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Abstract Ultra-wideband (UWB) localization is a recent technology that promises
to outperform many indoor localization methods currently available. Despite its de-
sirable traits, such as precision and high material penetrability, the resolution of
non-line-of-sight (NLOS) signals remains a very hard problem and has a significant
impact on the localization accuracy. In this work, we address the peculiarities of
UWB error behavior by building models that capture the spatiality as well as the
multimodal nature of the error statistics. Our framework utilizes tessellated maps
that associate multimodal probabilistic error models to localities in space. In addi-
tion to our UWB localization strategy (which provides absolute position estimates),
we investigate the effects of collaboration in the form of relative positioning. We
test our approach experimentally on a group of ten mobile robots equipped with
UWB emitters and extension modules providing inter-robot relative range and bear-
ing measurements.

1 Introduction

Due to its large frequency spectrum, UWB is able to penetratethrough objects in
NLOS scenarios, and thus alleviates the LOS constraint imposed by other sensor
types relying on media such as infrared, ultrasound, visible light or narrow-band ra-
dio. This advantage ultimately enables localization over large ranges and in dynamic
environments [5], which makes UWB an attractive candidate for indoor applications
such as asset management, inventory tracking and assembly control, for a variety of
different industries. Nevertheless, NLOS scenarios may cause biases in the signal
propagation times, which leads to significant localizationerrors. In order to guar-
antee reliable and accurate performance, these biases needto be addressed by an
effective localization strategy.
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In this paper, we consider the problem of absolute localization of a team of
mobile robots for unknown initial conditions. We design an algorithm that works
in conjunction with a tessellated spatial error model builta priori. Our solution
targets miniaturized platforms equipped with low-power sensing modalities, and
we ultimately envision its portability onto much smaller devices such as embed-
ded/portable tags. Our localization strategy uses time-difference-of-arrival (TDOA)
measurements from two or more UWB base station pairs and on-board dead-
reckoning information. Lastly, as it is commonly known thatmulti-robot collabora-
tion is able to compensate for deficiencies in the data owned by a single robot [1, 7],
we extend our approach to include relative (inter-robot) range and bearing observa-
tions.

Recently, UWB has received some attention within the robotics community. The
studies in [2] and [4] develop probabilistic models for biased UWB range measure-
ments which are combined with on-board odometry data. Yet, both papers model
NLOS biases within augmented-state particle filters that donot take LOS/NLOS
path conditions and bias probability distributions into account explicitly, and that
depend on the motion of the mobile target. Furthermore, given the novelty of UWB
positioning systems in the robotics community, to the best of our knowledge, no
significant studies have been performed on the fusion of UWB with on-board ex-
teroceptive sensors, in the case of single-robot systems, nor any on-board relative
positioning sensors, in the case of multi-robot systems. Lastly, this work is amongst
the first to model UWB TDOA errors as a function of space.

2 Technical Approach

Our proposed method is a culmination of our ongoing researchefforts in the domain
of indoor localization, combining two main elements: an UWBsystem capable of
absolute positioning [10, 12], and a collaborative multi-robot system capable of
relative observations [8, 11].

2.1 UWB Localization

UWB is a radio technology which is characterized by its very large bandwidth com-
pared to conventional narrowband systems, and in particular features high position-
ing accuracy (due to a time resolution in the order of nanoseconds), and high mate-
rial penetrability (due to a bandwidth typically larger than 0.5 GHz). Despite these
desirable traits, the resolution of multipath signals remains a hard problem—the
complexity of implementing state-of-the-art direct signal path detection algorithms
is exacerbated by the necessity of maintaining very high sampling rates (in the or-
der of several GHz). Thus, our approach addresses the occurrence of both LOS and
NLOS signal paths by proposing a probabilistic measurementmodel that captures
this multimodal error behavior. But because NLOS biases areoriginally introduced
by the clutter in a given environment, the perceived error behavior is actually a spa-
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tial phenomenon. Thus, even if a non-spatial error model is able to represent the
error distribution in mixed LOS/NLOS signal path environments, a spatial model
will very likely produce better results. Yet, given the sharp (discontinuous) transi-
tions from LOS to potentially harsh NLOS localities in space, developing a viable
spatial UWB error model is a hard problem. The goal of this work is indeed to de-
velop such a spatial error model. Given the reasons elaborated above, we resort to
a mapping technique that allows us to tessellate space into areas, and where each
area is associated with a unique error model. Indeed, we exploit the ability of our
error model to capture and adapt to all types of UWB propagation, and spatially
customize the parametrization of this model using the underlying tessellation (to
ultimately produce a map, which can be fine-tuned according to user requirements).

When using UWB for localization, the measured quantity is time-of-flight. How-
ever, in practice, time-of-arrival (TOA) systems are rarely implemented due to the
complexity induced by the required synchronization of a mobile node with the base
stations. Instead, it is a common choice to implement time-difference-of-arrival
(TDOA) systems which are significantly more practical, since only the synchro-
nization among base stations is required. This, in turn, enables a significant minia-
turization of the emitter boards (to an order of a few centimeters in size), as well as
a reduction of the consumption power (to an order of mW).

2.1.1 Framework

We consider a pair of UWB base stations〈Bu,Bv〉, both fixed and well-localized
in an absolute coordinate system, and a robotRn at positionxn, equipped with
an UWB emitter tag. At any given time, the robotRn may receive a measured
TDOA value τ̂uv,n from any pair of base stations〈Bu,Bv〉. We denote byTn,t =
{〈τ̂uv,n,t ,〈Bu,Bv〉〉|∃〈Bu,Bv〉 ∈ B} the set of TDOA measurements received by a
robotRn at a given timet. The TDOA measurement error∆τuv,n for robotRn and
base station pair〈Bu,Bv〉 is defined as the difference between the nominal (error-
free) TDOA value at the actual robot position and the measured TDOA value

∆τuv,n(τ̂uv,n,xn) = τ̂uv,n− τuv,n(xn), (1)

whereτuv,n(xn) = ru(xn)− rv(xn), andru(xn) is the range between base stationBu

andxn. In order to model the UWB error behavior, we take account of spatiality by
defining a setMuv of NA areasMuv = {〈Aa,θθθ uv,a〉|a = 1, . . . ,NA} whereθθθ uv,a is a
parameter vector, andAa ⊂R

2. Note that the areas are disjoint
⋂

n Aa = /0 and
⋃

n Aa

covers the whole space. In other words, each areaAa is associated with a parameter
vectorθθθ uv,a, as illustrated in Figure 1(b). We refer toMuv as themap for base station
pair〈Bu,Bv〉, and denote the set of all maps asM = {Muv|∃〈Bu,Bv〉 ∈B}, where
B is the set of all base station pairs. Furthermore, we define a functionmuv :R2 7→Θ
that maps to any position in two-dimensional space a parameter vector in the finite
setΘ : muv(xn) = θθθ uv,a such that∃〈Aa,θθθ uv,a〉 ∈Muv with xn ∈ Aa. Finally, we model
the error∆τuv,n(τ̂uv,n,xn) for a given base station pair〈Bu,Bv〉 with a probability
density functionp that covers an areaAa (such thatxn ∈ Aa) and that depends on
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Fig. 1 (a) System of two robots at positionsxn, xm and two well-localized UWB base stationsBu

andBv. The figure shows the true rangesru(xn) and rv(xn) of robot Rn to the respective base
stations, as well as a segment of the hyperbola resulting from the range-difference measurement
τuv,n. The figure also depicts the relative robot rangermn = rnm, and the relative bearing valuesφmn

andφnm. (b) Distinct UWB error modelsp(∆τuv,n ;θθθuv,a) are mapped to individual areasAa.

the parameter vectorθθθuv,a. We define our error model as

p(∆τuv,n;θθθ uv,a), p(∆τuv,n(τ̂uv,n,xn);muv(xn)). (2)

Practically, we solve the problem of localizing with UWB measurements in two
steps. First, we collect a data set covering the working environment to build the
maps inM . Second, during the actual exercise, we useM to look up UWB error
models in function of the current estimated positions, and then use these models
within a localization filter to evaluate incoming UWB observations.

2.1.2 UWB Error Model

Our baseline error model [14] for the range1 between a base stationBu and a target
node (robot) at positionxn is

r̂u = ru(xn)+ ε +Ybu (3)

whereru(xn) represents the true distance,bu is a non-negative distance bias intro-
duced by a NLOS signal propagation, andε ∼ pN (0,σ2

N
) is a zero-mean Gaussian

measurement noise with varianceσ2
N

, common to all base stations. The biasbu

is modeled as a log-normal random variablebu ∼ plnN (µu,σu), supported on the
semi-infinite interval(0,∞), and which is associated uniquely to a base stationBu.
The random variableY qualifies the occurrence of a NLOS signal path and follows a
Bernoulli distribution. Explicitly, it takes the value 1 with probability(1−PLu) and
the value 0 with probability PLu , where PLu is the probability of measuring a LOS
path, and correspondingly,(1−PLu) is the probability of measuring a NLOS path.

1 The terms TOA and TDOA are used interchangeably with the terms range and range difference,
respectively, as they differ only by a constant factor (propagation speed).
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For a range error defined as

∆ru(r̂u,x) = r̂u− ru(x) (4)

the TOA measurement modelpu describes the likelihood of∆ru occurring when
a robot measures a certain range distance ˆru from a base stationBu at an actual
positionx with a nominal (actual) rangeru (we refer the reader to [12] for a detailed
derivation ofpu).

Then, in order to model TDOA instead of TOA observations, we define the dif-
ference range value (i.e. TDOA) between two base stationsBu andBv to a target
nodeRn and model the TDOA error∆τuv as previously shown in Equation 1. Given
this formalism, we can describe the probability density of agiven TDOA measure-
ment error∆τuv as the probability density of the subtraction of two random variables
drawn from the probability densitiespu andpv, describing the TOA error models of
the two respective base stations. The resulting probability density is

puv(∆τuv), (pu ∗ p−v )(∆τuv) (5)

which is a convolution of the probability density of the range error∆ru and the
mirrored probability density of∆rv (i.e., p−v (∆rv) = pv(−∆rv)).

Although numerical implementations for the TDOA measurement model of
Equation 5 are easily found, they imply nested integrals which may incur a sub-
stantial computational overhead when deploying the model on a real embedded
platform for real-time operation. Also, the model itself isanalytically non-tractable,
which causes difficulties when deriving viable estimators.For these reasons, we use
a closed-form approximation [12] to simplify the TDOA measurement model of
Equation 5 to a sum of four terms:

p(∆τuv;θθθ uv,a) =
(

PLu PLv p√2N
+ PLu(1−PLv)p−lnN ,v+

PLv(1−PLu)plnN ,u + (1−PLu)(1−PLv)p ˜N

)

(∆τuv) (6)

Here,p√2N
= pN ∗ p−

N
, andp ˜N

approximates the convolutionplnN ∗ p−lnN
with

a Gaussian that matches its moments. Hence, the parameter vectorθθθ uv,a is

θθθ uv,a = [µu,σu,µv,σv,PLu ,PLv ]
T

andµu,µv ∈ R, σu,σv ∈ R
+, and PLu ,PLv ∈ [0,1]. Finally, we note that, given some

ground truth TDOA measurement errors, the parameters of theabove equation can
be determined via an efficient Expectation Maximization algorithm (batch mode as
well as online) that maximizes their likelihood [12]. Figure 2 provides an intuition
of the multimodal nature of TDOA error data, and illustrateshow our error model
proposes to capture this. In particular, Figure 2(b) illustrates how each of the four
terms of Eq. 6 represents one of the four possible modes of operation for a base
station pair: LOS-LOS, NLOS-LOS, LOS-NLOS, and NLOS-NLOS.
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Fig. 2 (a) Example of the multimodal nature of TDOA error data, in particular those points con-
tained within the dashed box. This data was collected by a robot moving in a straight line through
an indoor environment with obstacles. (b) We consider a basestation pair〈B1,B2〉. The plot il-
lustrates the four modes which form the complete multimodalprobability density function shown
in Eq. 6. The model parameters are set to:µ1 =−0.43, µ2 =−0.2, σ1 = 0.6, σ2 = 0.7, PL1 = 0.3,
PL2 = 0.5.

2.2 Collaborative Localization and UWB

There is abundant literature discussing various strategies toward solving the multi-
robot localization problem. Our approach distinguishes itself particularly by respect-
ing the following design goals: low cost, full decentralization and scalability, and
asynchrony of relative observations [8, 12]. Given its efficiency in solving the lo-
calization problem for unknown initial conditions and its ability to accommodate
arbitrary probability density functions, our method of choice is the particle filter
(otherwise known as Monte Carlo Localization (MCL)). Our collaboration strategy
exploits associated, inter-robot relative range and bearing observations, which are
evaluated by a dedicated detection model and fused with dead-reckoning informa-
tion (e.g., odometry) to form position estimates.

We subsequently introduce an augmented system by considering both relative
positioning data as well as UWB, schematized in Figure 1(a).Essentially, we pro-
pose a baseline algorithm which fuses UWB TDOA measurementsand relative po-
sitioning measurements with dead-reckoning information.Ultimately, the goal is to
experimentally test this algorithm and provide an insight into if and how multi-robot
strategies can contribute to improving the accuracy of UWB.

2.2.1 Framework

Our multi-robot system is composed ofNR robotsR1, R2,. . . ,RNR
, each running

an individual localization filter. The belief of a robot’s pose is formulated as
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Bel(xn,t)∼ {〈x[i]n,t ,w
[i]
n,t〉|i = 1, ...,M}= Xn,t (7)

where M is the number of particles,x[i]n,t is a sample of the random variable
xn,t = [xn,t ,yn,t ,ψn,t ]

T (wherexn,t andyn,t are Euclidian coordinates andψn,t is the

orientation), andw[i]
n,t is its weight. The symbolXn,t refers to the set of particles

〈x[i]n,t ,w
[i]
n,t 〉 at timet belonging to robotRn. At any given timet, a robotRm may

make a range measurement ˆrmn,t and a bearing measurementφ̂mn,t of robot Rn.
Thus, with the knowledge of the range and bearing noise values, we define a robot
detection modelq which describes the probability that robotRm detectsRn at po-
sition xn,t , given the detection datadmn,t = 〈r̂mn,t , φ̂mn,t ,Xm,t〉, as

q(xn,t |dmn,t), q(xn,t |r̂mn,t , φ̂mn,t ,Xm,t). (8)

2.2.2 Sensor Fusion Algorithm

The routine is shown here in Algorithm 1. Line 3 shows the application of the mo-
tion model, whereun,t represents dead-reckoning information. Line 4 shows the
application of the measurement model whereTn,t represents the TDOA data. Line 5
shows the application of the robot detection model, whereDn,t = {dmn,t |Rm ∈Nn,t}
is the set of all communication messages received by robotRn. In other words, the
detected robot will apply the detection model using data received from the robots
that made the detection. A more detailed description of our robot detection model
can be found in [11]. In addition to using the robot detectionmodel for updating
the belief representationBel (xn,t), our approach relies on areciprocal sampling
method [8], shown in line 13.

Algorithm 1 MultiRobot UWB MCL(Xn,t−1,un,t ,Tn,t ,Dn,t)

1: X̄n,t = Xn,t = /0
2: for i = 1 toM do
3: x[i]n,t ← Motion Model(un,t ,x

[i]
n,t−1)

4: w←∏〈τ̂uv,n,t ,Bu ,Bv〉∈Tn,t p(∆τ̂uv,n ;muv(x
[i]
n,t ))

5: w← w[i]
t ·∏dmn∈Dn,t q(x[i]n,t |dmn)

6: X̄n,t ← X̄n,t +
〈

x[i]n,t ,w
[i]
n,t

〉

7: end for
8: for i = 1 toM do
9: r ∼ Uniform(0,1)

10: if r ≤ (1−α) then

11: x[i]n,t ∼ X̄n,t

12: else
13: x∼∏dmn∈Dn,t pmn(x|dmn)
14: end if
15: Xn,t ← Xn,t +

〈

x[i]n,t ,w
[i]
n,t

〉

16: end for
17: returnXn,t
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3 Experiments

The following section details our experimental setup. We then elaborate the practical
implementation of our framework, as introduced in Section 2.1.1.

3.1 Setup

Our experimental setup (Figure 3(a)) consists of three mainelements(i) a group of
ten mobile robots,(ii) an UWB positioning system composed of four base stations,
and(iii) two overhead cameras with overlapping views of a 5×3 m2 arena.

To perform experiments, we use ten Khepera III robots that drive randomly in the
arena at a speed of one robot size per second. The Khepera III is a differential drive
robot of 12cm diameter produced by K-Team corporation2, see Figure 4. We use the
robot with a KoreBot II extension board providing a standardembedded Linux oper-
ating system on an Intel XSCALE PXA-270 processor running at624 MHz. Com-
munication is enabled through an IEEE 802.11b wireless cardwhich is installed in
a built-in CompactFlash slot. The robot uses wheel encodersto provide odometry

(a)

CNLOS

CLOS

(b)

Fig. 3 (a) The 5×3 m2 experimental arena contains an obstacle composed of various elements
made of brick, plaster, metal, wood, and a 3 meter high tube covered in aluminum. Four UWB
base stations are mounted on the ceiling in the corners of thelab room. Two overhead cameras
provide ground truth positioning in the experimental area.(b) In an additional setup, we test the
benefits of collaboration by confining the directions of intercellular robot detections in between a
strongly occluded cell (and thus, predominantly NLOS cell,CNLOS) and a predominantly LOS cell
(CLOS).

2 http://www.k-team.com/
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Fig. 4 The Khepera III robot
is equipped with a range and
bearing extension module
which utilizes sixteen in-
frared LEDs. On top of this
board, we mounted an active
marker (LED) tracking mod-
ule, which simultaneously
carries the UWB emitter tag.

readings at 5 Hz. It also uses a relative range and bearing module [13], which is set
to provide the measurements used by the detection model at a frequency of 1 Hz.
The modules’ noise characteristics were empirically determined in our actual setup
(σr = 0.15· rmn, andσφ = 0.15 rad). We set its maximum detection range to be
1 m. Lastly, the robot is also equipped with an LED-based active marker module
for tracking that also carries the UWB emitter tag, which emits positioning pulses
at a frequency of 10 Hz. The UWB localization system employedin this work is
commercially available from Ubisense3, Series 7000 (sensors and compact tags).
It is installed on the ceiling, in the corners of our 40 m2 laboratory. The overhead
camera system runs on a central processor which also enacts the synchronization
of available ground truth positioning data with all incoming raw sensor data (from
the UWB system as well as from the robots). In order to computethe ground truth
robot positions, the camera system utilizes the open sourcetracking softwareSwis-
Track [6]. The average error of the resulting ground truth is roughly 1cm [9]).

In order to create a NLOS setting that occludes direct paths between the UWB
emitters carried by the robots and the four base stations, weinstall a cross-shaped
obstacle in our arena (see Figure 3(a)). The obstacle is 1.5 mlong, 1 m high and
20 cm thick, and is composed of several modules made of various materials (brick,
plaster, metal, wood). At its extremity, in the center of thearena, we attach a 2 m
high tube covered in aluminum. These shapes and materials are chosen in order to
realistically emulate the various effects of a typical indoor environment on UWB
propagation. Finally, Figure 3(b) shows a secondary setup,which we use to test
collaborative strategies more explicitly (as discussed later in Section 4.2).

3.2 Mapping

Since we consider three base station pairs (〈B1,B2〉, 〈B1,B3〉, 〈B1,B4〉), M is
composed of three mapsM12, M13, andM14. We use the robots to collect a data
set comprising over 50’000 TDOA valuesτ̂uv for each base station pair〈Bu,Bv〉,
and record the associated ground truth positionsx, guaranteeing full coverage of
our experimental arena. For each data pointτ̂uv, we then calculate the ground truth
TDOA valueτuv(x), which, in turn, allows us to compute the TDOA error value
∆τuv and associate it to the positionx. Figure 5 visualizes the resulting data set

3 http://www.ubisense.net
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of average TDOA error values as a function of space. We observe the higher bias
averages of up to±2 m in the vicinity of the obstacle (note that TDOA errors are
positive as well as negative). Also, we note that although this figure helps us identify
strongly biased areas, the plotted average error values do not accurately represent
the full multimodal error behavior.

We now proceed with the creation of our set of mapsM to be used by the UWB
localization algorithm. In order to build these maps, we discretize our space into
NA = 375 equally sized grid cells of dimension 0.2×0.2 m2, with at least 150 data
points per grid cell and per base station pair. For each cellAa,a∈ {1, ...,NA} defined
by our grid map, and for each of the three base station pairs, we now estimate (us-
ing Expectation Maximization, as described in Section 2.1.2) the model parameters
θ̂θθ uv,a that define a unique TDOA error model per cell. This concludesthe mapping
step, and we denote the final set of mapsMMM,375.

As a way of validating our multimodal error model, we calculate an additional
set of maps (with the same resolution as above) composed of Gaussian distributions
instead of our proposed error model (Eq. 6). Thus, in the sameway as above, we
associate a mean and variance value to each cell in each of thethree maps. The
final set of maps comprising (unimodal) Gaussian distributions is denotedMUM,375.
Furthermore, in order to test the effect of spatiality on localization performance,
we build two more sets of maps (one with our multimodal error model, and one
with Gaussians), composed of one single 5×3 m2 cell. We denote these two sets by
MMM,1 andMUM,1.
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Fig. 5 Overhead view of the experimental arena showing the averageTDOA error as a function
of space, for three base station pairs (we perform 2D smoothing with a Gaussian kernel of size 1
on a grid map of 150×250 cells, using over 50’000 UWB TDOA measurements per base station
pair). The cross shape shows the placement of the obstacle and the filled squares in the panel
corners schematically indicate the placements of the base stations with respect to the layout of the
experimental arena.
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To illustrate the concept of our mapping strategy, Figure 6 shows fits of(i) a
Gaussian probability density function, and(ii) the probability density function pro-
posed by our error model in Eq. 6, for 3 difference cell sizes,a) 0.5×0.5 m2, b)
1×1 m2 and c) 2×2 m2. We note that in all cases, the multimodal approach (as
proposed by our error model) suggests a better fit to the data.Also, we see that the
multimodal nature of the error statistics is preserved across different scales.
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Fig. 6 Normalized histograms of TDOA error data for base station pair 〈B1,B2〉. We fit a Gaus-
sian (in green) onto the data, as well as our proposed error model of Eq. 6 (in red). The data is
collected over a (a) 0.5×0.5 m2 large square, (b) 1×1 m2 large square, and (c) 2×2 m2 large
square. The areas of data collection are indicated by the shaded cells in the schematized arena, in
the top right corner of each panel.

4 Results

The paragraphs below discuss two distinct experiments.

4.1 Overall localization error

Our localization algorithm is evaluated on a data set comprising a 40 minute ex-
periment involving ten robots, initially randomly distributed over the arena. Each
robot runs Algorithm 1 with 100 particles, which are initially uniformly distributed
in the arena (this problem is otherwise known as global localization). Apart from
the modalities described in this paper, the robots use no other sensors to localize.
We discuss the localization performance in terms of the positioning error (distance
to ground truth position) of the center of mass of the particles in a robot’s belief, for
all ten robots used in the experiment. We test the four mapping strategies (Gaussian
vs. multimodal, and 1 cell vs. 375 cells) with and without collaboration—for the
non-collaborative version, we omit the robot detection model (Algorithm 1, line 5).

Figure 7 shows the localization performance as a function ofspace. We note the
irregularity of the error distribution: higher errors tendto be in the vicinity of the
obstacle. The plots indicate that our multimodal model (MMM) is better than the
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Fig. 7 The graphs show the average localization error as a functionof space, over a 40 minute
experiment with ten robots. Six different models are tested. On the top row, the robots used the
maps composed of one single cell, and on the bottom row, the robots used the maps composed
of 375 cells. The first column shows results for the Gaussian maps, the second column for the
multimodal error model maps, and the last column uses multimodal maps as well as collaboration.
The dashed line delimits the critical areaCobs around the obstacle.

Gaussian (MUM), and that a high resolution map (375 cells) is better than a very
low resolution map (1 cell). Furthermore, the results indicate that collaboration may
mitigate errors, in particular in areas prone to high errorsdue to NLOS: the bottom
right panel (MMM,375 + Coll.) shows a constant distribution of localization errors in
the order of 10 cm.

In order to better understand the performance behavior in critical (NLOS) areas,
Figure 8 discusses the localization errors measured insidethe areaCobs as marked by
a dashed line in Figure 7. Figure 8(a) summarizes the resultswithout collaboration,
in the form of boxplots. We can observe that for a fixed granularity, the multimodal
model outperforms the Gaussian model. Also, increasing themodel granularity im-
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proves localization performance. Figure 8(b) summarizes the resultswith collabora-
tion, in the form of boxplots. For three of the four cases, theperformance improves
(with a maximum improvement of 18%) with respect to the results of Figure 8(a).
In the best case (MMM,375), we have a median localization error of 7.6 cm. Finally,
for comparison, we note that the median of the maximum likelihood trilateration
estimates (computed with raw TDOA measurements) amounts to56 cm.
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Fig. 8 Localization error of all ten robots for an experimental runof 40 minutes duration. (a)With-
out collaboration. (b)With collaboration . The results are shown in the form of boxplots(25th, 50th
and 75th percentile and whiskers containing 85% of the data). Only errors inCobs are considered.

4.2 Evaluation of Collaboration

The previous section establishes that improved performance can be obtained when
collaboration is exploited. Here, we look at a more targetedexperiment to better
understand how collaboration contributes to this improvement. We use the setup
shown in Figure 3(b), with two groups of two robots each. The robots’ motion is
delimited by the cell boundaries, which simultaneously defines a new set of maps (in
this case, we denote our set of mapsMMM,2, using 2 cells of size 1 m2 each). Also, as
can be observed when comparing Figure 5 to Figure 3(b), the cell CNLOS is located
in a region where significant bias values occur (in particular for base station pair
〈B1,B2〉), whereas cellCLOS is located in a relatively benign region. Importantly,
we note that the cell boundaries are low enough to enable intercellular detections
via the relative positioning modules. This setting allows us to test the following
collaborative configurations (we remind that reader that ifrobotRm detects robot
Rn, it is robotRn that will execute the sensor fusion using detection data sent by
robotRm, see Section 2.2.2): (i) robots inCLOS detect robots inCNLOS, (ii) robots in
CNLOS detect robots inCLOS, and (iii) any detections are allowed. Figure 9(b) shows
the performances of the three variant strategies. Clearly,method(i) produces the
best results: LOS environments benefit from a high accuracy (due to an essentially
unimodal distribution with a narrow peak, as shown in Figure9(a)), and thus, it is
beneficial to allow robots inCLOS to influence the beliefs of the robots inCNLOS.
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Fig. 9 (a) Normalized histograms of TDOA error data for all base station pairs (columns) and
both cellsCLOS andCNLOS (rows). We fit our proposed error model of Eq. 6 onto the data, and
use the resulting PDF in the set of mapsMMM,2. (b) Localization error of four robots (as shown in
Figure 3(b)), employingMMM,2 and using three variant collaboration schemes, for an experimental
run of 20 minutes duration. The results are shown in the form of boxplots.

5 Experimental Insights

Although, in theory, UWB localization has the potential of providing centimeter
level accuracy, in practice, sophisticated strategies arenecessary to mitigate the ef-
fect of NLOS biases. Our experiments showed that the error behavior of time-of-
flight based UWB measurements is dependent on the configuration of the environ-
ment, and thus, can be modeled as a function of space. In conclusion, this work has
allowed us to make three main insights:(I) There is a clear benefit in terms of lo-
calization accuracy when using our multimodal error model instead of a unimodal
Gaussian error model. We have seen that even when using the lowest map granular-
ity, the multimodal model almost matches the performance ofthe unimodal, Gaus-
sian model with the highest granularity. This conclusion isadditionally strengthened
by the five-fold performance improvement over the maximum likelihood estimates.
(II) High resolution maps (i.e. with small cell sizes) result in higher localization ac-
curacy. However, it is to be assumed that low resolution mapsmay be equally good,
given that the cell separations faithfully separate LOS from NLOS areas, as well as
separate differing NLOS cells from each other.(III) A performance increase can
be obtained by fusing relative positioning information with UWB data, even when
the relative positioning data is potentially noisy. Furthermore, by identifying LOS
and NLOS cells, targeted collaboration strategies can be designed, which promise
to even further improve the localization performance.
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