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Abstract—Wireless networks with navigation capability enable
mobile devices to both communicate and determine their positions.
Diversity navigation employing multiple sensing technologies can
overcome the limitation of individual technologies, especially when
operating in harsh environments such as indoors. To characterize the diversity of navigation systems in real environments, we
performed an extensive measurement campaign, where data from
heterogenous sensors were collected simultaneously. The performance of Bayesian navigation algorithms, relying on the particle
filter implementation, is evaluated based on measured data from
ultrawideband, ZigBee, and inertial sensors. This enables us to
quantify the benefits of data fusion as well as the effect of statistical
mobility models for real-time diversity navigation.
Index Terms—Diversity navigation, inertial devices, measurement campaign, mobility models, particle filters.

I. I NTRODUCTION

N

ETWORK NAVIGATION is a new trend on the horizon
for future mobile technology, opening doors to a variety
of navigation-based applications and services [1]. Examples
include surveillance, medical therapy, traffic management, interactive remote control, and gaming [2].
The purpose of a navigation system is to determine the
unknown position of mobile nodes (referred to as agents) based
on measurements with respect to nodes in known positions
(referred to as anchors) as well as other agents. Navigation
performance is typically given in terms of localization error
and outage (e.g., submeter localization error for at least 90%

Manuscript received June 13, 2011; revised November 3, 2012 and
December 28, 2012; accepted January 16, 2013. Date of publication August 15,
2013; date of current version February 5, 2014. This work was supported in part
by the European Commission in the scope of the FP7 ICT project SELECT
Grant 257544, by the Italian Ministero dello Sviluppo Economico under the
project WEBS, by the Italian Ministero dell’Istruzione, dell’Università e della
Ricerca under the project GRETA Grant 2010WHY5PR, by the Copernicus
Fellowship, the Defense University Research Instrumentation Program under Grant N00014-08-1-0826, by the Korean National Research Foundation
under Grant NRF-2011-220-D00076, by the National Science Foundation
under Grant ECCS-0901034, by the Office of Naval Research under Grant
N00014-11-1-0397, and by the MIT Institute for Soldier Nanotechnologies.
A. Conti and M. Guerra are with ENDIF, CNIT, University of Ferrara, 44122
Ferrara, Italy (e-mail: a.conti@ieee.org; matteo.guerra@unife.it).
D. Dardari is with DEI and WiLab, University of Bologna, 40136 Bologna,
Italy (e-mail: ddardari@ieee.org).
L. Mucchi is with the DET, University of Firenze, 50139 Firenze, Italy
(e-mail: lorenzo@ieee.org; http://lenst.det.unifi.it/~mucchi/index.html).
M. Z. Win is with the LIDS, Massachusetts Institute of Technology,
Cambridge, MA 02139 USA (e-mail: moewin@mit.edu).
Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/JSYST.2013.2260638

of positions in both space and time), as well as locationupdate rate (e.g., ten position estimates per second). These
requirements, depending on specific applications, dictate the
complexity of the navigation technique.
The most widely used solution to provide positional information is the global positioning system (GPS) which employs a
constellation of satellites. In cluttered environments (e.g., inside
buildings, in urban canyons, and under tree canopies), the GPS
performance is often degraded due to propagation impairments
such as multipath and line-of-sight (LOS) blockage. These
impairments present significant challenges to the design and
operation of indoor navigation systems.
The navigation process typically occurs in two phases:
(i) a measurement phase, during which agents make intraand/or internode measurements using different sensors, and
(ii) a location-update phase, during which agents infer their
positions based on prior knowledge and new measurements.
Intranode measurements can be obtained through inertial measurement units (IMUs), which measure orientations, accelerations, and angular velocities, while internode measurements
can be obtained through range measurement units (RMUs),
which measure received signal strength (RSS) or time-of-arrival
(TOA) of exchanged signals. Intranode measurements from
IMUs can improve the performance of navigation systems by
providing information on agents’ mobility, especially when
internode measurements exhibit a temporary outage due, for
example, to obstacles. Examples of reliable internode measurements include ultrawideband (UWB) and narrowband signals
from RMUs. Multipath resolvability of UWB signals [3]–[11]
makes UWB-TOA-based technique ideal for high-accuracy
ranging in cluttered environments [12]–[14]. ZigBee technology, designed for various wireless sensor network applications,
can be used to infer distances through RSS measurements with
low complexity [15]–[18]. The adoption of a single technology
in harsh environments is often not sufficient to satisfy the
accuracy and reliability requirement of the applications. To
overcome these limitations, the use of multiple technologies
for intra- and internode measurements is necessary, leading
to diversity navigation systems. Bayesian filtering, based on
mobility and perception models (also known as measurement
models), can efficiently combine measurements from multiple
sensors [19]. In particular, both mobility and perception models
affect the navigation performance and need to be carefully
characterized.
Recent research in localization and navigation has been carried out in three related strands, such as the following: (a) fundamental limits; (b) algorithm design; and (c) experimental
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characterization. Understanding the fundamentals of network
localization and navigation is important not only to provide
a performance benchmark but also to guide algorithm development and network design [20]–[29]. Given an underlaying
technology, the localization and navigation performance also
depends on the algorithm used [30]–[32]. The experimental
characterization enables the system design for fulfilling the
target performance in a real environment [33]–[36].
The design and analysis of diversity navigation systems in realistic environments require experiments specifically designed
for collecting data from multiple sensing measurements under a
common setting. While there are articles based on simulations
using multiple RMUs [37] or measurements with single RMU
and IMU as in [38], to the best of the authors’ knowledge,
there are no measurements from multiple RMUs and IMUs
under a common setting, with a goal of characterizing diversity
navigation systems.
In this paper, we characterize diversity navigation systems
based on real-time measurements from multiple sensors in an
indoor environment. In particular, we consider Bayesian (PFs)
which combine the following: a prior knowledge from mobility
and perception models; acceleration measurements from IMUs;
and UWB impulse radio TOA and narrowband ZigBee RSS
measurements from RMUs. The key contributions of this paper
can be summarized as follows:
• introduction of mobility and perception models based on
inertial and ranging measurements;
• comparison of mobility models under a common set of
real-time indoor measurements;
• experimental characterization of diversity navigation systems employing multiple sensing technologies.
The remainder of this paper is organized as follows. The
measurement campaign is described in Section II, Section III
presents the Bayesian navigation algorithm, and Section IV
reports the characterization of mobility and perception models
based on experimental measurements. The performance metrics
are defined in Section V, and the results of the navigation
systems are given in Section VI. The conclusion is provided
in Section VII.
II. E XPERIMENTATION S ETTING
Here, we describe the measurement campaign that enables
the comparison of various navigation techniques [39]. This
campaign also allows us to quantify the benefits coming from
different sensing technologies. In particular, we consider orientation and acceleration measurements using IMUs and UWB
impulse radio TOA and narrowband ZigBee RSS measurements
using RMUs. All measurements are taken automatically by a
small robot moving at controlled speeds along a predetermined
trajectory.
A. Measurement Setup
The experiment is performed in a typical office building
located at the University of Bologna, Bologna, Italy. The map
of the localization area, the trajectory of the robot, and the
positions of the anchors are shown in Fig. 1. Note that the
locations of the UWB anchors have been chosen to have most

Fig. 1. Experimentation environment with UWB (triangles) and ZigBee
(crosses) anchors. The trajectory of the robot is also depicted (gray curve).

of the TOA-based ranging measurements taken in non-LOS
conditions (worst case). Note also that the locations of ZigBee
anchors and their number have been chosen to have a sufficient
number of RSS-based ranging measurements taken in LOS
conditions (otherwise, adequate ranging reliability would not
be possible).
The trajectory followed by the robot can be divided into three
sections, with the total length equal to 18 m. The first section
is a straight line along the y-axis, the second is a quarter of a
circle with radius equal to 2.4 m, and the third is a straight line
along the x-axis. Two different types of motion are considered:
constant speed and variable speed. In both cases, the robot
starts moving 5 s after the beginning of the experiment. In the
constant-speed case, the robot travels the whole trajectory in
49.5 s with a speed of 0.36 m/s. In the variable-speed case, the
robot is subjected to 14 different speeds. It travels the whole
trajectory in 63.5 s with an average speed of 0.29 m/s and a
maximum speed of 0.44 m/s.
B. Sensor Characteristics
The key sensing devices used in the measurement campaign
consist of FCC-compliant UWB impulse radios, IEEE802.15.4compliant narrowband ZigBee radios, and microelectromechanical systems (MEMS) based accelerometer. A brief description
of these devices follows.
• FCC-compliant UWB devices: the UWB impulse radios
operate with 3.2-GHz bandwidth centered at 4.6 GHz with
−12.8 dBm of equivalent isotropically radiated power.
Based on a proprietary protocol, two-way TOA-based
range measurements between a pair of devices are collected every 500 ms.
• IEEE802.15.4-compliant ZigBee devices: these narrowband radios operate with 5-MHz bandwidth centered at
2.4 GHz. A total of 21 ZigBee devices are programmed
as anchor nodes, while only one device is programmed
as mobile node. Every 50 ms, the mobile node sends a
broadcast message to the anchor nodes which perform the
corresponding RSS measurements.
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Views of the (a) robot carrying measurement devices and (b) experimentation environment.

• MEMS inertial sensing device: the accelerometer has a dynamic range up to ±2g (g being the gravitational acceleration) with a 12-bit resolution. Every 2 ms, it acquires one
acceleration measurement composed of three acceleration
values, one for each axis.
A laptop is connected wirelessly to all of these devices for
recording the measurements. Fig. 2(a) shows the robot carrying
multiple sensing devices and moving along a programmed
trajectory shown in Fig. 2(b). The motion and the speed of the
robot are controlled through the laptop.
III. BAYESIAN NAVIGATION
A navigation system can be modeled as a dynamic system,
whose evolving state can include position, velocity, acceleration, and orientation. This state can be inferred from observations (i.e., the measurements) collected through multiple
sensors using Bayesian filtering [19]. We now provide a survey
on Bayesian navigation to recall the main aspects affecting the
navigation performance.

(2)
where the term fm (xk |xk−1 ) is the mobility model of the agent.
The mobility model gives the pdf of current position xk given
the previous position xk−1 , and it is related to the environment
and the mobility behavior of the agent.
When a new set of measurements is collected, the updated
belief is given via Bayes’ rule
b(xk ) = ηfp (zk |xk )b− (xk )

A. Prediction and Correction Phases
The aim of navigation is to estimate the agent state x(t) at
time t from multiple observations and prior knowledge. The
observations are collected in discrete times {tk } with interval
Δt = tk − tk−1 for all k = 1, 2, . . . , K; hence, the agent state
is updated every Δt seconds. We use the notation xk = x(t)k
and denote zk = [zk,1 , zk,2 , . . . , zk,Nk ] as the set of Nk observations at time tk .1 The Bayesian filters estimate a probability
density function (pdf) b(xk ) of xk , called belief, over the state
space conditioned on all collected observations. To illustrate,
we denote z1:k as the sequence of all observations until the time
tk . The belief b(xk ) is then defined as the pdf of the random
variable xk conditioned on all the observations up to time tk as
given by
b(xk ) = f (xk |z1:k ) .

The state xk based on observations z1:k can be estimated
from (1) via maximum a posteriori estimation. To make the
computation tractable, we consider that the dynamic system is
modeled as a first-order Markov chain [19]. This implies that
the inference of the state xk is based on the previous state
xk−1 and can be described as a succession of prediction and
correction phases.
We now discuss the prediction and the correction phases
for inferring the new state. Given the belief b(xk−1 ) =
f (xk−1 |z1:k−1 ) at time tk−1 , the predicted belief at time tk is
given by

−
b (xk ) = f (xk |z1:k−1 ) = fm (xk |xk−1 )b(xk−1 )dxk−1

(1)

1 For instance, the agent state x at time k consists of position p and
k
k
velocity vk , whose estimates will be denoted by p̂k and v̂k , respectively.

(3)

where η = 1/f (zk |z1:k−1 ) and the term fp (zk |xk ) is the
perception model of the agent. The perception model gives the
pdf of observations zk given the position xk and is related to
the environment and sensor technology.
B. Bayesian Particle Filters
Bayesian filters differ in the representation of the pdf for each
state xk . Among several implementations, those based on PFs
provide a good compromise in terms of complexity, flexibility,
and accuracy [2].
Belief computation via PFs is based on a sampling procedure
known as (SIS) [40]. The key advantage is the ability to represent an arbitrary pdf by using more particles into regions of the
state space having higher probability. The PF implementation
requires attention when applied to high-dimensional estimation
problems since the complexity grows exponentially with the
dimension of the state space.
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PFs are based on sets of samples weighted according to the
belief b(xk ) which is thus approximated as
b(xk ) ≈

Ns


wk,i δ(xk − xk,i )

(4)

i=1

where Ns is the number of particles, wk,i ≥ 0 ∀i, k is the weight
 s
for particle i at time tk such that N
i=1 wk,i = 1, and δ(·) is the
Dirac’s delta pseudofunction. The quality of the approximation
in (4) depends on the number of particles Ns . According to [40],
a way to compute (4) is given by
xk,i ∼ fm (xk,i |xk−1,i )
wk,i = wk−1,i fp (zk |xk,i )

mobility model
perception model.

(5)
(6)

After several iterations, only a few particles might have nonnegligible weight. To overcome this problem, a resampling enables
us to delete the inconsistent samples (those with negligible
weights) and to increase the number of particles with high
weights. This procedure is known as sequential importance
resempling (SIR) [40].
IV. M OBILITY AND P ERCEPTION M ODELS
We now present the mobility and perception models whose
parameters are characterized based on inertial and ranging
measurements. Our approach evaluates the belief of state xk ,
which is given by position pk , and takes the velocity vk into
account through the mobility model.
A. Mobility Models
The mobility model for each agent depends on its movement
capability in the environment and the specific application. We
consider Gaussian mobility models with conditional pdf of pk,i ,
conditioned on the previous position pk−1,i , given by2
fm (pk,i |pk−1,i ) =

1
2π|Σm |

e− 2 [(pk,i −μk,i )
1

1
2

T

Σ−1
m (pk,i −μk,i )]

(7)

where μk,i varies with the mobility model, as described in
the following, and the covariance matrix Σm accounts for
the uncertainty in the movements in a 2-D plane; thus, it is
expressed by


2
σm,x
ρ σm,x σm,y
.
(8)
Σm =
2
ρ σm,x σm,y
σm,y
We propose two mobility models based on (7), namely, mobility
with speed measurements and mobility with speed learning.
They are described in the following together with the case of
absence of mobility.
1) Mobility with speed measurement (SM). When the speed
and the direction of the motion are measured from an
2 In the absence of prior information on the real movement of the agent (i.e.,
the agent is free to move in all directions with different speeds), the Gaussian
mobility model represents a fairly general model with a tractable number of
parameters. In the presence of some prior information on the agent’s movement
(e.g., direction or speed is set by the environment), a mobility model more tight
to the real mobility would provide better performance.

IMU, the mean μk,i in (7) depends on pk−1,i , and the
speed vk−1 is measured at time tk−1 according to
μk,i = pk−1,i + vk−1 Δt .

(9)

The standard deviations σm,x and σm,y on the two axes
are computed starting from the measurement accuracy of
the IMU device.
2) Mobility with speed learning (SL). When the speed and
the direction of the motion are determined from previously estimated positions, a sliding window of Nν
previous estimated positions can be used, and the mean
μk,i in (7) is obtained as in (9) with
Nν
1 
(p̂k−j − p̂k−j−1 )
Nν Δt j=1
1
(p̂k−1 − p̂k−Nν −1 ).
=
Nν Δt

vk−1 =

(10)

We will compare the SM and SL mobility models under
the same σm,x and σm,y .
3) No mobility (NM). When the position at each instant is
estimated independently of the previous one, navigation
reduces to a sequence of independent localization steps.
Therefore, the mobility model is given by
1
1lS (pk,i )
(11)
fm (pk,i |pk−1,i ) =
|S|
where S ∈ R2 is the set of possible 2-D locations within
the experimentation area with size |S| and 1lS (p) = 1 for
p ∈ S and 0 otherwise.
B. Perception Models
(U)

We denote the coordinates of UWB anchor nodes by pn ,
(U)
for n = 1, 2, . . . , Nb , and the coordinates of ZigBee anchor
(Z)
(Z)
nodes by pm , for m = 1, 2, . . . , Nb . The observation vector
zk is defined as
 (U) 
rk
zk = (Z)
(12)
rk
(U)

(Z)

where rk and rk represent the range measurement vectors
from UWB and ZigBee anchor nodes at time tk , respectively.
We consider a perception model (6), with independent observations, given by




(U)
(Z)
fp (zk |pk,i ) =
fU rk,n |pk,i ×
fZ rk,m |pk,i (13)
(U)

(Z)

n∈Ck
(U)

m∈Ck
(U)

(Z)

(Z)

where rk,n , element of rk , and rk,m , element of rk , are
range measurements at time tk from the UWB anchor n and the
(U)
(Z)
ZigBee anchor m, respectively. The sets Ck and Ck contain
the indexes of UWB and ZigBee neighboring anchor nodes at
time tk , respectively. The likelihood functions fU and fZ are
assumed to be Gaussian distributions, resulting in


2
(U)
, σp(U)
(14)
fU rk,n |pk,i ∼ N pk,i − p(U)
n


2
(Z)
fZ rk,m |pk,i ∼ N pk,i − p(Z)
, σp(Z) . (15)
m
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V. P ERFORMANCE M ETRICS
We now define the performance metrics for characterizing
diversity navigation systems. The navigation error, at time tk ,
is given by
e(pk ) = p̂k − pk 

(19)

which represents the Euclidean distance between the estimated
position p̂k and the true position pk at time tk .
Based on (19), the navigation root mean square error
(RMSE) eRMS is defined as
eRMS =

Fig. 3. Measured RSS as a function of the true distance. Best fitting curve is
reported with P0 = −50.4 dBm and β = 3.14.
(U)

(Z)

The standard deviations σp and σp depend on the sensing
technology and can be obtained from measurements (e.g., see
the network experimentation methodology introduced in [36]).
Ranging techniques significantly affect the localization accuracy, system complexity, and system cost. We now discuss
briefly how to estimate the range from measurements obtained
with the RMUs in the experimental campaign.
In the experimental campaign, UWB nodes measure the
round-trip time τRT , which is related to the TOF τf by
τRT = 2τf + τd

r
r0

(17)

where P0 (dBm) is the power received at a distance r0 and
β is the path loss exponent. Parameters P0 and β have been
obtained through best fitting with measurements, as shown in
Fig. 3. Therefore, from measured Pr , the expression
r = r0 10−

Pr −P0
10β

(20)

where E{·} represents the statistical expectation over the ensemble of space and time. The performance can be also characterized in terms of navigation error outage (NEO) which is
defined as the navigation-error-based outage probability (OP),
which is given by4
PNEO = P {e(pk ) > eth }


= E 1l(eth ,+∞) (p̂k − pk ) .

(21)

In (21), eth is the application-dependent target (i.e., the
maximum tolerable) localization error, and 1lA (x) = 1 when
x ∈ A and 0 otherwise. The NEO can be interpreted as the
probability that the localization error at a particular position
exceeds the target localization error eth as the agent moves
along the trajectory.

(16)

where τd is the response delay of the involved node.3 The
distance r between two nodes can be determined by (τRT −
τd )c/2, where c is the speed of electromagnetic waves.
From RSS measurements between two nodes, the distance
can be estimated for a known propagation model. The presence of propagation effects such as small-scale and large-scale
fadings makes the received power stochastic. The mapping
of the RSS from a ZigBee device into a distance requires a
deterministic model, which is typically obtained by fitting the
measurements in the experimentation with appropriate regression model [16]. We consider a deterministic regression model
for which the received power Pr (the RSS in dBm) is related to
the distance r (in meters) as
Pr = P0 − 10β log

E {e(pk )2 }

VI. E XPERIMENTAL R ESULTS
This section provides results for a diversity navigation system based on measurements. Navigation accuracy is evaluated in terms of navigation RMSE eRMS and NEO PNEO ,5
as discussed in Section V, for Bayesian PFs employing the
mobility and perception models described in Section IV. In
particular, mobility models NM, SM, and SL are considered
for both cases of constant and variable speeds. The number of
particles Ns influences the accuracy of the position estimate as
well as the complexity of the algorithm. To determine a good
tradeoff between performance and complexity, we evaluate the
navigation performance with different values of Ns . In Fig. 4,
we show the NEO for different numbers of particles, employing
the mobility model SL with only UWB devices in variablespeed scenario. This result allows us to understand the benefit
of increasing the number of particles. In our evaluation, the
performance improvement saturates at a value of about Ns =
1000. The parameter settings used for the navigation algorithm
are reported in Table I, where we assume for the covariance
matrix in (8) that the coordinates are independent (i.e., ρ = 0)
with the same standard deviation σm,x = σm,y = σm .

(18)

can be used to determine the distance between the two nodes.
3 A two-way ranging protocol is employed; therefore, synchronization between the two nodes is not required [13].

4 The OP is a well-known concept in wireless communications; the similarity
with the application to location-aware networks is in evaluating the probability
that the quality of service falls below a given target value [41].
5 In the numerical results, P
NEO has to be interpreted as an outage rate in the
given mobility path shown in Fig. 1.
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Fig. 4. NEO versus eth (in centimeters) with Δt = 500 ms for different
values of Ns . The SL model is considered with σm = 0.04 m and Nν = 20.

Fig. 5. Navigation RMSE as a function of window size Nν for the UWB
system and mobility model SL. A constant-speed scenario is considered.

TABLE I
PARAMETER S ETTINGS FOR THE NAVIGATION A LGORITHM

TABLE II
NEO AND eRMS FOR THE BAYESIAN PF S W HEN O NLY THE UWB
NAVIGATION . M OBILITY M ODELS NM, SM, AND SL W ITH O PTIMUM
W INDOW S IZE A RE C ONSIDERED W ITH C ONSTANT S PEED

Fig. 6. Navigation RMSE as a function of window size Nν for the UWB
system and mobility model SL. A variable-speed scenario is considered.
TABLE III
NEO AND eRMS FOR THE BAYESIAN PF S W HEN O NLY THE UWB
NAVIGATION . M OBILITY M ODELS NM, SM, AND SL W ITH O PTIMUM
W INDOW S IZE A RE C ONSIDERED W ITH VARIABLE S PEED

The effect of the window size Nν on the navigation RMSE
eRMS for the mobility model SL is evaluated in Figs. 5 and
6 for the constant- and variable-speed cases, respectively. Experimental data are reported together with the fitting curve.
These figures show a tradeoff between the capabilities of the
SL model to filter measurement noise and to follow agent
accelerations. In fact, for lower Nν , the mobility model suffers
from measurements noise, while for higher values, the speed is
averaged over a window length that does not enable to follow
rapid accelerations. In the case of variable speed, the optimum

window size for SL is approximately Nν = 10, whereas the
navigation RMSE remains almost constant for lower values
until Nν = 7 and 8 in the case of constant speed.
The NEO and navigation RMSE for UWB technology are
reported in Tables II and III for the cases of constant speed and
variable speed, respectively. From Tables II and III, one can
see the improved navigation performance when the mobility
models SM and SL are used, especially for the case of variable
speed. The RMSE in the two tables shows how a statistical
mobility model with estimation or measurement of the speed
vector of the agent improves the navigation performance.
The NEOs of Bayesian PFs employing the mobility models
NM, SM, and SL (with optimum window size) are shown in
Figs. 7 and 8 for the cases of constant speed and variable speed,
respectively. Note that the NEO is significantly affected by the
mobility model, especially in the case of variable speed. For
example, Fig. 8 indicates that, in 80% of cases, the navigation
errors are below 35 and 43 cm for SM and SL, respectively,
while with NM, it is below 73 cm for the case of variable speed.
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Fig. 7. NEO for the UWB system. Constant-speed scenario. Three mobility
models: NM, SM, and SL with optimum window size.

Fig. 9. NEO for UWB, ZigBee, and diversity systems. A constant-speed
scenario is considered.

Fig. 8. NEO for the UWB system. Variable-speed scenario. Three mobility
models: NM, SM, and SL with optimum window size.

Fig. 10. NEO for UWB, ZigBee, and diversity systems. A variable-speed
scenario is considered.

We now present results for the ZigBee ranging unit only
and for a diversity navigation system fusing UWB, ZigBee,
and inertial measurements. In particular, Figs. 9 and 10 show
the NEO for mobility model SM in the cases of constant and
variable speeds, respectively. Note that the diversity solution
with joint use of UWB, ZigBee, and inertial sensors improves
the performance, especially in the case of variable speed. The
diversity system captures the benefits of both single technologies, especially in the case of constant speed where the ZigBee
measurements are inaccurate. Tables IV and V report the NEO
and navigation RMSE; as example in the case of variable speed,
the joint usage of the three sensing technologies ameliorates
the navigation RMSE of about 20% with respect to the UWB
or ZigBee system alone. Figure 11 and Table VI illustrate the
diversity system and the mobility models NM and SL when
both UWB and ZigBee technologies are employed. Results
show how diversity schemes lead to a larger performance
improvement in terms of both eRMS and NEO. An example

TABLE IV
NEO AND eRMS FOR THE BAYESIAN PF S W HEN UWB, Z IG B EE , AND
D IVERSITY S YSTEMS A RE E MPLOYED . M ODEL SM I S C ONSIDERED
W ITH C ONSTANT S PEED

of estimated trajectory with the diversity navigation system is
given in Fig. 12 for the case of variable speed.
VII. C ONCLUSION
Diversity navigation systems enable new applications that
require high-accuracy localization of mobile nodes even in
harsh environments. We have characterized a diversity navigation system based on measurements from multiple sensor
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Fig. 11. NEO for UWB and ZigBee technologies with models NM, SL, and
SM in variable-speed scenario. Optimum window size is considered for SL.
TABLE V
NEO AND eRMS FOR THE BAYESIAN PF S W HEN UWB, Z IG B EE , AND
D IVERSITY S YSTEMS A RE E MPLOYED . M ODEL SM I S C ONSIDERED
W ITH VARIABLE S PEED

TABLE VI
NEO AND eRMS FOR THE BAYESIAN PF S W HEN UWB AND Z IG B EE
T ECHNOLOGIES A RE E MPLOYED . M ODELS NM, SL, AND SM A RE
C ONSIDERED W ITH VARIABLE S PEED

technologies under a common setting. The navigation performance of Bayesian particle filtering of measurements from
UWB, ZigBee, and inertial sensors has been determined in
terms of navigation error and NEO. Various mobility and
perception models have been used in Bayesian filtering with
parameters determined from measurements. Our results have
shown that the diversity solution can improve the navigation
accuracy, especially with variable speed. Experimental results
provide insights on how and when mobility information can be
harnessed to ameliorate the navigation performance.
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