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Abstract Ultra-wideband (UWB) localization is a recent technologgttpromises
to outperform many indoor localization methods currentigikable. Despite its de-
sirable traits, such as precision and high material pebitya the resolution of
non-line-of-sight (NLOS) signals remains a very hard peobband has a significant
impact on the localization accuracy. In this work, we adsdlrtb® peculiarities of
UWB error behavior by building models that capture the spiagi as well as the
multimodal nature of the error statistics. Our frameworkiags tessellated maps
that associate multimodal probabilistic error models talities in space. In addi-
tion to our UWB localization strategy (which provides ahgelposition estimates),
we investigate the effects of collaboration in the form datiee positioning. We
test our approach experimentally on a group of ten mobil®tokquipped with
UWB emitters and extension modules providing inter-roletdtive range and bear-
ing measurements.

1 Introduction

Due to its large frequency spectrum, UWB is able to penetrataugh objects in
NLOS scenarios, and thus alleviates the LOS constraint segbdy other sensor
types relying on media such as infrared, ultrasound, \&dight or narrow-band ra-
dio. This advantage ultimately enables localization oasge ranges and in dynamic
environmentsﬂS], which makes UWB an attractive candidatéidoor applications
such as asset management, inventory tracking and asseomtglc for a variety of
different industries. Nevertheless, NLOS scenarios mage&diases in the signal
propagation times, which leads to significant localizagorors. In order to guar-
antee reliable and accurate performance, these biasedméedaddressed by an
effective localization strategy.
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In this paper, we consider the problem of absolute locatinadf a team of
mobile robots for unknown initial conditions. We design dgoaithm that works
in conjunction with a tessellated spatial error model bailpriori. Our solution
targets miniaturized platforms equipped with low-powensieg modalities, and
we ultimately envision its portability onto much smallenviges such as embed-
ded/portable tags. Our localization strategy uses tinfferdince-of-arrival (TDOA)
measurements from two or more UWB base station pairs andoardbdead-
reckoning information. Lastly, as it is commonly known thatlti-robot collabora-
tion is able to compensate for deficiencies in the data owgeddingle robolf[lll]?],
we extend our approach to include relative (inter-robatgeand bearing observa-
tions.

Recently, UWB has received some attention within the ralsatommunity. The
studies in|[2] and]4] develop probabilistic models for leid4JWB range measure-
ments which are combined with on-board odometry data. Yt papers model
NLOS biases within augmented-state particle filters thahdbtake LOS/NLOS
path conditions and bias probability distributions inte@ant explicitly, and that
depend on the motion of the mobile target. Furthermore ygilre novelty of UWB
positioning systems in the robotics community, to the bésiu knowledge, no
significant studies have been performed on the fusion of UWB an-board ex-
teroceptive sensors, in the case of single-robot systeansany on-board relative
positioning sensors, in the case of multi-robot systemstly,zahis 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 resesffolts in the domain

of indoor localization, combining two main elements: an U\&B&tem capable of
absolute positionindﬂdﬂlZ], and a collaborative muitbot system capable of
relative observations|[8, 111].

2.1 UWB Localization

UWSB is a radio technology which is characterized by its vargé bandwidth com-
pared to conventional narrowband systems, and in partitedéures high position-
ing accuracy (due to a time resolution in the order of nanmsés), and high mate-
rial penetrability (due to a bandwidth typically larger tha.5 GHz). Despite these
desirable traits, the resolution of multipath signals remma hard problem—the
complexity of implementing state-of-the-art direct sippath detection algorithms
is exacerbated by the necessity of maintaining very highpdiamrates (in the or-

der of several GHz). Thus, our approach addresses the eocerof both LOS and
NLOS signal paths by proposing a probabilistic measuremmrtel that captures
this multimodal error behavior. But because NLOS biase®&gnally introduced

by the clutter in a given environment, the perceived errdiaveor is actually a spa-
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tial phenomenon. Thus, even if a non-spatial error modeble # represent the
error distribution in mixed LOS/NLOS signal path enviromtge a spatial model
will very likely produce better results. Yet, given the ghédiscontinuous) transi-
tions from LOS to potentially harsh NLOS localities in spadeveloping a viable
spatial UWB error model is a hard problem. The goal of thisknsrindeed to de-
velop such a spatial error model. Given the reasons elaabedtove, we resort to
a mapping technique that allows us to tessellate space iat&saand where each
area is associated with a unique error model. Indeed, weixpé ability of our
error model to capture and adapt to all types of UWB propagatnd spatially
customize the parametrization of this model using the uUyiher tessellation (to
ultimately produce a map, which can be fine-tuned accordingér requirements).

When using UWB for localization, the measured quantityrisetiof-flight. How-
ever, in practice, time-of-arrival (TOA) systems are naigiplemented due to the
complexity induced by the required synchronization of a ileafiode with the base
stations. Instead, it is a common choice to implement tinfferénce-of-arrival
(TDOA) systems which are significantly more practical, siromly the synchro-
nization among base stations is required. This, in turnbleseaa significant minia-
turization of the emitter boards (to an order of a few centarein 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 statiofi#,, %,), both fixed and well-localized

in an absolute coordinate system, and a roffqtat positionx;,, equipped with

an UWB emitter tag. At any given time, the robat, may receive a measured
TDOA value iy, from any pair of base stations#,, %y). We denote byl =
{(Twnt, (Bu, Bv))|3(Bu, By) € B} the set of TDOA measurements received by a
robotZ, at a given time.. The TDOA measurement errd, for robotZ%, and
base station pait#., %) is defined as the difference between the nominal (error-
free) TDOA value at the actual robot position and the measTEROA value

ATuv,n(fuv,n,Xn) = fuv,n - Tuv,n(xn), (1)

whereTyn(Xn) = ru(Xn) — rv(Xn), @andry(xy) is the range between base statigp
andx,. In order to model the UWB error behavior, we take accounpatislity by
defining a set#,y of Na areas#Zy = {(Aa, Owa)la=1,...,Na} whereBya is a
parameter vector, amd, C R?. Note that the areas are disjoing Aa = 0 andU,, Aa
covers the whole space. In other words, each Agda associated with a parameter
vectorBya, as illustrated in Figurfe I(p). We refer.tdy as themap for base station
pair (Ay, Ay), and denote the set of all maps @ = {.Z|3(%., Bv) € B}, where
B is the set of all base station pairs. Furthermore, we definactibnmy, : R? — ©
that maps to any position in two-dimensional space a pasmettor in the finite
set® : Myy(Xn) = Oua such thaB(Aq, Bua) € Ay With Xn € Aa. Finally, we model
the errorAtyyn(Twn, Xn) for a given base station paigd,, %y) with a probability
density functionp that covers an arefy (such thatx, € A;) and that depends on
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Fig. 1 (a) System of two robots at positiorg, Xm and two well-localized UWB base statiog4,
and 4. The figure shows the true rangegx,) andry(x,) of robot %, to the respective base
stations, as well as a segment of the hyperbola resulting free range-difference measurement
Tun- The figure also depicts the relative robot rangge= rnm, and the relative bearing valugs,
and ¢ghm. (b) Distinct UWB error model(A Tun; Ou.a) are mapped to individual areas.

the parameter vectd,, ». We define our error model as

P(ATuyn; euv,a) £ p(A Tuv,n(fuv,n,xn); My (Xn))- (2)

Practically, we solve the problem of localizing with UWB nsesements in two
steps. First, we collect a data set covering the workingrenment to build the
maps in.# . Second, during the actual exercise, we ugeto look up UWB error
models in function of the current estimated positions, dahtuse these models
within a localization filter to evaluate incoming UWB obsations.

2.1.2 UWB Error Model

Our baseline error modéﬂll4] for the rar%between a base statiod, and a target
node (robot) at positiory, is

fu = ru(Xn)+£+Ybu (3)

wherer,(x,) represents the true distandg,is a non-negative distance bias intro-
duced by a NLOS signal propagation, and p_s (O, UEV) is a zero-mean Gaussian
measurement noise with variano8,, common to all base stations. The blas

is modeled as a log-normal random variable~ pin_s (Hu, Ou), Supported on the
semi-infinite interval 0, «), and which is associated uniquely to a base sta#ign
The random variablg qualifies the occurrence of a NLOS signal path and follows a
Bernoulli distribution. Explicitly, it takes the value 1 thiprobability(1 — P.,) and

the value 0 with probability R, where R, is the probability of measuring a LOS
path, and correspondingl{l — P.,) is the probability of measuring a NLOS path.

1 The terms TOA and TDOA are used interchangeably with thesesnge and range difference,
respectively, as they differ only by a constant factor (aggtion speed).
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For a range error defined as
Aru(fu,x) = f\u - ru(x) (4)

the TOA measurement modp|, describes the likelihood oir, occurring when
a robot measures a certain range distancgom a base stationd, at an actual
positionx with a nominal (actual) rangg (we refer the reader tﬂhZ] for a detailed
derivation ofpy).

Then, in order to model TDOA instead of TOA observations, wére: the dif-
ference range value (i.e. TDOA) between two base statignand %, to a target
nodeZ, and model the TDOA errak 1, as previously shown in Equatibh 1. Given
this formalism, we can describe the probability density gieen TDOA measure-
ment erroA Ty, as the probability density of the subtraction of two rand@mables
drawn from the probability densitigs, and py, describing the TOA error models of
the two respective base stations. The resulting probgpbidinsity is

Pu(ATw) = (Pu* Py ) (ATw) 5)

which is a convolution of the probability density of the rangrrorAr, and the
mirrored probability density afiry (i.e., p, (Ary) = pu(—A4Ary)).

Although numerical implementations for the TDOA measuretmmodel of
Equatiorb are easily found, they imply nested integralsctvimay incur a sub-
stantial computational overhead when deploying the modeh aeal embedded
platform for real-time operation. Also, the model itsel&isalytically non-tractable,
which causes difficulties when deriving viable estimatbm.these reasons, we use
a closed-form approximatimﬁllZ] to simplify the TDOA meemment model of
Equatiorib to a sum of four terms:

pP(Atyy; euv,a) = (PLu PL, p\/zJV—’— P, (1-P) pl?L/V,V—i_

PL(1= )Py u+ (1= RL)(A-PLP7) (BTw)  (6)

Here,p 5 , = p.» *x p_,, andp ; approximates the convolutiqun s * py, , with
a Gaussian that matches its moments. Hence, the parameter g, » is

euv,a = [Uu, Ou, My, Ov, P, PLV]T
andpy, iy € R, oy, 0y € R*, and R, P, € [0, 1]. Finally, we note that, given some
ground truth TDOA measurement errors, the parameters aflibee equation can
be determined via an efficient Expectation Maximizatioroalthym (batch mode as
well as online) that maximizes their IikelihodﬂlZ]. Figl@ provides an intuition
of the multimodal nature of TDOA error data, and illustratesv our error model
proposes to capture this. In particular, Figure R(b) itatsts how each of the four
terms of Eq[b represents one of the four possible modes ahtipe 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, intigalar those points con-
tained within the dashed box. This data was collected by atnoloving in a straight line through
an indoor environment with obstacles. (b) We consider a btg®n pair(%1, %>). The plot il-
lustrates the four modes which form the complete multimgdabability density function shown
in Eq.[@. The model parameters are seftp= —0.43, u, = —0.2, 0; = 0.6, 0 = 0.7, R, =03,
P, =0.5.

2.2 Collaborative Localization and UWB

There is abundant literature discussing various stragdgigard solving the multi-
robot localization problem. Our approach distinguishedftparticularly by respect-
ing the following design goals: low cost, full decentratina and scalability, and
asynchrony of relative observations |[§] 12]. Given its éficy in solving the lo-
calization problem for unknown initial conditions and itsildy to accommodate
arbitrary probability density functions, our method of @wis the particle filter
(otherwise known as Monte Carlo Localization (MCL)). Ouilaboration strategy
exploits associated, inter-robot relative range and hgasbservations, which are
evaluated by a dedicated detection model and fused with-geskabning informa-
tion (e.g., odometry) to form position estimates.

We subsequently introduce an augmented system by consjdeoith relative
positioning data as well as UWB, schematized in Fijure] Eaentially, we pro-
pose a baseline algorithm which fuses UWB TDOA measurenatselative po-
sitioning measurements with dead-reckoning informatiditimately, the goal is to
experimentally test this algorithm and provide an insight if and how multi-robot
strategies can contribute to improving the accuracy of UWB.

2.2.1 Framework

Our multi-robot system is composed N, robots%1, #>,...,%n,,, €ach running

an individual localization filter. The belief of a robot's g®is formulated as
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Bel (Xnt) ~ { (X, Wa) i = L., M} =Xt W

where M is the number of particlesxﬂ]t is a sample of the random variable
Xnt = [Xnt,Ynt, l,Un,t]T (wherexat andyn; are Euclidian coordinates anjgh; is the
orientation), andN,[Ht is its weight. The symboK,; refers to the set of particles
(xmt,wmt) at timet belonging to robot#,. At any given timet, a robot%Z, may
make a range measuremehh and a bearing measuremahﬁn,t of robot %.
Thus, with the knowledge of the range and bearing noise salue define a robot
detection moded) which describes the probability that rob@t, detects#, at po-
sition xnt, given the detection dathmt = (Frnt, @t Xmt), as

q(Xnt|dmnt) 2 q(Xnt|Frng, G, Xmt)- (8)

2.2.2 Sensor Fusion Algorithm

The routine is shown here in Algorithioh 1. Lihe 3 shows the aibn of the mo-
tion model, whereun; represents dead-reckoning information. Lide 4 shows the
application of the measurement model whérerepresents the TDOA data. Lihk 5
shows the application of the robot detection model, witsre= {dmt|%m € a1}

is the set of all communication messages received by r@hotn other words, the
detected robot will apply the detection model using dat&ixed from the robots
that made the detection. A more detailed description of obot detection model
can be found in@l] In addition to using the robot detectioadel for updating
the belief representatioBel (xnt), our approach relies on r&ciprocal sampling
method [8], shown in linE3.

Algorithm 1 MultiRobot UWBMCL(Xnt-1,Unt, Tnt,Dny)

1 Xt =Xt =0
2: forl_ltono
Xm + Motion_ Model(um7 nt 2

3:

4 we |_| Tuvnt B, BT p(A Tun; mw(xwt))
5 wew Mdunebn: d (Xr:t\dmn)
6

7

8

: Xn,t — Xat+ <XE117WLI]1>
. end for
: fori=1toM do
9:  r~Uniform(0,1)
10 ifr<(1- a) then

11: X ~ Xt

12: dse

13: X~ [NdneDns Prn(X|dn)
14:  endif :

150 X e Yo+ (X whl )
16: end for

17: returnX
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3 Experiments

The following section details our experimental setup. Vémtblaborate the practical
implementation of our framework, as introduced in Sediidn®

3.1 Setup

Our experimental setup (Figure 3(a)) consists of three mi@mentgi) 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&85r? arena.

To perform experiments, we use ten Khepera lll robots thaedandomly in the
arena at a speed of one robot size per second. The Khepesa ldlifferential drive
robot of 12cm diameter produced by K-Team corpor&ieae FigurEl4. We use the
robot with a KoreBot Il extension board providing a standartedded Linux oper-
ating system on an Intel XSCALE PXA-270 processor running2zt MHz. Com-
munication is enabled through an IEEE 802.11b wireless widh is installed in
a built-in CompactFlash slot. The robot uses wheel encadepsovide odometry

(@ (b)

Fig. 3 (a) The 5¢3 n? experimental arena contains an obstacle composed of sagiements
made of brick, plaster, metal, wood, and a 3 meter high tulered in aluminum. Four UWB
base stations are mounted on the ceiling in the corners datheoom. Two overhead cameras
provide ground truth positioning in the experimental a@y.In an additional setup, we test the
benefits of collaboration by confining the directions of in&lular robot detections in between a
strongly occluded cell (and thus, predominantly NLOS &&l},0s) and a predominantly LOS cell

(CLos)-

2 http://www.k-team.com/
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Fig. 4 The Khepera Ill 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 bearinglm@], which is set

to provide the measurements used by the detection modelratjaeincy of 1 Hz.
The modules’ noise characteristics were empirically aeteed in our actual setup
(or =0.15-rm, and g, = 0.15 rad). We set its maximum detection range to be
1 m. Lastly, the robot is also equipped with an LED-basedsaatiarker module
for tracking that also carries the UWB emitter tag, which snpiositioning pulses
at a frequency of 10 Hz. The UWB localization system employethis work is
commercially available from UbisenBe Series 7000 (sensors and compact tags).
It is installed on the ceiling, in the corners of our 48 taboratory. The overhead
camera system runs on a central processor which also ehacsytchronization

of available ground truth positioning data with all incomiraw sensor data (from
the UWB system as well as from the robots). In order to comthéeaground truth
robot positions, the camera system utilizes the open sartacking softwareSwis-
Track [lé]. The average error of the resulting ground truth is rdydlem E]).

In order to create a NLOS setting that occludes direct pagiwden the UWB
emitters carried by the robots and the four base stationsnstall a cross-shaped
obstacle in our arena (see Fig{ire B(a)). The obstacle is 1dhgy 1 m high and
20 cm thick, and is composed of several modules made of varnmterials (brick,
plaster, metal, wood). At its extremity, in the center of #rena, we attach a 2 m
high tube covered in aluminum. These shapes and materatshasen in order to
realistically emulate the various effects of a typical indenvironment on UWB
propagation. Finally, Figurg 3(b) shows a secondary setlich we use to test
collaborative strategies more explicitly (as discusseéer ia Sectioh 412).

3.2 Mapping

Since we consider three base station paitgi( %#-), (B1,Bs), ($1,PBa)), A is
composed of three map#/,, .#13, and.#14. We use the robots to collect a data
set comprising over 50’000 TDOA valugg, for each base station paitd,, %),
and record the associated ground truth positionguaranteeing full coverage of
our experimental arena. For each data pdiptwe then calculate the ground truth
TDOA value ty(X), which, in turn, allows us to compute the TDOA error value
A1y, and associate it to the position Figure[% 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 obdée higher bias
averages of up t&c2 m in the vicinity of the obstacle (note that TDOA errors are
positive as well as negative). Also, we note that althoughfihure helps us identify
strongly biased areas, the plotted average error value®tdaccurately represent
the full multimodal error behavior.

We now proceed with the creation of our set of magsto be used by the UWB
localization algorithm. In order to build these maps, wecditize our space into
Na = 375 equally sized grid cells of dimension 8.Q.2 n?, with at least 150 data
points per grid cell and per base station pair. For eachfgedl € {1,...,Na} defined
by our grid map, and for each of the three base station pagsiow estimate (us-
ing Expectation Maximization, as described in Section?).the model parameters
0.2 that define a unique TDOA error model per cell. This conclutiesmapping
step, and we denote the final set of mag@kim 37s.

As a way of validating our multimodal error model, we cald¢alan additional
set of maps (with the same resolution as above) composedussiza distributions
instead of our proposed error model (Efj. 6). Thus, in the sameas above, we
associate a mean and variance value to each cell in each tfirde maps. The
final set of maps comprising (unimodal) Gaussian distringiis denotedZym 37s.
Furthermore, in order to test the effect of spatiality onalomation performance,
we build two more sets of maps (one with our multimodal erradei, and one
with Gaussians), composed of one single35m? cell. We denote these two sets by
Am,1 and.Zyw 1.

($1,B2) (B, B3) (B, Ba)

R R f‘1

E
3 05 ‘=
= ® ® ® 2
£, - 0
> S
2 05 A
'_
-1
1
-15
-2
0 o |
0 1 2 3
x[m]

Fig. 5 Overhead view of the experimental arena showing the aver@geA error as a function
of space, for three base station pairs (we perform 2D smogthith a Gaussian kernel of size 1
on a grid map of 158250 cells, using over 50'000 UWB TDOA measurements per bag®s
pair). The cross shape shows the placement of the obstadl¢harfilled squares in the panel
corners schematically indicate the placements of the latierss with respect to the layout of the
experimental arena.
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To illustrate the concept of our mapping strategy, Figuren@ns fits of(i) a
Gaussian probability density function, aig the probability density function pro-
posed by our error model in EQ] 6, for 3 difference cell sizs).5<0.5 n?, b)
1x1 m? and c) 2«2 m?. We note that in all cases, the multimodal approach (as
proposed by our error model) suggests a better fit to the Afga, we see that the
multimodal nature of the error statistics is preserved sxdifferent scales.

4 T il ?

3 =X 3 —Xx 3 ——

1 1| I 1 1
_ ,.-.:AIMIWIIEF.».; JAQM

-2 0 1
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Fig. 6 Normalized histograms of TDOA error data for base statidn &, %,). We fit a Gaus-
sian (in green) onto the data, as well as our proposed errdehus Eq.[6 (in red). The data is
collected over a (a) 0:60.5 n? large square, (b) 21 n? large square, and (c)x2 n¥ large
square. The areas of data collection are indicated by th#esheells 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 cosimggia 40 minute ex-
periment involving ten robots, initially randomly distuted over the arena. Each
robot runs AlgorithnfLlL with 100 particles, which are initjaliniformly distributed
in the arena (this problem is otherwise known as global Izatbn). Apart from
the modalities described in this paper, the robots use ner aénsors to localize.
We discuss the localization performance in terms of thetjposing error (distance
to ground truth position) of the center of mass of the patich a robot’s belief, for
all ten robots used in the experiment. We test the four mapgtiategies (Gaussian
vs. multimodal, and 1 cell vs. 375 cells) with and withoutlabbration—for the
non-collaborative version, we omit the robot detection el¢dlgorithm[d, lind).
FigurelT shows the localization performance as a functispate. We note the
irregularity of the error distribution: higher errors tetalbe in the vicinity of the
obstacle. The plots indicate that our multimodal mode#h(v) is better than the
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Fig. 7 The graphs show the average localization error as a funcfi@pace, over a 40 minute

experiment with ten robots. Six different models are testu the top row, the robots used the
maps composed of one single cell, and on the bottom row, thetsaised the maps composed
of 375 cells. The first column shows results for the Gaussiapanthe second column for the
multimodal error model maps, and the last column uses mottahmaps as well as collaboration.
The dashed line delimits the critical ar€gs around the obstacle.

Gaussian.¢uym), and that a high resolution map (375 cells) is better thaerg v
low resolution map (1 cell). Furthermore, the results iatkdhat collaboration may
mitigate errors, in particular in areas prone to high erdws to NLOS: the bottom
right panel (#uwm 375 + Coll.) shows a constant distribution of localization esrm
the order of 10 cm.

In order to better understand the performance behavioiticalr(NLOS) areas,
Figurd 8 discusses the localization errors measured itisid@redCy,s as marked by
a dashed line in Figufd 7. Figyre §(a) summarizes the resiitisut collaboration,
in the form of boxplots. We can observe that for a fixed granitylahe multimodal
model outperforms the Gaussian model. Also, increasingib@el granularity im-
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proves localization performance. Figlire 8(b) summarizesésultaith collabora-
tion, in the form of boxplots. For three of the four cases,ghgformance improves
(with a maximum improvement of 18%) with respect to the ressof Figurg 8(3).

In the best case#wm 375), we have a median localization error of 7.6 cm. Finally,
for comparison, we note that the median of the maximum licgd trilateration
estimates (computed with raw TDOA measurements) amouis ton.

04 04
E E

03 |
§ § 0.3
A o
@ 5]
c
S o2 S o2 1
kS kS
N N
= N
To. So: % |
o o
a 3

Mo Aonmzrs  Aan.1Aam,375 Ao Aonzrs A A 375

(@ (b)

Fig. 8 Localization error of all ten robots for an experimental aid0 minutes duration. (aMth-
out collaboration. (b)Mth collaboration . The results are shown in the form of boxp(@&th, 50th
and 75th percentile and whiskers containing 85% of the d@aly errors inCqps are considered.

4.2 Evaluation of Collaboration

The previous section establishes that improved performaan be obtained when
collaboration is exploited. Here, we look at a more targetegeriment to better
understand how collaboration contributes to this improeemWe use the setup
shown in Figurg 3(®), with two groups of two robots each. Taleots’ motion is
delimited by the cell boundaries, which simultaneouslyriefia new set of maps (in
this case, we denote our set of magwm 2, using 2 cells of size 1 freach). Also, as
can be observed when comparing Fidure 5 to Fifurg 3(b), th€geos is located

in a region where significant bias values occur (in partictda base station pair
(%1,%5)), whereas celC os is located in a relatively benign region. Importantly,
we note that the cell boundaries are low enough to enablecgitelar detections
via the relative positioning modules. This setting allovesta test the following
collaborative configurations (we remind that reader thablifot %, detects robot
Zn, 1t is robot#, that will execute the sensor fusion using detection datalsgn
robot%m, see Sectioh 2.2.2): (i) robots@ os detect robots iCyLos, (i) robots in
CnLos detect robots il€,_os, and (iii) any detections are allowed. Fig{ire §(b) shows
the performances of the three variant strategies. Cleamdyhod(i) produces the
best results: LOS environments benefit from a high accurdweg {o an essentially
unimodal distribution with a narrow peak, as shown in Fig@@]}), and thus, it is
beneficial to allow robots i€ os to influence the beliefs of the robots@y_os.
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Fig. 9 (a) Normalized histograms of TDOA error data for all basei@tapairs (columns) and
both cellsC os andCyos (rows). We fit our proposed error model of Eq. 6 onto the datd, a
use the resulting PDF in the set of mag&im 2. (b) Localization error of four robots (as shown in
Figurg3(B)), employing#uwm 2 and using three variant collaboration schemes, for an exrpetal
run of 20 minutes duration. The results are shown in the fdrbogplots.

5 Experimental Insights

Although, in theory, UWB localization has the potential abpiding centimeter
level accuracy, in practice, sophisticated strategiemacessary to mitigate the ef-
fect of NLOS biases. Our experiments showed that the erdoaer of time-of-
flight based UWB measurements is dependent on the configaratithe environ-
ment, and thus, can be modeled as a function of space. Inugioe]| this work has
allowed us to make three main insights; There is a clear benefit in terms of lo-
calization accuracy when using our multimodal error modsteéad of a unimodal
Gaussian error model. We have seen that even when usingitbstlmap granular-
ity, the multimodal model almost matches the performandbd®funimodal, Gaus-
sian model with the highest granularity. This conclusioadditionally strengthened
by the five-fold performance improvement over the maximuelihood estimates.
(1) High resolution maps (i.e. with small cell sizes) resultigHer localization ac-
curacy. However, it is to be assumed that low resolution nag@gbe equally good,
given that the cell separations faithfully separate LOSNLOS areas, as well as
separate differing NLOS cells from each oth@tl) A performance increase can
be obtained by fusing relative positioning informationtwiWB data, even when
the relative positioning data is potentially noisy. Furthere, by identifying LOS
and NLOS cells, targeted collaboration strategies can bggyded, which promise
to even further improve the localization performance.
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