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Abstract—Location-awareness enables a variety of emerging applications on mobile devices. For indoor applications, a desirable way
of obtaining real-time locations is by combining different sources of positional information, such as the inertial measurements, ranging
measurements, and map information with an infrastructure-free system that does not rely on any customized hardware. These sources
of information can be incorporated into the paradigm of network localization and navigation (NLN). However, there still lacks an
infrastructure-free localization system that applies the insights of NLN to effectively fuse different types of information. In this paper, we
present the Mercury system, which realizes the key ideas of NLN, including the exploitation of spatiotemporal cooperation and the use
of environmental knowledge. We design a real-time belief propagation algorithm to fuse inertial measurements as well as range
measurements among different users with map information. We implement this algorithm in the Mercury system formed by a network of
smartphones, and evaluate its localization accuracy through experimentation. Results show that Mercury provides reliable location
information and that combining spatiotemporal cooperation with environmental knowledge remarkably reduces the location uncertainty
of users. Moreover, the performance of Mercury is more robust to imperfect initial positional knowledge compared with that of existing
systems.
Index Terms—Cooperative networks, localization, navigation, inertial tracking, belief propagation
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INTRODUCTION

L

OCATION-AWARENESS

enables a variety of emerging
applications such as pedestrian navigation, asset tracking, crowd sensing, and social networking [1], [2], [3], [4],
[5], [6], [7]. For outdoor applications, the location information can be provided by the global navigation satellite systems (GNSSs). However, the performance of these systems is
degraded in the indoor environment due to the complicated
propagation conditions for radio frequency (RF) signals.
It remains a challenging problem how to provide accurate
and real-time location information for indoor applications.
Extensive research has been carried out on indoor localization [8], [9], [10], [11], [12]. Based on the hardware requirement, we classify existing indoor localization systems into
two categories, namely, infrastructure-based systems and
infrastructure-free systems. The former refers to systems
that include devices specially designed for localization (e.g.,
ultra-wide band (UWB) radios and ultrasound transceivers)
[13], [14], [15], [16], whereas the latter refers to systems that
consist of only commercial devices (e.g., smartphones and
tablets) and existing facilities (e.g., WiFi access points (APs)
and cellular base stations) [17], [18], [19], [20], [21], [22], [23],
[24], [25]. Between these two types of systems, the infrastructure-free ones are more amenable for wide-scale commercial
use. These systems use measurements obtained from only
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commercial devices and thus avoid additional hardware
cost. In infrastructure-free localization systems, the algorithm used for measurement fusion is critical in determining
the overall system performance.
Network localization and navigation (NLN) is a recently
proposed paradigm that can incorporate different types of
positional information provided by sensors in commercial
devices. This paradigm exploits spatiotemporal cooperation
for position inference (see Fig. 1), and has been shown to
improve localization performance [1], [2], [3], [26], [27]. Each
user obtains its positional information by making intra-user
and inter-user measurements in the temporal and spatial
domain, respectively. Intra-user measurements include the
acceleration and angular velocity of a user, and inter-user
measurements include the ranges and angles among users.
Another important source that can be exploited to improve the
localization accuracy of NLN is the environmental knowledge,
e.g., map information. In particular, if a map of the indoor
environment is available, prior position information can be
extracted from the map and the uncertainty of the user’s position can be significantly reduced (see Fig. 1) [28], [29], [30]. The
idea of exploiting spatiotemporal cooperation and environmental knowledge has been demonstrated by existing
infrastructure-free systems to some extent [29], [30], [31],
[32], [33], [34], [35], [36], [37], [38], [39], [40], [41]. In these
systems, the intra-user measurements obtained from the
inertial measurement unit (IMU) and the inter-user measurements obtained via acoustic signals are used to determine the position of the user. However, there still lacks a
unified and principled framework to fully exploit the spatiotemporal cooperation and environmental knowledge.
In this paper, we present an infrastructure-free localization system, Mercury, that incorporates the key ingredients
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xÞ of the random vector x, and
density function (PDF) fx ðx
xjyyÞ of the random vecfðx
xjyyÞ denotes the conditional PDF fxjy ðx
tor x conditioned on random vector y; x  N ðm
m; SÞ denotes that
random vector x follows the Gaussian distribution with mean m
and covariance matrix S, and gðx
x; m ; SÞ denotes its PDF; jSj
denotes the cardinality of set S.

2

SYSTEM MODEL

In this section, we present the graphical model for NLN, and
describe details on the states and measurements in this model.
This model serves as a basis for the design of Mercury.

Fig. 1. Network localization and navigation: Three mobile users (blue
dots) aim to localize themselves via temporal cooperation (green
arrows), spatial cooperation (red arrows), and environmental knowledge
(map information) in three different time instants t1 (shaded), t2 , and t3 .

of NLN, including spatiotemporal cooperation and environmental knowledge, in a principled manner. In particular,
we integrate the intra- and inter-user measurements as well
as the map information under the Bayesian framework,
design a belief propagation (BP) algorithm to infer the positions of users, and build a navigation system consisting of
only smartphones accordingly. The main contributions of
this paper are as follows.


We propose a graphical model that represents the
position, phone heading error, and the gyroscope
bias of a user as a state vertex. Compared with models where the state vertex includes only the position,
the proposed model enables more effective mitigation of the accumulated errors brought by the IMU.
 We develop a BP algorithm that fuses the inertial
measurements obtained via the IMU in smartphones,
as well as the range measurements among different
users obtained via acoustic signals.
 We fuse the map knowledge with location information from spatiotemporal cooperation by imposing
positional constraints in the dynamic model of the
BP algorithm.
 We implement a real-time navigation system on
smartphones, and demonstrate its performance
improvements compared to existing systems via
experimentation.
The remaining sections are organized as follows.
Section 2 presents the system model. Section 3 presents the
designed BP algorithm. Section 4 describes the implementation details of the infrastructure-free NLN system. Section 5
presents the experimental results. Section 6 describes the
related work. Section 7 concludes the paper.

Notation. Random variables are displayed in sans serif, upright
fonts; their realizations in serif, italic fonts. Vectors and matrices
are denoted by bold lowercase and uppercase letters, respectively.
For example, a random variable and its realization are denoted
by x and x, respectively; a random vector and its realization
xk denote the
are denoted by x and x , respectively. x T and kx
transpose and the Euclidean norm of vector x , respectively;
T
T T
x k:n represents vector ½ x T
k x kþ1 . . . x n  , where x i is a column
vector for i ¼ k; k þ 1; . . . ; n; fðx
xÞ denotes the probability

2.1 Graphical Model
Consider a network consisting of N mobile users. Each user
applies a discrete-time model so that it takes one step during each time interval. Note that at a certain time instant,
different users may have taken a different number of steps.
Suppose that the users in the network have taken k1 ; k2 ; . . . ;
kN steps, respectively, at some time instant. For a particular
user j, its positional information at the kth step is repreðjÞ
sented by a random vector xk for 0  k  kj , and this vector is called the state of the user. The trajectory of user j is
ðjÞ
then represented by the state sequence x0:kj . Let x denote
the concatenation of the state sequences of all users. The following assumptions on x are made throughout this paper:
1)
2)

The state sequences of different users are independent.
The state sequence of each user is a Markov chain.

Based on these assumptions, the joint PDF fðx
x Þ of the states
can be written as
kj
N
Y
 ðjÞ  Y
 ðjÞ  ðjÞ
f x0
f x k x k1 Þ:
fðx
xÞ ¼
j¼1

k¼1

A user makes an intra-user measurement whenever it
takes a new step, and it also makes inter-user measurements
intermittently when there are other users in its communication range with line-of-sight propagation conditions.
For a particular user j, the intra-user measurement obtained
ðjÞ
at its kth step is represented by a random vector yk for
0  k  kj . In addition, suppose that user j and user i make
an inter-user measurement at their kj th and ki th step,
ði;jÞ
respectively, and such measurement is denoted by yki ;kj .
Let y denote the concatenation of the intra- and inter-user
measurements made by all the users, and the following
assumptions on y are used throughout this paper:
1)
2)

The intra-user measurement of a user depends only
on its states of the current step and the previous step.
The inter-user measurement between two users
depends only on the states of their current steps.

Based on these assumptions, the conditional PDF fðyy jx
x Þ can
be written as
fðyy jx
xÞ ¼

Y
kj
N Y

 ðjÞ  ðjÞ ðjÞ 
f yk xk ; x k1



j¼1 k¼1
kl
ki Y
N Y
N Y
Y
 ðiÞ ðlÞ 


f y ði;lÞ

u;v x u ; x v :
i¼1 l¼iþ1 u¼1 v¼1

(1)

 ðiÞ ðlÞ 


in (1) is replaced with 1 if user i
Note that f y ði;lÞ
u;v x u ; x v
and user l do not make an inter-user measurement at their
uth and vth step, respectively. With the above assumptions
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The conditional PDF fðppk jppk1 Þ is obtained via the map
information. Specifically, we partition the area of interest
into a set of small disjoint squares and denote such set by
M ¼ f1; 2; . . . ; Mg, where M is the number of the squares.
Let cðiÞ 2 R2 denote the coordinate of the center of square i.
For two different squares i and j, if the Euclidean distance
kccðiÞ  cðjÞ k between their centers is smaller than a predefined threshold, and there are no obstacles (e.g., walls) on
the line segment connecting c ðiÞ with cðjÞ , then we say square
i is a neighbor of square j and vice versa. The presence of
obstacles can be determined based on the floor plan. For a
position p 2 R2 , let function Iðpp Þ denote the index of the
square that contains it, and let N ðpp Þ denote the index set
containing all the neighbors of square Iðpp Þ. We also define
cðpp Þ as the center of the square that contains p , i.e.,
cðpp Þ :¼ cðIðpp ÞÞ :
Fig. 2. Undirected graph describing the model of the positional states
(white circles), intra-user measurements (green circles), and inter-user
measurements (red circles) in a network consisting of three users. Inter-user
measurements are available only when users perform spatial cooperation.
Temporal cooperation messages (green arrows) and spatial cooperation
messages (red arrows) are passed between connected states.

on the states and measurements, we can describe the system
model using an undirected graph (see Fig. 2). The vertices in
the graph represent states, intra-user measurements, or
inter-user measurements.

2.2 Models for States and Measurements
We next present more details on the model of states and
measurements. We omit the the index of the user in superscripts and subscripts for notational simplicity unless otherwise noted.


T T
in the graphical model consists
The state xk :¼ pT
k vk
of the user position pk 2 R2 and a random vector vk ¼
½ wk ek T related to the errors introduced by the IMU. In particular, wk 2 R denotes the phone heading error. It represents the estimation error for the horizontal orientation,
referred to as heading, of the phone. Moreover, ek 2 R represents the gyroscope bias in the horizontal plane. The motivation of incorporating wk and ek into the state is for
mitigating the effects of the errors brought by the IMU. Specifically, the intra-user measurements are obtained via processing the inertial measurements provided by the IMU,
including acceleration and angular velocity samples (the
processing procedures are described in Section 4.2). These
measurements are affected by the errors caused by the bias
and noise in the IMU. If such errors are not appropriately
handled, the estimated phone heading and the user’s trajectory will deviate from the truth [30], [36]. To improve the
localization performance, we incorporate the phone heading error and the gyroscope bias into the state vector, and
propose a BP method to compute its distribution. With such
a distribution, the impacts of the errors on the intra-user
measurements can be mitigated.
It is assumed that sequences p0:k and v0:k are independent Markov chains,1 and thus the dynamic model
xk1 Þ can be expressed as follows:
fðx
xk jx
fðx
xk jx
xk1 Þ ¼ fðppk jppk1 Þfðvvk jvvk1 Þ:
1. We adopt the Markov model for p0:k because it does not require
assumptions on the user’s walking patterns.

(2)

It is assumed that at each step, a user moves to one of the
neighboring squares with equal probability. The conditional
PDF fðppk jppk1 Þ is thus given by
(
1
; if Iðppk Þ 2 N ðppk1 Þ
(3)
fðppk jppk1 Þ ¼ jN ðppk1 ÞjS
0;
otherwise;
where constant S is the area of each square.
The conditional PDF fðvvk jvvk1 Þ is obtained as follows.
First, wk is modeled as
wk ¼ wk1 þ ek1 Dtk þ nw
k;
2
where Dtk is the duration of the kth step, and nw
k  N ð0; s w Þ
2
is noise with known variance s w . The second term is due to
the fact that at the kth step, the gyroscope bias brings additional error of ek1 Dtk in the phone heading estimate. Second, ek is modeled as [42], [43]

ek ¼ ek1 þ nek ;
where nek  N ð0; s 2e Þ is noise with known variance s 2e . The
conditional PDF fðvvk jvvk1 Þ can thus be written as
fðvvk jvvk1 Þ ¼ gðwk ; wk1 þ ek1 Dtk ; s 2w Þgðek ; ek1 ; s 2e Þ:
The prior distribution of x0 is modeled as follows. Random variables p0 , w0 , and e0 are independent. It is assumed
that e0  N ð0; & 2e Þ with variance & 2e , whereas the distributions of p0 and w0 depend on the availability of the initial
positional knowledge. Specifically, fðpp0 Þ is assumed to be
constant in each square, and its value depends on whether
the initial position of the user is known. If the initial position
is known to be in square i 2 M, then fðpp0 Þ is
fðpp0 Þ ¼

1=S

if Iðpp0 Þ ¼ i;

0

otherwise:

If the initial position is unknown, then fðpp0 Þ is uniform in
the entire area of interest, and it can be written as
fðpp0 Þ ¼

1
:
SM

The distribution of w0 depends on whether the initial phone
heading is known. If such heading is known, there is no
error in the phone heading estimate initially, and thus

1122

IEEE TRANSACTIONS ON MOBILE COMPUTING,

w0 ¼ 0 with probability 1; otherwise we model w0 as
w0  N ð0; & 2w Þ, where & 2w is a constant.2
The intra-user measurement yk consists of the step
length measurement lk and the step direction measurement uk , i.e., yk :¼ ½ lk uk T . These measurements are
obtained via a processing of the acceleration and angular
velocity samples. It is assumed that lk and uk are independent given xk1:k , and therefore the conditional PDF
xk1:k Þ can be expressed as
fðyyk jx
fðyyk jx
xk1:k Þ ¼ fðlk jx
xk1:k Þfðuk jx
xk1:k Þ:
The measurement lk is modeled as
lk ¼ kpk  pk1 k þ nlk ;
where nlk  N ð0; s 2l Þ is noise with known variance s 2l , and
xk1:k Þ can then be written as
the conditional PDF fðlk jx
xk1:k Þ ¼ fðlk jppk1:k Þ
fðlk jx
¼ gðlk ; kppk  pk1 k; s 2l Þ:

(4)

The measurement uk is modeled as
uk ¼ ﬀ ½ pk  pk1  þ wk þ nuk ;
where nuk  N ð0; s 2u Þ is noise with known variance s 2u , and
ﬀ ½ p  is the angle of vector p 2 R2 . The second term is due
to the fact that uk is obtained based on the phone heading
estimate at the kth step, and therefore it contains the phone
xk1:k Þ can thus
heading error wk . The conditional PDF fðuk jx
be written as
xk1:k Þ ¼ fðuk jppk1:k ; wk Þ
fðuk jx
¼ gðuk ; ﬀ ½ pk  p k1  þ wk ; s 2u Þ:

(5)

ði;jÞ

The inter-user measurement yki ;kj between user i and j is the
range measurement obtained via acoustic signals. It is modeled as
ði;jÞ
ðiÞ
ðjÞ
ði;jÞ
yki ;kj ¼ pki  pkj þ nki ;kj ;
ði;jÞ

with known variance of s 2r .
where nki ;kj  N ð0; s 2r Þ is noise
ði;jÞ  ðiÞ
ðjÞ
The conditional PDF f yki ;kj x ki ; x kj can thus be written as
 ði;jÞ  ðiÞ ðjÞ 
 ði;jÞ  ðiÞ ðjÞ 
f yki ;kj x ki ; x kj ¼ f yki ;kj pki ; p kj

 ði;jÞ
ðiÞ
ðjÞ
¼ g yki ;kj ; p ki  pkj ; s 2r :

(6)

Other types of sensor measurements, such as the compass measurements and WiFi received signal strength (RSS)
measurements, can also be incorporated into the system by
extending the measurement model. For example, the compass measurement can be incorporated as follows. Consider
that yk :¼ ½ lk uk zk T . Specifically, zk is defined as zk :¼
hk  sk , where hk is the phone heading estimate based on
the acceleration and angular velocity samples, and sk is the
2. When the initial phone heading is unknown, Mercury chooses a
value in ½p; pÞ randomly according to the uniform distribution and
sets it as the initial phone heading estimate. Therefore, ½w0 p is uniformly distributed in ½p; pÞ, where ½w0 p denotes the value in ½p; pÞ
that is congruent to w0 modulo 2p. In other words, ½w0 p ¼ w0 þ 2kp,
where k is an integer such that w0 þ 2kp 2 ½p; pÞ. To facilitate the derivation of our algorithm, we make an approximation on w0 such that
w0  N ð0; &2w Þ. When & 2w > p2 , the PDF of ½w0 p is close to that of the
uniform distribution in ½p; pÞ, and such approximation is tight.
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phone heading estimate based on the compass reading. The
conditional distribution fðyyk jx
xk1:k Þ can be written as
xk1:k Þ ¼ fðlk jx
xk1:k Þfðuk jx
xk1:k Þfðzk jx
xk1:k Þ:
fðyyk jx

(7)

xk1:k Þ is obtained according to
The conditional PDF fðzk jx
the following measurement model of zk
zk ¼ wk þ nzk ;

(8)

where nzk  N ð0; s 2z Þ is noise with known variance s 2z . Equation (8) is justified as follows. The variable hk is the sum of
the true phone heading with the heading error wk , whereas
sk is modeled as the sum of the true phone heading with
noise nzk . Therefore, their difference zk ¼ hk  sk can be writxk1:k Þ is thus
ten as (8). The conditional PDF fðzk jx
fðzk jx
xk1:k Þ ¼ gðzk ; wk ; s 2z Þ:

3

(9)

MEASUREMENT FUSION WITH BELIEF
PROPAGATION ALGORITHM

In this section, we describe the BP algorithm for spatiotemporal cooperation [27], and present efficient methods for
computing the messages and beliefs when intra- and interuser measurements are available.

3.1 BP Algorithm for Spatiotemporal Cooperation
We use the BP algorithm to compute the posterior distribution
of the positional states given the available intra- and inter-user
measurements. We adopt the BP algorithm for three reasons.
First, the BP algorithm is efficient in computing such distribution based on the graphical model. In particular, the BP algorithm fuses the intra- and inter-user measurements as well as
the map constraints in a principled manner, and the uncertainty in the position estimate of each user is also taken into
account. Second, the BP algorithm facilitates the implementation of cooperation, especially spatial cooperation. Specifically,
a user exchanges information only with users in its communication range, called neighboring users, when it performs spatial cooperation. Third, the BP algorithm enables a distributed
implementation of the system. With the BP algorithm, a user
can process the measurements and estimate its position locally,
and thus a central processing unit is not required.
The posterior distribution of a state given the available
measurements in the BP algorithm is called the belief of
that
ðjÞ
ðjÞ  ðjÞ 
state, and we denote the belief of state xkj by bkj x kj .
ðjÞ  ðjÞ 
ðjÞ
Moreover, the distribution bkj pkj of pkj is obtained by
ðjÞ
marginalizing vkj out, i.e.,
Z
ðjÞ  ðjÞ 
ðjÞ  ðjÞ  ðjÞ
bkj pkj ¼ bkj xkj dvvkj :
ðjÞ  ðjÞ  ðjÞ 
ðjÞ
ðjÞ
Let bkj v kj p kj denote the conditional PDF of vkj given pkj
ðjÞ  ðjÞ 
and the available measurements. The belief bkj x kj can
then be written as
ðjÞ  ðjÞ 
ðjÞ  ðjÞ  ðjÞ  ðjÞ  ðjÞ 
bkj x kj ¼ bkj pkj bkj v kj pkj :
In the BP algorithm, the belief is computed according to the
messages passed in the graphical model (see Fig. 2) [44]. Messages are passed between connected states, and a message is a
function of the destination state. There are two types of messages in the proposed graphical model, namely temporal
cooperation messages and spatial cooperation messages. The
former are passed from one time instant to the succeeding one
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when intra-user measurements are available, whereas the latter are passed between two users performing spatial cooperation when inter-user measurements are available. The belief
of a state is proportional to the product of all the messages
ðjÞ ðjÞ
xkj Þ denote the temporal
passed to it. Specifically, let mkj ðx
ðjÞ
ðjÞ
cooperation message passed from state xkj 1 to xkj . In addiðjÞ
tion, suppose user j cooperates with users in a subset Ckj
ði;jÞ
ðjÞ
ðjÞ
f1; 2; . . . ; Ng at the kj th step, and let mki ;kj ðx
xkj Þ (i 2 Ckj )
denote the spatial cooperation
message passed from state
ðiÞ
ðjÞ
ðjÞ  ðjÞ 
xki to xkj . The belief bkj x kj can then be written as
ðjÞ

ðjÞ

xk j Þ ¼
bkj ðx

1
ðjÞ
Zkj

ðjÞ

ðjÞ

mkj ðx
xk j Þ

ðjÞ

Y
ðjÞ
i2Ck
j

ði;jÞ

ðjÞ

mki ;kj ðx
xkj Þ;

The messages and beliefs in the BP algorithm are computed in a recursive manner when new intra- and inter-user
measurements are available. When intra-user measurement
ðjÞ
ðjÞ ðjÞ
xk j Þ
y kj is available, the temporal cooperation message mkj ðx
is computed as
Z
ðjÞ ðjÞ
ðjÞ ðjÞ
ðjÞ ðjÞ
ðjÞ
mkj ðx
xkj Þ ¼ fðx
xkj jx
xkj 1 Þfðyykj jx
xkj 1 ; x kj Þ
(10)
ðjÞ  ðjÞ 
ðjÞ
 bkj 1 x kj 1 dx
xkj 1 ;

ði;jÞ

ðjÞ

Z

xkj Þ ¼
mki ;kj ðx

ði;jÞ

ðiÞ

ðjÞ

ðiÞ

the

ðiÞ

fðyyki ;kj jx
xki ; x kj Þmki ðx
xki Þ
Y
ðl;iÞ
ðiÞ
ðiÞ
mkl ;ki ðx
xki Þdx
xki :


(11)

ðiÞ

l2Ck nj
i

The integrals in (10) and (11), however, are analytically
intractable in general. To address this issue, we propose
efficient methods for computing the messages and beliefs
described in the following section.

3.2 Approximate Belief Update in the BP Algorithm
We next present an efficient method for updating the beliefs
when intra- and inter-user measurements are available. We
make a few approximations on the measurement model.
Specifically, pk and p k1 in (4) and (5) are approximated by
c ðppk Þ and cðppk1 Þ, respectively, where function cðpp Þ is
ðiÞ
ðjÞ
defined in (2). In addition, pki and pkj in (6) are approxiðiÞ
ðjÞ
mated by c ðppki Þ and cðppkj Þ, respectively. Then we have
fðlk jppk1:k Þ
fðuk jppk1:k ; wk Þ
 ði;jÞ  ðiÞ ðjÞ 
f yki ;kj p ki ; pkj

gðlk ; kccðppk Þ  cðppk1 Þk; s 2l Þ
gðuk ; ﬀ½ccðppk Þ  cðppk1 Þ þ

wk ; s 2u Þ

 ði;jÞ

ðiÞ
ðjÞ
g yki ;kj ; c ðppki Þ  cðppkj Þ ; s 2r :

will be used for designing an efficient belief update method
when intra- and inter-user measurements are available.

Proposition 1. With approximations (12), (13), and (14),
ðjÞ  ðjÞ 
bkj x kj can be expressed as
ðjÞ  ðjÞ 
ðjÞ 
ðjÞ  ðjÞ  ðjÞ 
ðjÞ 
bkj xkj ¼ bkj cðppkj Þ bkj v kj cðppkj Þ ;
for j ¼ 1;
2; . . . ; N and
kj 0, where the conditional distribuðjÞ  ðjÞ 
ðjÞ 
tion bkj v kj cðppkj Þ is a Gaussian mixture distribution, with
all its components having the same covariance matrix that
ðjÞ
does not depend on x 1:kj .

Proof. See the Appendix, which can be found on the Computer
Society Digital Library at http://doi.ieeecomputersociety.
org/10.1109/10.1109/TMC.2017.2725265.
u
t

where Zkj is a normalization constant such that
Z
ðjÞ  ðjÞ 
ðjÞ
bkj x kj dx
xkj ¼ 1:

ði;jÞ
and when inter-user measurement y ki ;kj is available,
ði;jÞ
ðjÞ
spatial cooperation message mki ;kj ðx
xkj Þ is computed as
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(12)
(13)
(14)

Note that (12), (13), and (14) are common approximations
[30], [34]. Moreover, (12), (13), and (14) are asymptotically
accurate as the size of each square goes to zero. Based
on these approximations, we show an important property
ðjÞ
xkj Þ in the following proposition. This property
of belief bkj ðx

Remark 1. Proposition 1 indicates that the approximations
(12), (13), and (14) enable the efficient computation of
ðjÞ  ðjÞ 
ðjÞ  ðjÞ 
belief bkj x kj . First, bkj x kj can be represented by the


ðjÞ 
ðjÞ  ðjÞ 
product of bkj cðlÞ and bkj v kj cðlÞ with l ¼ 1; 2; . . . ; M.



ðjÞ
ðjÞ  ðjÞ 
In particular, b cðlÞ is a scalar, and b v cðlÞ is a
kj

kj

kj

Gaussian mixture distribution parameterized by the
weights, means, and covariance matrices of its components. Second, these scalars and the Gaussian mixture
parameters can be computed easily, as shown in the
Appendix, available in the online supplemental material.

Remark 2. The proof in the Appendix, available in the
online supplemental material, considers only the step
direction and step length measurements. It can be shown
that Proposition 1 still holds when the compass measurements given by (7), (8) and (9) are incorporated. In particular, the proof is still valid with the equations for
computing the Gaussian mixture parameters modified.
An efficient method for belief update can be designed
based on Proposition 1. Consider the belief update of user j
at its kj th step, and for simplicity, assume that user j perðjÞ
forms spatial cooperation with user i, i.e., Ckj ¼ fig. The
belief update consists of two stages. In the first stage, user j
ðjÞ
ðjÞ
obtains intra-user measurements lkj and ukj . User j then
evaluates the temporal cooperation message and obtains
ðjÞ  ðjÞ 
an intermediate belief b~kj x kj represented by the product
 ðlÞ 

ðjÞ
ðjÞ  ðjÞ 
of b~kj c
and Gaussian mixture distribution b~kj v kj cðlÞ
with l ¼ 1; 2; . . . ; M (see the Appendix, available in the online
supplemental material). In the second stage, user
 j obtains
ði;jÞ
ðjÞ 
inter-user range measurements yki ;kj , sends b~kj cðlÞ to user i,

ðiÞ 
and receives b~ki cðlÞ from user i. User j then evaluates
the spatial cooperation message and obtains the updated

ðjÞ  ðjÞ 
ðjÞ 
belief bkj x kj represented by the product of bkj cðlÞ


ðjÞ  ðjÞ 
ðjÞ  ðjÞ 
and b v cðlÞ ¼ b~ v c ðlÞ with l ¼ 1; 2; . . . ; M (see the
kj

kj

kj

kj

Appendix, available in the online supplemental material).3 If
no user performs spatial cooperation with user j at its kj th
ðjÞ
step, i.e., Ckj ¼ ;, then the belief update in the second stage is


ðjÞ 
ðjÞ 
not required, and bkj cðlÞ ¼ b~kj cðlÞ .
3. The proof in the Appendix, available in the online supplemental
material, shows that inter-user measurements affect the posterior distribution of the user’s position, but they do not affect the distribution of
the phone heading error and gyroscope bias. Therefore, we have


ðjÞ  ðjÞ 
ðjÞ  ðjÞ 
bkj vkj c ðlÞ ¼ b~kj vkj c ðlÞ .
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Algorithm 1. Distributed BP Algorithm for Mercury

Fig. 3. System architecture for Mercury.

Moreover, we make three other approximations in the
belief update process to reduce the computation and communication overhead. Consider the belief update of user j at
its kj th step. First, user i sends only the largest Nc < M ele
ðiÞ 
ments in the set b~ki cðlÞ ; l ¼ 1; 2; . . . ; M to user j when performing spatial cooperation. Second, user j keeps the largest

ðjÞ 
Nb < M elements in the set bkj cðlÞ ; l ¼ 1; 2; . . . ; M , and
sets the rest to 0. Third, user j approximates the Gaussian

ðjÞ  ðjÞ 
mixture distribution bkj v kj cðlÞ by keeping Ng of its components with the largest weights, where Ng is a constant. The
computational complexity of the proposed belief update
method can be obtained as follows. Since the beliefs of Nb
squares are tracked, and for each square the parameters
of a Gaussian mixture distribution with Ng components are
computed, the total computational complexity scales as
OðNb Ng Þ.4 The efficiency of our algorithm is demonstrated
by experimental results, since desirable localization performance can be achieved with a small Ng and a reasonable Nb .
Combining the results in this section, we design a distributed BP algorithm that incorporates spatiotemporal cooperation and map information for NLN. The details of this
algorithm are presented in Algorithm 1 using user j as an
example: lines 3-18 describe the first stage of the belief update
with intra-user measurements; lines 19-24 describe the second stage of the belief update with inter-user measurements.

4

SYSTEM IMPLEMENTATION

In this section, we present implementation details of
Mercury. We first describe the system architecture, and
then show how to obtain phone orientation estimates, step
direction measurements, and range measurements.

4.1 System Architecture
Fig. 3 shows the system architecture of Mercury. In Mercury,
a Bluetooth transceiver and built-in sensors including the
IMU, speaker, and microphone are used to obtain intra- and
inter-user measurements (green and red arrows in Fig. 3).
These measurements are fused by the BP algorithm to obtain
the positional belief of a user. The location at which the maximum belief is achieved is the position estimate of the user.
4. With spatial cooperation, there is additional computational complexity for incorporating the inter-user measurements that scales as
OðNb Nc Þ. However, since spatial cooperation is performed only intermittently in Mercury, its contribution to the overall computational complexity is negligible.

ðjÞ  ðjÞ 
Input: Prior distribution b0 x 0 ; step length and direction
ðjÞ
ðjÞ
ði;jÞ
measurements lkj and ukj ; range measurements yki ;kj ;
ðjÞ  ðlÞ 
ðjÞ  ðjÞ  ðlÞ 
and bkj v kj c , for l 2 M and
Output: Belief bkj c
1  kj  K.
1: kj
1;
2: while kj  K do
3:
Compute Skj according to (20) in the Appendix, available in the online supplemental material;
4:
for all l 2 M do
5:
for all i 2 N ðccðlÞ Þ do
6:
for all m ¼ 1; 2; . . . ; Ng do
ði;mÞ
ði;mÞ
~ kj ðccðlÞ Þ according to
7:
Compute m kj ðccðlÞ Þ and a
(21) and (22) in the Appendix, available in the
online supplemental material, respectively;
8:
end for
9:
end for
10:
for all n ¼ 1; 2; . . . ; Ng jN ðccðlÞ Þj do
ðnÞ
ðnÞ
~ k ðppk Þ and m k ðppk Þ by reordering
11:
Obtain a
ði;mÞ
ði;mÞ
~ kj ðccðlÞ Þ and m
~ kj ðccðlÞ Þ as described in the
a
Appendix, available in the online supplemental
material;
12:
end for

PNg jN ðccðlÞ Þj ðnÞ ðlÞ
ðjÞ 
~ kj ðcc Þ;
13:
b~kj cðlÞ
a
n¼1
14:
for all 1  n  Ng do
PNg ðvÞ ðlÞ
ðnÞ
ðnÞ
~ kj ðcc Þ;
~ kj ðccðlÞ Þ= v¼1
a
15:
akj ðccðlÞ Þ
a

16:
17:
18:
19:
20:
21:
22:

end for

ðjÞ  ðjÞ 
bkj vkj cðlÞ

Ng
X

ðnÞ

ðnÞ

end for
ðjÞ
for all i 2 Ckj do


ðjÞ 
ðiÞ 
Transmit b~kj c ðlÞ to user i, and receive b~ki c ðlÞ
from user i;
for all l 2 M do
M

X
ðjÞ 
ðjÞ 
ði;jÞ
b~kj cðlÞ
fðyki ;kj jccðnÞ ; c ðlÞ Þ
bkj cðlÞ
n¼1

23:
24:
25:
26:

ðjÞ

akj ðccðlÞ Þgðvvkj ; m kj ðccðlÞ Þ; Skj Þ;

n¼1


ðiÞ 
 b~ki c ðnÞ ;

end for
end for
kj
kj þ 1;
end while

The IMU provides acceleration and angular velocity samples, and these samples are used to estimate the threedimensional phone orientation [45]. Based on the phone orientation estimate, the acceleration samples are transformed
from the phone coordinate system to the earth coordinate
system. The transformed acceleration samples are then
used to compute the step direction and length, which are
used as the intra-user measurements in the BP algorithm. In
Mercury, the difference between the phone heading and
the step direction, known as heading offset, is assumed to
be time-varying during the localization procedure. This
assumption is more practical compared with the assumption in existing systems that the heading offset is a constant
[34], [35], [36], since the user may rotate the phone and the
heading offset may change.
The speaker and microphone are used to transmit and
record acoustic signals, respectively, when a user performs
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spatial cooperation. Based on the recorded acoustic signal,
the user computes its range with respect to another user
[41], and the result is used as the inter-user measurement in
the BP algorithm. Moreover, the Bluetooth transceiver is
used to exchange the information that is required for the
range computation and belief update.
A map of the accessible area is pre-processed and serves
as an input for Mercury. Specifically, the borders of the accessible area are labeled, and then the area inside the borders is
partitioned into identical squares. The size of each square
affects both the localization accuracy and the computational
complexity. On the one hand, the approximations (12), (13),
and (14) become more accurate, and the localization accuracy
is higher with a smaller square size. On the other hand, a
larger number of squares are required to cover the area of
interest, and thus the computational complexity is increased.
As a tradeoff, we set the size of each square as 0.7 m 0:7 m
for the results presented in this paper.

4.2

Phone Orientation Estimation and Step
Direction Measurement
The method proposed in [45] is used in Mercury for estimating the phone orientation. In this method, a calibration term
obtained according to the acceleration samples is considered in the phone orientation estimation. However, such
calibration reduces the error only in the estimate of the
angle between the phone and the direction of the gravity.
It does not reduce the error in the horizontal orientation
estimate, i.e., the phone heading estimate. Such limitation
motivates the incorporation of the phone heading error into
the state vector.
The direction of a step is computed based on the spectrum of the acceleration samples obtained during this step
as follows. First, the acceleration samples obtained in this
step are transformed to the earth coordinate system based
on the phone orientation estimate. Then a discrete Fourier
transform (DFT) is performed on the transformed samples
to obtain their spectrum. Let a N ¼ ½ aN;0 aN;1 . . . aN;L1 T
and a W ¼ ½ aW;0 aW;1 . . . aW;L1 T denote the acceleration
spectrum of the kth step in the north and west direction,
respectively, where L is the number of acceleration samples
obtained in that step. We make a similar observation as in
[46] that the first and second frequency components,
a 1 :¼ ½ aN;1 aW;1 T and a 2 :¼ ½ aN;2 aW;2 T , capture most of
the energy in the spectrum.5 We also observe that a 1 has a
large vector component in the direction uk þ p=2 that is perpendicular to the step direction, whereas a 2 has a large vector component in the step direction uk . Based on these
observations, we compute the step direction uk by solving
the following optimization problem analytically
2  T
2 



 ;
uk ¼ arg max a T
1 e ðu þ p=2Þ þ a 2 e ðuÞ
u2½0;2pÞ

where eðuÞ :¼ ½ cos u sin u T .
The step direction measurement uk contains the phone
heading error caused by the bias and noise in the IMU, since
it is computed based on the phone orientation estimate. To
mitigate the impacts of the phone heading error, we
5. Since the number of points for the DFT is the same as the number
of acceleration samples contained in a step, the first and second frequency component correspond to the first and second harmonic of the
acceleration measurements, respectively, with the step frequency as the
fundamental frequency.
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incorporate wk and ek into the state vector xk . In addition,
while the gyroscope bias exists along all the three axes of
the phone coordinate system, only the component along the
Z-axis (i.e., the axis perpendicular to the screen of the smartphone) is considered in Mercury. The reason is explained as
follows. For simplicity, we assume that the Z-axis is perpendicular to the ground, and therefore the biases with respect
to the other two axes, X- and Y-axis, do not affect the phone
heading estimate and the step direction measurement.6
Experimental results show that incorporating the gyroscope
bias with respect to the Z-axis leads to sufficiently accurate
position estimates. Moreover, removing this assumption
and extending the system model to include the biases with
respect to all the three axes is straightforward.

4.3 Spatial Cooperation via Acoustic Signals
Users perform spatial cooperation by making range measurements and exchanging positional information. The spatial
cooperation between a pair of users, user j and user i, consists
of four stages: cooperation request, carrier sensing, acoustic
ranging, and belief exchange. User j starts the spatial cooperation by setting up a Bluetooth connection with user i. After
the connection is established, user j sends a cooperation
request to user i and waits for its response. When the response
is received, user j starts carrier sensing by turning on the
microphone to detect the presence of acoustic signals transmitted by other users. If no such signals are detected, user j
performs two-way ranging with user i by measuring the
round-trip propagation time of acoustic signals [41]. When
the ranging is finished, the two users exchange their positional
beliefs using Bluetooth, update their position estimates as
described in Algorithm 1, and close the Bluetooth connection.
If there are multiple neighboring users available, user j performs spatial cooperation with them in succession. Note that
the spatial cooperation requires only the sensors embedded
in smartphones. Moreover, since the propagation speed of
acoustic signals is slow compared to that of RF signals, desirable ranging accuracy can be achieved with the acoustic
sampling rate of a smartphone. The latency of the spatial
cooperation is as follows. The delay of the cooperation request
ranges from 300 ms to 1.8 s, and the duration of carrier sensing
is set to 400 ms. The delay of two-way ranging and belief
exchange is 1.1 s. Thus, the total delay of the spatial cooperation is moderate for typical indoor applications.

5

EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of Mercury
via experiments. The results are shown for both single-user
scenarios and multi-user scenarios.

5.1 Experiment Setup
We implement Mercury using three different types of
smartphones, namely Samsung Galaxy S4, LG Nexus 5, and
Motorola Moto X (2nd Generation). The Galaxy S4 and
Moto X models run Android version 4.4.4, whereas the
Nexus 5 model runs Android version 5.0.1. The built-in sensors in these phones are used to obtain intra- and inter-user
measurements for localization. In particular, the IMU provides acceleration and angular velocity samples at rate of
6. The aim of this assumption is only for simplifying the model of
the gyroscope biases. Our system also operates well if the Z-axis is not
perpendicular to the ground.

1126

IEEE TRANSACTIONS ON MOBILE COMPUTING,

TABLE 1
Values of Parameters in the System Model
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s 2w

& 2e ½s2 

7:62  10

5

5

2:74  10

s 2l ½m2 

s 2u

0.09

0.024
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^ k ; ﬀ ½ pk  pk1 ; s 2u Þ;
gðuk  w
s 2r ½m2 
0.036

100 Hz for the Galaxy S4 model, and 200 Hz for the Moto X
and Nexus 5 models. In the spatial cooperation, we adopt
acoustic chirp sequences consisting of 4,096 samples under
the sampling rate of 44.1 kHz for making range measurements. The duration and bandwidth of such a sequence are
93 ms and 2.2 kHz, respectively. Based on the intra- and
inter-user measurements, we obtain empirically the values
of the parameters in the system model described in Section
2.2. These values are listed in Table 1.
To evaluate the performance of Mercury, we conduct
experiments on the first floor and the sixth floor in the Stata
Center at MIT. The first floor contains large open space,
whereas the sixth floor is a typical office environment. The
accessible areas of the first and sixth floor are partitioned
into around 2,000 and 500 squares, respectively. The experiments are conducted in both single-user and multi-user scenarios. In single-user scenarios, only temporal cooperation is
available, whereas in multi-user scenarios both temporal
and spatial cooperation are available. In addition, the experiments are conducted under different settings of the prior distribution depending on whether the initial positions of the
users and the phone headings are known. If the initial position of a user is unknown, the prior distribution of its position is uniform in the area of interest, and thus we set
Nb ¼ M. If the initial position is known, we set Nb as 500 and
150 in the first and the sixth floor, respectively. Moreover, we
set Ng and Nc to 3 and 30, respectively, unless otherwise
noted (see Section 3.2 for the explanation of Nb , Ng , and Nc ).
Mercury is compared with the systems described in [30]
and [34] in the single-user scenarios, as spatial cooperation is
not considered in the compared systems. The system in [30] is
called MapCraft; the system in [34] uses the particle filtering
(PF) technique and thus is referred to as PF. Both of the compared systems require discretized maps for the areas of interest, and for a fair comparison, they both use the ones obtained
via the pre-processing described in Section 4.1. The step
length and step direction measurements obtained by Mercury
are used as the inputs of the two compared systems, and their
variances, s 2l and s 2u , are set to the same value as those in Mercury (see Table 1). Furthermore, even though WiFi RSS measurements can be incorporated in all the three systems, they
are not taken into consideration in this paper for simplicity.
In MapCraft, the posterior distribution of the user trajectory is represented by a set of functions called potential
functions. The logarithm of a potential function is the
weighted sum of several feature functions that describe the
dynamic and measurement models. We use the first two
feature functions in [30], since the other feature functions
are optional and require WiFi measurements. In particular,
the first feature function is the product of (3), (4), and

where
^k ¼
w

k1 

1 X
un  ﬀ½^
p n  p^ n1  ;
W n¼kW

with p^ n being an estimate of p n and W being a constant. In
other words, Mercury calibrates the step direction measure^ k from it in the second feament uk by subtracting the error w
^ k is computed using the position
ture function. The error w
estimates in a previous time window containing W steps.
The Viterbi algorithm is used in MapCraft to compute the
state sequence of a user that achieves the maximum posterior
distribution, and the complexity of updating the posterior
distribution at each step scales as OðNb Þ. The performance of
MapCraft depends on the value of W and the weights of the
two feature functions. In this paper, W is chosen from the set
f20; 40g. The weight 1 of the first feature function is chosen
from f0:05; 0:1; 0:2; 0:4g, and the weight of the second feature
is set to 1  1 . The best localization accuracy of MapCraft
when W , 1 , and 2 are chosen from the above values is compared with the performance of Mercury.7
In PF, the posterior distribution of a positional state is
characterized by a set of weighted particles, and the values
of these particles are chosen from a set of grids obtained via
partitioning the area of interest. When a step is detected, a
set of new particles are generated via a prediction stage,
and their weights are computed in an update stage. The particle with the largest weight is the position estimate corresponding to the detected step. Specifically, in the prediction
stage, the values of the new particles are computed based
on the connectivity of the grids in the area of interest,
whereas in the update stage, the weights of the new particles are computed according to the step direction and
length measurements. The complexity of the PF technique
scales linearly with respect to the number of particles, and
we set such number to Nb Ng so that the complexity of PF is
similar to that of Mercury.

(15)

5.2 Experimental Results in Single-User Scenarios
We first conduct experiments to evaluate the accuracy of the
step direction measurements. Specifically, a user walks along
the corridor on the sixth floor for two consecutive laps as
shown in Fig. 4a.8 The user rotates the phone horizontally by
90 degrees after finishing the first lap. Fig. 4b shows the phone
heading estimates and step direction measurements in one
experiment. First, one can observe that desirable accuracy is
obtained both before and after the phone is rotated. The average error of the step direction measurements is 8.9 degrees.
Second, it can be seen that in the first lap, the step direction
measurements and phone heading estimates are close to each
other, whereas in the second lap there is a difference of about
90 degrees between them. This demonstrates the necessity to
consider the heading offset to be time-varying.
We next evaluate the localization accuracy of Mercury in
single-user scenarios. The user walks along the trajectory
shown in Fig. 5. Fig. 5 also shows the estimated trajectory in
one experiment when the initial position and phone

Compared with (5) used by Mercury, (15) does not consider
the phone heading error wk and its impact on the step direction measurement uk . To mitigate such impact, the second
feature function is adopted in MapCraft, and it is the product of (3), (4), and

7. The feature function weights are obtained through a training process in [30]. Such a training process is not considered in this paper for
fair comparisons.
8. The floor plans used in this paper are provided by the Department of Facilities, MIT.

gðuk ; ﬀ ½ pk  p k1 ; s 2u Þ:
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Fig. 4. Phone heading estimates and step direction measurements: (a) the trajectory of the user starting at the blue dot; (b) phone heading estimates
and step direction measurements.

Fig. 5. The ground truth and estimated trajectory at the Stata Center, MIT: (a) on the sixth floor and (b) on the first floor.

heading are known. It can be seen that the estimated trajectory is very close to the ground truth.
Fig. 6 shows the cumulative distribution function (CDF)
of the localization error when the initial state of the user is
known. First, the 80th percentile of the localization error for
Mercury is 1.6 and 3.5 m in the sixth and first floor, respectively. Second, it can be seen that both Mercury and the
MapCraft system outperform the PF system. This is because
the PF system does not take the accumulated error in the
step direction measurements into account. Third, the performance on the sixth floor is better than that on the first floor.
This is because more positional constraints can be extracted
from the map information on the sixth floor.
Fig. 7 shows the CDF of the localization error when
the initial position of the user is unknown and the initial
phone heading is known. First, the 80th percentile of the
localization error for Mercury is 1.7 and 3.9 m in the sixth and
first floor, respectively. Second, since the initial position is
unavailable, the localization accuracy is degraded compared

with the scenario that the initial position is known. Fortunately, the position estimate quickly converges to the true
position after a few steps, and therefore the overall performance is almost the same.
Fig. 8 shows the CDF of the localization error when the
initial position of the user is known and the initial phone
heading is unknown. The 80th percentile of the localization
error for Mercury is 1.7 and 3.8 m in the sixth and first floor,
respectively. Compared to the MapCraft system, Mercury is
more robust to the unavailability of the initial phone heading information. In particular, the MapCraft system uses the
position estimates in a previous time window to compute
and correct the step direction measurement errors. When
the previous position estimates are close to the true positions, such errors can be corrected. However, the errors cannot be correctly computed if the previous position estimates
are unreliable, e.g., if the initial phone heading is unknown.
In contrast, Mercury does not use position estimates in a
previous window for measurement calibration directly.
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Fig. 6. The CDF of the localization error for Mercury, MapCraft, and the
PF system in the sixth (F6) and first (F1) floor. The initial position and
phone heading are known.

Fig. 8. The CDF of the localization error for Mercury, MapCraft, and the PF
system in the sixth (F6) and first (F1) floor. Only the initial position is known.

Fig. 7. The CDF of the localization error for Mercury, MapCraft, and the
PF system in the sixth (F6) and first (F1) floor. Only the initial phone
heading is known.

Fig. 9. The CDF of the localization error for Mercury and MapCraft on
the sixth floor. Neither the initial position nor phone heading is
known.

Instead, it incorporates the phone heading error in the state
vector and updates its posterior distribution when intrauser measurements are available. With such a distribution,
the effects of step direction measurement errors are mitigated when the positional belief is updated using the proposed BP algorithm. Therefore, Mercury is less sensitive to
the information of the initial phone heading.
Fig. 9 shows the CDF of the localization error when
neither the initial position nor the phone heading of the
user is known. Different values of Ng are used in this scenario. First, even when there is no information about the
initial state, Mercury still achieves 80th percentile of localization error of about 2.1 m when Ng is small. Second, the
improvement from increasing Ng is not remarkable. In
particular, the 80th percentile of localization error is 2.1
and 2.2 m when Ng is 4 and 2, respectively. Therefore, we
use a small value of Ng in Mercury.
The experimental results in single-user scenarios demonstrate the efficiency of the BP algorithm in Mercury compared
with conventional filtering techniques for indoor localization.
Specifically, we extend the state vector in Mercury by incorporating the phone heading error and gyroscope bias. Since the
conditional distribution of these two random variables given
the user’s position can be represented by a Gaussian mixture

distribution, and the parameters of such a distribution can be
computed easily, the extra computational overhead of extending the state vector is small. Compared with filtering techniques (e.g., the PF technique) whose complexity grows fast
with respect to the dimension of the state vector, our algorithm is more amenable for infrastructure-free localization
systems. In addition, experimental results show that Mercury
is more robust than MapCraft when the initial positional
knowledge is imperfect, and its computational complexity is
only slightly higher than that of MapCraft.

5.3 Experimental Results in Multi-User Scenarios
We next evaluate the localization accuracy of Mercury
in multi-user scenarios with two experiments. The first experiment is conducted on the sixth floor with user 1 and user 2,
and the second one is conducted on the first floor with user 1,
user 2, and user 3. User 1 walks along the trajectory in Fig. 5,
and user 2 and user 3 walk along the trajectories in Fig. 10.
The users perform spatial cooperation intermittently as they
walk, and the cooperation between a pair of users is represented by a red arrow in Fig. 10. In the first experiment, user 1
knows both its initial position and phone heading, whereas
user 2 knows neither. In the second experiment, user 1 knows
both its initial position and phone heading; user 2 knows only
its initial phone heading; user 3 knows neither.
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Fig. 10. The trajectories of user 2 and user 3 in the multi-user scenario: (a) on the sixth floor and (b) on the first floor. Solid red arrows represent
spatial cooperation.

Fig. 11. The CDF of the localization error for Mercury with and without spatial cooperation: (a) on the sixth floor and (b) on the first floor.

Fig. 11 shows the CDF of the localization error for the setting with and without spatial cooperation. First, desirable
localization accuracy is achieved in both experiments with
spatial cooperation. In the first experiment, the median localization error of user 1 and user 2 are 1.0 and 0.8 m, respectively; in the second experiment, the median localization
error of user 1, user 2, and user 3 are 2.3, 2.7, and 3.8 m,
respectively. Second, spatial cooperation benefits the localization performance remarkably if the initial positional state
is entirely or partly unknown. Specifically, the CDFs of the
localization error for user 2 and user 3 without spatial cooperation almost first-order stochastically dominate those with
spatial cooperation.9 Moreover, the median localization
errors of user 2 are reduced from 6.5 and 8.2 m to 0.8 and 2.7
m in the first and second experiment, respectively; the
9. A CDF F1 ðxÞ first-order stochastically dominates CDF F2 ðxÞ if
F1 ðxÞ  F2 ðxÞ for all x with strict inequality over some interval.

median localization errors of user 3 are reduced from 25.2 to
3.8 m in the second experiment.10

5.4 Evaluation on the Robustness of Mercury
We next evaluate the robustness of Mercury when the system runs for a long time period on the zeroth floor of the
Stata Center. The user trajectory has longer distance, contains more turns, and covers a larger region on the zeroth
floor compared with trajectories in experiments conducted
on the first and sixth floor. Specifically, the floor plan of the
zeroth floor is partitioned into 4,748 squares for Mercury. In
the single-user scenario, user 1 walks along the trajectory
shown in Fig. 12 for two laps with total length of 832 m. We
10. The performance of user 2 and user 3 are worse than user 1 when
the initial position and phone heading are unknown and spatial cooperation is unavailable. This is because the information extracted from the
intra-user measurements and the map is less sufficient as the trajectories of user 2 and user 3 are shorter than that of user 1.
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Fig. 13. The CDF of the localization error for Mercury in the single-user
scenario on the zeroth floor.

Fig. 12. The trajectories of user 1 – 4 on the zeroth floor. Solid red arrows
represent spatial cooperation.

evaluate the localization performance under two different
settings: the information of the initial position and phone
heading is perfectly known and unknown. In the multi-user
scenario, three additional users, user 2  4, are included in
the experiments. They walk along the trajectories for one
lap shown in Fig. 12 and perform spatial cooperation with
user 1. The initial position and phone heading of user 1 are
unknown, whereas those of user 2  4 are known. For both
the single-user and multi-user scenarios, we evaluate the
localization performance when the compass measurements
are and are not incorporated.
Fig. 13 shows the CDF of the localization error in the single-user scenario. When the initial position and phone heading are known, the 80th percentile of localization error are
3.6 and 3.8 m for the setting with and without compass
measurements, respectively. When the initial position and
phone heading are unknown, the 80th percentile of localization error are 4.1 and 4.2 m for the setting with and without
compass measurements, respectively. These results validate
the robustness of Mercury when the trajectory of the user is
complicated and the area of interest has a large size. Moreover, it can be observed that the compass measurements
can improve the localization accuracy.
Fig. 14 shows the CDF of the localization error of user 1 in
the multi-user scenario. Spatial cooperation reduces the 80th
and 90th percentile of localization errors from 4.2 and 6.5 m to
4.1 and 5.1 m, respectively, without compass measurements,
and spatial cooperation reduces these errors from 4.1 and 5.9
m to 3.8 and 4.7 m, respectively, with compass measurements.
Compared with the results obtained in the sixth and first floor
shown in Fig. 11, the performance gain of spatial cooperation
is less remarkable on the zeroth floor with a longer trajectory
of the user. This is because better localization performance is
achieved without spatial cooperation when the trajectory is
longer. In particular, with a longer trajectory, more information about the positional states of the user can be extracted
from the intra-user measurements as well the map constraints. With such information, Mercury can track the position of the user after the first several steps even when the
initial position and phone heading are unknown.

Fig. 14. The CDF of the localization error for Mercury in the multi-user
scenario on the zeroth floor.

TABLE 2
Computational Overhead of Mercury

5.5 Computational Overhead and Execution Time
We next evaluate the computational overhead and execution
time of Mercury. We measure the central processing unit
(CPU) usage and memory usage using the Android Studio
integrated development environment. We also measure the
execution time it takes for updating the position estimate
when a new step is detected. The results for Nb ¼ 150 and
Nb ¼ 500 are summarized in Table 2. It can be seen that both
the CPU usage and the execution time increase with Nb .
On the other hand, the memory usage does not change much
with Nb . Instead, it depends on the smartphone model and
the operating system version. For both values of Nb , the
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amount of used memory is below 30 MB. This shows that
the memory consumption of Mercury is moderate, as
modern smartphones have memory of no less than 1 GB. The
maximum CPU usage is below 20 percent for all the three
models. This shows that the computational overhead of
Mercury is acceptable. The execution time increases with the
parameter Nb , and it is below 220 ms for all the three models.
This verifies that Mercury is responsive and is able to provide position estimates in real time.

6

RELATED WORK

In this section, we present related work on navigation with
inertial measurements and spatial cooperation with range
measurements.

6.1 Navigation with Inertial Measurements
Inertial measurements provide information about the movement of a user [29]. They contain errors caused by gyroscope bias and noise, and these errors can degrade the
localization performance remarkably if they are not handled
appropriately. Different methods have been proposed to
obtain position estimates using inertial measurements and
mitigate the effects of the errors.
Most existing methods formulate the navigation problem
with inertial measurements within the Bayesian estimation
framework. In such a framework, the joint distribution of
the positional states and the measurements are described
with a dynamic model, a measurement model, and a prior
distribution model [47]. Based on these models, the Bayesian filtering techniques are applied to compute the posterior
distribution of the current positional state given the available measurements. The Kalman filtering method is an efficient technique for determining such a distribution [38],
[42], [48]. In this method, the posterior distribution of the
positional state is approximated by a Gaussian distribution.
The mean and covariance matrix characterizing the Gaussian distribution are updated when new measurements are
available. Moreover, the zero-velocity update (ZUPT)
method can be applied to mitigate the impact of the errors
in the inertial measurements [42], [48]. This method calibrates the posterior distribution of the positional state when a
user’s foot is detected to strike the ground. However, this
method requires that a user mounts an IMU onto its shoes
and thus its practicality is limited. In addition, since the posterior distribution of the user’s position is approximated by
a Gaussian distribution, it is non-trivial to incorporate the
map information appropriately.
Another method for inferring the posterior distribution of
a user’s position is the PF technique [29], [34], [35], [37]. In
this method, the state vector contains the user’s position, and
its posterior distribution is approximated by the weighted
sum of Dirac delta functions. These Dirac delta functions are
also referred to as particles. The map information can be
incorporated into this method to combat the inertial measurement errors. In particular, the weights of particles that
do not satisfy the map constraints are set to zero [29], [35].
The computational complexity of the PF technique depends
on the number of particles used to approximate the actual
distribution of the state. This number grows fast with the
dimension of the state if one needs a tight approximation
[29]. Therefore, it is non-trivial to incorporate extra variables,
such as the phone heading error and gyroscope bias, into the
state vector with moderate computational overhead.
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Recently it has been shown that the navigation problem
can be formulated using the graphical model of conditional
random field (CRF) [30]. In this model, the posterior distribution of the positional states is represented by a set of
functions called feature functions describing the relation
between the measurements and the states. To mitigate the
effects of the inertial measurement errors, the position estimates in a previous time window is used to calibrate the step
direction measurements, as described in Section 5.1. Little is
known on how to incorporate spatial cooperation into the
framework of CRF.

6.2 Spatial Cooperation
It has been shown that spatial cooperation among different
users can benefit the localization performance remarkably
[2], [3], [26]. A widely adopted technique for realizing spatial cooperation is UWB radio [3], [13], [48], [49], [50]. This
technique requires customized hardware to provide accurate range measurements between users. However, due
to the limited hardware capability of smartphones, it is difficult to obtain range measurements using RF signals.
Another technique to realize spatial cooperation is employing acoustic signals for making inter-user measurements
[39], [40], [41], [51], [52]. Since acoustic signals propagate
more slowly than RF signals, desirable inter-user measurements can be obtained through two-way ranging with only
a pair of smartphones.
The inter-user measurements can be fused with other
types of measurements in different manners [38], [39], [40],
[48], [51], [53]. In [39], a pair of users send the range measurements between them as well as their own displacement
measurements obtained via IMU to a server periodically.
The server combines the measurements sent by each pair of
users, computes their geometric relationship, and determine
their relative positions. In [40], the inter-user range measurements are combined with WiFi RSS measurements for
improved localization accuracy. In particular, a user first
estimates its position using the fingerprinting method
according to the WiFi RSS measurements. The user then
makes range measurements with neighboring users via
acoustic signals, and calibrates its position estimate accordingly. In [51] and [53], the BP method is adopted for processing inter-user measurements and obtaining user’s positions
in scenarios where users are static. Specifically, in [51], a
server collects all the range measurements made by neighboring users and runs a centralized BP method to infer users’
positions. In [53], a user exchanges positional beliefs with
neighboring users, and adopts the distributed BP method to
estimate its position. Even though the BP method is applied
in these two papers, the movement of users is not taken into
account. The Kalman filtering technique has also been
applied for incorporating the spatial cooperation. In [38], a
user performs spatial cooperation by broadcasting sinusoid
acoustic signals periodically and detecting the signals transmitted by its neighboring users. The frequency of the acoustic signal sent by a user is associated with the estimate of the
user’s position. Therefore, a user can determine the position
estimates of its neighboring users according to the signals it
receives. The average of the neighboring users’ position estimates is then used as a measurement of the user’s own position in the Kalman filtering technique. In [48], a user makes
range measurements opportunistically using UWB radios.
The range measurements and the inertial measurements

1132

IEEE TRANSACTIONS ON MOBILE COMPUTING,

obtained from a shoe-mounted IMU are fused using the Kalman filtering technique to estimate the user’s position. The
map information is not taken into account in [38] and [48].

7

CONCLUSION

In this paper, we presented Mercury, a network localization and navigation system consisting of only smartphones. This system exploits positional information from
spatiotemporal cooperation and environmental knowledge
in a principled manner. In particular, we designed a graphical model and developed a BP algorithm accordingly. In the
graphical model, each state vertex represents a user’s
position, the phone heading error, and the gyroscope bias.
The proposed BP algorithm fuses intra-user measurements
and inter-user measurements, where the former includes
acceleration and angular velocity samples via IMU, and the
latter includes range measurements via acoustic signals.
We fused the map information into the BP algorithm by
imposing positional constraints. Extensive experiments
were carried out in both single-user and multi-user scenarios and the performance of Mercury was compared with
that of existing systems. In the singer-user scenario, the
80th percentile of the localization error in the sixth and first
floor of the Stata Center is 1.6 and 3.5 m, respectively. Moreover, the performance of Mercury is more robust than that
of existing systems in the presence of imperfect initial positional knowledge. In multi-user scenarios, the localization
performance is remarkably improved by spatial cooperation, especially for users whose initial positional knowledge is entirely or partly unknown. Mercury is a prototype
of NLN implemented with only smartphones, and the
results demonstrate its advantages thanks to the exploitation of spatiotemporal cooperation as well as environmental knowledge.
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