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Abstract The appearance of smart mobile devices with
communication, computation and sensing capability and
increasing popularity of various mobile applications have
caused the explosion of mobile data recently. In the same
time, mobile sensing has been emerging as a new sensing
paradigm where vast numbers of mobile devices are used
for sensing and collecting huge amounts of mobile data in
cities. One of the challenges faced by mobile sensing is
how to efficiently collect the huge amount of mobile data
beyond the existing capacity of 4G networks. In this paper,
we investigate the feasibility of collecting data packets
from mobile devices through device-to-device communications by carefully selecting the subset of relaying (or/and
sensing) devices. We formulate these problems as optimization problems and propose a set of solutions to solve
them. Our experiments over a real-life mobile trace confirm the effectiveness of the proposed idea.
Keywords Participant selection  Data collection  Deviceto-device communication  Mobile crowd sensing  Mobile
sensing
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1 Introduction
With the increasing popularity of mobile applications and
services for smart devices, we are currently facing the
challenges of mobile big data explosion. Based on the most
recent Cisco’s report [1], mobile data traffic grew 74% in
2015 and reached 3.7 exabytes per month at the end of
2015, which was nearly 4000 times the one in 2005. Cisco
also forecasts that mobile data traffic will surpass 30.6
exabytes per month in 2020. Even though smart devices
only represent 36% of the total mobile devices and connections, they account for 89% of the mobile data traffic.
The widespread availability of smart devices equipped with
a rich set of built-in sensors has also enabled a new sensing
paradigm, mobile crowd sensing (MCS) [2], for collecting
and sharing sensing data from surrounding environment.
MCS has been widely used for different sensing applications, such as public safety [3, 4] , traffic planning [5, 6],
localization [7, 8], environment monitoring [9, 10] and
urban dynamic mining [11, 12]. In the same time, this new
sensing paradigm makes the mobile data explosion severer.
The current cellular networks do not have enough
capacity to support all of the fast-growing mobile big data
from these smart devices and Internet of Things. Different
offloading solutions (such as WiFi networks [13, 14] or
femtocells [15]) have been adopted. According to Cisco
[1], 51% of total mobile data traffic was offloaded onto the
fixed network through WiFi or femtocell in 2015, and this
is the first-time offload traffic exceeded cellular traffic.
Recently, offloading cellular traffic through opportunistic
device-to-device (D2D) communications [16–18] among
mobile phones becomes a new and possible solution.
Compared with current WiFi or femtocell solutions, this
method uses occasional D2D contact opportunities to
deliver data rather than the fixed network infrastructure.
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The major advantage is low cost and easy to deploy. Han
et al. [16] study how to select the initial set of mobile users
to push the content to all users in the networks via D2D,
and their proposed heuristics can improve the delivery
efficiency and offload a large fraction of data from the
cellular network. Li et al. [17] study the problem of multiple mobile data offloading through D2D among different
data subscribers under resource constraints. Zhu et al. [18]
study offloading peer-to-peer traffic among mobile users
with D2D relays. In this paper, we focus on offloading data
collection for mobile sensing data via D2D relays instead
of broadcasting traffic from the service provider to all
subscriber users (as in [16, 17]) or peer-to-peer traffic
between any two users (as in [18]).
In most existing mobile sensing systems [19–23], the
sensing data are collected via cellular networks with the
assumption that the size of sensing data is not large.
However, with the new types of multimedia sensing
(videos, audios, high-resolution images, real-time streaming, etc.) and increasing number of sensing devices
(smartphones, smart watches, smart glasses, smart meters,
smart vehicles, RFIDs, etc.), the amount of mobile sensing
data grows to a scale that traditional cellular methods may
not handle. Wang et al. [24] first consider leveraging the
delay-tolerant mechanisms by offloading the data to
Bluetooth/WiFi gateways or data-plan users. The major
goal for their method is to reduce the energy consumption
and data cost of data-plan users. Karaliopoulos et al. [25]
consider a joint user recruitment problem for both sensing
and data collection, where the data collection is done via
D2D communications. They formulate the selection of
users as a minimum cost set cover problem and propose
greedy heuristics to solve it. However, the solution has
large time complexity due to the huge search space over all
space–time paths across the network, which makes it not
suitable for large-scale data collection. In this paper, we
focus on the data collection phase of mobile data sensing
by carefully selecting a few mobile participants as relay
nodes to help with data propagation via D2D relays. By
doing so, we limit the search space and make our algorithm
more efficient. In addition, since we use multiple space–
time paths for data collection from the source (in [25] only
one space–time path is selected for one source), our
method can achieve better delivery ratio too. We also
consider the joint problem where the selected participants
perform both sensing and data collection.
In summary, in this paper, we study how to select a
small subset of participants as relaying (or/and sensing)
devices so that the data propagation via these D2D relays
can achieve certain level of delivery ratio in mobile crowd
sensing. We formulate the problem as various optimization
problems in Sect. 2. Then we propose simple but efficient
solutions in Sects. 3 and 4 for relay selection and joint
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relay/sensing selection, respectively. In Sect. 5, we conduct
experiments over a real-life mobile trace to confirm the
effectiveness of the proposed algorithms. Section 6 provides a brief review of related work. A preliminary version
of this paper appeared in [26].

2 System model and problem statement
2.1 System model
We consider the relay node selection problem for sensing
data collection. We assume that a mobile user set
User ¼ fu1 ; u2 ; . . .; un g, which includes n mobile users
who are willing to participate into sensing and the delivery
of the sensing data. This candidate set is assumed very
large given the popularity of smartphones. Each mobile
users can visit m different locations, denoted as
Location ¼ fl1 ; l2 ; . . .; lm g. The whole time period is
evenly divided into T sequential time slots; thus, time
t 2 ½1; T. Each user has her own visiting pattern over both
temporal and spacial domains. We use P to denote the
visiting probability matrix of all users, which its element
pðui ; lj ; tÞ (or p(i, j, t) for short) represents the probability
of mobile user ui to make a visit at location lj during time
slot t. There are various methods to estimate the visiting
probability of each user based on historical traces, and our
proposed solution can use any such existing method. In our
simulations, we utilize a simple statistic-based method,
which is illustrated in Sect. 5.1. We assume that these
visiting probabilities are independence to the others for
each particular mobile user. We also assume that there is a
set of sensing tasks Task ¼ fq1 ; q2 ; . . .; qo g, which includes
o sensing tasks. Each task i has a tuple of target
ðlðqi Þ; tðqi ÞÞ, which represents the temporal and spacial
target of this task. Note that here each task only has a single
interest point in the temporal and spacial domain; however,
it could be easily extended to the case where each task has
multiple interest points.
To enable device-to-device communications, we assume
that two nodes can discover each other and transfer sensing
data to each other when they both visit the same location
within a particular time slot. For each piece of sensing data,
it is generated at a source node s (a mobile device which
performs the sensing task and generate the data) and needs
to be delivered to a sink node d (a mobile device or a static
device at certain location). For simplicity, we only focus on
the selection of relay nodes for the collection of sensing
data to a single sink. However, all proposed methods are
general enough to handle multiple sources/sinks. To
enhance the delivery probability, we assume that restricted
flooding (i.e., epidemic [27]) is used within the selected
relay nodes. Figure 1 shows an example of data delivery
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in which pr ðUðs; dÞ; s; dÞ is denoted as the probability that
the sensing data can be delivered to its destination sink and
c represents a threshold of the probability.
Similarly, the optimization problem can be defined as
another formulation as well.
Definition 2 Given the volunteering users User (with
their historical call and location traces), and the source s
and destination d of the sensing data, K relay problem is to
find a subset Us;d of K mobile user from User as the relay
nodes with the objective to
Fig. 1 Example of data delivery via multi-hop D2D communications

via multi-hop D2D relays. In this figure, dashed curves are
trajectories of devices, a circle represents an encounter
between two devices, and the device in black indicates that
it has a copy of the data. The one marked with ‘‘source’’ is
the device performing sensing and generating the data, and
the sink is an access point or tower. During the encountering among multiple devices, the data could be transmitted from one device to another. Through this type of
multi-hop D2D transmission, sensing data could be delivered to a sink which is not able to directly communicate
with the source. Note that there we assume the data collection is through only device-to-device communications,
while in reality, a hybrid solution (combining D2D and
direct communication with cellular tower) could be
desired.
2.2 Relay selection problems
First, we only consider the participant selection for D2D
data collection in MCS. For simplicity, we only focus on
the selection of relay nodes for the collection of a single
piece of sensing data. However, the method is general
enough to handle multiple data pieces. The key challenging
is how to identify a small set of relay nodes from the huge
candidate pool User while guarantee certain level of data
delivery. This is different with traditional DTN routing, in
which relay nodes are dynamically selected during the
routing. We can formally define the relay selection problem as the following optimization problem.
Definition 1 Given the volunteering users User (with
their historical call and location traces), and the source s
(who generates the sensing data) and destination d of the
sensing data, minimum relay problem is to find a subset
U(s, d) of mobile users from User as the relay nodes with
the objective to
min jUðs; dÞj
s.t. pr ðUðs; dÞ; s; dÞ  c:

max pr ðUðs; dÞ; s; dÞ
s.t. jUðs; dÞj ¼ K:

Note that both versions of the problem are computational challenging, since even with perfect predication of
visiting patterns this problem can be reduced to a set
cover problem which is NP-hard. Therefore, in the next
section, we are looking for efficient heuristics to tackle
them.
2.3 Joint sensing and relay selection problems
In the problems above, we focus on the selection of participants who will only participate the D2D data collection,
by assuming that the participants for sensing tasks have
been selected and fixed via existing participant selection
methods [19–23]. However, it is very natural to consider
the selection of the same group participants for both
sensing and data collection purposes. Then, we can define
the following joint problems.
Definition 3 Given the volunteering users User (with
their historical call and location traces), and the sensing
task q and destination d of the sensing data, minimum
sensing and relay problem is to find a subset U(q, d)
mobile user from User as the selected participants with the
objective to
min jUðq; dÞj
s.t. ps ðUðq; dÞ; q; dÞ  c:
in which ps ðUðq; dÞ; q; dÞ is denoted as the probability that
the target information can be collected and the sensing data
can be delivered to the destination sink.
Definition 4 Given the volunteering users User (with
their historical call and location traces) , and the sensing
task q and destination d of the sensing data, K sensing and
relay problem is to find a subset U(q, d) of K mobile user
from User as the selected participants with the objective to
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max ps ðUðq; dÞ; q; dÞ
s.t. jUðq; dÞj ¼ K:

Note the problems above are defined for a single sensing
task q. We can also consider the optimization over the
whole sensing task set Task, i.e., we select the common set
of participants U(Task, d) to perform all sensing tasks in
Task. The only difference in the definitions is using
P
qi 2Task ps ðUðTask; dÞ; qi ; dÞ  c as the constraint in the
minimum
sensing
and
relay
problem
or
P
max qi 2Task ps ðUðTask; dÞ; qi ; dÞ as the optimization goal
of the K sensing and relay problem. All of these problems
are obviously NP-hard.

3 Relay selection for D2D collection
Recall that we use a flooding/epidemic strategy to deliver
the sensing data via multiple hops among selected relay
nodes. The selection criteria for relay nodes may rely on
how to estimate the delivery probability of a particular
group of relay nodes. To achieve this, we first introduce a
space–time graph-based method; then, we propose our
greedy-based algorithm for relay node selection.
3.1 Estimation of delivery probability via space–
time graphs
To capture the evolving characteristics in both spacial and
temporal spaces, we adopt the space–time graph [28, 29] to
model the time-evolving D2D links among selected relay
nodes. Let Uðs; dÞ ¼ fu1 ; . . .; ur g is the relay nodes selected for source s and sink d. We can define a space–time
graph GUðs;dÞ ¼ ðV; EÞ, which is a directed graph defined in
both spacial and temporal spaces. Hereafter, we simply use
G to represent GUðs;dÞ . In G, T þ 1 layers of nodes are
defined and each layer has r þ 2 nodes (corresponding to
fu0 ¼ s; u1 ; . . .; ur ; urþ1 ¼ dg), thus the whole vertex set
V ¼ futj jj ¼ 0; . . .; r þ 1 and t ¼ 0; . . .; Tg and there are
ðr þ 2ÞðT þ 1Þ nodes in total. Figure 2 illustrates the corresponding space–time graph for the network shown in
Fig. 1. Two kinds of links (spacial links and temporal
links) are added between consecutive layers in the edge set
!t
E. A temporal link ut1
j uj (those horizontal links in Fig. 2)
connects the same node uj across consecutive ðt  1Þth and
tth layers, which represents the node carrying the data in
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Fig. 2 Space–time graph the corresponding space–time graph G of
Fig. 1, where a space–time path from the source s to the sink d is
highlighted

!t
the tth time slot. A spacial link ut1
j uk represents a forwarding possibility from one node uj to its encountering
node uk in the tth time slot (i.e., uj encounters uk in time
slot t). By defining the space–time graph G, any communication operation in the time-evolving network can be
simulated on this directed graph. For example, the propagation path in Fig. 1 is highlighted in Fig. 2.
To estimate the delivery probability, we need first define
the link probability p(e) of each link e 2 EÞ, i.e., the
probability of existing such a link. For each temporal link
!t
ut1
j uj , its link probability is set to 1 since a node can
!t
always hold the data. For a spacial link ut1
j uk , its link
probability is calculated as follows.
! 



m
Y
!
!
t1 t
t1 t
p uj uk ¼ 1  ð1  pðj; i; tÞpðk; i; tÞÞ  r uj uk ;
i¼1

Q
where 1  m
i¼1 ð1  pðj; i; tÞpðk; i; tÞÞ is the probability
that node uj and uk are colocated at any location and
!t
rðut1
j uk Þ is the link reliability (representing the successful
transfer over the encounter). If uk is a location lk instead of
!t
!
t1 t
a mobile user, pðut1
j uk Þ ¼ pðj; k; tÞ  rðuj uk Þ.
We then define the delivery probability of a space–time
graph G as pG ðs0 ; d T Þ regarding the source s and destination
d. It is the probability that a packet sent from node s over
the routing topology G reaches node d under flooding-based
routing. Similar definition is used in [30] as broadcast
reliability. To efficiently calculate this delivery probability
is not an easy job. Actually, it is known that the computation of such reliability over general graphs is a problem
of NP-hard [31]. Fortunately, the nice loop-free property of
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our space–time graph model allows us to compute the
reliability very efficiently with a dynamic programming
(DP) algorithm [30]. Basically, for any node uti in G, its
delivery probability from the source node s can be calculated as follows:

  !
Y 


t
:
pG s0 ; uti ¼ 1 
1  pG s0 ; ut1
p ut1
j
j ui

!
t
ut1
j ui 2G
Given the structure G defined by r relay nodes, starting
from a source node, the dynamic programming algorithm
can compute the delivery ratio of all other nodes within
time of OðrTðlogðrTÞ þ rÞÞ. Notice that the time complexity of DP algorithm is the same with that of Dijkstra’s
algorithm. Given the relay node set U(s, d) for source s and
sink d, we can estimate the delivery probability based on
the space–time graph G as follows: pr ðUðs; dÞ; s; dÞ ¼
pG ðs0 ; dT Þ:
3.2 Relay selection algorithm
Then the relay selection algorithm is quite straightforward.
In each step, we greedily select the user ui which leads to
maximal improvement of pr ðUðs; dÞ; s; dÞ into U(s, d).
Repeat this until either the delivery probability reaches the
threshold c for minimum relay problem or U(s, d) has K
users for K relay problem. However, there is still a starting
problem, since initially when U(s, d) is empty or just with a
few users the space–time graph GUðs;dÞ may not be connected at all (i.e., pr ðUðs; dÞ; s; dÞ ¼ 0). In this case, adding
any single user may not improve the delivery probability.
Therefore, instead of considering improvement of
pr ðUðs; dÞ; s; dÞ, we simply pick the user who is the most
active (in term of visited locations). Detailed algorithm is
given in Algorithm 1.
Next we consider the time complexity of Algorithm 1.
Since the complexity of the initial step to form a connected
space–time graph (lines 2–3) is much smaller than the
complexity of relay selection step (lines 4–7), we only
focus on the latter. First, the while loop will be performed
K rounds in K relay problem and n rounds in minimum
relay problem since in the worst case we need to select all
participants to achieve the threshold. Second, the for loop
is bounded by n rounds. Third, the complexity of DP
algorithm for the estimation of delivery probability is
OðrTðlogðrTÞ þ rÞÞ and r is the size of selected relay group
which is bounded by K or n in K relay problem and minimum relay problem. Therefore, the time complexity of
Algorithm 1 is bounded by OðnKTðlogðKTÞ þ KÞÞ or
Oðn2 TðlogðnTÞ þ nÞÞ for K relay problem or minimum
relay problem, respectively.

Algorithm 1 Relay Selection Algorithm
Input: potential user set U ser, visiting probability matrix
P of all users in U ser, the source s and the sink d.
Output: selected relay nodes U (s, d).
1: U (s, d) = ∅
2: while G U (s,d) is not connected do
3:
Choose the most active user and add it into U (s, d)
4: while |U (s, d)| < K or pr (U (s, d), s, d) < γ (for K relay
problem or minimum relay problem, respectively) do
/ U (s, d) do
5:
for all ui ∈ U ser and ∈
6:
Calculate the improvement of pr (U (s, d), s, d) by
adding ui in to U (s, d) (Section 3)
7:
Select the user ui with the largest reliability improvement and add it into U (s, d)
8: return U (s, d)

4 Joint sensing and relay selection
When we consider the joint sensing and relay selection
problems (defined in Definitions 3 and 4), we have to first
estimate the sensing capability of each participants and
then integrate it into the participant selection procedure.
4.1 Estimation of sensing and delivery probability
Recall that each task has a target tuple of location and time.
Therefore, given a specific task qi and a set of selected
participant Uðqi ; dÞ, the probability that this task can be
performed by one participant uj 2 Uðqi ; dÞ can be obtained.
Basically, the probability of uj making a visit to location
lðqi Þ at time tðqi Þ is pðuj ; lðqi Þ; tðqi ÞÞ.
Here, we assume that the probability of sensing and data
delivery is independent to each another. Therefore, the
probability of sensing and delivery of a sensing task qi with
a particular source can be calculated by multiply the
sensing probability (at time tðqi Þ) with the delivery probability (from time tðqi Þ to T over the space–time graph).
Thus, given a sensing task qi and a selected participant
uj 2 Uðqi ; dÞ as the source (the sensing performer), the
sensing and delivery probability from this participant is


tðq Þ
ps ðuj ; Uðqi ; dÞ; qi ; dÞ ¼ pðuj ; lðqi Þ; tðqi ÞÞ  pG uj i ; d T
Then overall sensing and relay probability of task qi by
Uðqi ; dÞ is:
Y
ps ðUðqi ; dÞ; qi ; dÞ ¼ 1 
ð1  ps ðuj ; Uðqi ; dÞ; qi ; dÞÞ:
uj 2Uðqi ;dÞ

4.2 Sensing and relay selection algorithm
The participant selection algorithm basically is still the
same. The only difference is now the joint sensing and
relay probability is considered instead of relay probability.
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Algorithm 2 shows the detailed algorithm. If we consider
the selection over the whole sensing task set Task, the
improvement of sensing and relay probability should be
over the summation of all sensing tasks, i.e., the
P
improvement of
Since
qi 2Task ps ðUðTask; dÞ; qi ; dÞ.
Algorithm 2 is similar to the one for relay selection, the
time complexity of this algorithm is bounded by
OðnKTðlogðKTÞ þ KÞÞ or Oðn2 TðlogðnTÞ þ nÞÞ for K
relay problem or minimum relay problem as well.

Algorithm 2 Sensing and Relay Selection Algorithm
Input: potential user set U ser, visiting probability matrix
P of all users in U ser, the sensing task q and the sink d.
Output: selected relay nodes U (q, d).
1: U (q, d) = ∅
2: while G U (q,d) is not connected do
3:
Choose the most active user and add it into U (q, d)
4: while |U (q, d)| < K or ps (U (q, d), q, d) < γ (for K sensing & relay problem or minimum sensing & relay problem, respectively) do
/ U (q, d) do
5:
for all ui ∈ U ser and ∈
6:
Calculate the improvement of ps (U (q, d), q, d) by
adding ui in to U (q, d) (Section 4)
7:
Select the user ui with the largest sensing and relay
improvement and add it into U (q, d)
8: return U (q, d)

5 Experiments over D4D dataset
To evaluate the proposed algorithms, we conduct extensive
simulations over a real-life cellular dataset, D4D dataset
[32]. To make comparisons, we also implement two simple
heuristics: random selection and activity-based selection.
Random selection randomly chooses a user at each step
until the algorithm ends, while activity-based selection
greedily chooses a user who is most active (visiting most
locations) at each step. In our simulations, we use the real
delivery ratio and the number of selected users as the
metrics of measurement.
5.1 D4D dataset and experiment settings
The D4D dataset [32] is a dataset of large-scale cellular
users released by Orange S.A. for the Data for Development (D4D) Challenge in 2013, which is based on Call
Detail Records of cell phone calls and SMS exchanges
among Orange mobile users in Ivory Coast between
December 1, 2011, and April 28, 2012. The number of the
users is more than 50,000 for each week. Each record is
associated with a cellular tower which provides the service
and there are more that 1000 cellular towers in this dataset.
We select 20 most popular towers, i.e., the towers with
largest number of associated records, to implement our
simulations. Thus, m ¼ 20. We choose a 100 candidate
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user set as User, i.e., n ¼ 100. For each sensing task, we
randomly generate its request at one of the towers and at
one of the time slots from 1 to T. We assume that the whole
sensing period T is one week and treat one hour as the
smallest time unit. For each data collection task, we randomly select one location as the sink. If two users make
phone calls associated with same tower at same time, we
assume that they are close to each other and could transfer
data between them via D2D links. For simplicity, we set
the link reliability as 0.5, i.e., the successful transferring
over a pair of nodes is 50% during their encountering.
To calculate the probability pðui ; lj ; tÞ of a particular
user ui visiting a location lj at certain time t, we have to
leverage the knowledge from the historical call traces.
Here, we assume that for each user we have multiple
rounds of call traces (e.g., X weeks), and each round of data
denoted as Di , i ¼ 1; . . .; W . Let cx ðui ; lj ; tÞ indicate whether ui made one or more phone call at lj and t in Dx (1 if it
made, 0 otherwise). Then we simply estimate the visiting
probability as follows,
PW
cx ðui ; lj ; tÞ
:
pðui ; lj ; tÞ ¼ x¼1
W
Instead of this simple model, we can also consider Markov
model [33] or Poisson process [20].
5.2 Experiments on D2D data collection
We first test our proposed algorithm (Algorithm 1) for D2D
data collection of sensed data (K relay problem and minimum relay problem). For each data collection task, we randomly select a mobile user as the data source. For each set of
experiments, we test 15 tasks and 100 rounds per tasks. The
average performances over 1500 rounds are reported.
5.2.1 Experiments on K relay problem
In the first set of simulations, we consider the K relay
problem. We vary the number of selected relay nodes from
10 to 20. Figure 3a shows the delivery rate achieved by
each algorithm. It is clear that our proposed algorithm
achieves the highest delivery ratio among the three algorithms when the number of selected relay nodes is the
same. In addition, we can find that the delivery ratio of all
the three algorithms increase as the number of selected
relay nodes increase. This is obvious since more selected
relay nodes provide more possible routes for the data to
reach the sink node. Figure 3b shows the comparison
between expected delivery ratio and real delivery ratio of
our proposed algorithm. The real delivery ratio is always
lower than the expected one since the estimation is based
on the historical records. Although it is not 100% accurate,
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the expected delivery ratio still provides us the guidance to
pick the relay nodes.
5.2.2 Experiments on minimum relay problem
In this set of simulations, we evaluate the performance of
algorithms over minimum relay problem. Here we vary the
delivery ratio threshold c from 0.6 to 0.9. Figure 4a shows
that the delivery ratios of the three algorithms are similar to
each others. Recall that all algorithms will continue to add
new relay nodes until the estimated delivery probability
reaches the threshold. Since the threshold is the same for
the three algorithms, the overall delivery ratios are similar.
However, in Fig. 4b, we can see that the number of
selected relay nodes of our algorithm is much fewer than
those of the other algorithms when achieving similar level
of delivery ratios. This confirms that our proposed algorithm is more efficient than the other two simple heuristics.

5.3 Experiments on joint sensing and D2D relay
We also test our proposed algorithm (Algorithm 2) for
joint sensing and relay problems. Here we consider two
cases: (1) the optimization of participant selection is done
per task based and (2) the optimization of participant
selection is done for multiple tasks. For each set of
experiments for the first case, we test 15 different tasks and
100 rounds per task. For each set of experiments for the
second case, we test several task sets with various numbers
of tasks and perform participant selection over 100 rounds
per task set. For each sensing task, its interested location is
generated randomly.
5.3.1 Experiments on single-task selection problem
For K sensing and relay selection, we vary the number of
selected relay nodes H from 10 to 20. Figure 5a shows the
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Fig. 6 Results for minimum sensing and relay problem with a single sensing task where c ¼ 0:6, 0.75 or 0.9. a Delivery ratio, b number of
selected nodes

delivery rate achieved by each algorithm. Similar to the
results of the experiments on K relay selection, our proposed algorithm achieves the highest delivery ratio among
the three algorithms when the number of selected nodes is
the same. The delivery ratio increases as the number of
selected participants increases. Figure 5b also shows that
there are still differences between the expected delivery
ratio and real delivery ratio of our proposed algorithm since
the estimation is based on the historical records. In the
simulations of minimum sensing and relay selection, we
vary the delivery ratio threshold c from 0.6 to 0.9. Figure 6a shows that the three different algorithms achieve
similar delivery ratio under the same delivery ratio
threshold. However, our proposed algorithm selects fewer
participants than those of the other two algorithms
(Fig. 6b).
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5.3.2 Experiments on multitask selection problem
We then test our proposed algorithm in multitask scenario
where the selection of participants is optimized for the
whole task set Task. Firstly, we test our algorithm over task
sets with 5 sensing tasks. Figures 7 and 8 show the performance of K sensing and relay problem and minimum
sensing and relay problem, respectively. The trends are
similar to those in the single-task cases.
We also vary the number of sensing tasks in Task from 1
to 10 to evaluate the performance over different size of task
set. Figure 9a shows the changing of delivery ratio when
we fix the K to 20 and c to 0.6 for K sensing and relay
problem. We find that the delivery ratio drops when the
number of tasks increases. Figure 9b shows the number of
selected participants increases along the increasing of tasks
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when we fixed c in minimum sensing and relay problem.
Both of the trends above are reasonable since more tasks
usually take more participants to perform and relay the
data. One the one hand, it needs more people to perform the
sensing tasks. On the other hand, it also needs more possible path to relay the sensing data to the destination.

suitable for large-scale data collection. In this paper,
instead we carefully select a few mobile participants as
relay nodes to help with data propagation via D2D relays.
By doing so, we limit the search space and make our
algorithm more efficient. In addition, by leveraging multiple space–time paths for data collection, our method can
achieve better delivery ratio too.

6 Related work
7 Conclusion
Mobile sensing (especially mobile crowd sensing, MCS)
which leverages large amount of mobile users has been
widely used for different sensing applications [2]. To
handle participant selection in large-scale MCS, different
algorithms and systems [19–23] have been proposed
recently. For example, Zhang et al. [21] study participant
selection in a piggyback MCS for probabilistic coverage,
which aims to select minimum number of participants to
guarantee that the selected participants will make enough
number of calls at certain percentage of the target locations
over a fixed sensing period. Xiong et al. [19] have investigated how to assure the asymptotically full coverage over
a 13 tower region with the minimum number of users. The
task coverage is defined as whether the total number of
calls is equal to or more than a threshold at these 13 towers
in a fixed time period. Li et al. [22, 23] consider how to
select minimum number of participants in an online manner while guarantee certain level of coverage of tasks. They
assume that the sensing tasks can come at any time and
may have various length and spacial/temporal requirement.
Pournajaf et al. [33] also study task assignment in MCS
aiming to assign moving participants with uncertain trajectories to static sensing tasks. There are also other studies
on participant selection with consideration of energy efficiency [19, 34, 35], privacy [36] or user incentive [37–39].
However, all of these studies assume that the collected
sensing data can be directly sent to MCS platform without
much cost.
Recently, with the advances in mobile opportunistic
networks or delay-tolerant networks [40–43] and D2D
offloading [16–18], D2D data collection for mobile sensing
becomes a new trend. Wang et al. [24] first consider
leveraging the delay-tolerant mechanisms by offloading the
data to Bluetooth/WiFi gateways or data-plan users. Their
objective is to reduce the energy consumption and data cost
of data-plan users. Karaliopoulos et al. [25] consider a joint
user recruitment problem for both sensing and data collection, which is very similar to the one we study since the
data collection is also done via D2D communications.
However, the selection of users is formulated as a minimum cost set cover problem and single greedy heuristics
are proposed to solve it. Since the solution space over all
space–time paths is huge, their method may not be
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In this paper, we investigate the feasibility of collecting
data packets from mobile devices in mobile sensing
through device-to-device communications, by carefully
selecting the subset of participant devices. We formulate
the problem as several optimization problems (K relay
selection, minimum relay selection, K sensing and relay
selection, and minimum sensing and relay selection) and
propose simple greedy algorithms to solve them. The
proposed algorithms use historical information to obtain
the estimated sensing, and delivery probability of a given
participant set and greedily selects the participant based on
this estimated probability. Our experiments over the reallife D4D mobile traces confirm the effectiveness of the
proposed algorithms.
As for future works, we plan to continue our study on
data collection in mobile sensing along the following
directions: (1) hybrid data collection schemes which
combine D2D and direct communications; (2) implementation of the proposed methods over a real testbed with
mobile devices and experiments with real-world sensing
tasks; and (3) modeling of energy consumption in mobile
sensing and designing new energy efficient solutions.
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