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Unleashing the Power of UWB for Indoor Mobility

Analytics: A Museum Case Study

Abstract

Ultra-wideband (UWB) radios enable decimeter-level positioning. This is posited

to unlock unprecedented sophistication and detail in indoor mobility analytics.

However, to date industry and academia have resorted to primitive analyses

based only on raw trajectories, unable to ascertain where individuals stop and

for how long, crucial in many domains. Among these is the museum providing

the real-world context and dataset for this paper. We deploy a UWB local-

ization system in a 40× 15 m2 area containing 42 exhibits and track 1500+

visitors across 3 months. We confirm that commonplace analyses relying on UWB

trajectories alone offer practical insights, yet cannot capture the two key dimen-

sions above. Instead, we exploit state-of-the-art techniques to extract higher-level

semantic trajectories directly capturing visitor behavior, and distill a multitude

of detailed, multi-layered, actionable insights. Our experience concretely high-

lights the untapped, disruptive potential of UWB-based mobility analytics—and

a way to seize it. To foster further research, in museums and beyond, we pub-

licly release our large UWB dataset (9+ million positions) along with the one

resulting from our higher-level analyses.

Keywords: Indoor mobility analytics, stop-move detection, ultra-wideband (UWB),

positioning and tracking, museums and cultural heritage
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1 Introduction

Motivation. The large-scale outdoor positioning offered by Global Navigation Satel-

lite Systems (GNSS) is today an integral part of our lives. Nevertheless, positioning

and tracking are also increasingly available indoor, thanks to recent advances in

wireless communication. Several competing technologies exist [1–3]. These include

WiFi and BLE, whose main advantage is their pervasive availability; however, these

radios incur errors of several meters when used to estimate the distance between

devices. In contrast, ultra-wideband (UWB) radios rely on narrow pulses (≤2 ns) to

improve time-of-arrival estimation and separation from multipath components, yield-

ing decimeter-level accuracy in distance estimation (ranging), empowering applications

with significantly finer-grained positioning capabilities. As a consequence, although

UWB is less pervasive than the technologies above, its adoption is soaring, as witnessed

also by their increasing penetration in the market for consumer electronics [4].

Among the many use cases envisioned for UWB, indoor mobility analytics is

arguably one of the most prominent. For instance, as reported by the FiRa consor-

tium [5], a smart retail system can track the paths followed by customers inside a

shop and their proximity to the point of interest (POIs) represented by items on sale;

this can provide information about the shopping behavior, e.g., whether and how the

customer behavior is affected by the shop layout and advertisements. Similar consid-

erations apply in other domains where it is important to determine how people make

use of a target space and items in it, e.g., cultural and trade shows [6, 7], museums [8],

or heritage sites [9]. In principle, the same information could be extracted from video

footage. Nevertheless, unlike UWB, the use of cameras raises privacy concerns and

suffers from occlusions especially in crowded environments [10].

Still, the opportunities offered by UWB have been largely neglected by the scientific

community, despite the renewed interest in mobility data science [11]. We are not aware

of techniques or studies geared towards UWB and exploiting its potential. Crucially, no
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large, real-world UWB trajectory dataset for human mobility is publicly available (§2),

in turn stifling the development of techniques for UWB-based mobility analytics. As

for commercial endeavors, the advertised product capabilities are typically limited to

the creation of heatmaps based on the density of trajectory points vs. the target area—

useful, yet rather primitive in terms of the insights enabled. Indeed, in the applications

above it is important to find where each person stops, e.g., in front of an item on sale;

heatmaps are unable to discriminate between people passing by and people stopping,

let apart for how long. Individual trajectories contain this information but only after

extra processing sifts stops from trajectories, calling for dedicated techniques.

Focus: Enabling museum analytics. These considerations are front and center in

the use case we focus on, enabled by a collaboration with a museum, that i) provides

a concrete motivation grounded in the vast body of museum literature, and ii) offers

a real-world setup for collecting the large dataset we use to showcase analyses and

findings enabled by our UWB-based methodology.

The museum curators are interested in gaining quantitative information on the

behavior of visitors, e.g., to understand the relation between the layout of exhibits

and their fruition by visitors, akin to the smart retail scenario above. In this context,

the crucial question is: “At what exhibits do they stop and for how long?”

Answering quantitatively this question offers a primary indicator of heightened

attention and visitor interest [12], whose centrality in museums has been recognized

since 1935, when the pioneering work of Melton [13] introduced the practice of external

observers manually recording the movements of visitors. Despite the obvious human

effort, this so-called “timing and tracking” practice is still in use today [8, 14]. Nev-

ertheless, individual stop durations are rarely recorded by human trackers, due to the

high complexity and inaccuracies they introduce.

UWB offers unique advantages by yielding a fine-grained resolution for both space

and time and in an automated fashion, thus removing the need for on-site human
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trackers and supporting an area size and number of simultaneous visitors well beyond

the scale practically addressable by them.

Real-world setup and long-term campaign. Unfortunately, to date these poten-

tial gains are only hypothetical, due to the above lack of reported experiences.

Therefore, we conducted our own long-term study at the museum premises, informed

by the needs and experience of the curators.

We deployed a permanent UWB localization infrastructure in a 40×15 m2 area

(Figure 1a) on the 2nd of the 5 museum floors, thus explored by the vast majority

of visitors. The area hosts 42 exhibits (Figure 1b), the POIs in our context, whose

fruition happens via different actions: i) reading text panels whose content is often split

across multiple sections, likely causing slight movements; ii) watching looping videos;

iii) inspecting items, e.g., soil tray, corals, tiger head, large insect model; iv) interacting

with a touch screen. The number and nature of the exhibits yields a high diversity

of visitor paths and increased value in the quantitative insights we derive. The main

and sponsor sub-areas are defined by curators based on different goals, providing

another dimension of analysis. Finally, most exhibits, often delimited by colored panels

(Figure 1a), are very close to each other: the maximum distance between adjacent

POIs in our setup (Figure 1b) is only 47 cm, with a median of 8 cm. Therefore, reliably

discerning them would be impossible with the poor resolution offered by Bluetooth

(§2), reasserting the need for the high accuracy offered by UWB.

In our 3-month campaign, during the high-influx summer period, each visitor enter-

ing the museum was given the option to wear a UWB tag. Informed consent and

other standard procedures in place at the museum for similar studies were properly

followed; no personal information was collected. Overall, 1573 visitors volunteered to

participate in the study.

Goals and contributions. The resulting huge trove of real-world data is key to our

multi-faceted contributions, whose overall goal is to investigate the extent to which
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(a) Bird’s eye view.
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(b) Main elements in the area, layout of POIs, anchor placement.

Fig. 1: Museum target area. Visitors enter from one of the pathways in the entry
area (right of Figure 1b). The POIs are denoted by the table they belong, followed by
the cardinal point of the side they are placed on (or ‘*’ for those in sponsor) and a
number. The central element M is the globe shown in Fig 1a; the rectangular elements
H and L and the benches on both sides of it. The origin and Cartesian axes of the 2D
reference system used for positioning is shown at the bottom of the sponsor area.

UWB-based mobility analytics can be performed in practice, paving the way to similar

endeavors in related domains [5].

We first analyze the pure UWB trajectories, overall containing 9+ million positions,

without any higher-level processing. This serves as a baseline mirroring the state of the
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art, whose value is amplified by the magnitude of our dataset. We show that this basic

analysis already offers surprising insights to the curators, yet insufficient to answer

the core question about where and for how long visitors stop.

The data mining community addressed similar questions for GPS outdoor trajec-

tories, devising techniques [15, 16] that discriminate the stops near points of interest

(POIs) from the moves between them. However, applications are, e.g., the study of

migrating animals [17], stopping across large geographical areas and for months at a

time, or of people [18] during their daily lives (e.g., home, workplace, stores) lasting

hours at urban scale. Our museum case study demands instead a much finer spatio-

temporal resolution where stops may be separated by <1 m (Figure 1) and last only

seconds [12].

Recent studies closed the gap between these two realms. The work in [19] showed,

for the first time, that existing techniques designed for coarse GPS trajectories are

applicable, with proper configuration, to the much finer UWB ones. These results,

obtained in highly controlled conditions with accurate ground truth, were later con-

firmed and extended in [20] based on actual trajectories from volunteers, providing a

validated set of techniques to extract the position and durations of stops from UWB

trajectories, associate them to POIs, and capture the key notion of visit to a POI.

The study presented here builds upon these earlier techniques and results by

applying them to the large-scale dataset gathered during our real-world experimental

campaign. In doing so, we retain very high confidence in the quantitative results and

findings we obtain because our campaign has been carried out in the same museum

and with the same hardware, localization system, and environmental conditions as

in [19, 20]. This ensures that the corresponding techniques and configurations, whose

accuracy and reliability has already been quantitatively ascertained and validated

against ground truth in the controlled and semi-controlled setups of [19, 20], can be
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safely applied “in the wild” to our large-scale campaign without requiring another

effort-demanding preliminary validation.

However, the work described here goes significantly beyond [19, 20], and in dimen-

sions other than the mere scale of the dataset collected. Specifically, we provide a

conceptual and technical framework for the joint use of UWB and stop-move detec-

tion at scale where UWB trajectories are abstracted into semantic trajectories [21–23]

that directly capture the mobility patterns of visitors via the association of their stops

with the POIs visited. In turn, this enables us to distill a multitude of multi-layered,

actionable insights whose detail and depth is currently unmatched in the literature

and cannot be achieved by raw UWB trajectories alone. We expect that, by showing

how this can be achieved in a real-world setting and what practical benefits it can

bring, we raise awareness about the untapped, disruptive potential of UWB for mobil-

ity analyses and pave the way for seizing it, beyond museums, fueling a new wave

of research jointly tackling localization and its exploitation for mobility data science.

To this end, we publicly release all our datasets [24], filling a fundamental gap across

these two communities.

2 Background and Related Work

Observing visitor behavior. Museums are central to the preservation of cultural

heritage and fulfill a fundamental educational role through exhibitions. Nonetheless,

ensuring visitor engagement remains a challenge. In this respect the collection of infor-

mation about the movement of visitors through exhibition spaces plays a key role,

as it enables data-driven analyses to characterize the behavior of visitors and their

level of engagement, therefore informing the decisions of the museum curators con-

cerning the content and layout of exhibits. Timing and tracking is the term coined

by the museum research community to denote the systematic process of observing,

following, and recording visitor behavior within areas containing sets of exhibits [8].
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This approach was popularized by the study by Serrell [12, 25] in 110 exhibitions of

62 museums, where human trackers recorded the total time spent in the exhibition

area and number of visited POIs for 8000+ visitors.

Technology-based approaches. Timing and tracking remains widely used in muse-

ums [14, 26], as well as in retail [27] and other visitor-centric contexts [8]. Still, the

high human effort involved and consequent difficult application to large areas and

long observations motivated the exploration of alternative approaches, in line with the

development of modern smart museums aiming to enhance visitor engagement and

education through the use of digital technologies [28, 29].

Several approaches have been proposed, typically based on wireless radio technolo-

gies, cameras [10], or their combination [30]. Among these, the former are the vast

majority because, unlike cameras, do not pose high privacy concerns and do not suffer

from occlusions or light conditions. As for radio-based technologies, although expe-

riences with other radios exist, e.g., RFID [31], Bluetooth Low Energy (BLE) is the

technology of choice, thanks to its energy efficiency and pervasiveness in consumer

devices, notably including smartphones.

In a typical scenario, small BLE beacons are placed in rooms or other designated

places, while visitors carry their own smartphone or a dedicated device; based on

their communication exchanges, proximity between the beacon and the user device

can be determined. For instance, in [32] beacons are placed in the rooms of the Louvre

museum in Paris, France, to analyze the frequency of visits and overall stay (hours).

Similarly, the work in [33] analyzes the flow of visitors through the rooms of the Gal-

leria Borghese museum in Rome, Italy, with the goal of devising models supporting

analysis and simulation. The experience [34] in the CoBrA museum of modem art

in Amstelveen, The Netherlands, similarly aims at predicting the visitor movement,

this time based on the identification of “hotspots” inside the exhibit rooms. The work
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in [35], in the Monumental Cemetery museum of Pisa, Italy, complements the infor-

mation obtained from beacons with BLE information “crowdsourced” from nearby

devices, improving the ranging accuracy.

Technological limitations. This concise review of exemplary works evidences how

these experiences generally yield a coarse spatio-temporal resolution, targeting rooms

or areas inside them. In the few cases when individual POIs are the subject of study,

these are placed far from each other, e.g., 1–5 m in [35]; in comparison, the maximum

distance between adjacent POIs in our setup (Figure 1b) is only 47 cm, with a median

of 8 cm.

The reason for the coarse resolution of existing approaches lies in the inherent lim-

itations of detecting proximity via BLE. In its simplest form, proximity is determined

simply by the reception of a packet; in [36], a fixed beacon determines the time a

nearby user device has spent in a room as the time difference between the first and

last packets received from it. A similar scheme but with flipped device roles is used

in [34], using beacons at transmitters and user devices as receivers.

Other works improve over these very coarse estimates by similarly exploiting bea-

cons as transmitters but determining proximity at the user device via the Radio Signal

Strength Indicator (RSSI) available for each received packet. RSSI is a measure of sig-

nal strength that can be used to estimate the distance from the sender, i.e., the beacon,

as the radio signal is known to attenuate as this distance increases (path loss) accord-

ing to well-known models. Several museum experiences rely on this basic technique,

e.g., [30, 37]. Nevertheless, the BLE literature shows that deriving accurate distance

estimates is not straightforward: the decrease is not linear, path loss models require

environment-dependent parameters, RSSI is very sensitive to obstacles and multipath

effects, and BLE receivers determine its value with poor accuracy (±6 dBm) [38]. As

a result, an abundant literature exists on improving BLE-based distance estimation,

typically via filtering, signal processing techniques, and machine learning, which also
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found its way into museum experiences [33, 35, 39, 40]. Still, regardless of the tech-

nique used, BLE-based methods yield errors of meters [41], therefore relegating their

applicability to museum scenarios with sparse POIs.

Another reason for the coarse resolution is the fact that these approaches require a

beacon to be placed on each POI to be automatically identified. This obviously does

not scale well to common situations where many POIs are present, like the 42 exhibits

in the relatively small museum area we considered (Figure 1b). An alternative is to

employ localization schemes, which exploit information from only a few beacons to

determine the position of the target in a reference coordinate system. Unfortunately,

the resulting positions are affected by the same large errors of the ranging estimates

they are based upon [41], as witnessed by experiences in museums [40] and other

contexts [42].

These limitations are well-known and have been addressed by subsequent versions

of Bluetooth that increased accuracy in different ways. Bluetooth 5.1 introduced direc-

tion finding [43], i.e., the ability to determine the angle of arrival (AoA) or of departure

(AoD) of the signal to/from an antenna array; based on the angles from several bea-

cons, localization can be directly computed via triangulation. However, antenna array

are bulky and expensive; therefore, they are typically used as fixed beacons covering

the area of interest, while user devices compute their own position via AoD. Direc-

tion finding is known to provide sub-meter accuracy in controlled environments [44];

however, its accuracy in real-world scenarios is significantly lower [45], especially in

cluttered environments, and can easily reach errors of several meters.

More recently, Bluetooth 6.0 introduced channel sounding [46] as an additional

option that, by combining phased-based ranging (PBR) and round-trip time (RTT)

techniques, provides more accurate distance estimation. The target accuracy of chan-

nel sounding is ±10 cm. However, it has been recently shown [47] that the actual

accuracy is worse and very sensitive to the orientation, height, power level, channel,
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and ranging algorithm used; depending on their combination, errors can be up to sev-

eral meters. This technology is comparatively less mature and therefore has margins

of improvement, potentially becoming a valid alternative for accurate ranging. How-

ever, another significant drawback is that, unlike RSSI and direction finding, channel

sounding requires the two devices taking part in the ranging to setup and maintain a

connection. This constraint is compatible with its motivating use cases, e.g., keyless

vehicle entry, but is impractical in dynamic scenarios with many potential targets, like

those typical of museums.

To the best of our knowledge, no museum experience exploiting direction finding

or channel sounding have been reported in the literature.

High spatio-temporal accuracy: UWB. Nevertheless, Bluetooth is only one of

the available technologies for ranging and localization, among which UWB radios are

commonly considered the most accurate option [1–3]. UWB radios operate based on

very short pulses (≤2 ns) that, in comparison with narrowband radios like Bluetooth,

better separate the signal from multipath components and offer very fine-grained time

resolution, e.g., 15 ps in the UWB hardware we use. This enables UWB devices to

accurately estimate the signal time of flight τ and, once multiplied by the speed of

light c, estimate their distance d = c× τ with decimeter-level accuracy and similar

precision, i.e., without the long-tailed error distributions up to several meters that

plague Bluetooth. These capabilities are at the core of the growing popularity of UWB,

witnessed by the many Real-Time Location Systems (RTLS) commercially available

and its increasing penetration in consumer electronics [4], including smartphones.

Interestingly, UWB is also being increasingly deployed in museums, which makes

the contribution of this paper practically and immediately relevant. However, products

focus on augmenting the user experience via automated guides [48, 49]; in the few cases

where analytics are considered, these are limited to heatmaps [50] directly derived
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from UWB timestamped positions, whose limitations we already hinted at (§1) and

further discuss later (§5.2).

Nevertheless, the potential of UWB for determining and analyzing the trajecto-

ries of museum visitors is still unexplored, with the exception of two related works.

In [19], a controlled setup with accurate ground truth from cameras enabled a rigorous

assessment of stop-move techniques and their configurations across 70,000+ positions

containing 200+ pre-determined stops in front of museum exhibits. The work in [20]

later confirmed and expanded the previous one by analyzing ∼220,000 positions from

the trajectories of 10 volunteers moving and stopping freely across exhibits. In these

works, and in the very same environment and experimental conditions as ours (§1),

the authors reported the accuracy of UWB positioning as characterized by a median

error of 46 cm and a 75th percentile of 57 cm, with 96.2% of the samples with sub-

meter error. These results confirms the superior accuracy of UWB over BLE, despite

the non-line-of-sight (NLOS) conditions caused by the cluttered environment and the

human body directly behind the UWB tag, inducing signal attenuation [51, 52].

Finally, although several publicly available UWB datasets exist, to the best of our

knowledge no large, real-world UWB trajectory dataset for human mobility is publicly

available. In fact, many datasets are generated with targets other than humans, e.g.,

drones and mobile robots (see e.g., [53] and its Table 1), sometimes even collected

outdoors [54]. When human trajectories are present in the dataset, they are recorded

only as a convenient way to explore the accuracy of UWB with a mobile target in

addition to fixed ones; moreover, the number of humans involved is typically very

small, often even a single person [55]. In other cases, e.g., [56], the dataset focuses on

humans but does not contain position trajectories, rather raw signals (UWB channel

impulse response, CIR) meant to support device-free passive localization or human

activity recognition (HAR), in line with the vast body of literature based on radars,

including UWB ones [57]. The only publicly available dataset for UWB trajectories
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of human subjects is the aforementioned one in [20]. In comparison, our dataset (§5)

is order of magnitudes larger, as it contains ∼157× more subjects (1573 vs. 10) and

∼51× more UWB positions (11, 335, 936 vs. 220, 000).

Extracting mobility patterns. The use of UWB ensures high accuracy and fine-

grained spatio-temporal resolution for the analyses extracting higher-level mobility

patterns from human trajectories. Stop-move detection techniques are the most estab-

lished [15, 16], originally applied to outdoor GPS trajectories [17, 18, 58–61]. However,

these studies are focus on much coarser spatio-temporal resolutions, like those deter-

mined by animals migrating across large geographical areas and staying in a given

area for months, or by the urban scale relevant when analyzing the behavior of people

during the stops, typically lasting hours, in the places relevant to their daily lives (e.g.,

home, workplace, stores). In contrast, the analysis of mobility patterns in indoor envi-

ronments like ours remains a challenging problem [62–64], despite significant advances

across multiple domains, e.g., including the development of shop recommender sys-

tems [65], the analysis of the flow of people in large spaces [66], or the determination

of customer interest in a structured space [62, 63, 67]. However, like in the case of

museums, these typically rely on BLE or other narrowband technologies, thus inher-

iting the above limitation of coarse spatio-temporal stop resolution. Unfortunately,

studies of indoor mobility exploiting UWB are very scarce. In [68], a new stop detec-

tion technique is presented and evaluated on a small UWB dataset of 6 users and

70k points. The work in [69], is based on a larger dataset of 800k+ points, is instead

focused on the specific application of spatial pedagogy, extracting metrics specifically

geared towards this domain and not directly applicable to ours.

In this work, we build upon [19, 20] whose results showed, for the first time,

that existing techniques designed for coarse GPS trajectories are applicable to the

much finer UWB ones and identified the configuration yielding the best performance.

Among the techniques considered, SeqScan [70] was found the most effective, yielding
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Fig. 2: Organization of the study, processing toolchain, and paper structure.

a stop detection F-score of ∼90% despite the above reported UWB positioning error.

As discussed later (§6.2), we employ the same technique and its best configuration

identified in these works, as they were validated in the very same museum area and

hardware infrastructure we use.

Finally, there is a large body of literature concerned on extracting higher-level

semantic trajectories [21, 22], describing movement as a sequence of visits to POIs.

These include applications in museums [23], which are nonetheless based on BLE and

therefore restricted to a coarse-grained spatio-temporal resolution. In contrast, we

exploit UWB-based stop detection to support the definition of semantic trajectories

capable to discriminate among POIs very close to each other, enabling analysis with

unprecedented spatio-temporal detail.
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3 Overview

Figure 2 illustrates the overall organization of our study and associated processing

toolchain, both mirrored in the structure of the paper. The first step is the acquisition

of UWB trajectories (§4) via the Talla [71] state-of-the-art real-time localization sys-

tem (RTLS) installed at the museum premises. The in-field fixed localization anchors

and mobile user tags are equipped with the Talla firmware coordinating the packet

exchanges enabling localization and time synchronization. The resulting packet logs are

sent by anchors to the Talla solver, which exploits time-difference-of-arrival (TDoA)

techniques to compute the tag position pi =(xi, yi) at timestamp ti based on the dif-

ferent propagation times of a single packet transmitted in broadcast by the tag and

received by all N anchors at once. This technique is significantly more scalable, hence

preferable in our museum context, compared to the computation of position based on

individual distances between the tag and theN anchors, e.g., via two-way ranging [72],

which would require a minimum of 2N packets per position instead of a single one.

The trajectory of the tag can therefore be formalized as a sequence

T = ⟨(p1, t1) . . . (pn, tn)⟩ of individual spatio-temporal units (pi, ti). Figure 3 shows

an example of trajectory from our dataset, in which each dot represents the position of

the corresponding trajectory unit. Nevertheless, visitors may decide to skip the target

area or their tag may malfunction; further, positions are subject to occasional outliers

induced by communication noise. Therefore, a crucial and non-trivial data cleaning

step is necessary to generate the final dataset of valid UWB trajectories.

We analyze this basic dataset to derive interesting insights (§5) germane to our

context. Moreover, key to this paper, we use it as input to the second step recon-

structing the visitor behavior (§6) with a level of detail currently unmatched in the

literature. We first extract the stops performed by visitors via the SeqScan [70] tech-

nique, whose effectiveness on UWB trajectories has been recently proven [19]. SeqScan

determines a stop as trajectory segment S ⊆ T : the stop position is the centroid of the
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Fig. 3: A (partial) UWB trajectory whose units are segmented into moves (gray) and
stops near a POI (i.e., peeks, colored).

units positions in S and its duration is the time interval between the first and last unit

timestamp in S. We then extract the subset of stops occurring near a POI, hereafter

called peeks, relevant to museum curators, whose units are shown in color in Figure 3.

Finally, we aggregate consecutive peeks to the same POI into a visit concisely

capturing the visitor engagement with it. The resulting dataset, building upon and

complementing UWB trajectories, is the basis for multi-layered insights focusing sep-

arately on each of the three concepts (§7) and showing how visits in particular enable

powerful, at-a-glance, actionable characterizations of the interplay between visitors

and POIs (§8).

4 Acquiring UWB Trajectories

We describe the first step in our processing toolchain.

4.1 In-field deployment

Tags and their management. The tags are MDEK1001 evaluation kits [73],

equipped with the popular Qorvo DW1000 UWB radio [74]. Weighing only 41 g, bat-

tery included, they are easily worn on the chest of visitors, attached to a lanyard.
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Tags were kept at the concierge right at the entry, where the museum staff explained

the campaign goals to each visitor. Participation was completely optional; those who

agreed to participate received a tag identified by a unique ID. No personal informa-

tion was asked. We developed a graphical Web application used by the staff to easily

mark the tag ID as handed out (or returned upon visitor exit) and automatically asso-

ciate a timestamp. When not in use, tags were connected to pre-existing USB hubs

for tablet-based guides. This aspect, and the need to avoid adding overhead on the

museum staff, limited the number of available tags to 20.

Anchors. The fixed RTLS infrastructure comprises 14 anchor nodes (Figure 1b), each

hosting the same UWB device used for tags, albeit equipped with a different firmware,

and connected to a Raspberry Pi 3 (RPi). This powers the UWB device via USB,

collects its data and sends it to the Talla solver (§4.2), and enables remote config-

uration. 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

ceiling, to avoid its signal obstruction, via existing metallic supports hosting other

equipment, making them visually non-invasive.

Firmware and radio configuration. Anchors and tags host the corresponding

Talla firmware, handling the packet exchanges enabling TDoA localization. Com-

munication occurs in slots, whose TDMA schedule repeats periodically with an epoch

of 250ms. Each device knows its fixed allocated slot(s) inside the epoch. Anchors are

assigned one transmission slot in the first part of the epoch, used for synchronizing

among themselves and with tags. In the rest of the epoch, anchors always listen; each

tag is instead assigned 3 transmission slots, yielding a localization rate per tag of 12Hz.

The UWB radio operates on channel 5, centered at 6489.6MHz, with a pulse

repetition frequency of 64MHz and a preamble duration of ∼128µs.
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4.2 Position computation and storage

Anchors continuously generates logs of their own packet TX and of packet RX from

tags and anchors, each associated with with epoch number, slot number, and a high-

resolution timestamp (15.65 ps). These logs are forwarded both to a server on-site,

acting as a short-term backup, and to a remote one where a daily automated procedure

executes the Talla solver with the logs as input. To ensure enough anchors with

good synchronization are used for localization, we require that a packet TX from a

tag is received by at least 7 anchors in the same epoch and slot. The solver computes

all anchor sets matching this constraint along with geometrical ones and uses the set

most recently synchronized to solve the nonlinear least-squares problem to find the

tag position that minimizes the TDoA residuals [71].

Improving position accuracy.Due to the noisy nature of the wireless medium, some

position estimates may have a large error. To limit the impact of these outliers on the

rest of the toolchain, Talla employs Kalman filters (KF) for both anchor clock drift

estimation and tag position estimation. For the former we use a linear KF based on

a constant velocity model. For localization, Talla tracks the (x, y) coordinates using

two Unscented Kalman filters (UKF) catering for different visitor mobility contexts:

intervals with no acceleration (stationary) and those with acceleration (moving). These

are then reconciled under Interacting Multiple Models (IMM) [75], which weights the

output of the filters depending on the likelihood of the tag being in each state.

Storage. The Talla solver outputs a trajectory as a sequence of entries ⟨ID,x,y,t⟩,

where ID is the tag identifier and the remaining values are the position pi =(xi, yi) and

corresponding timestamp ti associated to a trajectory unit (pi, ti). These entries are

downloaded in CSV format from the server running the Talla solver, they undergo

data cleaning, and are finally uploaded into a database (PostgreSQL 13.2 64-bit, with

extension PostGIS) to simplify processing via appropriate queries.
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4.3 Data cleaning

Separating different uses of the same tag. The UWB trajectories output by

Talla are already associated with the corresponding tag ID. However, the same tag is

typically reused by different visitors at different times, within and across days. Never-

theless, the tag pickup and return times are automatically set by our Web application

(§4.1); we use them to compare against the UWB timestamps and, by inferring the

use by different visitors, separate the trajectories accordingly.

Separating different tours of the same visitor. A visitor may tour the target area

at different moments, e.g., returning to it after having explored other floors, to delve

deeper into interesting exhibits. To capture this, we separate each tour into distinct

trajectories when the temporal gap between two consecutive units is ≥ Tgap . Never-

theless, the gap can also be due to localization noise leading to missing positions—at

the extreme, even a single one (Tgap = 1/12 s). We set Tgap =60 s, which provides a

good balance between capturing intentional departures of the visitor from the target

area and avoiding to break a trajectory prematurely due to transient noise.

Annotating positions in the target area. Visitors receive a tag when entering

the museum (§4.1), not the target area. Therefore, we need a means to separate

the portion of the UWB trajectory in the target area from the entry path to it

(Figure 1b). Moreover, our target area is divided in two sub-areas, main and spon-

sor, that bear different museum concerns and we analyze separately (§5.2). We cater

for these issues by annotating each trajectory unit as (pi, ti, ai) with an area label

ai ∈{entry,main, sponsor, none} whose value is assigned based on where the unit

position pi falls in the floor plan.

Dealing with transitions and outliers. However, a visitor may move back and

forth exactly at the transition between areas; the basic labeling above would create

a rather fragmented annotation. Moreover, Kalman filters cannot eliminate outliers
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completely, e.g., non-line-of-sight (NLOS) conditions may induce transient tag mis-

placements. We tackle both issues as follows. First, we observe that a trajectory

T = ⟨(p1, t1, a1) . . . (pn, tn, an)⟩ can be regarded as sequence T = ⟨θ1 . . . θm⟩ where each

portion θi = ⟨(pj , tj , a) . . . (pk, tk, a)⟩ contains only units with the same value a for

the label area. Then, to account for transient visitor movement or noise that unnec-

essarily fragments trajectories, we merge consecutive portions under given conditions.

Trivially, if θi contains only 1 unit (e.g., an outlier), it is merged with θi−1 and takes

its area label a. The same concept extends to the case where the trajectory transiently

“spills” from given area to another, i.e., from a portion θi−1 into the next one θi, and

back. However, in this case the decision about whether or not to merge θi into θi−1

depends on whether the spatio-temporal entity of this detour is relevant. Specifically,

the merge occurs only when: i) the duration of the detour θi is shorter than a thresh-

old Tarea , and ii) its units are within a spatial distance M from the border of the area

of the previous area in θi−1. Hereafter, we set Tarea = 5 s and M = 1 m.

Final clean dataset. To account for the processing described above, each unit

entry is augmented as ⟨ID,x,y,t,tour,area⟩ by adding a tour identifier, to distin-

guishing the trajectories of returning users, and the area label containing the value

a ∈ {main, sponsor}. The final dataset contains the trajectories whose units are in

the target area for a total of at least Tmin =60 s.

5 Analyzing UWB trajectories

We provide a concise characterization of the UWB dataset, then delve into its analysis

to illustrate the insights it unlocks.

5.1 Dataset

The dataset (Table 1) was accrued over 58 actual days, due to days with closures

and special events incompatible with the campaign; 1573 visitors volunteered to carry
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Table 1: UWB dataset statistics.

Full dataset
# tag delivered 1573
delivery errors 31

faulty tag/battery 42
# visitors 1500

UWB units 11 335 936

After data cleaning (§4.3)
# visitors in target area 1396 (93.1%)

UWB units 9 112 682
# trajectories 1856

mean trajectory duration 7′46′′

total duration 10d 0h 14′42′′

Table 2: Trajectories per visitor.

# # visitors %

1 1039 74.43
2 269 19.27
3 74 5.30
4 13 0.93
5 1 0.07

a tag. However, in 31 cases (1.9%) this was incorrectly handled at the concierge,

and in other 42 cases (2.6%) the battery malfunctioned. Overall, 1500 visitors were

correctly tracked, yielding over 11 million units. Applying the data cleaning procedure

(§4.3) yields 1856 trajectories containing over 9 million units for 1396 visitors; only

104 visitors (6.9%) never stopped in the target area. Those who did spent an average of

7′24′′, overall yielding the equivalent of >10 days of tracked visitor behavior. Moreover,

more than a quarter of these visitors has multiple trajectories associated (Table 2),

although only 6.3% have >2. Finally, the localization rate across all trajectories is

10.67Hz, i.e., very close to the ideal 12Hz: missing samples occur but their impact is

limited.

5.2 Insights

Figure 4 illustrates the results of our analysis. The first metric, the total time visitors

spend in the museum (Figure 4a), is actually derived solely from the logs of our

application for tag distribution; on average, visitors remain in the museum between

2 and 3 hrs, matching the curators’ expectation. We now discuss other insights enabled

by the UWB dataset, exemplifying questions relevant to the curators.

When do they arrive in the target area? The museum has exhibits on floors both

below and above our target area, with no strictly prescribed visit order. Based on the
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Fig. 4: Coarse-grained data analysis: UWB dataset.

difference between the start of the museum stay (logged at the concierge) and the first

timestamp in the visitor trajectory, we can determine that visitors, on average, arrive

after ∼1 hour, (Figure 4b) and roughly at 44% of their overall stay in the museum

compatible with the placement on the 2nd of 5 floors.

From which side do they arrive? The target area covers only a portion of the 2nd

floor. In the curators’ intentions, visitors arriving from the stairs should first visit the

other portion to the west, then enter the main area from the south access, proceed

to the sponsor area, and exit via the north access after going through main again

(Figure 1b). However, our data tells a different story. Based on the units at the start

and end of the first trajectory of each visitor, this intended path is followed only in

49% of the cases; 37% of the visitors enter from north and split evenly in choosing

the exit, while 14% enter and exit from south. This points to the need to signal more
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prominently the intended path, as the “wrong” north access is to the right of the stairs

and people are naturally inclined to turn right at a fork [76].

How long do they stay? Each unit in the clean trajectories includes the area label,

enabling us to derive the visitor stay in the target area, whose median duration is 8′8′′

(Figure 4c). Only 3.6% of the visitors remain for <2′, while ∼19% remain for >15′,

up to a maximum of 48′30′′. The curators were specifically interested in assessing

separately the visitor stay in each of the sub-areas, due to their different characteristics

(Figure 4d). Overall, visitors spend significantly more time in main: a median of 6′20′′

vs. 1′46′′ for those entering sponsor. This is not surprising, as main is larger and

must be traversed fully to access sponsor. A less obvious insight is that the stay

distribution of sponsor is a lot more skewed towards very short durations, pointing

to limited visitor interest in the area. This is confirmed by the fact that 211 visitors

(∼15%) never set foot in it.

Do they come back? UWB trajectories can also be used to understand how visitors

organize their museum tour, i.e., whether they visit the target area all at once or

instead take a first look and return later. To this end, we consider only the visitors

with multiple trajectories (Table 2) and analyze the temporal gap separating them,

amounting to <5′ in ∼70% of the cases, indicating brief detours in which arguably

the interest remains centered on the target area. At the other extreme, ∼11% of the

visitors return only after >30′.

Where do they go? Localization systems often provide heatmaps based on unit

density to provide an aggregate view of the most frequented zones. Figure 5 shows

the one we obtain from DUWB via Kernel Density Estimation (KDE). Some high-

density zones are clearly visible near the tables hosting the exhibits and over benches,

as expected. Interestingly, other high-density areas appear at the bottom, far from the

exhibit; these are close to a few benches along the wall but also to several laboratories

closed to the public but whose glass door allows visitors to peek in, effectively providing
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Fig. 5: KDE heatmap of the UWB dataset DUWB .

another exhibit of sorts (Figure 1a). As for the real exhibits, this at-a-glance view

shows also which zones are less visited, e.g., table A and C in main and exhibit R and U

in sponsor, along with the most frequented exhibits, BN2 and FN3.

Key limitations. Nevertheless, analyses based on the pure UWB trajectories cannot

fully answer the fundamental question “‘At what exhibits do they stop and for how

long?” (§1).

Consider the bottom of table F (Figure 5), hosting three exhibits. The heatmap

shows a high density of units; we infer that this zone is highly “frequented”. However,

we are unable to discriminate whether visitors stop in front of the exhibits or instead

simply pass by, nor we can determine which of these exhibits attracts more visitors

and/or engages them for the longer time. Comparison is also impossible, for these and

other exhibits in the target area. Interestingly, similar issues hold even for exhibits

apparently providing a clear indication, like BN2: is its high unit density caused by a

few engaged visitors spending a lot of time at it, or by many visitors attracted by the

exhibit albeit for only a short time?

Discriminating among all these situations is key to empower curators with an

understanding of how visitor interact with exhibits [25]. Still, the main appeal of

heatmaps—concision—is also their limitation. As only raw, aggregate movement is
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captured, the individual behavior of visitors w.r.t. stops is essentially lost. A different,

finer-grained type of analysis is necessary that, by fully exploiting the high spatio-

temporal resolution offered by UWB trajectories, accurately extracts visitor stops

(“where”) and their duration (“for how long”).

6 Reconstructing a visitor’s tour

Understanding where visitors stop is key for museum professionals. In her seminal

work, Serrell [12] identifies a visitor’s stop in front of an exhibit as a primary indicator

of heightened attention and interest. This is typically acquired by visually following

and recording the behavior of a small sample of visitors in a small area. This very

common practice, known as “timing and tracking” [8], has several drawbacks: it is

effort-demanding, stop recognition is subjective, and does not scale to large spaces or

long observation periods. In contrast, we present a scalable and generic framework to

automatically identify stops near points of interest (POI) based on a UWB trajectory

dataset.

6.1 Key concepts

The framework revolves around three key concepts.

Stops are the most basic component of our analyses, capturing the immobility of a

visitor; two stops in a trajectory are always separated by movement. Stops can occur

anywhere; in front of an exhibit, but also far from them, e.g., when resting at a bench

or picking up a phone call.

Peeks capture instead the semantics of stops; a peek is a stop occurring near

a POI. The assumption embodied in this association is that the stopped visitor is

devoting attention to the POI. Still, the visitor could also be looking elsewhere or

conversing with someone. Unfortunately, we cannot check what the visitor is actually

looking at, like a human observer would do; we therefore use proximity to a POI for
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Fig. 6: Movements of a visitor around a POI.

a minimum duration as a proxy for visitor interest. This decrease in quality w.r.t.

timing and tracking, is the price to pay for scalability and automation and is also

partly compensated by the ability to accurately measure duration.

Finally, visitors do not always observe a POI in a single stop. Multiple stops may

occur due to external conditions, e.g., other people arriving and forcing the visitor

to move or the desire to observe the POI from different vantage points (Figure 6).

Therefore, we generalize the notion of peek into a visit, a sequence of one or more

consecutive peeks at the same POI, capturing a visitor’s interaction with it. Visits are

the high-level concept that concisely represents the information needed to characterize

a visitor’s tour of the museum and, dually, the ability of a POI to attract and engage

visitors.

6.2 Processing techniques

Determining the position and duration of a stop, at the core of all the concepts above,

is actually tricky. Unintended unit misplacements induced by unavoidable localization

errors may be incorrectly interpreted as movement of an immobile visitor. Dually, a

visitor not walking may still move the torso, hence the tag, like the one in Figure 6

bending to get take a better view; small movements should be correctly recorded yet

not break the stop. Human observers can easily compensate for this “behavioral noise”,

which instead easily hinders algorithms assuming full immobility during a stop.

26

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



These considerations also prevent the use of straightforward techniques simply

mapping units into a spatial grid, as choosing the proper cell size would be difficult

due to the decimeter-level UWB resolution and the intrinsic presence of noise. A grid

cell too small would run the risk of “splitting” stops across cells; instead, a grid cell

too large would i) reduce the fine-grained resolution offered by UWB to the coarser

one defined by the cell, and ii) run the risk of merging multiple stops into one. In

essence, although stops intrinsically occur within a region, the placement and size of

this region are not known a priori; therefore, they cannot be reconciled effectively

with a statically defined grid without losing either spatial resolution, accuracy in stop

detection, or both.

Instead, the techniques we employ allow transient movement within a stop to

tolerate both localization errors and behavioral noise. We describe how we use them

to extract each of the concepts above from the UWB dataset, constituting the second

phase of our processing toolchain (Figure 2).

Stop detection. In the literature concerning mobility analytics [16, 22], stop-move

segmentation techniques are a common choice. Broadly, they divide a trajectory, con-

sisting of a sequence of units, into temporally disjoint sub-sequences or segments, by

labeling units as either stop or move.

These techniques were developed for GNSS, whose spatio-temporal resolution is

significantly coarser than UWB. However, the works in [19, 20] recently confirmed

their applicability by comparing and validating against ground truth the accuracy of

multiple segmentation techniques applied to real-world UWB trajectories acquired in

the same museum area targeted here. SeqScan [70] was reported to be the one showing

highest stop detection accuracy and robustness to noise; we therefore employ it here.

Inspired by generic analysis techniques like DBSCAN [77], SeqScan identifies stops

as density-based clusters of arbitrary shape. Unlike DBSCAN, however, SeqScan

explicitly accounts for the temporal dimension, capturing the duration of stops and
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their temporal separation. Moreover, it caters for the aforementioned transient depar-

tures from stops, called local noise [70], recognized as move units that do not occur

close to the stop position yet fall within the stop interval. These transient departures

can be of arbitrary length and duration; abstractly, they indicate a recursive pattern

(go-and-return) [78] that does not include any other stop.

However, this calls for defining the duration of the stop, including transient move-

ments, and the actual presence around its position. This distinction, also introduced

in [70], is key to reconcile the mechanics of stop detection with the spirit of timing and

tracking where it is important to capture “a visitor stopping with both feet planted on

the floor” [79].

Nicely, SeqScan is configured by only three parameters. N and ϵ specify the spatial

density constraint inherited from DBSCAN: N is the minimum unit cardinality in

the cluster neighborhood of radius ϵ. Hereafter, we use use N =24 and ϵ=15 cm as

these have been identified as the best choice in the study in [20], performed with the

exact same environment and hardware (§1) as ours. The third parameter, ρ, captures

directly the minimum presence relevant to the application; stops with presence <ρ

are discarded. Based on the indications of the curators, we set ρ=10 s.

Figure 3, already commented upon earlier (§3), shows graphically the effect of

a segmentation output by SeqScan. In the dataset DS , stops are output as tuples

(c, I, P ), where c is the stop position obtained as the centroid of the positions of the

units in the cluster labeled as stop, I = [tstart , tend ] is the time interval delimited

by the first and last unit, determining the stop duration D= |I|, and P ≤D is the

presence at the stop, obtained by excluding from I the time intervals corresponding

to move units.

POI association. We determine peeks by selecting the stops in DS that are near to a

POIs in the target area. Proximity is based on the distance between the stop position

c and the geometric shape representing the POI. The POIs in main are placed next
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Table 3: Stop, peek, and visit datasets.

Stops (DS) Peeks (DP) Visits (DV )

# 9735 8048 6793
# visitors 1323 1248 1248

Total duration 5d 19h 51′5′′ 3d 20h 36m 27s 3d 21h 11m 19s
Total presence 5d 02h 15m 38s 3d 07h 18m 16s 3d 07h 18m 16s

to each other on the side of tables and are often delimited by colored tiles (Figure 1a);

we model them as line segments. Instead, the circular tables in sponsor host content

that cannot be as easily separated; therefore, we consider the whole table as a POI

(Figure 1b).

To preserve the semantics of peeks (§6.1) capturing visitor attention, we associate

a stop and a POI only when their distance is below a threshold R; if multiple POIs

match the constraint, only the nearest is recorded. A reasonable value of R depends on

several factors, e.g., the layout, nature, and expected interactions with POIs. Those

in our target area are text panels, screens, and interactive elements; after consulting

with the curators, we set R=1 m.

The peek tuples (c, I, P, o) output in the dataset DP are obtained by augmenting

the original stop tuple in DS with the identifier o of the associated POI.

Visit aggregation. Finally, consecutive peeks at the same POI are straightforwardly

aggregated into visits represented by tuples (IV , PV , o), where IV is the interval defined

by the beginning (tstart) of the first peek in the visit and the end (tend) of the last one,

PV is the sum of the presence of peeks, and o is the POI identifier shared by all peeks.

7 Analyzing Stops, peeks, and visits

Applying the processing in §6.2 to the 1856 trajectories from 1396 visitors in DUWB

yields the three datasets summarized in Table 3. We discuss their characteristics, then

exploit them to distill insights on visitors and POIs.

29

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



0.0 0.2 0.4 0.6 0.8 1.0
Stationary index (%)

0.0
0.2
0.4
0.6
0.8
1.0

C
D

F mean
median

Fig. 7: Stationary index: presence over
duration.

Fig. 8: A visitor moves while stopped
at a POI.

7.1 Datasets

Presence vs. duration. We begin by inspecting the characteristics of the 9735 stops

in DS , as these are the building blocks for extracting the higher-level peeks and visits.

Our techniques allow units labeled as move to appear among stop ones, to tolerate

effectively transient movements induced by behavioral or localization noise. This yields

the distinction between presence P and duration D (§6.2), whose values should be very

close in the majority of cases, matching the intuition that a stop captures stationary

behavior; the opposite would point to an incorrect configuration of SeqScan.

We investigate this aspect via the stationary index [70] P/D∈ [0, 1]. In DS

(Figure 7) the index has mean 0.86 and median 0.93, and 20.75% of the stops are

fully stationary (P/D=1); only 5.89% of the stops has an index < 0.5 confirming the

soundness of our configuration.

Still, these cases do occur occasionally. Figure 8 shows the real trajectory of a

visitor that stops at a POI, moves away at ≤ 1.5 m from the stop position multiple

times (for 2–6 s) then returns, yielding a stationary index of 0.45. Although these cases

are a minority, they are accurately accounted for by the distinction between presence

and duration.

Stops vs. UWB units. Another validation of the soundness of our stop detection,

albeit highly qualitative, is offered by visually comparing the heatmap of UWB units

in DUWB (Figure 5) against a similar heatmap for stops in DS (Figure 9). It is easy

to see that the two largely match in terms of the areas with highest density, although
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the density value is different. The reason is that Figure 5 considers the density of

raw UWB units, while Figure 9 considers the density of the stop positions derived

from UWB units by jointly considering the spatial and temporal dimensions. In any

case, we do not exploit this heatmap further because its explanatory power is limited.

First, it provides only a spatial dimension; capturing the temporal one would require

a separate heatmap, unable to capture the interplay between the two dimensions.

Second, this heatmap still suffers from the intrinsic limitation of offering only an

aggregate view of all stops, rather than the individual one necessary to determine,

e.g., the ability of a POI to attract and engage visitors. Ascertaining these and other

relevant metrics requires an analysis both stop position and duration, further captured

by the higher-level notions of peeks and visits.

Stops vs. peeks. Among the stops in DS , 8048 (82.6%) are “promoted” as peeks in

DP ; as desirable, visitors tend to stop at POIs rather than away from them. Moreover,

the stationary index of peeks is comparable to stops, with mean 0.87 and median 0.93.

However, somewhat surprisingly, the mean durationD=41.4 s and presence P =35.5 s

of peeks is ∼ 20% lower w.r.t. generic stops in DS (D=51.7 s, P =45.2 s), meaning

stops away from POIs are longer. We take a brief detour to analyze this aspect, which

is also the opportunity to showcase the flexibility of our approach.

Fig. 9: KDE heatmap of the stops dataset DS .
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Where do stops away from POIs occur? These stops are easily selected by

removing from DS all stops in DP . We can then process the resulting dataset based

on proximity within R=1 m as for peeks, this time considering as POIs elements in

the target area other than exhibits, namely the benches in H, L, M. Results show

that, in 47% of the cases, stops not occurring at POIs occur in one of these elements,

accounting for 8% of all stops in DS . Also, their mean duration is 2′30′′, much longer

than peeks. These considerations explain the differences between stops and peeks

highlighted above.

At the same time, these results could directly inform the curators on how visitors

use benches, e.g., whether they are insufficient or over-provisioned; similarly, results

from different POI definitions could inform the safety manager about whether visitors

stop in front of emergency exits or fire extinguishers. Although in this paper we focus

on the fruition of exhibits by museum visitors, simply changing the set and definition

of POIs caters for different applications.

Visits and their dynamics. Aggregating the peeks in DP yields the 6793 visits

in DV , whose mean duration and presence are 49.9 s and 42.0 s, respectively. These

values are higher than for peeks, as expected. Still, only 14% of the visits contain

multiple peeks and, of these, 77% contains exactly two. This is likely due to the small

size of POIs, and explains the modest impact of aggregation on the visit stationary

index PV /DV . Indeed, for a large POI like T*1 we find 42% of visits have multiple

peeks, on average 1.67 peeks per visit, nicely capturing the peculiar visit pattern w.r.t.

other POIs. Interestingly, repeated visits to a POI are rare (3%) and their temporal

separation large (17′16′′ on average).

7.2 Insights: Visitors

We now derive practical insights based on our datasets, starting from a characteriza-

tion of visitors.
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Fig. 10: Number of visitors vs. number of stops, peeks, and visits and their total
duration and presence.

How many visitors engage with exhibits? Among the 1323 visitors stopping at

least once in the target area, 1248 do so near a POI, thus have at least one peek and

visit associated (Table 3); they are 94% of those stopping, 89% of those with a clean

trajectory, and 83% of the 1500 visitors carrying a tag.

The above is a concrete example of the magnifying lens visits offer w.r.t. UWB

data. Based on the latter, we could have concluded that 93% of visitors engage with

at least one exhibit in the target area, i.e., those with a clean trajectory (Table 1):

the more accurate estimate based on visits is 10% lower. Similarly, UWB data tells us

that 100% of the visitors with a clean trajectory spent time in main (by construction,

§4.3) and 85% in sponsor; however, the data in DV tells us that only 86% of the

visitors actually visit at least one exhibit in main, and only 55% in sponsor.
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Fig. 11: Visit presence over entire stay in target area.

How long are they engaged? Visitors display wildly different behaviors, immedi-

ately visible from the number of stops, peeks, and visits they make and their total

duration and presence (Figure 10). To comment our results more concisely hereafter we

focus only on total presence, as it is more conservative in capturing visitor engagement.

Interestingly, all distributions are right-skewed, the common case based on knowl-

edge from museum science [12]. The average visitor has 6.97 stops, 5.77 peeks and 4.87

visits, and is engaged with POIs for a total presence of 3′25′′. However, this is skewed

by few visitors making many visits and/or remaining at POIs for long, as the median

visit presence is just 2′13′′; the 95th percentile of total visit presence is p95=11′10′′,

with a maximum of 36′7′′. Moreover, presence varies significantly between main and

sponsor, coherently with the differences in overall stay observed earlier (§5.2). On

average, visitors are present at POIs in main for a total of 2′44′′ (p95=8′55′′) vs. only

48′′ (p95=3′1′′) in sponsor.
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Fig. 12: Fraction of POIs vis-
ited.

Again, visit presence serves as a more accurate

proxy of visitor engagement w.r.t. the overall stay

of visitors in the target areas as computed from

UWB data §5.2) or commonly done via technolo-

gies offering coarser-grained resolution (§2). On the

other hand, the ratio between the two offers a rich

characterization of each visitor behavior. On aver-

age, visitors spend ∼30% of their time engaged
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with POIs, but with a high degree of variability

(Figure 11, left), further reasserting that estimating engagement with the overall stay

duration would generally yield large errors. Similar considerations hold when analyzing

sub-areas (Figure 11, right).

How many POIs do they visit? The fine-grained data in the datasets output by

the second step of the toolchain (Figure 2) enables an accurate answer. Interestingly,

none of the visitors experiences the exhibition in full; visitors engage with 11.2% of

POIs on average (median 9.5%), with a maximum of 59.5% (Figure 12).

7.3 Insights: POIs

The question is then which POIs are more “interesting”; we answer it by explor-

ing the data from another, dual perspective, and investigate the attractiveness and

engagement power of POIs based on the number and presence of their visitors.

Which POIs attract the most (or least) visitors? Attractiveness changes sig-

nificantly across POIs (Figure 13a). T*1 counts 474 visitors, almost 1 in 3 (31.6%).

At the other extreme, DS1 counts only 32 (2.1%). T*1 is the largest table in sponsor,

a rich POI with maps, wooden structures, vertical panels, and screens, while DS1 is

the small white tile visible on the corner of the table in Figure 1. Other highly fre-

quented POIs are ES3, hosting a tiger head and ivory sculptures, and P*1, showcasing

pieces produced by a renowned engineering company. At the lowest ranks we also find

FN1 and FS1, both very similar to DS1. Overall, the relative attractiveness of POIs

matches intuition; yet, visits allow us to quantify their differences, and sometimes hold

surprises. For example, ES2, a large screen cycling through various topics and full of

animations, does not attract many visitors; this might be due to the nearby ES3 cap-

turing their attention. The fine-grained, quantitative lens we offer via visits allows

curators to flag similar situation where expectations and data do not align, possibly

informing a redesign of the exhibit layout.
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Fig. 13: Ranking of POIs.

What about groups of POIs? The “magnification” of this lens can be adapted

by curators, who may focus on the attractiveness of groups of POIs. A group can be

defined by a physical containment relation (e.g., same table), a logical one (e.g., same

theme or content type), or a combination thereof, possibly yielding arbitrary POI hier-

archies. Once the containment relation is properly encoded, it can be straightforwardly

exploited by dedicated processing.

As an example, we report an analysis of attractiveness by using a hierarchy defined

by physical containment based on i) tables, as already encoded in the POI descriptor

(Figure 1b), including the single-POI tables P–U in sponsor, and ii) and their fur-

ther clustering in three zones: main-east (tables D–F), main-west (tables A–C), and
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sponsor. For each of these groups at different layers, we analyze attractiveness as the

number of visitors stopping at one or more POIs in the group.

Table E is the most attractive, visited by 712 visitors, while C is the least visited,

with only 338. Interestingly, the tables in main-east accrue more visitors than those

in main-west, 1055 vs. 868. This is likely due to the proximity of the former to the

only two entry accesses, which may also explain the even lower number of visitors in

sponsor (773), placed even further than main-west. Overall, 1206 visitors stop at

least once at a POI in either main-east or main-west.

Which POIs engage visitors the longest? Attractiveness provides only a partial

view of the ability of a POI to capture the attention of visitors. Indeed, a POI may

attract many visitors that leave shortly after, as the content is not very engaging or,

dually, attract few visitors that nonetheless remain engaged for a long time. Therefore,

understanding engagement requires an analysis of both these complementary aspects,

shown in Figure 13b and Figure 13c, enabled by our notions of visit (§6.1) and presence

(§6.2).

Figure 13b shows all POIs ranked by total presence, i.e., the aggregate of the time

spent by all visitor at each POI. As with attractiveness, T*1 is again ranked first;

however, it is followed by BN2 and FN3, which ranked only 17th and 7th in attractive-

ness, respectively. The reason becomes evident when analyzing the mean presence per

visitor in Figure 13c: BN2 is ∼6 times more engaging than all other POIs, followed by

FN3 whose presence is nonetheless nearly half. A look at the nature of these POIs pro-

vides a possible explanation. BN2 hosts a touch screen for a game targeted to children,

explaining both the relatively small number of visitors and the long time spent there.

FN3, instead, showcases a tray of soil with plants, an animal skeleton, and an inter-

active screen. Interestingly, both POIs appear as high-density in the UWB heatmap

(Figure 5), oblivious of the important differences we just outlined about their fruition

in terms of numbers of visitors and time spent at the exhibit.
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Finally, we can also analyze engagement using the same POI groups defined earlier;

in this case, we compute the total and mean presence over the entire group. Results

show a trend similar to attractiveness: the tables in main-east accrue 48% of the total

presence (68% of main), main-west 32%, and sponsor only 20%. The same relative

ranking holds also for mean presence, with 2′9′′, 1′46′′, and 1′16′′, respectively.

8 Building a Global Picture

The automation and scalability enabled by our approach inevitably yield large

datasets, whose exploitation by domain experts demands a concise, actionable view of

their content.

We offer two examples: the classification of POIs and visitors into paradigmatic

classes (archetypes) (§8.1) and an at-a-glance view of the order in which visitors stop

at POIs. In both cases, our goal is to highlight the endless possibilities unlocked by our

first-class concepts (§6.1) directly capturing the relation between visitors and POIs,

whose expressive power and quantitative detail cannot be achieved with pure UWB

trajectories or coarser-grained technologies.

8.1 Defining and exploiting archetypes

Thus far, we considered each insight and corresponding metric in isolation. However,

our discussion of Figure 13 and of specific exhibits like BN2 shows that the combina-

tion of metrics, attractiveness and engagement, enables other important insights. We

generalize this concept at scale, showing how it be used to elicit archetypes of POIs

and visitors.

Defining archetypes. Figure 14a places POIs in a bi-dimensional space defined

by attractiveness vs. engagement. We capture archetypes by dividing the chart into

quadrants based on, respectively, the averages of number of visitors (156) and of mean

visit presence (38.9 s). We then assign a descriptive label to each quadrant, resulting
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Fig. 14: Mapping POIs and visitors into archetypes.

in a simple yet effective characterization of POIs. Quadrant Q1 contains POIs that,

from the museum point of view, are exemplary, i.e., highly attractive and engaging. At

the opposite, the POIs in Q3 are neither attractive nor engaging and therefore largely

neglected. Q2 includes niche POIs, attracting fewer-than-average visitors yet engaged

for a long time; BN2 falls into this category, albeit barely. Finally, POIs in Q4 appear

to be a must-see, not highly engaging yet visited by many. Visualizing visitor fruition

in this way immediately conveys to the museum curators the relative strength of each

POI, facilitating a match against expectations as well as guiding changes to the layout.

The same approach can be applied to visitors. We characterize their attitude when

visiting the museum based on the number of POIs visited vs. the mean visit presence

across them and define quadrants based on their average values, 4.7 s and 37.0 s,

respectively (Figure 14b). Visitors in Q1 are the ideal ones, passionate enough to visit

a high number of POIs and spend considerable time at each of them. At the other

extreme, visitors in Q3 are hasty in their visit, covering only a small fraction of the

exhibits and for a short time. Visitors in Q2 are instead selective, visiting fewer-than-

average POIs for a longer-than-average time. Finally, visitors in Q4 are curious enough

to explore a large fraction of the POIs, without spending too much time at them.
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Table 4: Visitor quadrants (%) per day of the week.
For readability, the cells in each column follow a color
scale from light to dark based on the range of values.

Day # visitors Q1 Q2 Q3 Q4 Q1+Q2+Q4

Mon 71 28.2 15.5 36.6 19.7 63.4
Tue 238 26.5 13.9 40.3 19.3 59.7
Wed 263 27.4 20.9 31.2 20.5 68.8
Thu 197 19.8 15.7 40.6 23.9 59.4
Fri 280 21.4 16.8 46.1 15.7 53.9
Sat 154 22.1 22.7 41.6 13.6 58.4
Sun 193 17.6 20.7 44.0 17.6 56.0

Exploiting archetypes. In our examples, we defined quadrants based on mean

values. However, alternative boundary values could be set, e.g., based on common

knowledge from museum science [12] or the curators’ own expectations and goals. In

general, based on the metrics above, the goal of the museum is to reduce the visitors

and POIs in Q3, and increase them in other quadrants. Understanding which factors

impact behavior and preferences is essential; quadrants are a concise and informative

way to capture not only the current situation, but also to compare at different times,

e.g., before and after changes to the POI content or layout.

As an example, Table 4 shows how the distribution of visitors across archetypes

shifts w.r.t. the day of the week. Visitors appear significantly less passionate (Q1) and

curious (Q4) during the weekend, yet more selective (Q2); this could match the attitude

of casual visitors, who added a visit to the museum among several other weekend

activities, or by the fact that the museum is typically more crowded during weekends,

hampering fruition. On the other hand, the highest fraction of passionate visitors (Q1)

is found on Mondays, when the museum is closed to the public but open for private

tours, e.g., to schools or other groups. This analysis should be corroborated by longer

campaigns; we have only 8 weekends in our dataset. However, it is illustrative of the

insights enabled by our approach, which could be amplified if by knowledge about,

e.g., special museum activities on given days or visitor provenance and demographics.
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Fig. 15: Distribution of visitor archetypes among bench users.

Another example is offered by the observation made earlier that a non-negligible

fraction of stops occurs at benches: we can now determine how these stops distribute

across visitor archetypes. To this end, we consider all visitors who visited at least one

POI and stopped at least once at a bench. Figure 15 shows a marked predominance

of hasty visitors (Q3), accounting for nearly half of bench users. This indicates that,

although these visitors spend only a short time on a few POIs, they exploit the wide

benches as a rest area or as a place to wait for their companions. Passionate visitors

(Q1) represent another substantial portion (28.4%): highly engaged visitors, spending

an extended period of time in the target area, likely need occasional resting breaks

before resuming their activity. The remaining users are nearly evenly split between

curious (Q4) and selective (Q2) visitors.

8.2 Exploring the order of visits

Visits abstract UWB positions into a higher-level concept capturing the semantics of

the relation between a visitor and a POI. Thus far, we discussed the individual or

aggregated characteristics of visits. Nevertheless, in the same way a sequence of UWB

units yields a trajectory, a sequence of visits yields a semantic trajectory [21, 22] that

directly captures, at a higher-level, the behavior of a visitor touring the target area,

enabling an entirely different set of analyses.
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Figure 16 offers an example by showing the probability of a visitor at table ti

visiting table ti+1 next, along with the probability that the visitor’s tour starts or

ends at ti. Due to readability concerns, we show only the two highest probabilities and

limit the analysis to movement across tables, in line with the POI hierarchy defined

earlier (§7.3); the extension to individual POIs is straightforward.

The majority of visitors (74%) starts from D (16%), E (22%), or F (36%), coherently

with the placement of entry paths and the insights from DUWB (§5.2). Further, F→E

(41%) and E→D (29%) are among the highest values; the opposite transitions, starting

from D, are also popular. In general, the transitions among these three tables clearly

show the tendency of visitors to move among them in an orderly way, before moving

the other zones. In contrast, the mobility pattern in main-west and sponsor is

more chaotic, as shown by the low transition probabilities—considering they are the

top ones—except for R→T (47%). This is confirmed by computing the entropy of the

outgoing transitions of D–F towards other tables, whose value is lower than all others

except R. Finally, exit transitions are always among the top two most likely, due to
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the few POIs visited on average; visitors at U, T, B are particularly likely to end their

tour there (42%, 35%, 31%).

This analysis, directly useful to curators, could also be exploited to derive or

adapt models (e.g., [80]) able to extract sequential patterns and predict the probabil-

ity of a visitor stopping at a POI, in turn enabling museum digital twins [33] offering

unmatched accuracy and spatio-temporal resolution.

9 Discussion and Outlook

The first structured approach to observing museum visitors dates back to the work of

Melton [13] nearly one century ago, and survives today in the common practice of “tim-

ing and tracking” popularized by Serrell [12, 25] (§2). Interestingly, in these works the

individual duration of each POI visit was deemed important, yet it was not recorded

since “Timing visitors at every stop makes tracking more complicated and harder, and

it accumulates much larger quantities of data” [12]. In contrast, state-of-the-art BLE-

based systems can automatically track this temporal information. However, due to the

inherent inaccuracy of this technology (§2), this is typically achieved with a coarse

spatial resolution that is often inferior to human observers, who can easily discern

among stops at POIs even when these are densely packed, as in our case.

Our work shows quantitatively, in a real-world setup, that seizing the best of both

worlds is possible, enabled by UWB. We offer a fine-grained spatio-temporal stop

resolution at the level of individual POIs, yet in an automated and scalable way.

Crucially, this achievement is only partly enabled by the superior spatio-temporal

quality of UWB trajectories per se. The leap from this raw data to semantic trajectories

capturing mobility patterns as first-class concepts is necessary to truly unleash the

power of UWB for indoor mobility analyses.

In doing so, we followed the footprints of the large body of literature concerned

with the extraction of mobility patterns (§2). Nevertheless, the objective of this paper
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is not to propose novel techniques but to show, concretely and at scale, the currently

untapped potential offered by the fine-grained analysis enabled by UWB trajectories.

In this respect, the very fact that we are using well-known tools and relatively simple

techniques and yet obtain a trove of detailed and actionable findings may inspire other

researchers to build upon our first-of-a-kind findings towards more sophisticated and

customized analyses. For instance, elaborating along the lines of Figure 16, an inter-

esting option is to mine common visit patterns or association rules, e.g., determining

that visitors stopping at a given exhibit (or sequence thereof) are then likely to visit

another POI in another area. The possibilities are many, offering deeper insights into

visitor behavior and informing exhibit placement, especially when it is possible to

include demographic information in the analyses.

Finally, we focused on a museum scenario due to the prohibitive administrative,

logistic, and deployment effort to replicate it elsewhere. Nevertheless, our findings can

in principle be extended to any domain where measuring the presence of an individual

near POIs is relevant. An obvious example is retail [5]: the quantitative insights offered

by fine-grained detection of stops near products on display, akin to museum exhibits,

once combined and informed by consumer research [27] could provide store owners

with actionable information about their customers. In this respect, the added value

offered by the fine granularity of the spatio-temporal information gathered and ana-

lyzed comes at the cost of installing the UWB infrastructure, which obviously grows

with the size of the area covered. On the other hand, this infrastructure can also be

deployed temporarily only in areas of particular interest and later relocated in others,

which is feasible in Talla and other RTLS systems. In our case, the museum cura-

tors, enticed by the possibilities opened by our study, manifested precisely this desire,

e.g., to “illuminate” only the areas dedicated to themed, temporary exhibitions; these

areas are of particular relevance, yet are placed each time in different zones of the

large museum, and therefore could be better catered for by a temporary, relocatable
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system. The same relocation strategy in principle can be replicated in virtually any

environment, significantly reducing costs.

10 Conclusions

UWB and its high spatio-temporal accuracy is posited to revolutionize indoor mobile

analytics. Nevertheless, the state of the art has only scratched the surface of what

is potentially achievable, focusing on the low-hanging fruits offered by raw UWB

trajectories and their visualization. This paper shows that much deeper insights are

unleashed once UWB is combined with state-of-the-art techniques from the research

communities working on spatial data. To provide concrete evidence for this statement,

validate our methodology, and contribute public datasets [24] to the research commu-

nity, we focus on a museum use case. However, the implications of our study reach

far beyond, to the many scenarios where determining where and for how long people

stop is key, whose proliferation is bound to increase as UWB becomes increasingly

pervasive on smartphones and personal devices.
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