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Abstract—In this paper, we consider leveraging GPS-less
energy-efficient sensing scheduling for mobile crowd sensing.
We present a probabilistic model for sensing coverage without
accurate location information (provided by GPS), based on which
we formally define the Energy-constrained Maximum Coverage
Sensing Scheduling (E-MCSS) problem for maximum coverage
and the Fair Maximum Coverage Sensing Scheduling (F-MCSS)
problem for fairness. Assuming that moving trajectories of
mobile users are known beforehand, we present a (1 − 1/e)-
approximation algorithm and a 1/2-approximation algorithm to
solve the E-MCSS and F-MCSS problems in polynomial time,
respectively, which can serve as benchmarks for performance
evaluation. Under realistic assumptions, we present a GPS-less
energy-efficient protocol for sensing scheduling based on the
proposed algorithms. We developed an Android-based mobile
crowd sensing system, on which we implemented the proposed
protocol. Simulation results and experimental results (from a
field test) are presented to validate and justify effectiveness of
the proposed algorithms and protocol.

Index Terms—Collaborative sensing, energy-efficiency, mobile
crowd sensing, scheduling.

I. INTRODUCTION

M OBILE PHONES have evolved as key electronic
devices for communications, computing, and enter-

tainment, and have become an important part of people’s
daily lives. Most of current mobile phones (such as iPhone
5/5S and Google Nexus 4/5) are also equipped with a rich
set of embedded sensors such as camera, GPS, WiFi/3G/4G
interfaces, accelerometer, digital compass, gyroscope, micro-
phone, and so on [12]. Moreover, external sensors (such as
Fitbit [9] and Sensordrone [24]) can also be connected to a
mobile phone via its Bluetooth interface. These sensors can
enable attractive sensing applications in various domains [12]
such as environmental monitoring, social network, healthcare,
transportation, and safety.

There are primarily two mobile crowd sensing
paradigms [12]: 1) participatory sensing and 2) opportunistic
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Fig. 1. Mobile crowd sensing system.

sensing. In participatory sensing, users actively engage in
sensing activities (e.g., take a picture and record a video)
by manually determining when, where, what, and how to
sense. In opportunistic sensing, sensing activities are fully
automated without user involvement (e.g., scan WiFi signals
and record noise samples). Both of them have been studied by
a few recent works [12], most of which, however, presented
a mobile crowd sensing system for a particular application
(e.g., PEIR [18] and Ear-Phone [22]).

We consider a mobile crowd sensing system consisting of
web servers, sensing servers, and mobile phones (that run
the sensing application), as illustrated in Fig. 1. Multiple
sensing servers (which could be physical servers or virtual-
machine-powered servers) can be deployed to handle sensing
requests from different locations. This system provides sensing
services, in which mobile phone users can be not only service
users but also service providers. When a person initiates a
sensing request through an online form in a web server from
either a mobile phone or a regular computer (desktop/laptop),
the request will be forwarded to a sensing server which will
then push the request to a subset of mobile phones that
happen to be in the area of interest (i.e., sensing crowd). The
corresponding sensing task will then be fulfilled by mobile
phones (whose users agree to participate), and sensed data
will be collected and uploaded to the sensing server. Finally,
the sensed data will be sent back to the requester via the web
server.
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Although mobile crowd sensing applications are very
attractive, performing sensing tasks may consume a significant
amount of energy of a mobile phone. Moreover, most mobile
crowd sensing applications are location-dependent, which may
require location information to be reported along with sensed
data. If energy-hungry GPS is turned ON during the whole
sensing procedure, the battery may be drained very quickly.
Hence, without carefully managing very limited energy re-
sources, a mobile phone may end up with running out of its
battery after performing a few sensing tasks.

There is a large space for energy savings on a mobile phone.
However, fundamental energy-efficient resource management
problems have not been carefully studied in the context of
mobile crowd sensing.

In this paper, we aim to design scheduling algorithms and a
protocol for mobile crowd sensing without accurate locations
(provided by GPS) with the objective of achieving a specified
coverage requirement with limited energy consumption. Our
contributions are summarized in the following.

1) We present a probabilistic model for sensing coverage
without accurate location information, based on which
we formally define the Energy-constrained Maximum
Coverage Sensing Scheduling (E-MCSS) problem for
maximum coverage and the Fair Maximum Coverage
Sensing Scheduling (F-MCSS) problem for addressing
fairness on individual energy usages.

2) Assumingmovingtrajectoriesofmobileusersareknownin
advance, we present a (1− 1/e)-approximation algorithm
and a 1/2-approximation algorithm to solve the E-MCSS
and F-MCSS problems in polynomial time, respectively.
Even though this assumption might not be realistic, the
solutions given by these theoretically sound algorithms
can serve as benchmarks for performance evaluation.

3) Under realistic assumptions, we present a GPS-less
energy-efficient protocol for sensing scheduling based
on the proposed approximation algorithms.

4) We developed an Android-based mobile crowd sens-
ing system, on which we implemented the proposed
protocol. We present simulation results based on real
location data (collected from the Google Map) as well
as experimental results from a field test on Syracuse
University’s campus to validate and justify effectiveness
of the proposed algorithms and protocol.

To the best of our knowledge, we are the first to present
theoretically well-founded and practically efficient mathemat-
ical model, algorithms, and protocol for coverage (without
accurate locations) and energy-efficient sensing scheduling in
the context of mobile crowd sensing.

II. ENERGY-EFFICIENT GPS-LESS SENSING SCHEDULING

A. Problem Definition

Sensing scheduling is only considered for opportunistic
sensing applications since mobile users usually control sensing
activities manually in participatory sensing applications.

The movement of a mobile user k can be characterized
using a trajectory Γk that is a set of 3-tuples (k, tk, lock).
Each tuple gives the location of user k at time tk. The more
3-tuples there are in the trajectory, the more accurately it can

characterize user’s movement. Usually a mobile user only
carries one phone; therefore, we use “mobile phone” and
“user” interchangeably.

Ideally, a mobile phone should send sensor readings along
with the corresponding locations obtained from its GPS to
a sensing server. However, it is well known that GPS is
very energy-hungry [13] (a GPS device usually consumes
much more energy than other sensors). Keeping GPS ON

during the whole sensing procedure is not feasible since it
may drain the battery quickly. Other approaches, such as
Google’s location service [20], can also be used to obtain
location information from a remote Google server by calling
an Android system API, which usually consumes much less
power [3], but provides less accuracy compared to GPS. We
consider a GPS-less system in which each mobile phone uses
certain location service (such as Google) to obtain location
information without turning ON its GPS.

Every 3-tuple (k, tk, lock) in a trajectory can be imagined
as a virtual sensor. If trajectories of all users are given,
then we can have a large network of virtual sensors by
combining all 3-tuples in trajectories. A sensing schedule
S is a collection of virtual sensor sets, i.e., S =

⋃K
k=1 Sk,

where Sk ⊆ Γk. Selecting a virtual sensor (k, tk, lock) into the
schedule essentially means that mobile phone k is scheduled to
sense at the location lock and time tk. |Sk| = |S⋂Γk| gives
the number of times mobile phone of user k senses.

Sensing targets are assumed to be a set V of points. If
the accurate location of each virtual sensor is known, then it
is easy to figure out whether a target point vj ∈ V can be
covered by a virtual sensor si. However, since a GPS-less
location approach usually cannot provide precise locations, we
present a probabilistic model to estimate the probability that a
virtual sensor si covers a target point vj with location errors
(Pij) and the probability that a target point vj is covered by
a given sensing schedule (Pj), which will be discussed in the
next section. Since coverage quality and energy efficiency are
the primary design goals, we consider a problem of maximiz-
ing sensing coverage subject to sensing energy consumption
constraints. We formally define the optimization problem in
the following.

Definition 1 (E-MCSS): Given a set V of J target points,
K mobile phone users, a sensing deadline T , and the moving
trajectory Γk of each user 1 ≤ k ≤ K before the deadline,
the E-MCSS problem seeks a sensing schedule S =

⋃K
k=1 Sk,

where Sk ⊆ Γk and 1 ≤ k ≤ K, such that the total coverage
probability

∑J
j=1 Pj is maximized while the constraint that

the total number of sensing times
∑K

k=1 |Sk| ≤ B before the
deadline T , where B is a given threshold (which we call the
sensing budget) is satisfied.

However, bounding the total number of sensing times only
may lead to unfair utilizations of mobile phones: some users’
phones are heavily used for sensing and other users’ phones
are lightly utilized or not utilized at all. Therefore, we try
to improve fairness by considering those sensing schedules
in which each user’s sensing time is bounded. We call such
schedules fair sensing schedules. We also study the F-MCSS
problem which seeks a fair sensing schedule S =

⋃K
k=1 Sk,

where Sk ⊆ Γk and |Sk| ≤ Bk, 1 ≤ k ≤ K (Bk is the sensing
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budget of mobile user k). We will discuss how to set Bk and
B in practice in Section IV.

B. Sensing Coverage Model

In this section, we present a probabilistic model for sensing
coverage with location errors.

The Google’s location service [20] provides a rough estima-
tion for the location of a mobile phone, which is given by a
3-tuple, (x, y,R), where x and y are latitude and longitude of
the estimated location, respectively, andR is the accuracy radius
which can be obtained from the MaxMind Accuracy Radius
database [16]. With 50% probability, the phone is located inside
the location disk with origin at (x, y) and a radius of R. The
actual location is assumed to follow a two-dimensional (2-D)
normal distribution with correlation ρxy = 0.

Suppose that a virtual sensor si has a location of (xi, yi, Ri)
given by the Google’s location service. Note that this location
may not be accurate and it is called reported location in the
following. We present a method to calculate Pij , i.e., the
probability that a particular target point vj ∈ V can be covered
by this virtual sensor (i.e, if a mobile phone senses at this
location, what is the probability that this target point can be
covered). First, it is easy to calculate the probability that a
mobile user actually shows up at a specific location. If the
sensing range is R′, the probability that a target vi can be
covered equals the probability that a virtual sensor is located
inside the corresponding target disk with origin at vi and a
radius of R′, which is given by the following equation:

Pij =

∫ φ2

φ1

∫ r2

r1

P (r)rdrdφ. (1)

Since the distance between the actual location and the reported
location r follows a 2-D normal distribution with σx = σy = σ,
the probability that the actual location is r away from the reported
location can be given by the following equation:

P (r) =
1

2πσ2
exp

{
− r2

2σ2

}
. (2)

As shown in Fig. 2, φ is the angle between the line with the
reported and actual locations and the line with the reported
location and the target point. [r1, r2] and [φ1, φ2] are the
integration intervals for r and φ, respectively. As mentioned
above, the probability that a virtual sensor si is actually inside
the location disk with origin at the reported location and a
radius of Ri is 50%; therefore, we can obtain σ

σ ≈ 1.5Ri. (3)

As shown in (2), P (r) is independent of φ, so (1) can be
simplified to

Pij =

∫ r2

r1

P (r)(φ2(r)− φ1(r))rdr. (4)

We need to consider two cases for the distance dij between
virtual sensor si and the target point vj : 1) dij ≥ R′ and 2)
dij < R′, which are shown in Fig. 2.

For case 1: dij ≥ R′, using the law of cosine, we can have

φ2(r)− φ1(r) = 2 cos−1

(
r2 + d2ij −R′2

2rdij

)
. (5)

Fig. 2. Sensing coverage model. (a) Case 1: dij ≥ R′. (b) Case 2: dij < R′.

By replacing P (r) and (φ2(r)− φ1(r)) in (4) with (2) and
(5), we have

Pij =

∫ dij+R′

dij−R′

1

πσ2
exp

{
− r2

2σ2

}

× cos−1

(
r2 + d2ij −R′2

2rdij

)
rdr. (6)

For case 2: dij < R′, we have

φ2(r)− φ1(r)

=

⎧⎨
⎩
2π, if 0 ≤ r ≤ R′ − dij

2 cos−1
(

r2+d2
ij−R′2

2rdij

)
, if r > R′ − dij .

(7)

Similarly, we have

Pij =

∫ R′−dij

0

1

σ2
exp

{
− r2

2σ2

}
rdr

+

∫ dij+R′

R′−dij

1

πσ2
exp

{
− r2

2σ2

}

× cos−1

(
r2 + d2ij −R′2

2rdij

)
rdr. (8)

Since there does not exist the closed-form integration for the
functions in (6) and (8), we use the numerical method to obtain
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approximate solutions. Note that the number of integration
steps were set to H = 100 in the simulation and experiment.

For case 1: dij ≥ R′, based on (6), we can have

δ =
2R′

H
(9)

r = (dij −R′ + hδ) (10)

Pij =

h=H∑
h=0

(
rδ

πσ2
exp

{
− r2

2σ2

}

× cos−1

(
d2ij + r2 −R′2

2dijr

))
. (11)

For case 2: dij < R′, based on (8), we can have

δ =
dij +R′

H
(12)

r = hδ (13)

Pij =

h=�R′−dij
δ �∑

h=0

rδ

σ2
exp

{
− r2

2σ2

}
(14)

+
h=H∑

h=�R′−dij
δ �

rδ

πσ2
exp

{
− r2

2σ2

}

× cos−1

(
d2ij + r2 −R′2

2dijr

)
. (15)

So given a set of virtual sensor S, the probability that a
target point j can be covered [by some virtual sensor(s) in S]
is given as follows:

Pj =

(
1−

∏
si∈S

(1− Pij)

)
. (16)

C. Proposed Approximation Algorithms

Assuming and knowing the trajectory of each mobile user in
advance, we present constant factor approximation algorithms
to solve the E-MCSS problem and the F-MCSS problem, re-
spectively. It may be argued that this assumption is not realistic
since it is hard to precisely predict how users will move in the
future. However, the provably good solutions given by these
algorithms can be used to show sensing coverage that can
potentially be achieved by collaborative sensing and to serve
as benchmarks for performance evaluation.

The E-MCSS problem can be formally formulated as
follows:

max

J∑
j=1

(
1−

∏
si∈S

(1− Pij)

)
. (17)

Subject to

|S| ≤ B. (18)

Basically, the problem is to maximize the total sensing cov-
erage probability by selecting a subset S of virtual sensors with
a cardinality no more than the given budget B. Mathematically,

the E-MCSS problem has the same objective function as that
of the budget server problem with a uniform cost (BSP-UC)
studied in [30]. It has been shown in [30] that this objective
function is a nonnegative, monotone, and submodular function.
In a well-known work [19], Nemhauser et al. proved that,
for such a problem, a simple greedy algorithm guarantees a
solution with value at least (1− 1/e) > 0.63 of the optimal.
We present the greedy algorithm in the following, which is a
(1− 1/e)-approximation algorithm for the E-MCSS problem.

Algorithm 1. The greedy algorithm for the E-MCSS problem
(E-MCSS-Greedy)

Step 1 S0 = ∅;
Step 2 for h = 1 to B

s := argmaxs′∈Γ\Sh−1
f(Sh−1

⋃{s′})− f(Sh−1);
Sh := Sh−1

⋃{s};
endfor

Step 3 return SB;

In this algorithm, f(·) is the objective function, i.e., f(S) =∑J
j=1

(
1−∏si∈S(1− Pij)

)
. This algorithm starts with an

empty set and adds a virtual sensor that maximizes the
incremental objective value in each iteration. The running
time of this algorithm is O(B|Γ|), where Γ =

⋃K
k=1 Γk is the

ground set of virtual sensors.
Next, we consider the F-MCSS problem and present the

problem formulation in the following:

max

J∑
j=1

(
1−

∏
si∈S

(1− Pij)

)
.

Subject to ∣∣∣S ⋂ Γk

∣∣∣ ≤ Bk, 1 ≤ k ≤ K. (19)

We construct Ω = {Sl : Sl ⊆ Γ, |Sl

⋂
Γk| ≤ Bk, 1 ≤ k ≤

K}, which is a collection of subsets of the ground set Γ.
We assume ∅ ∈ Ω. Next, we show that (Γ,Ω) is a matroid.

Definition 2 (Matroid [11]): A pair (U,Z) consisting of a
ground set U and a collection Z of subsets of U is a matroid:

1) if X ∈ Z and Y ⊂ X , then Y ∈ Z;
2) for all X,Y ∈ Z , if |X| > |Y | then there exists some

x ∈ X\Y such that Y
⋃{x} ∈ Z .

Lemma 1: (Γ,Ω) is a matroid.
Proof. Suppose that Sl1 ∈ Ω. According to the definition

of Ω, Sl1 satisfies the constraint |Sl1

⋂
Γk| ≤ Bk, 1 ≤ k ≤ K.

And if Sl2 ⊂ Sl1 , then we have |Sl2

⋂
Γk| ≤ |Sl1

⋂
Γk| ≤

Bk, 1 ≤ k ≤ K. So Sl2 ∈ Ω.
We prove that condition 2) is also satisfied by contradiction.

Suppose that Sl1 ∈ Ω, Sl2 ∈ Ω, and |Sl1 | > |Sl2 |, but there
does not even exist any element x such that x ∈ Sl1 \ Sl2 and
Sl2

⋃{x} ∈ Ω. If this statement is not true, then Sl2

⋃{xk} >
Bk, ∀xk ∈ {Sl1\Sl2}

⋂
Γk, 1 ≤ k ≤ K. This means for any

k, if {Sl1\Sl2}
⋂

Γk 
= ∅, then |Sl2

⋂
Γk| = Bk. So

|Sl1

⋂
Γk| ≤ |Sl2

⋂
Γk|, ∀{Sl1 \Sl2}

⋂
Γk 
= ∅, 1 ≤ k ≤ K.

And since {Sl1\Sl2} ⊂ Sl1 , and all the elements in Sl1

⋂
Sl2

are shared by both Sl1 and Sl2 , |Sl1 | ≤ |Sl2 |, which is in
contradiction to our assumption. This completes our proof.
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The F-MCSS problem can be reformulated as follows:

max
S∈Ω

J∑
j=1

(
1−

∏
si∈S

(1− Pij)

)
. (20)

Therefore, the F-MCSS problem belongs to a class of
problems of maximizing a submodular set function over a
matroid [11]. We present a greedy algorithm to solve it and
we have the following theorem.

Algorithm 2. The greedy algorithm for the F-MCSS problem
(F-MCSS-Greedy)

Step 1 S0 := ∅; h := 1;
Step 2 while ∃s ∈ Γ\Sh−1 s.t. Sh−1

⋃{s} ∈ Ω
s := argmaxs′∈S\Sh−1

f(Sh−1

⋃{s′})− f(Sh−1);
Sh := Sh−1

⋃{s};
h := h+ 1;

endwhile
Step 3 return Sh;

Theorem 1: Algorithm 2 is a 1/2-approximation algorithm
for the F-MCSS problem and has a time complexity of O(N2).

Proof. In [11], it is shown that a simple greedy algorithm
gives a 1/2 approximation for an optimization problem of
maximizing a nondecreasing submodular set function over a
matroid. The idea of Algorithm 2 is the same as the greedy
algorithm presented in [11]; therefore, according to Lemma 1,
Algorithm 2 is a 1/2-approximation algorithm for the F-MCSS
problem. The running time is O(|Γ|2 · p(|Γ|)), where p(|Γ|) is
the running time for testing whether Sh−1

⋃{s} ∈ Ω or not.
In our case, this testing can be easily done in constant time by
maintaining a counter for each user and checking if its value
exceeds the given budget.

D. Proposed Sensing Scheduling Protocol

In this section, we present a protocol which leverages the
algorithms described above for sensing scheduling. As men-
tioned above, both algorithms need to know the trajectories
of all mobile phones in the whole sensing period beforehand,
which is not quite possible in practice. Therefore, we need to
find a practical way to apply the proposed sensing scheduling
algorithms.

Fig. 3 illustrates how the proposed protocol works. Each
mobile phone periodically reports its location (obtained from
the Google’s location service) to a sensing server. Note that
the location updating period was set to 20 s in our field test.
The sensing server keeps track of recent locations for each
mobile phone (currently, our system keeps 10 most recent
locations for each phone). When a new sensing request (that
specifies what to sense and area of interest) arrives, the sensing
server will push the request to mobile phones that happen to
be in the area of interest specified by the request and wait for
confirmations from them. Then the sensing server will apply
a sensing scheduling algorithm to schedule sensing activities
of a set of mobile phones that confirm their willingness to
participate, and instruct them to sense by sending them a
schedule that specifies when to sense. Each phone will then use

Fig. 3. Proposed sensing scheduling protocol.

proper sensors to sense, encapsulate sensed data in an HTTP
message and forward it to the sensing server. Any algorithm
can be applied here for sensing scheduling. Of course, we
employ the two algorithms presented above in our system.
However, in order to use them, we need to predict the moving
trajectory for each phone in the sensing period specified by the
request, which is hard if the period is too long. In our protocol,
we divide the whole sensing period into timeslots with the
same duration (which was set to 200 s in the simulation and
field test) and schedule sensing activities at the beginning of
each timeslot. Specifically, during each timeslot, the sensing
server performs the following actions:

1) uses a mobility prediction algorithm to predict the mov-
ing trajectory of each mobile phone;

2) feeds the predicted trajectories to a scheduling algorithm
to obtain a schedule and informs each mobile phone;

3) collects the sensed data from mobile phones.
Essentially, any mobility prediction algorithm can be

applied here. We design a simple and effective algorithm
for prediction and use it in our system. For prediction, we
assume that each mobile user only moves along a roadway
and only turns in an intersection. In our prediction algorithm,
we use a set of evenly distributed landmarks to characterize a
roadway. Currently, the distance between a pair of consecutive
landmarks was set to 1 m. The historical locations reported
by mobile phones (which might not be on roadways because
they are not accurate) are mapped to the closest landmarks
on the roadways. Then the prediction algorithm checks all
the landmarks corresponding to recent reported locations and
selects most recent two which happen to belong to the same
roadway. In Fig. 4, the two solid circles in the center are
the two selected landmarks. Using these two landmarks, the
algorithm calculates the speed and direction for this mobile
user. The future locations can thus be predicted by assuming
that the mobile user will not change his/her speed and direction
within this timeslot. Based on the prediction, the algorithm will
then generate the future moving trajectory (as shown by stars
in the figure), which stops if a predefined number (which was
set to 10 in our simulation and field test), or an intersection
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Fig. 4. Mobility prediction algorithm.

is reached. The algorithm makes no attempt to predict the
trajectory after an intersection, since it cannot know to which
direction the user will head.

III. IMPLEMENTATION

We developed an Android-based mobile crowd sensing
system and implemented the proposed protocol.

In our implementation, scripts (instead of binary codes [7])
are used to describe every sensing task, which can be pushed
to mobile phones for execution. We chose Lua [15] as the
scripting language in our implementation. A mobile app was
developed for the Android platform to execute scripts on-the-
fly with the help of an interpreter and operate sensors on a
mobile phone to perform requested sensing activities according
to a given sensing schedule.

Our sensing server includes the following software compo-
nents: 1) sensing task generator—it generates a new sensing
task in a standard format based on request information col-
lected from the web interface; 2) mobile phone scheduler—it
schedules sensing activities of mobile phones for each sensing
task according to the sensing scheduling protocol (discussed
in Section II-D); 3) mobile phone maintainer—it keeps track
of a list of mobile phones that are available for undertaking
sensing tasks, and serves as an interface between a sensing
server and mobile phones for information/data exchange; and
4) data manager—it uses a database to store and manage states
of available mobile phones, sensing tasks, and sensed data.

We used Erlang [8] to build the sensing server. With the help
of Erlang, we implemented the above-mentioned components
as separate modules; each of them can be started, stopped, and
restarted on its own. So when part of the system encounters a
failure, we can easily isolate that specific part, fix, and restart it
without having to restart the whole system, which enables high
availability for our system. We selected a mature relational
database, PostgreSQL [21], for data storage.

IV. VALIDATION AND PERFORMANCE EVALUATION

A. Simulation Results

In the simulation, the target area we chose is an area located
in the center of New York (Manhattan), NY, USA, which spans
three blocks from west to east with a total length of 1600 m
and three blocks from south to north with a total length of
800 m, and includes the 5th, 6th, 7th, and 8th Avenues and
the 44th, 45th, 46th, and 47th Streets. We used a mobility
model similar to the well-known Manhattan model [1] to
generate mobile users’ moving trajectories. Specifically, each
user is assumed to be at a random location in the target region
at the very beginning. Then it randomly selects a direction
and moves with a speed randomly selected from {2,4} meters
per second towards an intersection. Then the user moves
straight ahead with a probability of 50%, and turns left or
right with equal probabilities (i.e., 25%). The trajectory of
each user was constructed with points on critical locations
(such as intersections and road heads) and evenly spaced
sample points (1 m between two consecutive ones) between
them. All the location data were collected from the Google
Maps using its APIs. The deadline (the duration of the whole
sensing period) was set to T = 1800 s. The sensing range was
set to R′ = 20 m. The target points were evenly distributed
on the roadways in the target area with a distance of 40 m
between a pair of consecutive points. Random errors were
introduced to simulate the inaccuracy of reported locations.

In the simulation, we evaluated the performance of the
greedy algorithm for E-MCSS (E-MCSS-Greedy), the greedy
algorithm for F-MCSS (F-MCSS-Greedy), the protocol using
E-MCSS-Greedy (E-MCSS-Protocol), and the protocol using
F-MCSS-Greedy (F-MCSS-Protocol). We used the average
coverage probability (i.e., the total coverage probability di-
vided by the number of target points) as the performance
metric and changed the number of mobile users from 20
to 70, with a step size of 5. In the protocol, the whole
sensing period was divided into multiple timeslots with the
same duration, which was set to 200 s in the simulation.
T = 1800 s, but the first timeslot was used only for collecting
user’s mobility information for prediction. Therefore, there are
eight timeslots for sensing. For F-MCSS-Protocol, we set each
user’s sensing budget in each timeslot to b = 2 and b = 4,
respectively, in two scenarios. To ensure fair comparisons, for
F-MCSS-Greedy, each user’s total sensing budget was set to
Bi = b× 8, i.e., 16 and 32, respectively. Accordingly, the total
sensing budget was set to B = Bi ×K for E-MCSS-Greedy
and the total sensing budget in each timeslot for E-MCSS-
Protocol was set to b×K, where K is the number of users.
Moreover, we used the periodic sensing method (i.e., every
mobile phone periodically senses without collaborations) as
the baseline for comparison, in which each mobile phone
senses every 100 s. Note that during the sensing period, some
mobile users might leave the target area at certain times, which
were not used for sensing any longer after their departure in
the simulation.

We conducted simulation runs on 40 sets of randomly
generated trajectories. The simulation results are shown in
Fig. 5(a)–(c). We can make the following observations.
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Fig. 5. Performance of the proposed algorithms and protocol. (a) Average coverage probability vs. the number of users (b = 2). (b) Average coverage
probability vs. the number of users (b = 4). (c) Sensing times vs. sorted user ID (b = 2).

1) As expected, all the proposed approaches outperform
the baseline method and E-MCSS-Greedy performs best
in terms of coverage probability. On average [based on
Fig. 5(a) and (b)], in terms of the coverage probability,
E-MCSS-Protocol and F-MCSS-Protocol outperform the
baseline method (for the case where b = 2) by 33.3%
and 15.5%, respectively. We can also see that the perfor-
mance of these two methods is comparable. In addition,
we can view their performance from another perspective.
In order to achieve an average coverage probability of
80%, according to Fig. 5(a), E-MCSS-Protocol needs
about 30 users and F-MCSS-Protocol needs about 50
users, whereas the baseline method needs about 65 users.

2) No matter which method is used, the average coverage
probability always increases with the number of users.
In addition, by comparing Fig. 5(a) and (b), we can see
that the higher the sensing budget (which leads to more
energy consumption), the better the coverage.

3) In Fig. 5(c), we show fairness of E-MCSS-Protocol and
F-MCSS-Protocol by plotting the number of sensing
times of each user (the total number of users is 40) using
a set of randomly generated trajectories. We can see
that compared to E-MCSS-Protocol, F-MCSS-Protocol
offers more even distribution of the number of sensing
times among mobile users, which means better fairness.
Note that the total number of sensing times given by
E-MCSS-Protocol is larger than that given by F-MCSS-
Protocol due to the early departure of some mobile users.

B. Experimental Results

The field test was performed on Syracuse University’s
campus, in which eight volunteers participated. The applica-
tion is to scan WiFi signal strengths on roadways. Popular
Android smartphones, including Motorola Droid, Motorola
Razr, Google Nexus S, Samsung Galaxy I9000, and Galaxy
S2 were used as our sensing devices. Each mobile phone
used Google’s location service to obtain its locations and
report them to the sensing server every Tloc = 20 s. For the
testing purpose, GPS was also turned ON to collect the actual
locations where mobile phones performed WiFi scans.

At the very beginning of our field test, each user was
randomly located on a roadway in the target area. Then he/she

TABLE I
EXPERIMENTAL SETTINGS

started to walk along the roadway in a random direction
at his/her regular walking speed and turned randomly in an
intersection. The settings of the field experiment are summa-
rized in Table I.

We tested the proposed protocol and system in the field
experiment. The sensing budgets were set in the same way
as simulations. Note that in the first timeslot, each mobile
phone simply reported its locations obtained from the Google’s
location service to the sensing server for mobility prediction
without performing any WiFi scans. We plot the users’ actual
sensing locations (obtained from GPS) given by the proposed
protocol in Fig. 6. From the figure, we can see that the
locations that mobile phones sense are widely distributed over
the roadways. In this way, the target points in the area are well
covered, which verifies that the proposed system and protocol
work well in a real environment with random mobility and
unreliable wireless links.

V. RELATED WORK

There are quite a few mobile phone/crowd sensing
projects [12], focusing on different areas such as environment
monitoring [18], [22], health and well being [4], social net-
working [17], and wireless signals [25]. Unlike these works
that were focused on particular applications, we target energy-
efficient mobile crowd sensing in general.

Recently, efforts have been made to develop general-purpose
systems to support various mobile phone/crowd sensing appli-
cations. For example, in [7], Das et al. presented a platform
for remote sensing using smartphones (PRISM), which allows
application writers to package their applications as executable
binaries and push them automatically to an appropriate set of
mobile phones. The bubble sensing system proposed in [14]
allows sensing tasks to be posted for specific physical locations
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Fig. 6. Actual sensing locations given by the proposed protocol. (a) E-MCSS-
Protocol. (b) F-MCSS-Protocol.

of interest. Cornelius et al. introduced AnonySense in [6],
which is a sensor tasking and reporting system. Micro-
blog [10] is another system for participatory sensing, where
users upload blogs annotated with sensed data (e.g., photos)
and their locations to a micro-blog server. In addition, Sheng
et al. provided an overview for such systems and pointed out
future research directions in [27].

However, these existing systems have the following prob-
lems: 1) PRISM [7] uses executable binaries to deliver sens-
ing tasks to mobile phones, which is platform-dependent
(Windows Mobile only) and may cause security issues and
2) energy efficiency has not been well addressed by any of
them, which, however, is the main focus of this paper.

Only few recent works addressed collaborative sensing
with uncontrollable mobile phones or sensors. In [29], the
authors introduced mechanisms for automated mapping
of urban areas that provide a virtual sensor abstraction
to applications. They also proposed spatial and temporal
coverage metrics for measuring the quality of acquired
data. In [28], the authors proposed a protocol, Aquiba, that
exploits opportunistic collaboration of pedestrians. In [26],
Sheng et al. presented algorithms for energy-efficient sensing
scheduling and showed that significant power savings can be
achieved by collaborative sensing via simulations. Incentive
mechanisms have been proposed in [31] to attract mobile
users to participate in sensing activities. The optimization

problems considered here are mathematically different from
those in these related works. Specifically, energy-efficient
sensing scheduling without accurate location information has
not been considered by any of them.

VI. CONCLUSION

In this paper, we presented a probabilistic model for sensing
coverage without accurate location information, based on
which we formally define the E-MCSS and the F-MCSS
problems. Under a strong assumption that the moving trajec-
tories of mobile users are known in advance, we presented a
(1− 1/e)-approximation algorithm and a 1/2-approximation
algorithm to solve the E-MCSS and F-MCSS problems in
polynomial time, respectively. Under realistic assumptions, we
presented a GPS-less and energy-efficient protocol for sensing
scheduling based on the proposed approximation algorithms.
It has been shown by simulation results that the proposed
protocol significantly outperforms a baseline method in terms
of coverage probability and F-MCSS-Protocol (the protocol
using the greedy algorithm for F-MCSS) can achieve a good
tradeoff between coverage and fairness (on individual mobile
phone usages). Experimental results from a field test were also
presented to validate the proposed protocol.
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