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The synergy between the accurate trajectories offered by ultra-wideband (UWB) systems and techniques to
extract higher-level mobility patterns is largely unexplored. We study whether staple techniques designed for
systems with coarser resolution apply to UWB, investigating quantitatively the quality of the fine-grained
analyses enabled by the latter. To this end, we contribute a novel family of metrics suited to the high UWB
spatio-temporal resolution and use them to configure and ascertain the quality of representative techniques
along several dimensions. We focus on the well-known stop-move pattern and derive our findings from a
real museum setting with the use case of capturing visits to exhibits. We acquire UWB trajectories in both
controlled (in vitro) and uncontrolled (in vivo) conditions, along with ground truth. Despite exhibits being
very close to each other, our results show that stops near them can be correctly identified and associated in
the vast majority of cases and with very small spatio-temporal error. These positive results from real-world
experiments, along with our technical contributions, open new opportunities in exploiting UWB for mobility
analyses.
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1 INTRODUCTION

The pervasiveness of positioning technologies facilitates the collection of spatial trajectories [41, 49]
sampling the movement of an entity (e.g., a person, animal, or vehicle) in a target space. These
trajectories are sequences T = {((p1,t1) - .. (Pn, tn)) of units (p;, t;) associating a position p; = (x;, y;)
of the entity with the corresponding timestamp ¢;. Once efficiently processed [14, 15, 51], spatial
trajectories enable the extraction of mobility patterns describing the behavior of individuals at a
higher level of abstraction [34, 47]. In turn, these form the basis of semantic trajectories [27, 34, 41, 43],
further enriching mobility patterns with contextual information (e.g., points of interest, POIs)
directly providing actionable information to domain experts.
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Stops and their detection. In this respect, the stop-move3f pattern is one of the most popular,

key to many applications. Broadly, we de nestop evenas the abstraction capturing the perma-
nence of an entity in a representatiygositionfor a time interval determining the stopluration a

move eventaptures instead a transition between stops. For instance, a stop event may capture the
dwelling of a person in front of an item (POI) in a store, and a move event the travel to reach the
item from the previous stop. Stop-move detection techniques extract each stop and move eventin a
trajectory) as a sub-sequence=hipg@”"""pg.*G.°% ), calledsegmentAs these techniques
partition a trajectory into alternating, temporally disjoint stop and move segments, they are often
referred to as stop-moveegmentatiotechniques [4, 47].

In this paper, we focus our attention only on stop events, extracted from the corresponding
segments. Given a stop segméntdenti ed by the stop detection technique (Y2), the corresponding
stop event is captured &= hpe »Giarr® Gnd74i the positionp is computed as the centroid of the set of
positionsfpg” " g . gbelonging to the units irt , while its interval is the one extending from the
rst unit timestamp in * until the last one, i.e.3Gar® Gnd/&F »G* € k¥in our example.

Moreover, in many applications, a s@t=f>j """ e>g of spatial objectsepresenting POls is
known a priori and must be associated to stops, e.g., to capture which museum exhibit a visitor has
stopped in front of. This application-dependent, contextual information is captured by augmenting
stops with asemantic annotatioexpressing the association of a stBpo a spatial object. A stop
event becomes then a tripB= tpe»Giarr &nd4> , where the spatial object=heqi is denoted by a
label; and positiong. A sequence of these stop events constitutegeantic trajectoryenabling
domain experts to analyze data directly at their level of abstraction.

Existing techniques for stop-move detection focus on large-scale, outdoor settings germane
to Global Navigation Satellite Systems (GNSS) where their application is widespread but yields
trajectories with coarse spatio-temporal resolution. Stops typically represent the home range of
migrating animals, lasting months over a large aredj, [or capture the visits of people to relevant
places (e.g., home, workplace, or tourist locations), lasting hours [34].

Ultra-wideband. Still, GNSS are not the only option.

A recent technological wave targets sub-meter position

accuracy, a powerful enabler in several applications no-

tably including indoor ones45 4€. Leading this wave,

ultra-wideband (UWB) radios enable communicatiand

accurate localization. UWB signals are characterized by a

bandwidth 500 MHz or a fractional bandwidth 20% dur-

ing transmission. In modern impulse radio (IR-UWB) sys-

tems, this large bandwidth is achieved via narrow pulses

( 2 ns) that better separate the signal from multipathFig. 1. Distance resolution vs. bandwidth.
components and, crucially, provides excellent time reso-

lution (Fig. 1). This enables UWB devices to precisely estimate the signal time of ggintd, after
multiplying by the speed of ligh®, estimate their distanc8 = 2gwith decimeter-level accuracy,
signi cantly better than the meter-level one typically o ered by narrowband radios like WiFi and
Bluetooth 45. The increasing role of UWB is witnessed by the many Real-Time Location Systems
(RTLS) based on it and its recent inclusion in smartphones where, however, public APIs currently
focus on device-to-device proximity rather than localization.

Motivation and research questions. We observe an obvious synergy between mobility pattern
analyses and UWB-based positioning. Compared to GNSS, UWB o ers trajectories with much higher
spatial resolution and temporal frequency, in principle enablimg-grained analyses capturing
stop events a few decimeters apart and lasting only a few seconds a far cry from the large areas
(m to km) and durations (hours to months) targeted by current approaches.
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Unfortunately, mobility analyses exploiting UWB trajectories are largely unexplored and stop-
move detection is no exception. This leaves unanswered the two crucial and intertwined questions
we address in this work:

i) Are existing stop-move techniques applicable to UWB trajectories, and

i) to what quantitative extent does this synergy enable accurate detectionngHirained

spatio-temporal resolution?

A positive answer to the rst question would enable the use of the ample literature using GNSS
positioning to exploit the new opportunities o ered by UWB. Although we focus on representa-
tive techniques for stop-move detection (Y2), our ndings could inspire advancements for other
techniques or mobility patterns. Still, this question cannot be separated from the second one about
qguantifying the bene ts of UWB and exploring its limits. Indeed, the increased spatio-temporal
density of UWB positions, along with errors induced by indoor environments, could clash with the
mechanics of existing technigues, ultimately severely limiting the expected ne-grained quality of
their output.

Real-world use case and deployment. These questions cannot be investigated in a vacuum. They
must be grounded imealistic requirementsnd investigatedexperimentally in a real-world setting
against the yardstick of ground truth. We satisfy these goals via a collaboration with the MUSE
science museum (Trento, Italy), interested in analyzing the fruition of their exhibits by visitors.
This is hardly a novel topic31]; however, state-of-the-art worksq, 23 30, 44 rely on Bluetooth

and are therefore limited to coarse, room-level spatial resolution. Instead, our target area contains
exhibits placed only few decimeters apart from each other, and curators focus on stops as short as
tens of seconds. This demands a ne-grained spatio-temporal resolution, hard if not impossible to
achieve with Bluetooth, but in principle achievable with UWB. To this end, we track users wearing
UWSB tags via a time-di erence-of-arrival (TDoA) localization systed(] we deployed in the area.

1.1 Methodological challenges

Crucial to the practical use of stop-move detection techniques is a clear understanding of their
performance, both to compare them and inform their con guration. However, for reliable results,
their output must bequantitativelycompared against ground truth. This goal poses several chal-
lenges. Before discussing them, we rst introduce some basic notation, used throughout the paper,
to capture precisely the concepts under consideration.
Notation and de nitions. Table 1 o ers a summary of the notation used throughout the paper.
Given a stop evenB= hpe »Gart® Gnd>i , We access its components via the functiqnss'B, int 1B,
andobj!P; the stopdurationis computed agint1B®j. Similarly, we usdabel>° andpost>° to access
the components of a spatial objeet=h+qi .

When the stop event is computed from a segment hipg @ " " ™pg . » @ °i determined by the
stop detection technique, thepostB® = P1* ¢ andint!B® = |1 * ©, whereP* °andl! * © are the
functions computing the centroid and interval from the units in, as mentioned earlier. As for the
association of spatial objects to stop events, it is computedldz® = OB, whereOB® encodes a
notion of proximity and yields the objects2$ whose positionpost>¢° is closest to the position of
the stop eventpos!P. The speci ¢ de nition of O and the geometrical modeling of the objects$n
(e.g., points, lines, polygons) are application-dependent; we later provide instantiations for our use
case. Finally, a stop event can occur anywhere and possibly far from all spatial objects (e.g., a visitor
moving away from museum exhibits to answer a phone call), a case we denotepost® = ce

Finally, hereafter we refer to stop events simply stopsfor readability.
How to establish a reliable and accurate ground truth?  The answer is non-trivial. Ideally, the
ground truth should be constituted by thexactposition pos'B and intervalint !B for each stoB
performed by the entity being tracked. In practice, when these entities are mobile this is possible
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Table 1. A summary of notation.

) =hipe @O " p_eGOi

" = hPe @ Py -G O
Pix 0g|1 % O

>=leqie>2$

B = hpe »Giart® Gng¥>i

postB, int 1B, jint1B°j, objiB°
o

Beal 2 (rea B2 (,B2 (1

generic trajectory as a sequence of unipoéition timestamp

generic segment af units in) , representing either a move or a stop

functions yielding the position and interval of a stop segment

spatial object (POI) as a tuphéabebposition, belonging to a prede ned set of objects
generic stop evenBas a tuplehposition, [start timestamp, end timestamp], object {POI)
functions to access the position, interval, duration, and object (POI) associated to th&stop
function mapping an estimated stdpto an object> (POI), based on proximity

real, true, estimated stops (Fig. 2) and their respective sets

d minimum duration of relevant stops (for all techniques)
D1)e eod° stop detection (segmentation) operation, whose paramete¢below) depend on the technique
ne# SeqScan parameters (max. distance of units from core point, min. number of units in a cluster)
X SPD parameter (max. distance of units from the rst unit of the stop)
\ KBV parameter (speed threshold)
ie(s o WO bipartite graph for computing the optimal match
4g9= 1By By° 2 edge between true and estimated stops, denoting a potential matching
W1d4gs weight function combining temporal and spatial similarities into the overall stop similarity
W g, Wgldg temporal-only and spatial-only weight functions
U2 »0:1% relative weight of spatial and temporal components, ely)z 1) Wt 4gs® = W cl4gd®
W, 14g weight function enforcing matching POls, i.@bj'B° = obj!By°
" optimal matching set maximizing the sum &/ 45
Cre, Cep, (en set of true positive (TP), false positive (FP), and false negative (FN) stops
F-scoreS-score correctness and spatio-temporal similarity of matched stops in
Cep temporal and spatial error between matched stops

fake, split, short, missing, merged, mislabetetlire of false detections

only with, e.g., a motion capture syster8f o ering mm-level accuracy. However, these systems
are very expensive, su er from occlusions, and require subjects to wear special markers in di erent
points of the body; consequently, they are not applicable to our context.

Therefore, we resort to the following methodology and setup. First, we perform experiments
where the subjects being tracked stop near a museum exhibit and rermamobilefor some
time before moving to another exhibit along a path of their choosing. The stop positions are
prede ned and known, while the stop durations are recorded by the subject via a custom smartphone
application as well as derived from the video footage from cameras we temporarily deploy in the
target area (Y4). This highly-controllemh-vitro setup trades realism for very accurate ground
truth, and is key in verifying thefeasibility of stop-move detection with UWB and accurately
quantify its quality in the target while minimizing behavioral biases. However, this stylized subject
behavior is hardly representative of actual visitors, and is therefore insu cient to con rm the
applicability of our techniques in a real-world, practical setting. To this end, we perform a second
set of in-vivo experiments where we track volunteer visitoraoving arbitrarilyinside the target
area. This setup allows us to ascertain whether the results derived in the controlled, limited in-vitro
setting still hold in this real-world, uncontrolled setting; a positive answer would provide solid
grounds for the exploitation of our results in operational systems targeting large-scale, longitudinal
campaigns. The price to pay for realism, however, is a slight reduction in ground-truth information
because, unlike in vitro, the precise position of stops is not known. However, the exhibit (POI)
visited and the stop interval can still be reliably derived from the video footage.

How and what to compare against ground truth?  Fig. 2 illustrates the methodological challenge.
Subjects are tracked by the UWB localization system deployed in the target area, yielding a trajectory
for each of them. In the simpli ed view of Fig. 2, we show a portion of a UWB trajectory in which
the subject stops near a spatial objecfPOl). In principle, the positiop and interval Giart® Gnd”4

of this real stopBey and its association to the objeetare all accurately andirectly captured by
ground-truth information, andnot computed via segmentation. However, as discussed above, this
is the case only in vitro; in vivo, the stop position is not available. Still, the fact that éxactstop
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interval int1Be¢4° and associated objecbj!Be,° are known from ground truth allows us to de ne
atrue stop asB= hP ¥ %int1B¢,°0bjBe,°i Where P1* © is computed as the centroid on the sub-
sequence = hPgar® Gar®”” Pend® &nd’i ) , i.€., the one delimited by the ground-truth interval.
The stopBis true becausdntP =intBgy® andobjB = 0bj'Bey° hold by construction, yet it does
not coincide with the real stop as their positions are slightly di erent, i.gps'B < postBe°. The
reason is that the UWB positioning errot, albeit signi cantly smaller w.r.t. GNSS, cannot be
neglected as its magnitude is comparable to the ne-grained stop resolution we target.

True stops are the result of the best segmentation that can be extracted from UWB trajectories
alone, given ground-truth intervals. In practice, however, segmentation induces an erbetween
the true stopBand theestimatedstop,B a real technique may incorrectly estimate a duration
intl® < intB®, consequently misplacing its positigmos'® < pos'B.

Finally, the combination of the spatial errorinduced by UWB positionidg kpostBea°  postBk,
with the one induced by segmentatio , kpos'B postBk, yields the overall spatial error3,
kposiBea® postPk. However, as already mentioned, this cannot be quanti ed in general, as
the exact, ground-truth positiopos'Beg° is available only in-vitro. For this reason in our analy-
ses(Y7 Y9)we always compare estimated stopwvith true stopsB and analyze separately (Y6) the
UWB positioning error present in true stops vs. real stds,. This allows us to retain a common
analysis framework across the in-vitro and in-vivo campaigns and, it is also better aligned with real
setups where, like in vivo, the real position is not available and the concern is to choose/con gure
the technigues to minimize the additional error they introduce w.r.t. the pure UWB trajectories. On
the other hand, the overall spatial errog a ects also semantic annotations by potentially yielding

Fig. 2. Estimated (red) vs. ground-truth (green) stops. The tracked subject stops near a spatial object
(POI)>. The accurate position, time interval, and associated object of tleéal stop are captured as

Beal = p* "Gtart* Gng4> . However, the precise values for these components can be determined only in vitro.
In vivo, atrue stop Bapproximates the real one by computing the position from UWB traces, inducing a
spatial error 1; still, the time interval »Gtart® Gngv2determining the stop segmerit used to compute the
centroid P1* ©, and the associated objectare the same as in the real one. A true stop represents the best
possible output for segmentation techniques. In practice, however, they outpuestimatedstopBinducing a
spatio-temporal error2 w.r.t. the true stopBand, along with the error from UWB positioningl , an overall
spatial error 3 w.r.t. the real stopBeg), potentially yielding an incorrect association with the obje#t
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an associatiorbjB < 0bj'Be,° to an incorrect object, e.g#in the gure. We do consider this
aspect, key to domain experts, in our analyses.

1.2 Contributions

These concerns received scarce attention in literature, where they are addressed only qualitatively or
by usingunit-centricmetrics 2, 27], whose expressiveness is insu cient to capture the complexity
above. Indeed, these metrics quantify the mismatch induced by stop-move detection at the level
of individual units, e.g., computing the fraction correctly labeled as belonging to a stop among
all units in a trajectory. Nevertheless, this low level of abstraction hampers analyses capturing
the multi-unit nature of stopsas a wholgee.g., to identify cases where a true stop is estimated as
several ones or, dually, when several true ones are estimated as a single one. Similarly, unit-centric
techniques are oblivious to the association of POI to stops, since these are not directly captured. In
contrast, we o er anovel family of metrics (Y3) that) adopts astop-centriperspective directly
capturing the mismatch between estimated and tijequanti es separately spatial and temporal
errors, whose relative importance can be tailored to the requirements at handjigdrcbnnects
directly segmentation quality to the semantic application context relevant to domain experts (e.g.,
POIs), by reuniting the two into a single methodological framework. This higher-level stop-centric
perspective is more expressive and intuitive, and characterizes quality directly via the rst-class
notion of stop utilized by domain experts, rather than low-level units composing them.

Crucial to our study (Y1.1) is the collection détasets in controlled conditions (in vitro)
and with real visitors (in vivo) , consisting of 70,090 positions (209 stops) and 219,937 positions
(550 stops), respectively. These datasets (Y5) are a contribution per se, as indoor mobility traces
are scarce in the literature, especially for UWB. We release them publicfly Enabling others to
reproduce and build upon our results.

We input both datasets to representative segmentation techniques (Y 2}jaantitatively
analyze their output along several dimensions. This serves simultaneously ealidation of
our metrics as well asconcrete evidence of the stop detection accuracy and resolution
enabled by UWB. We begin with the in-vitro dataset and an accurate characterization (Y6) of
the UWB positioning error (Fig. 21 ) before distilling our ndings (Y7). We con rm the higher
expressiveness and accuracy of our stop-centric approach vs. unit-centric ones, then compare
techniques after selecting their best con guration. We quantify the impact of raw UWB trajectories
as input vs. those smoothed via Kalman Iters, exploit our metrics to analyze tiaureof false
detections, and quantify spatio-temporal errors and the ability to correctly associate estimated
stops to ground-truth POls. Despite the challenges of our environment, the quality of the best
technique is very highE-score0"947. Stop durations are estimated with an average error of only
37 s. Regarding positions, UWB localization is the main source of spatial eA@crf), increased
only to a small extent82 cm) by segmentation. Finally, their combination a ects only marginally
the association of estimated stops to ground-truth POIs. These results are con rmed in vivo (Y8);
despite the unpredictable visitor movement and the more complex exhibit setup, we observe only a
small degradation in qualityR-score0"91)). In these uncontrolled experiments, we also showcase
the expressive power and versatility of our metrics by applying them to quantify the quality of the
higher-level notion ofvisit obtained by aggregating consecutive stops around the same exhibit (Y9).

Our survey of related e orts (Y10) shows that our work is the rst studying stop-move detection
on UWB-based trajectories and, importantly, o ering an evaluation against systematically-acquired
ground truth in a real-world environment. Our earlier workl§ rst provided evidence of the
feasibility of our approach in a controlled, in-vitro environment. This paper builds upon these early
results but also goes beyond them by:
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(a) SPD. The stop starts with the (b) SegScan. A core point (orange)(c) KBV. Stops are defined as low-
orange unit and is spatially delim- has at least# units within ann  speed segments, whose units have
ited by a circle of radiusX The radius. A cluster includes all the a velocityY\ (blue arrows), based
stop segment ends at the first unit neighbors of core points and, tran- on the Kalman filter. A stop seg-
(possibly an outlier) with distance sitively, those of connected core ment ends at the first unit with

i Xfrom the orange unit. points. velocity \ (red arrows).

Fig. 3. Stop detection techniques and their parameters. The minimum stop duradi@the same and not
shown. Units belonging to a stop are denoted by green/orange dots; move units are instead white.

Eliciting and de ning practical notions of ground-trutti1.1) to reconcile the di erent con-
straints and opportunities arising when moving from an in-vitro setup to an in-vivo one.
Redesigning the quality metrariginally based solely on temporal information. Here, we
improve its de nition and generalize it into a neviamily of metrics that characterize both
temporal and spatial errors and connects them to the semantic application context (POIs) in
a uni ed conceptual framework. As a consequence, although our in-vitro ndings (Y7) are
based on the original dataset ii ], the analysis has been entirely redone and expanded to
account for the new de nition of metrics and the new dimensions they capture.

Providing evidence of real-world applicabil®ur in-vivo ndings (Y8) are not simply another
evaluation. On the contrary, they Il the gap betwedhthe merefeasibility of our techniques

and more generally of a UWB-based approach, assessedfimthe unrealistic yet fully
controlled in-vitro setup where subjects stop by remainiimgmobile in a designated poj@ind

i) the actualapplicabilityin a real context where visitors exhibit real stop-move patterns as
they move of their own volitianThese real patterns also prompted us to capture the frequent
case of several stops around the same POI in the new concegpsitd whose quality we show

can be assessed using the same family of metrics above (Y9). Finally, our in-vivo campaign
resulted in a datased larger than the in-vitro one (Y5.2).

Overall, our technical, methodological, and experimental contributions o er positive, quantitative
answers to our research questions, pushing the applicability of mobility analysis to an unprecedented
ne-grained spatio-temporal resolution, as mentioned in our concluding remarks (Y11).

2 STOP DETECTION: PROBLEM FORMULATION AND TECHNIQUES

The stop detection problem consists of extracting from a trajectprihe sequence aéstimated
stop eventd " " 'B i, whereB = hog >Giart® Gnd4 i . This segmentation process is performed by a
detection technique that can be abstractly denoteddg+ «d, where) is the input trajectory

and

is the set of con guration parameters speci c to each technique and described in the

following. Insteadd indicates the minimum allowed duration of estimated stops; a sBpfor
which jintBPj Y d is ignored. The value ol is application-dependent and set based on domain
knowledge. For instance, in our case the valueda$ tied to the minimum stop denoting visitor
attention; after consultation with the museum curators, we st 10s. We use this value for all
techniques under consideration, to enable their comparison.
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The speci c techniques we chose, embodying the detection funciiorare representative of
state-of-the-art approaches (Y10) with di erent complexity and tradeo s. They are illustrated in
Fig. 3 and can be summarized as follows:

Using spatial distance between units: SPD. The Stay Point Detection (SPD) technique]
identi es stops in GPS trajectories. It relies on a distance thresh¥lepresenting the
maximum spatial extent allowed between the rst unit belonging to a stop and the other
units belonging to the same stop; this threshold is the only con guration parametes, f Xg.
Speci cally, a stop segmer{t= h¥psiare® Gar® " " Pend® Gnd’i contains all time-consecutive
units 1pg @ 2) whose spatial distance from the rst segment unit is within the threshold,
kpstart  Pok Y X This technique is commonly used due to its simplicity. However, it is not
well-suited when stops have di erent spatial size or are a ected by outlier units, e.g., due to
positioning noise, making it di cult to de ne a one-size- ts-all value forX
Using unit density: SegScan. These limitations can in principle be mitigated via density-
based clustering. For instance, in DBSCAN[a core poinin some abstract space has at
least# neighbors withindistancen; aclustercontains these points and, transitively, those of
neighboring core points. A direct application of this approach to stop detection maps the
abstract space on the physical space associated to trajectories and clustmasitienof their
units. This yields stops as the nal output clusters, whose properties above allow for outlier
units temporarily escaping beyonal On the other hand, this naive approach alone cannot
guarantee the temporal separation of the clusters representing stops except when spatially
far from each other, as time is not considered; repeated stops (e.g., at the same exhibit but at
di erent times) become indistinguishable. SeqSc8hdvercomes this limitation by using
the same con guration parameters =fne #gof DBSCAN, but de ning a stop as a cluster of
units hipe @ " " pgr i wherehpg” " pgi is a DBSCAN cluster. Therefore, SeqScan clusters
i) have arbitrary spatial shape and are robust against noise, unlike SPDijjahdvedisjoint
time intervals>G» 7sunlike DBSCAN.
Using user velocity from Kalman lters.  Another way to look at stops is when the velocity
of the tracked subject is (nearly) zero. Velocity can be derived from UWB trajectories; however,
their noisy raw positions induce unacceptable velocity jitter if used directly. Interestingly,
trajectories are commonly improvedtp] via Kalman lters (Y4) whose operation already
entails hidden state variables representing the velocity associated with dpgsg®. Segmen-
tation then simply consists of identifying as stop segments those containing consecutive units
whose velocity is below a threshold, the latter constitutes the only con guration parameter,
=f\ g This Kalman-based velocity technique, KBV hereafter, is to our knowledge novel
in stop-move detection and relevant here as a computationally cheap approach reusing the
Itering commonly applied to trajectories.

3 QUALITY METRICS FOR FINE-GRAINED STOP DETECTION

Ideally, the se(* of estimated stops output by stop detection techniques coincides with thé set

of true stops; in practice, this is rarely the case. We illustrate the family of metrics we de ne to
ascertain and compare the quality of stop-detection techniques. As mentioned (Y1.1), hereafter we
consider true stops rather than real stops, as using the latter would prevent us from separating and
quantifying the error 2 induced by segmentation from the errot intrinsic in UWB positioning,
analyzed later (Y6).
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Fig. 4. An (artificial) example of segmentatiohis the set of of true stops( the one for estimated stops. For
graphical illustration, only the time intervals iffB° and int'B° associated to the stops are shown.

3.1 Rationale and Novelty

The problem of de ning metrics to compare stop-move detection techniques against ground
truth has received surprisingly little attention in the literature, where it is often addressed only
qualitatively. An exception are recent work®[27] proposing metrics to quantify quality at the
unit level, based on the binary stop-move classi cation of trajectory units induced by segmentation.
A unit Dy=1pg @ labeled as stop, i.e., belonging to an estimated sBs a true positive (TP) if

it belongs also to a true stoB otherwiseD; is a false positive (FP). Similarly, a uilabeled as
move, i.e., not belonging to an estimated st@&is a true negative (TN) if it also does not belong to

a true stopB otherwiseDis a false negative (FN).

Unfortunately, theseunit-centricapproaches are oblivious to the segmentatistnucture By
focusing on whichunits fall into the time interval of true stops, they do not capture properties
of the estimatedstopshese units belong to. Even simple measures, e.g., the number of correctly
identi ed stops, are lost in the at, unit-centric view.

In contrast, the novel metrics we propose are based directly on the notion of stop, and aim at
matchingestimated stop8and true stopE8 The correctness of the matching can then be de ned
directly and intuitively based on stops rather than ymitsounting also for a notion afpatio-temporal
similarity among stops that is intrinsically precluded to unit-centric approaches and is also useful
to quantify how well an estimated stop matches a true one. We provide domain experts with
the exibility to de ne di erent instantiations of the metrics striking a custom balance between
the spatial and temporal aspects. Moreover, our rich and expressive de nition yields precious
information about thenature of incorrect detections and is also applicable to the association
between stops and POIs, reuniting this higher-level, semantic layer into the same methodological
framework of basic stops.

We argue, and con rm quantitatively (Y7.1), that the change from units to stops in the lens
used to analyze segmentations increases expressiveness and practical relevance.

3.2 A Family of Stop-centric Metrics: Core Concepts

Our metrics revolve around the notion of matching estimated

stops against true ones. We describe how this key notion is de ned

in our metrics.

Matching estimated and true stops. Consider the arti cial

example in Fig. 4, wherge and (" are the sets of true stops and

estimated stops, respectively. Our goal is to establish a one-to-

onematchingrelationship between true stod32 ( and estimated

stopsB2 (', based on the intuition that if they represent the same

stop, their time intervals must overlap and their centroids be close.

Compared to unit-centric approaches, owtsectly captures the Fig. 5. Finding the matching set in
quality of segmentation by quantifying how many true stops arérig. 4 based on temporal similarity.
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correctly re ected in estimated ones. Still, due to errors (Fig. 2), an estimated stop may overlap in
time and/or be close in space with multiple true stops and vice versa. How to perform matching?

We cast the problem as an unbalanced assignment optimization over the bipartite gtafhe We°
where s the set of edge4s = 'BeB° denoting a potential match between a true stgpand an
estimated ondy, andW is astop similarity functiorassigning a weight to the edges in

W is key to capture the spatio-temporal nature of segmentation quality and tailor the metric to
application requirements. Applications focusing on spatial proximity may privilege spatial accuracy
w.r.t. the temporal one; those focusing on dwelling time may privilege the opposite; nally, others
may require the evaluatio(n of both. We reconcile these concerns with the following de nition:

0 if int1B°\ int'BP° = ce
UW48 11 WPWg4§  otherwise
If the true and estimated stops are temporally disjoint the overall similarity is set to zero to avoid
considering nonsensical cases, e.g., nearby stops occurring at entirely di erent times. Otherwise,
W is a linear combination of the temporal similarity¢ c and spatial similarityWW g, whose relative

importance is controlled byJ 2 »0»1%
The temporal similarity

W 4g§ =

1Nt 1RO int1R.0}
Wezpp = IR L U8
JiINtBP [ int'ByPj
is inspired by the Jaccard index over the time intervals for true and estimated stops, and quanti es
the overlap between the two.
Instead, the spatial similarity

1
Wg'd§ =

1, kposB® posBrk
is inversely related to the Euclidean distance between their centroids, multiplied by a scaling factor
that enables tuning the metric w.r.t. the spatial resolution required by the application and the
magnitude of positioning errors.
Formally, the problem is to determine the optimal assignment yielding thatching set
such that: o)
" = argmax W?14g§

subject to:
4go2" YW 4§ <O0NS: 4. 2" NE§;j4g2"e 88e9eiej; < 90<8

i.e., maximizing the aggregated stop similarity of all non-zero links and ensuring each stop is
matched at most once.

Fig. 5 illustrates how these concepts are applied, based on the example in Fig. 4 and exploiting
only temporal similarity (J=1). The optimal assignment yields

" =f1BeB O BB 1B B 1B B0 1B B0 1By B’

Quantifying (in)correct detections ( F-score). The matching set captures which estimated
stops best approximate the true stops while maximizing their similarity. An ideal segmentation
would yield a one-to-one correspondence between each estimated&@@and each true stop2 (,
yielding a bijection betweefi and(®. In practice, some estimated stops may not have a correspondent
true stop, and some true stops may go undetected. To ascertain the quality, it is essertisndify
this mix of correct and incorrect detections, which we achieve with the following de nitions.

Given the sets of estimated stopg (*and true stop$82 (, and a matching set , the set(rp (¢
contains the estimated stops belonging to, (tp=fB2(\j 98 1BsBL 2" g, i.e., the estimated
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stops that have a corresponding true stop, indicating successful detection; we refer to the stops in
(tp astrue positives (TPAlong the same lines, we de ne the s@tp (" of false positives (FB$
(rr=tB2("j$By: 1BrBP 2" g, i.e., the estimated stops for which a corresponding true stop does
not exists. Finally, the sdtry  ( of false negatives (FNjontains the true stops that do not have
a corresponding estimated stopsn=fB2( jSB: BB’ 2" g These three sets are disjoint; in
our example(Tp= fBeBeBBeBeBg, (Fp= fB*BeBg, ( -\ = f B Bg. Moreover, by construction, the
number of true positives is equal to the number of true stops in the matching set, which in turn is
equal to the number of elements in ii(rpj =" j=jfBj 9B BsBL 2" g

Based on these de nitions, we evaluate the aggregate quality of estimated stops via the following
well-known metrics:

Precisioris the fraction of estimated stops that match true stops: % = J%" =7 '(]AT]P(’A -
TPl.) (FP)

Recalis the fraction of true stops matched by estimated stops = iCei = ‘(i.
i(j 1(j iCrei.i (eni

F-scorés the harmonic mean = % of %and' , and serves as a concise indicator capturing
both.
These metrics capture concisely the quality of stop detection performance by combining the
number of correct and incorrect detections. Their values rangelil%an ideal segmentation with
a perfect one-to-one correspondence between true and estimated stops would#s#eld= = 1.
In our example%=0%67,' =075 and =071
Determining the nature of false detections. A distinguishing aspect of our approach is that
the natureof incorrect detections ir(‘Fp and( gy can be inferred from the relationship between
the time intervals associated to an estimated s®@nd a true oneB. This expressive feature
enables a deeper understanding of the limitations of stop detection techniques and a further point
of comparison among them.
A false positive 2 (kp can be either:
A fakestop if it does not overlap in time with any true stopy, SB2 ( jint:B°\ int'B°<ce
(e.g0.B in Fig. 4); a stop has been detected where no true one exists.
A split stop if it overlaps in time with a true stopdB 2 ( j int'BP \ int'BP < ce BB 8" .
This error occurs when the correspondence between true and estimated stops is one-to-many,
resulting in the detection of one or more extra estimated stops; indeed FP, it does
not match anyB but some otheB < Be: < 8must, otherwise the assignment would not be
optimal. In our exampleB, overlaps with bothB; andB; but is matched only byg.
A special case is shortstop, when the duration oByis Yd (i.e., irrelevant, Y2) but the one of
B is not (e.g.B). In many use cases this is a benign FP as segmentation correctly identi es
the stop, incorrectly estimating only its duration.
Similarly, a false negativB; 2 ( can be either:
A missingstop if it does not overlap in time with any estimated stagB 2 (\j int1BP\ int1BP <
e as in the case d&.
A mergedstop if it overlaps in time with an estimated stopB2 (] int!B°\ int1BP < ce
1B*B 8" . This happens when two or more true stops are estimated as a single one. Indeed,
B is not matched by although they overlap; thus must match anotheB <Br: < 9
otherwise, again, the assignment would not be optimal. In our examlés lumped into the
same estimat& matched tdb.
As with false positives, a false negatighortstop could in principle capture a trug in-
correctly estimated by with duration Yd. However, these are automatically Itered by
segmentation techniques (Y2).
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Quantifying the similarity of matched stops (  S-scoré. In our running example, contains both
1B<B° and1B+B°, whose temporal overlapping between estimated and true stops is remarkably
di erent (Fig. 4). Still, another segmentation yielding the sarhebut with B+B° and !B*B°
perfectly aligned temporally would yield the santescore This indicator is therefore an expressive
measure of theorrectnessf the segmentation, but does not capture h@milar in space and time
the individual matched stops are. To this end, we complement the F-score with the
1 O
S-score — W1 4g¢
') g

The S-scoreplays a key role with di erentU values, highlighting di erences in the spatio-
temporal features of the segmentation, e.g., focusing on how accurately stop duratin$) (or
positions (J=0) are estimated. This exibility is useful when the target application is concerned
with only one of the two dimensions, as mentioned earlier, or when the acquisition process for the
ground truth of one of them is not as dependable as the other; intermediate con gurations of the
metric are also possible by properly settitdy In this respect, we note that if both temporal and
spatial data are accurate, the di erence in stop similarity with di ereitshould be small; when
this is not the case, the metric allows one to unveil critical issues in either the system under study
or the acquired ground truth.

3.3 Incorporating Ground-truth Semantic Annotations

The metrics above ascertain segmentation quality w.r.t. true stops with input data from UWB

trajectories. However, when ground truth is available for stops near POIs, as in both our setups, the

stop-centric metric can be extended to answer a question of practical relev&laewe correctly

associatgéhe POI visited by the user based on the estimated stop poEhieng® not obvious, as

the combination of segmentation and positioning errors may be large enough to jeopardize the

association between estimated stop and POI (Fig. 2) and therefore the usefulness of segmentation.
The association is application-dependent and encoded in the fundBofY1.1). However, in

many scenarios it consists simply of determining the Relidsesto the estimated stop. The notion

of proximity encoded in the mapping functio® is therefore the Euclidean distance between an

arbitrary stopBand the spatial objects2$, as

arg min.og kpost®  post>°k if kpos'® post>°k '
e otherwise

oP = 1)

where' is an application-dependent threshold de ning the distance beyond which a stop can no
longer be considered near the object. The above can be easily generalized via a proper rede nition,
e.g., to the case where the object is a polygon and proximity is determined by the Euclidean distance
betweenpost® and the polygon sides. Finally, for true and real stops, the ob{EgtB = 0bj'Be,°
is de ned by ground truth and not byO (Y1.1).
True vs. estimated annotations. Even this simple de nition of proximity is challenging with
ne-grained stop-move detection; our scenario is no exception, dug ®0Is close to each other,
andii) non-negligible UWB positioning error. Nevertheless, we can easily adapt our metrics to the
problem of ascertaining quality w.r.t. the ground-truth semantic annotations in true stops. To this
end, we rede ne the weights determining matching as

(
1 if obj'® = obj®
W1 =] W1 o | = 2
>Hed %8 0 otherwise )
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Fig. 6. Revisiting Fig. 4 with semantic annotation of stops (POlIs).

Fig. 7. A taxonomy of false detections.

This restricts purely spatio-temporal weights by allowing in the matching $ebnly the edges
whose true and estimated stops are annotated with the same spatial object.

Fig. 6 revisits the example in Fig. 4 by considering also the semantic annotations. The matching
set in this case becomés = f1 BB« 1B B0« 1B*B°gwhere, compared to the one in Y3.2, the three
edges'B+B°, 1B+B° and !B*B° have been removed. In the rst case, the best spatio-temporal
match places the true and estimated stops near di erent spatial objects; in the other two, either the
true or estimated stop is not near tany spatial object.

Revisiting the nature of false detections. Based on the matching set, we can determine the
sets(Tp=fBeBrBg, (F=fBeBeBeBBeBg, (rn=B* B* B* B Bgand the nature of false detections.
However, annotations induce new cases w.r.t. those in Y3.2. A FP estimated stop overlapping with a
true one is asplit stop only if both stops are annotated with the same object; otherwise, the FP is a
mislabeledstop @GBeB in Fig. 6). Dually, a FN true stop israergedstop only if it overlaps with

an estimated one at the same object; otherwise, isislabeledstop G« Be B B+ B). The taxonomy

of false detections (Fig. 7) withesses the expressiveness of our metric.

4 TRACKING VISITORS IN A SCIENCE MUSEUM

Before applying our quality metrics to the UWB datasets from our real-world museum use case we
o er a description of the hw/sw infrastructure that enabled their collection.
UWB localization system. Each user wears a necklace with a UWB tag on the chest, a common
deployment option. The position of the tag is the one actually recorded by UWB localization, for
which we useTalla [40], a state-of-the-art system based on time-di erence-of-arrival (TDoA).
Tags and localization anchors are battery- and mains-powered, respectively; both are Qorvo
MDEK1001 devices hosting the popular DW1000 UWB radi®. [Anchors are deployed in a
25 15 nt area (Fig. 8). Each anchor is connected via USB to a Raspberry Pi, relaying TDoA data to
the localization server. The RPi is hidden in the false ceiling and connected to power and Ethernet
via the existing PoE infrastructure. UWB devices are instead attached externally to the ceiling, to
avoid its signal obstruction, via existing metallic supports hosting other equipment. This solution
reuses the pre-existing cabling infrastructure and makes anchors visually non-invasive. The anchor
position is chosen based on commonplace criteria for localization systems, to maximize the accuracy
in tracking the tag position. The anchors placed on the perimeter fully include the target area and
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