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ABSTRACT
To cope with the explosive traffic demands and limited capacity provided by the current cellular networks, Delay Tolerant Networking (DTN) is used to migrate traffic from the
cellular networks to the free and high capacity device-todevice networks. The current DTN-based mobile data offloading models do not address the heterogeneity of mobile
traffic and are based on simple network assumptions. In this
paper, we establish a mathematical framework to study the
problem of multiple mobile data offloading under realistic
network assumptions, where 1) mobile data is heterogeneous
in terms of size and lifetime, 2) mobile users have different
data subscribing interests, and 3) the storage of offloading
helpers is limited. We formulate the maximum mobile data
offloading as a Submodular Function Maximization problem with multiple linear constraints of limited storage and
propose greedy, approximated and optimal algorithms for
different offloading scenarios. We show that our algorithms
can effectively offload data to DTNs by extensive simulations
which employ real traces of both humans and vehicles.

Categories and Subject Descriptors
H.4 [Information Systems Applications]: Miscellaneous;
C.2.1 [Computer Communication Network]: Network
Architecture and Design—Wireless communication

General Terms
Algorithms, Design, Performance

Keywords
Mobile data offloading, storage allocation, delay tolerant
networking.

1.

INTRODUCTION

Mobile Internet access is getting increasingly popular today and provides various services and applications including
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video, audio and images. From the data of the last two
years, many researchers (e.g. Cisco) forecast that mobile
traffic is growing at an annual rate of 131 % between 2008
and 2014, and will reach over 3.6 exabytes per month in
2014 [1]. Among this traffic, about 66% will be mobile video
data [1]. Mobile cellular networks provide the most popular
method of mobile access today [9]. With the increase of the
mobile services and user demands, cellular networks will,
very likely, be overloaded and congested in the near future.
Especially during peak time and in urban area, users face extreme performance hits in terms of low network bandwidth,
missed voice calls, and unreliable coverage.
To cope with this explosive traffic demands, growth and
limited network capacity, it is an urgent and important agenda
for cellular providers to provide quick and promising solutions. The most straightforward solution is to increase the
cellular network capacity by adding more base stations with
smaller cell size such as picocells and femtocells, or by upgrading the cellular network to next generation advanced
networks like 4G [16]. However, these activities are at the
expense of high financial input but low returns under the
current flat pricing model where charges are independent of
traffic. Even if the capacity of the networks is enhanced this
way, the future demands from the users and applications
will deteriorate the situation since they enable more data
usage. Consequently, some providers have adopted certain
short-term methods, e.g., limiting users’ traffic to 5 GB per
month, educating the users on responsible access. Obviously, these methods are ineffective and insufficient. In the
long-term, the providers should provide different network
technologies to offer sufficient bandwidth to the end users.
A more recent approach of using Delay Tolerant Networks
(DTNs) to migrate cellular data traffic has been proposed
by several previous works [4, 9]. By benefiting from the
delay-tolerant nature of non-realtime applications, the service providers can delay and even shift the transmission to
DTN. Benefiting from common interests among the users,
providers only need to deliver the information to a small
fraction of users, and then it will be further disseminated by
the selected users through DTN communications. Providers
could integrate effective incentive schemes, which stimulate
users to participate in mobile data offloading. This kind of
offloading should be encouraged by the operators as it is
the quickest way, at the smallest cost, to support the exponential growth of mobile data that are still not be able to
supported even updating all the infrastructure to 4G [1].
In this paper, we establish a mathematical framework to
study DTN-based mobile traffic offloading of multiple mobile

data items in a realistic mobile environment. This problem is
challenging for several reasons. First, mobile data provided
by the service providers is not of just one type, and varies in
terms of delay-sensitivity, content size, etc. Therefore, it is
difficult for the providers to decide how to offload heterogeneous mobile data with limited network resources. Second,
the users’ demands and interests to mobile data are different, and this should be efficiently considered in the design
of offloading schemes. Third, the DTN network resources
are limited in practice (e.g. storage and battery capacity
of mobile devices) and the communication contacts are opportunistic in nature. How to efficiently exploit the limited
resources to improve the overall system performance is a
challenging problem. In order to model a realistic network
environment, we consider the following network settings, 1)
the network contains heterogeneous users in terms of data
preference and privacy intention, 2) the offloaded data has
different delay sensitivity and size, and 3) the offloading
helpers’ storage is limited in size. These assumptions are
usually not addressed in previous analytical work for simplicity reasons [4, 9]. Our contributions are summarized as
follows:
• We formulate the optimal DTN offloading with the
consideration of the heterogeneity of traffic, users, and
limited storage as a problem of Submodular Function
Maximization under multiple linear constraints.
• We prove the problem to be NP-Complete, give three
algorithms to the offloading problem with different scenarios, and obtain the optimal solution for the homogeneous system.
• Through extensive real trace-driven simulations, we
show that our designed algorithms achieve good system performance in both human and vehicular networking environments.
The rest of the paper is organized as follows. We describe
the system overview and models in Section 2, and then formulate the associated optimization problems in Section 3.
In Section 4, we design algorithms to solve the formulated
problem. In Section 5, we introduce the experimental environment for performance evaluation and provide simulation
results. Finally, we present the related work in Section 6
and conclude the paper in Section 7.

2.
2.1

SYSTEM OVERVIEW AND MODELS
Overview

In our DTN-based mobile data offloading system, some
chosen users, named helpers, will participate in the offloading. Incentives for these users can be achieved by using
some micro-payment scheme, or the operator can offer the
participants a reduced cost for the service or better quality
of service [10, 20]. A full analysis of such incentives is out
of scope of this paper. The service provider chooses some
users that are willing to participate in the data offloading,
and transmits the mobile data to the chosen users through
cellular network, and then these users further propagate the
data to other users that are interested in it by short range
device-to-device communication. If any users still have not
received the data from the helpers after a tolerable duration which is related to the data lifetime, they will directly
receive the date from the cellular network.
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Figure 1: Multiple mobile data offloading through
delay tolerant network.

We take two data items as an example to illustrate our
multiple mobile data offloading scheme in Fig. 1. There
are two types of nodes in the system, one is the offloading
helper, and the other is the mobile data subscriber. The
mobile data items are first transmitted to the helpers, and
then the helpers transmit the data to some of the users who
are interested in these data items. In our system, we consider
multiple data offloading, where a helper can store more than
one data item depending on their buffer size, and a user may
also be interest in different data items. Taking the example
shown in Fig. 1, the service provider first transmits Data A
to helpers H1 , H2 and H3 , and transmits Data B to helpers
H1 , H4 and H5 . Then, the data subscribers obtain the data
from these helpers according to their interests by the DTN
communication paradigm.

2.2 System Models
In our system, there are N + H mobile users, labeled as
i ∈ {1, 2, · · · , N +H}. These mobile users are either vehicles
or humans carrying wireless devices (e.g. cell phones). Since
in reality there are many different types of mobile data, for
example, multimedia newspapers, weather forecasts, movie
trailers, etc., we model the mobile traffic of C different data
items labeled as C. For any c ∈ C, its data length is lc .
Users, even when some have additional storage and energy
to help with the traffic offloading, may not be willing to
act as helpers due to selfish behaviors and privacy concerns.
While from the service providers’ perspective, even if many
users want to be helpers, they will only choose a limited set
of them as usually they pay directly or indirectly for such
users. Therefore, we use H to denote the set of helper users
that are willing to participate into the offloading, while use
N to denote the other subscriber users, where |H| = H and
|N | = N .
For the helpers, the system requires their storage to buffer
some data items. At the same time, mobile data here includes multimedia content like movies that are very large.
Even the 32GB of storage available on current devices is limited for large amounts of video content. Furthermore, nobody is willing to contribute all their storage to participate
in offloading. Therefore, we should take as our constraint the
storage that each helper is willing to share, which influences
the number of data items that can be stored. Considering
this realistic condition, we assume that helper n, n ∈ H, can
at most buffer Ln size of data items.
Any subscriber in N may be interested in any data item.

Different subscribers may be interested in different data, and
we define a metric named “user interest” to model this. For
subscriber m, it is defined as a vector of wm = [wm,1 , wm,2 , ··
·, wm,C ], where wm,j is used to compare the user’s interests
in different items, and wm,j = 0 means user m is completely
not interested
PCin data j. Without loss of generality, we further define
j=1 wm,j = 1 for ∀m. Since we use deviceto-device communication to offload the data to subscribers,
nodes can only communicate when they move into transmission range of each other. In this paper, we assume the
contacts between any two nodes occurs at Poisson rates;
Poisson distributed contacts have been shown to accurately
model real-world DTN traces and are widely used to model
DTN systems [21, 8, 7, 14, 17].

4. MULTIPLE DATA OFFLOADING
In this section, we will solve the optimization problem
defined in (3). We prove that the formulated problem of
(3) is a Submodular Function Maximization under Multiple
Linear Constraints, which is NP-hard.

4.1 Utility Function Analysis
Submodularity has long been studied in various problems
[15, 18]. A function f defined on subsets of the universe
C is called submodular, if and only if f (A ∪ x) − f (A) ≥
f (B ∪ x) − f (B) holds for ∀A ⊆ B ⊆ C and ∀x ∈ C\B.
In our problem, define the set of pairs of helpers and the
items they carry as
P = {(s, k) ∈ C × H | xs,k = 1},

3.

PROBLEM FORMULATION

We first obtain the expectation of the total size of data
offloaded in the whole DTN system. Denote X = (xs,k ) (s ∈
H, k ∈ C) as the storage allocation for each helper, in which
xs,k ∈ {0, 1} and xs,k = 1 means offloading helper s stores
item k in its buffer. For the simplicity of derivation, Hk is
further defined as the set of helpers who store copies of item
k in their buffers
Hk = {s ∈ H | xs,k = 1},

(1)

A lifetime Tk is assigned to each data item k, which means
all users will discard this item at time Tk . For a helper s ∈ H
and a user i ∈ N , since the contact between them is Poisson
process at rate γs,i and user i is interested in item k ∈ C with
probability wi,k , we can model the event that user s forwards
item k to user i as a Poisson process with rate γs,i wi,k . Then,
the system offloading utility function U (xs,k ), which means
the expectation of total size of offloaded data before the
lifetime, can be derived as
X X
U (xs,k ) =
lk
P (user i get item k bef ore Tk )
i∈N

k∈C

=

X
k∈C

=

X

lk

X

1

0
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P
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Then we have the following Theorem.
Theorem 1. The system offloading utility function U :
2C×H → R is submodular, and the formulated problem of
(3) is NP-hard.
Proof. First we show function
P
«
−wi,k Tk
γs,i
X„
s∈Ak
Uk (Ak ) = lk
1−e
,

where Ak ∈ 2H , is submodular. Since for Ak ⊆ Bk ⊆ H and
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(7)
H

the submodularity of Uk on sets 2 has been proved. Moreover, Uk can also be regarded as a function defined on 2C×H
and is also submodular via a similar derivation. Finally, we
can observe that the linear combination
U = lk Uk ,

U (xs,k )
xs,k ∈ {0, 1};

(6)

i∈N

e−γs,i wi,k Tk A

Based on the total offloaded data size obtained above, we
can specify the multiple mobile data offloading problem as
the following optimization problem,
maximize

the system offloading utility function can be regarded as
U : 2C×H → R since (2) is equivalent with
P
«
−wi,k Tk
γs,i
X X„
s:(s,k)∈P
U (P) =
lk
1−e
.
(5)

s∈Hk

P
«
X„
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s∈H
lk
1−e
.

(4)

(3)

xs,k lk ≤ Ls for ∀s ∈ H,

k∈C

xs,k lk ≤ Ls is the buffer size constraint of offload-

ing helper s. In the formulated problem, we note that the
system utility is an increasing and concave function of xs,k ,
and the constraints are linear. Therefore, we can derive the
optimal solution by gradient descent algorithm if xs,k is allowed to take the continuous real number. However, in the
system, xs,k can either take 1 or 0. Therefore, we should
design the corresponding algorithm to obtain the system solution.

(8)

is a submodular function on 2C×H . By proper parameter
settings, the optimization problem degenerates to the traditional 0-1 Knapsack Problem which is NP-Complete. Therefore, the problem (3) is NP-Complete.

4.2 Algorithms
In this section, we design algorithms to approximately
solve this optimization problem. First, for the general scenarios, we design a Greedy Algorithm (GA) by heuristic
method. Second, for the scenario when the lifetime of data
item is short, we design an Approximation Algorithm (AA).
Third, we give an Optimal Algorithm (OA) for the case
of homogeneous contact rates and homogeneous item and
buffer size.

4.2.1

Greedy Algorithm

Consider the problem in the way that each storage allocation is determined one by one. A greedy algorithm can
be employed as an approximated solution to the problem.
When one or more copies of a certain item is stored in a
helper, which is in accordance with the constraints, the gain
of objective function will be increased; the gain of the objective function is generally different for different choices of
items and helpers. Thus, as our first strategy, we can pick
the choice of items and helpers that maximizes the gain on
the objective function among all choices at each time. Further consider the length of each data item, we know that
although an item may have large gain, it may also have so
huge a length that other items cannot be stored. Consequently, our second greedy strategy is to calculate the gain
for each choice of item and user per unit length and pick
up the maximum one. It is obviously that either one of our
above strategies has some drawbacks for some certain scenarios, and thus a combination of the two strategies is used
to enhance the overall performance, which is similar with
[18]. In the algorithm, the two strategies are both performed
and we choose the better result between them.

4.2.2

Approximation Algorithm

In this section we propose an approximated solution to
the problem for short lifetime scenario. Through the first
order Taylor expansion ex ≈ 1 + x, the objective function
(2) can be approximated as
X
X X
γs,i
wi,k Tk
U (xs,k ) ≈
lk
k∈C

=

s∈Hk

i∈N

XX

lk Tk

s∈H k∈C

X

γs,i wi,k

!
xs,k .

(9)
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Furthermore, note the constraints in (3) are independent of
s, we can break down the problem into
«
„
P
P
γs,i wi,k xs,k ;
maximize
lk Tk
k∈C

over
subject to

over
subject to

P

k∈C lk Fk

`P
s∈H

xs,k

´

xs,k ∈ {0, 1};
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(11)

xs,k ≤ Ls ,

Now, we give a greedy algorithm described in Algorithm
1 for the formulated problem. The result obtained by Algorithm 1 is the optimal solution—this is proved in [19].
The algorithm repeatedly chooses items for the helpers to
store: in each step, we try to select one item that brings the
maximum system utility for a helper that still has available
storage. Therefore, our algorithm is likely to allocate more
helpers to store the items whose corresponding utility gain
is larger than others
Algorithm 1 The Greedy Algorithm to Maximize the Objective Function in Homogeneous Settings
Set xs,k = 0, uk = 0, 4Fk = 0 (k ∈ C, s ∈ H);
Initialize set < = {1, 2, · · ·, C} and sum = 0;
3: for Every data item k that k ∈ < do
4Fk ← lk (Fk (uk + 1) − Fk (uk ));
end for
P
6: while sum ≤ s∈H Ls and < 6= ∅ do
Select i = arg maxk {4Fk |k ∈
PC};
Select q = arg maxs {Ls − lk k∈C xs,k |xs,i = 0, s ∈
H};
9:
Set xq,i = 1;
Update ui ← ui + 1, sum ← sum + lk ;
Update 4Fi ← li (Fi (ui + 1) − Fi (ui ));
12:
if ui ≥ H then
< ← <\{i};
end if
15: end while

(10)

xs,k lk ≤ Ls ,

k∈C

for each s ∈ S separately. For each s ∈ S, the problem in
(10) is a Knapsack Problem [5] and has efficiently approximation algorithms. Then the overall optimal solution is the
combination of the solution to each problem in (10).

4.2.3

maximize

i∈N

xs,k ∈ {0, 1};
P

the deviation in Section 3, we can rewrite the system utility
function along with the maximization problem as follows,

Optimal Storage Allocation Algorithm

We note that obtaining an optimal solution from the defined problem of Submodular Function Maximization under
multiple linear constraints is hard. However, we can obtain
a stronger result in the case of homogeneous contact rates,
homogeneous item length and buffer size. In such homogeneous settings, we can obtain that the system utility of
offloading traffic only depends on the number of replicas in
all helpers for each data item, and not on the actual subset
of nodes that carry it in the buffer.
In the homogeneous settings, we assume that the contact
rates of all node pairs are the same, which is γ. Since all
nodes’ interests are the same, we can use the item popularity to obtain the system utility function. According to

5. PERFORMANCE EVALUATION
In this section, we present the simulation results for our
algorithms to demonstrate the designed algorithms for the
multiple mobile data offloading problem achieve good performance under the real-world mobility traces. In order to
achieve this, we explore a broad set of simulation parameters as follows: a) we use mobility models of both human
and vehicular traces, b) we simulate small and large system
scale with respect to the number of helpers and data, and
c) we compare against various schemes.
In order to show the efficiency of our scheme in real mobility environments, we use real traces for simulation. We use
three traces, two are human mobility contact trace from the
Reality Project of MIT [12] and Cambridge gathered by the
Haggle Project [12]. These traces recorded contacts among
users carrying Bluetooth devices, which periodically discover
peers in communication range and record the contacts. The
third one is a taxi GPS trace of Shanghai [22]. The used
traces cover a large diversity of DTN environments, from
sparse university campuses (Reality, Cambridge) to concentrated road sites (Shanghai), with the experiment period
ranging from 30 days (Shanghai) to 98 days (Reality). In the
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simulation, we vary the number of data items from 10 (Reality, Cambridge) to 35 (Shanghai), the sizes of data items
are uniformly generated in the range [0, 200 kB] with mean
of 100, data deadlines follow a uniform distribution of [0, 2β
s] with mean of β. We randomly choose 10% of nodes as
helpers, and they buffer sizes are uniformly generated in
[0, 2α kB] with mean of α, and user interests to different
data items follow uniform distribution with an expectation
of 1.
The results under the Reality trace are shown in Fig. 2.
From the results of Fig. 2 (a), we can see that as we increase
the helper’s buffer size, the total data amount of offloaded
items increases significantly. We find that GA and AA have
almost the same performance, and OA has the worst performance. The reason is that in this simulation, settings for the
user’s buffer and content data length are not homogeneous.
Therefore, OA will not obtain the optimal system solution.
When we fix the buffer size to 500 and change the mobile
data lifetime, we can see that the offloaded data amount increases with the lifetime. The results using Shanghai trace
are shown in Fig. 3. From the results, we can obtain similar
conclusions as the Reality trace. However, we can observe
that the performance of OA is better in this vehicular trace
than the human trace. The reason is that in Shanghai trace,
the number of nodes is 2000, and the contact rates of any
two taxies are almost the same. From Fig. 3 (a), we can see
that AA almost achieves the same performance of GA. The
reason is that when the lifetime is small, AA will performs
well as it is designed for small lifetime case. When the lifetime becomes larger, which is shown in 3 (b), the offloaded
amount almost stays the same compared to the shorter lifetime case. The reason is that the contact rate of vehicular
is much smaller than the human trace. We also show the
results under the Cambridge trace in Fig. 4. From the result, we can obtain that gap of OA and GA increases with
average lifetime. From all the results, we can conclude that
GA almost achieves the best performance under heterogeneous network settings, while AA achieves almost the same
performance with GA when the data lifetime is short.

RELATED WORK

Some of the latest works [2, 3, 9, 16] focus on offloading
mobile data from the overloaded cellular networks to other
networks to provide better service. These works can be partitioned into three types according to their offloading destination networks. One type named broadcast offloading uses
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Figure 2: System performance of offloading data
amount with trace of Reality (a) variable buffer size
and average data lifetime is 600000 s; and (b) variable lifetime and average buffer size is 500 kB.
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Figure 3: System performance of offloading data
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Figure 4: System performance of offloading data
amount with trace of Cambridge with homogeneous
networking settings (a) variable buffer size and average data lifetime is 600000 s; and (b) variable lifetime and average buffer size is 500 kB.
mobile broadcasting networks to offload the cellular traffic
[3]. Another popular method named WiFi offloading uses
the free available WiFi networks [2, 16, 11]. In our work, we
study another type of offloading, which transmits the cellular traffic by opportunistic communications between users.
Opportunistic offloading uses opportunistic communications [9]. For example, Han et al. [9] exploited the opportunistic communications among devices to facilitate offloading by peer-to-peer sharing after one user obtained the content. This paper uses multi-hop opportunistic forwarding,
in which a set of targeted users are selected to disseminate
the traffic to all other users in the network. This multi-hop
forwarding needs all the users to cooperate in the traffic offloading by using their own resources, which is unrealistic in
practice. At the same time, it is not suitable to offloading
large data items. In our solution, we rely on a crucial small
set of users who are willing to participate in the offloading.
Storage allocation problems are also addressed in the area
of DTN content sharing [6, 13]. However, there are some big
differences between the offloading and content sharing problems. First, in the application of mobile data offloading, the
mobile data originates from the Internet. Most of the data
consists of large files with very different sizes. Content size
does not matter in DTN content sharing. In this work, we
consider the different content sizes and storage constraints.
Second, in mobile data offloading, the latency of data matters since it impacts the user experience. Third, in offloading
problem, the system should focus on how much data is offloaded from the cellular network, and how many capacity

can be saved. Finally, in offloading, the nodes are usually
mobile users, which can use the 3G network to communication and to control the system, for example, collecting and
obtaining the overall system metrics of node contact rates.
Therefore, centralized algorithms work here, and there is
no need to design distributed algorithms. However, in the
DTN content sharing, the distribution algorithm should be
designed.

7.

CONCLUSION

In this paper, we investigated the multiple mobile data
offloading problem—how to offload mobile traffic from the
overloaded cellular networks. We studied this problem in a
realistic environment where the network is heterogeneous:
offloaded data consists of multiple kinds of content with different delay tolerances and sizes. Furthermore, the storage
resources of helpers is limited. By formulating this problem as a Submodular Function Maximization problem, we
designed three algorithms to approximately solve it.
In our system, we assume that all helpers cooperate in the
offloading scheme. However, in practice the helpers may be
too selfish to offload data for others and we need to design
appropriate incentive mechanisms. At the same time, to
encourage participation of mobile users to act as helpers,
service providers can also exploit other efficient incentive
schemes. In the future, we plan to integrate such incentive
schemes into our mobile data offloading framework.
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