriority < PriorityQm (t) then
maxPriority ← PriorityQm (t);
Qselected ← Qm ;
end if
end for
Step 3: Broadcast data items for the selected request and update
the service queue
broadcast each di ∈ RuQselected (t);
for each Qn ∈ Qs (t) do
if di ∈ RuQn then
RuQn (t) ← RuQn (t) − {di };
if di is the first retrieved data item of Qn then
Compute the determined time bound XQn ;
end if
if RuQn (t) == 0/ then
Q(t) ← Q(t) − {Qn };
end if
end if
end for
for each Qn ∈ Q(t) do
if t > L(Qn ) then
Q(t) ← Q(t) − {Qn };
end if
end for

requests for updating. To sum up, the computation complexity
of PSU is O(s · n). Note that existing representative scheduling
algorithms have the computation complexity of O(n) [19]. In
practice, given a specific application, s is normally a fixed
number (or within a fixed range), and it is bounded by the
size of the database (|D|), whereas n is a variable which
increases with the system scale. Therefore, the variable n is
the most critical factor to be considered for system scalability.
Moreover, unlike previous algorithms ([6], [12]), which have
to make a scheduling decision in every broadcast tick, PSU
schedules at the request level (i.e., makes a scheduling decision
in every several broadcast ticks, depending on the number
of unserved data items in the selected request). Therefore,
the scheduling frequency of PSU is much lower. Overall, the
scheduling overhead of PSU is reasonable and it will not be
a hurdle of the system scalability.
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TABLE II
D EFAULT S ETTING

Parameter
|D|
1
λ

s
Lmin
Lmax
Tmin
Tmax
θ

Default
100
0.6
3
50
70
200
300
0.6

Description
number of temporal data items
mean inter-arrival time of requests
request size
minimum tolerated latency
maximum tolerated latency
minimum update period
maximum update period
Zipf distribution parameter

V. P ERFORMANCE E VALUATION
A. Preliminaries
The simulation model is implemented by CSIM19 [20],
which captures the data dissemination characteristics as described in Section II. The inter-arrival time of requests follows
the Exponential distribution with mean value of λ1 . Each
request may ask for multiple dependent data items and the
request size (s) is the number of required data items. Each
request is associated with a deadline, which is obtained by
t arrival + t relative, where t arrival is the submission time
of the request, and t relative is the relative deadline of
the request. For general purposes, the value of t relative is
uniformly selected from the range (Lmin , Lmax ), where Lmin
and Lmax represent the minimum and the maximum tolerated
latency, respectively, for serving requests. The database D
consists of |D| data items. Each di (di ∈ D) has an update
interval of l(di ), which is uniformly generated from the range
(Tmin , Tmax ), where Tmin and Tmax represent the minimum
and the maximum update period of data items, respectively.
The data access pattern follows the commonly used Zipf
distribution [21] with a skewness parameter θ . The time
unit (i.e., a broadcast tick) refers to the data transmission
time. The main parameters and the corresponding descriptions
are summarized in Table II. Unless stated otherwise, the
simulations are conducted under the default setting.
For performance comparison, we implement two wellknown real-time scheduling algorithms. One is EDF (Earliest
Deadline First) [12] and the other is SIN (Slack time Inverse
Number of pending requests) [6]. The statistics including
the total number of submitted requests (Nsub ), the number
of satisfied requests (Nsat ) and the number of failed requests (N f ail ) are captured for performance analysis, where
Nsat + N f ail = Nsub . Moreover, we classify the failed requests
into two parts. One part is caused by missing deadlines (the
number is denoted by Nmiss ), and the other part is caused by
data expiration (the number is denoted by Nexp ). Accordingly,
we have Nmiss + Nexp = N f ail . With the collected statistics, the
following criteria are adopted for performance evaluation.
• Service ratio: It is the ratio of the number of satisfied requests to the total number of submitted requests, which is
sat
computed by NNsub
. The primary objective of a scheduling
algorithm is to maximize the service ratio.
• Bandwidth efficiency ratio: In order to measure the bandwidth efficiency quantitatively, the bandwidth efficiency
bst
, where Nrev is the total
ratio is computed by NrevN−N
req

•

number of data items received by satisfied requests. Nbst
is the number of broadcasted data items, and Nreq is the
total number of data items required by all the requests.
We give an example to explain this criterion. Assume
there are four pending requests Q1 = {a, b}, Q2 = {a, b},
Q3 = {a, c} and Q4 = {c, d}, and all of them have to
be served in 2 broadcast ticks. Case a): if a and b
are scheduled to broadcast, then Q1 and Q2 would be
satisfied, while Q3 and Q4 would be failed. In this case,
Nbst = 2, Nreq = 8 and Nrev = 4. Therefore, the bandwidth
efficiency ratio is (4−2)/8 = 1/4. A positive value means
that this schedule has positive contribution to the bandwidth efficiency, because each broadcast tick contributes
to multiple satisfied requests. Case b): if a and c are
scheduled to broadcast, then only Q3 could be satisfied. In
this case, the values of Nbst and Nreq remain the same, but
the value of Nrev is reduced to 2. Therefore, the bandwidth
efficiency ratio is (2 − 2)/8 = 0. A zero value means
that this schedule has no contribution to the bandwidth
efficiency, because each broadcast tick contributes to
exactly one satisfied request. Case c): if a and d are
scheduled to broadcast, then none of the requests could
be satisfied. In this case, the value of Nrev becomes 0,
and the bandwidth efficiency ratio is (0 − 2)/8 = −1/4.
A negative value means that this schedule has negative
contribution to the bandwidth efficiency, because each
broadcast tick contributes to less than one satisfied request. To sum up, this criterion reflects the efficiency of
allocating bandwidth for satisfying requests.
Proportion of missing deadline to data expiration: Since
N f ail = Nmiss + Nexp , the percentage of failed requests
due to missing deadline (Pmiss ) is computed by Pmiss =
Nmiss
, while the percentage of failed requests due to
N
f ail

•

N

data expiration (Pexp ) is computed by Pexp = N exp
, where
f ail
Pmiss + Pexp = 1. This criterion examines the proportion
between Pmiss and Pexp , which indicates the influence of
these two reasons to the overall performance.
Data expiration ratio: It is the ratio of the number of failed
requests due to data expiration (Nexp ) to the total number
N
of submitted requests (Nsub ), which is computed by Nexp .
sub
Different from the proportion of missing deadline to data
expiration, which focuses on examining the weights of
the two reasons causing service failure, this criterion concerns the impact of data expiration on overall scheduling
performance. It evaluates the algorithm performance in
terms of satisfying the snapshot consistency requirement.

B. Experimental results and analysis
To emphasize the general applicability of the performance
analysis, we do not specify the absolute values of the data size
and the bandwidth, but rather, use the broadcast tick as unit
for comparing relative performance of different algorithms.
1) Effect of relative deadline: Figure 4 shows the service
ratio of algorithms under different relative deadlines. PSU
achieves the highest service ratio across the whole range. Also,
note that even though the relative deadline is getting looser,
none of the algorithm can achieve a 100% service ratio. The
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Fig. 4. Service ratio under different relative deadlines
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statistics shown in Figure 5 explains the reason. When the
relative deadline is getting looser, although the number of
failed requests due to missing deadline is decreased, more
requests are failed because of data expiration. It demonstrates
that the snapshot consistency requirement has higher impact
to the algorithm performance in a looser relative deadline
environment. The data expiration ratio of algorithms under
different relative deadlines is shown in Figure 6. PSU performs
the best in terms of satisfying the snapshot consistency requirement, especially in a looser relative deadline environment.
Figure 7 examines the bandwidth efficiency of algorithms
under different relative deadlines, which shows that PSU significantly outperforms other algorithms in terms of improving
the bandwidth efficiency.
2) Effect of data update: Figure 8 shows the service ratio
of algorithms under different data update periods. The short
update period implies a harsh condition on satisfying the
snapshot consistency requirement. PSU always outperforms
EDF and SIN, especially in a short update period. This is
because PSU prevents from selecting those requests which
may retrieve inconsistent versions of data items by identifying
schedulable requests. The proportion of missing deadline to
data expiration is shown in Figure 9. As expected, the data
expiration dominates the performance of all the algorithms
when the data update period is short. In particular, for EDF
and SIN, when the update period ranges between 50 and 150
broadcast ticks, almost 100% of request failure is attributed to
data expiration. Figure 10 shows the data expiration ratio of
algorithms under different update periods. It further confirms
that PSU has the best performance in terms of satisfying the
snapshot consistency requirement, especially in a highly dynamic vehicular environment where the data items are updated
very frequently. Figure 11 shows the bandwidth efficiency
ratio of algorithms under different data update periods. It
demonstrates that no matter whether the missing deadline or
the data expiration is the dominate factor, PSU achieves the
highest bandwidth efficiency.
3) Effect of request size: For comparison purpose, we
maintain a constant system workload across different request
sizes by adjusting the request arrival rate. For example, when
the request size is 1, the mean request arrival rate (λ ) is
adjusted to 5 (requests/tick) to maintain the same system
workload with the default setting. Figure 12 shows the service
ratio of algorithms under different request sizes. When the
request size equals 1, SIN has higher service ratio than EDF
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this claim. We note that when the request size increases to
6, for EDF and SIN, around 60% and 70% of requests are
failed, respectively, due to data expiration. Nevertheless, PSU
maintains a decent data expiration ratio around 40%.
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C. Performance validation
In order to validate the effectiveness of PSU in vehicular
environments, we examine the algorithm performance by modeling the following application scenario. The RSU is installed
along the highway and provides location-dependent services
such as traffic conditions to passing vehicles. The data service
has to be completed before vehicles leave the coverage of the
RSU.
Both the traffic and the communication characteristics are
considered to simulate a proper vehicular environment. In
particular, the traffic characteristic is simulated according to
the Greenshield’s model [22], which is widely adopted in
macroscopic traffic models [23]. Specifically, the relationship
between the vehicle speed (v) and the density (k) is represented
1

Servcie Ratio

and it achieves similar performance with PSU. However, when
the request size increases, the performance of SIN drops
drastically. These results are consistent with the observations
in previous studies ([6], [18]). Note that even though the system workload remains, the performance of all the algorithms
drops to different extent when the request size increases. This
is because the more data items are in a request, the more
difficult to satisfy the snapshot consistency requirement. In
other words, it is likely that more requests cannot be served
due to data expiration. The result shown in Figure 13 verifies
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designed a MAC protocol in supporting emergency message
delivery. Whenever an emergency notification occurred, the
transmission of general information would be suspended to
ensure timely delivery of emergency messages. Jhang and Liao
[27] proposed a proxy-based communication protocol for data
uploading from vehicles to the RSU. It relieves the uplink
channel contention and improves the system throughput by
electing proxy vehicles. Non-proxy vehicles which attempt to
communicate with the RSU must forward their data items to
a proxy vehicle. Mak et al. [28] proposed a coordinated MAC
mode. It improves the performance for both safety and nonsafety applications by adopting a multi-channel coordination
mechanism, which minimizes the collision between vehicleto-vehicle and roadside-to-vehicle communications. In order to
support high reliability and low delay for data dissemination
in vehicular networks, Farnoud and Valaee [29] proposed
a topology-transparent broadcast protocol, which enhances
the system performance on providing safety-critical services.
These studies focused on vehicular communication issues at
MAC and PHY layers, while none of them considered the
time-constraint of services and the freshness of data items at
the application level.

Service ratio under different percentages of vehicles submitting

f

by v = v f − vk j · k, where v f is the free flow speed (i.e. the
maximum driving speed), and k j is the jam density (i.e.
the density which causes traffic jam). In this model, we set
v f = 100 km/h and k j = 100 vehicles/km, which are reasonable
values in realistic highway environments. We simulate a fourlane highway, and the arrival of vehicles in each lane follows
the Poisson process with the mean arrival rates (λ ) of 1,
1/2, 1/3 and 1/4 (vehicles/s), respectively. The communication
characteristic is simulated based on DSRC [24]. In particular,
the data transmission rate is set to 6 Mbps and the radius of
the RSU coverage is set to 300 m. It has been shown that
the above settings can provide reliable data dissemination via
DSRC [25]. The data size is set to 1 Kb, which is sufficient
for normal location-dependent information. The data update
period is uniformly distributed from 200 s to 300 s. The request
size is 3, and the request deadline is bounded by the dwell time
of vehicles in the RSU’s coverage.
Due to the factors such as the market penetration of onboard units mounted on vehicles and the options of drivers, it
is not necessarily that all the vehicles will submit requests.
Figure 14 shows the algorithm performance with different
percentages of vehicles submitting requests. As shown, PSU
achieves nearly 100% service ratio when half of the vehicles
submit requests. Moreover, even in a saturated scenario where
all the vehicles submit requests, over 80% of requests can be
satisfied by PSU. This result demonstrates the scalability of
PSU in realistic vehicular environments.
VI. R ELATED W ORK
In vehicular networks, current studies on data dissemination largely focused on the design of protocols to improve
communication quality and reliability. Maeshima et al. [26]

In the real-time database community, extensive research
has been devoted to maintaining and processing time-variant
information, where the values of data items are valid only
for a certain time interval [30]. Many approaches have been
proposed for managing temporal data items to track the
dynamics of the real world ([31], [32], [33], [34]). These
studies focused on striking a balance between the quality of
service (QoS) and the quality of data (QoD) to improve overall
system performance. However, none of them are designed to
address the scheduling problem of serving real-time requests
with temporal data items.
Scheduling algorithms have been extensively examined in
the network community. In non-real-time systems, there are
a number of classical scheduling algorithms. MRF (Most
Requested First) [35] broadcasts the data item which has
the largest number of pending requests to account for the
productivity of broadcast. RxW (Number of pending Requests
Multiply Waiting time) [5] calculates the number of pending
requests for a data item multiplied by the amount of time
that the oldest outstanding request for that data item has been
waiting, and it schedules the request with the maximum RxW
value. In real-time systems, EDF (Earliest Deadline First) [12]
is one of the foremost classical scheduling algorithms, which
broadcasts the data item with the shortest remaining lifetime
to cater for the urgency of requests. SIN (Slack time Inverse
Number of pending requests) [6] is another representative realtime scheduling algorithm, which combines the advantages
of both EDF and MRF. It has been demonstrated that SIN
outperforms existing algorithms in serving time-critical requests in on-demand broadcast environments. Our recent study
has investigated the temporal data dissemination problem in
vehicular networks [36]. This paper significantly extends our
preliminary study on both theoretical analysis and simulation
results with respected to the investigated problem.
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VII. C ONCLUSION AND F UTURE W ORK
Efficient data dissemination is critical to enable innovative
applications in VCPS. In this paper, we introduce the roadsideto-vehicle communication system and investigate the unique
characteristics and challenges of data dissemination in such
an environment. According to an intensive analysis of the
requirement on serving real-time requests with temporal data
items, we present the snapshot consistency requirement and
formulate the TDD problem. We prove that TDD is NP-hard
by constructing a polynomial-time reduction from the Clique
problem to TDD. Based on the analysis of the time bound of
request services, we propose an on-line scheduling algorithm
PSU, which aims at exploiting the broadcast effect, improving
the bandwidth efficiency and enhancing the request service.
We build the simulation model and design a number of metrics
for performance evaluation. A comprehensive simulation study
is presented by comparing the performance of PSU with
alternative real-time scheduling algorithms including EDF and
SIN. The simulation results validate that PSU is effective
in providing real-time data services under different traffic
scenarios and application requirements.
As an early stage of exploring the temporal data dissemination in VCPS, this paper concentrates on a proof of concept
of providing real-time data services via roadside-to-vehicle
communication. In future, more realistic approaches (e.g.
considering communication influences at MAC and Physical
layers such as packet drops and interferences) are expected
to be developed for real-world applications. Besides, it is
desirable to further enhance the system performance by incorporating inter-vehicle communication for data sharing among
neighboring vehicles.
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