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Abstract—Vehicular Delay Tolerant Networks (VDTN) are
used to distribute a large amount of mobile data by high-capacity
device-to-device communication. Given a number of available
vehicles in VDTN, the current vehicular data sharing models
always utilize all of them to achieve the best effect, failing to
balance the performance gained and cost of employing them.
Taking the cost into account, we study the problem of the
optimal number of vehicles to be deployed in the data sharing
system, which considers using erasure codes to further increase
the system efficiency if possible. By establishing the system goal
which consists both the effectiveness and the cost of the vehicular
network mathematically, we formulate the above problem as
a utility function minimization problem. Finally, we solve the
problem by theoretical derivation, and demonstrate the efficiency
of the obtained solution through simulations using real vehicular
traces of Beijing and Shanghai.

I. I NTRODUCTION
With the development of related technology and the progress
of relevant researches, large scale vehicular networks are
expected to be deployed and application based on them will
emerge. Mobile data sharing is one of the most popular
applications in the current cellular networks. With the already
congested cellular networks, there is little chance that they
have enough spectrum remained to provide for vehicular
networks [1]. Moreover, the cost of building new infrastructure
is beyond measure and violates the goal of vehicular networks.
Therefore, vehicle-to-vehicle mobile data sharing without any
infrastructure will probably be the competitive form of communication in vehicular networks. There is previous research
concentrating on the benefits of distributed storage using erasure codes for peer-to-peer file sharing in vehicular networks
[2]. However, as far as we known, there is no work taking the
cost of deploying the vehicles into consideration, and existing
solutions [2] put all the available vehicles in the network into
use.
In this work, we take the cost into account and prove that
it is not always true that the more the number of vehicles
involved in the data sharing, the better the performance. We
establish a mathematical method to decide the optimal number
of vehicle to deploy in the network and whether to use erasure
coding when storing the files.
II. S YSTEM OVERVIEW AND P ROBLEM F ORMULATION
In a vehicular mobile data sharing system, the service
provider selects some vehicles willing to distribute data and
store file on them. These vehicles are called helpers. These
helpers then deliver the file to the subscribers, which are interested in the data, through vehicle-to-vehicle communication.
We assume there are H helpers and N subscribers in the
network. Each helper has a storage capacity of C MB for data
sharing application, and there are total m different files of size
M MB. Related to the subscribers, each of them subscribes
s files. Note that it is required that C ≥ M , so that each
helper is able to store at least one file. To store all the m files
in H helpers, we require HC ≥ mM . Assume the number
of potential helpers to the service provider is Hmax . So the
feasible region of H is [mM/C, Hmax ],(mM/C < Hmax ).
There are two storage strategies available. One is use
simple uncoded replication: each of the m files is stored in
mM
HC helpers. The other is using erasure coding. Each file is
separated into k chunks from which n chunks of size M/k

are generated. In our theoretical analysis, we use Maximum
Distance Separable (MDS) erasure code [3]. We can use any
k out of the n encoded chunks to reconstruct the original file.
During each communication contact, nodes can transmit the
mobile data of d MB. We assume that the communication contact between vehicles obeys the Poisson process with contact
rate λ. Poisson distributed contact rate has been validated to
fit well to real vehicular traces and is widely used to model
opportunistic vehicular systems [6]. The inter-meeting time
between each pair of helper and subscriber should follow
an exponential distribution with rate parameter λ. Let T
represent the inter-meeting time of a selected subscriber with
any of the H helpers. It is easy to demonstrate that T
follows an exponential distribution with rate parameter Hλ.
1
. We use E to
So we have its expectation as E(T ) = Hλ
denote the number of encounters needed for each subscriber
to reconstruct a desired file. As proved in [2], for uncoded
replication, we have E[Euc ] = MCm max(1, M
d ). The upper
bound of expectation of E when erasure coding is used can
C
be acquired as E[Eco ] ≤ MCm max(1, md
).
Let D represent the time needed before each subscriber to
reconstruct a file. Then we have
Mm
M
E[Duc ] = E[Euc T ] =
max(1, ),
HCλ
d
(1)
Mm
C
E[Dco ] = E[Eco T ] ≤
max(1,
).
HCλ
md
The deployment of helpers will have some cost. It’s reasonable to assume that this cost is linearly related to the
number of helpers H. Thus we can denote the cost as
A1 H + A2 (A1 , A2 > 0). For the uncoded replication, we can
define a target function as Fuc (H) = A1 H + A2 + E[Duc ] =
M
m
A1 H +A3 /H +A2 , where A3 = M
Cλ max(1, d ) > 0. For the
coded scenario, from papers of digital fountain codes [4], we
can denote the cost of coding as A4 H +A5 (A4 , A5 > 0). For a
company, the parameter A4 and A5 can be decided according
to the specific coding algorithm it uses. In this way, we can
have another target function as Fco (H) = A1 H + E[Dco ] +
A4 H + A5 . As it is hard to get the analytic expression of
E[Dco ], we use its upper bound in the function instead. So the
function can be written as Fco (H) = (A1 + A4 )H + A6 /H +
m
C
(A2 + A5 ), where A6 = M
Cλ max(1, md ) > 0.
To get a combined function, we use a variable code ∈ {0, 1}
to represent the storage strategy. Let code = 0 stand for the
uncoded replication and code = 1 stand for the erasure coding.
Then we can write a combined target function as
{
F (H, code) =

A1 H + AH3 + A2 , if code = 0;
(A1 + A4 ) H + AH6 + (A2 + A5 ) , if code = 1.

Thus, balancing the cost and effectiveness of the file sharing
system in the vehicular network and finding the optimal
solution of the number of helpers and storage strategy can
be specified as the following optimization problem
[

min F (H, code)

]
mM
s.t. H ∈
, Hmax and code ∈ {0, 1} .
C
(2)
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Fig. 1. A plot showing the value of target function in uncoded and coded
cases with the changing of H.
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IV. TRAVE-DRIVEN SIMULATION
In this section, we use real trace-driven simulations to
validate our solution. Our evaluation is based on two real
traces of vehicles, Beijing trace and Shanghai trace [5]. For all
the simulations, we randomly choose 50 subscribers and each
subscriber randomly pick 100 out of 2500 files to subscribe.
The bandwidth of the vehicle-to-vehicle communication is
100MBbps. Other parameter settings are as follows: A1 =
30, A2 = 5000, A4 = 5, A5 = 1000, C = 100GB, m =
2500, M = 200M B.
First, we define the full-recovery probability as the probability that a file can be fully recovered by a subscriber by a
given time. We plot the full-recovery probability results in Fig
2. We can see that with the increase of H, the improvement
in full-recovery probability is getting smaller. So the gain
in effectiveness of the network for deploying extra helpers
decreases as H increases.
Then we evaluate the target function based on the real traces.
A3 and A6 are calculated from the simulation. The results are
shown in Fig 3. From the results, we can observe that the value
of target function is not monotone increasing with H. So it’s
not always optimal to deploy as many helpers as possible in
the file sharing system. From our simulation results, we find
we can cut the number of helpers at a cost of relatively small
increase in average delay. We are able to reduce 40% of the
helpers at a cost of 18.7% increase in delay in Shanghai case
and 70% of helpers at a cost of 38.8% increase in delay in
Beijing case.
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To show the variation trend of the target function, we
plot the uncoded and coded case with Matlab. The parameter
settings are as follows: A1 = 20, A2 = 2000, A4 = 3, A5 =
500, C = 1.5GB, m = 25, M = 100M B, d = 1M B and
λ = 1.31 × 10−5 s−1 which is obtained from the Random
Waypoint mobility model that λ = 8wRv/(πL2 ) by setting
w = 1.3683, L = 20000m, v = 15m/s and R = 100m.
The target functions in uncoded and coded cases are shown in
Fig 1. For both uncoded and coded cases, the value of target
function first decrease with H increasing from a small value,
then the function reaches its minimization and rise with the
increasing H.
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In coded case, we define Hco = arg arg min Fco (H) for
H ∈ [mM/C, Hmax ]. Similarly, we can get Hco .
Thus, the final solution can be represented as
{
(Huc , 0) , if Fuc (Huc ) ≤ Fco (Hco ) ;
(H, code)opt =
(Hco , 1) , if Fuc (Huc ) > Fco (Hco ) .
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III. P ROBLEM S OLVING
To solve the function minimization problem, we consider
the uncoded and coded case respectively. In uncoded replication, we first discuss its minimization for H ∈ (0, +∞).
By first and second derivative
of) the target function, it’s
(√
easy to prove that Fuc
A3 /A1 is the minimization for
H ∈ (0, +∞). Then we define Huc = arg min Fuc (H) for
H ∈ [mM/C, Hmax ]. We have
 √
√
[
]
A3
A3

,
if
∈ MCm , Hmax ;

A1


√ A1
Mm
Mm
3
Huc =
, if A
C
A1 < C ;

√


 Hmax , if A3 > Hmax .
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(b) Shanghai traces

Evaluating the target function using Beijing and Shanghai traces.

