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Figure 1: Using a spatially aware smartwatch in real environments: (a) at home, (b) in a grocery store, and (c) in a hospital.

Abstract
Smartwatches enable real-time, interactive access to personal data,
facilitating rapid on-the-go data analysis. However, a conventional
smartwatch does not provide spatial sensing and context awareness.
Therefore, we implemented a spatially aware smartwatch (SAS) as
a technology probe to explore how navigation and decision-making
tasks benefit from a smartwatch that knows its current location
and relative position to nearby objects of interest. We investigate,
in a grocery-shopping scenario, how people interact with SAS.
We were specifically interested in the acceptance and usability of
SAS as a companion device to support daily decision-making. In
addition, we compared performance when searching for products
with and without spatial awareness. Even though task completion
time results were not in general in favor of our technology probe,
our findings suggest that using SAS can help reduce perceived stress
levels and physical load. Overall, participants’ feedbackwas positive
on using SAS in everyday tasks. At the end, we discuss our study,
the technology probe’s limitations, and potential improvements for
future work.
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1 Introduction
Smartwatches are among the smallest personal computing devices.
They represent the convergence of ubiquitous sensing and com-
puting. Diverse personal (e.g., physiological) and environmental
(e.g., weather) data can be captured in real time with integrated
or external sensors. Quick and easy access to information makes
smartwatches indispensable for rapid data analysis and decision-
making on the go [7, 8, 22, 23]. Previous work [2, 22, 23, 32, 40] has
looked at wrist-worn devices used as fitness trackers and training
assistants. However, the day-to-day scenarios that these devices
can support are much broader.

Already in the early 1990s, long before the advent of the first
commercial handheld computers, Fitzmaurice [20] introduced a
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handheld display with spatial sensing as a technology probe. Today,
the idea of spatial awareness as a core capability is deeply embed-
ded in many mobile devices. Even devices with modest computa-
tional capabilities, such as commercial smartphones [39] or smart-
glasses such as Google Project Aria Gen 21 (no display, weight: 75 g),
provide precise and continuous spatial awareness. Today’s smart-
watches do not yet provide spatial awareness. However, it seems
plausible that a smartwatch (typically around 50 g) capable of mea-
suring its spatial position and orientation as precisely as today’s
smart glasses can be built soon. With this capability, a smartwatch
can provide location-based and situated visualizations [41, chapter
7].

In this paper, we use a technology probe to investigate how a
spatially aware smartwatch (SAS) can support its wearer to achieve
everyday tasks. People make many conscious decisions throughout
the day, ranging from routine choices, such as selecting an outfit or
choosing a product, to more critical judgments, such as a physician
determining the appropriate treatment for a patient. In many cases,
these activities can benefit from contextual information. However,
retrieving this information with conventional means, such as a
smartphone app, is cumbersome if one needs to take the phone
out of the pocket, start the app, and search for the information. In
contrast, SAS is instantly available on one’s wrist—merely pointing
one’s watch arm in a particular direction already triggers a spatially
aware display of information.

Consider finding specific objects in familiar or unfamiliar spaces,
such as finding a hidden key at home (Figure 1a) or a specific product
in the aisles of a grocery store (Figure 1b). SAS not only helps find
the object, but also provides detailed and up-to-date information
(e.g., product characteristics, Figure 1b) and status (e.g., if a product
is still available in stock). In professional environments, SAS can
help monitor critical data (e.g., frequent status changes, Figure 1c)
for quick intervention. Our paper explores the value that SAS, in
the form of a smartwatch/headset system, can have as a personal
interaction device. We make the following contributions:
• We introduce SAS, a technology probe, implemented by retrofitting
external tracking based on a HoloLens to a commercial smart-
watch, to carry out a study on its usage for daily decision-making.

• We assess the effectiveness of our SAS when searching for and
comparing products in a realistic context, a life-size model of a
grocery store with non-trivial size and complexity (300 products).

To our knowledge, our study is the first to explore continuous 3D
spatial awareness using a smartwatch. Unlike smartglasses, smart-
watches are already widespread, socially accepted, and relatively
discreet. Our work clarifies the benefits of a small, but literally
embodied (i.e., body-worn) interaction device.

2 Related Work
The evolution of networked mobile sensing technologies, such as
wrist- and eye-wearable devices, enabled egocentric and spatial data
tracking anywhere, anytime. In-situ data sensing helps bridge the
gap between the physical and the logical world. In the following
sections, we outline prior work on context and spatially aware
computing, with a focus on systems that have explored wearable

1https://www.projectaria.com

technology and smartwatches, as well as real-world technology
probes.

2.1 Context and Spatially Aware Computing
Context awareness refers to the ability of a computer system to
sense, interpret, and respond to spatial, temporal, activity-centric,
and environmental data [10]. With the growth of mobile and wear-
able devices, context-aware systems have been applied in domains
such as healthcare (e.g., monitoring patient status and adapting
interventions [5]), smart homes (e.g., automated energy control and
assisted living [12]), or navigation [26].

Spatially aware computing is a special case of context-aware
computing focusing on absolute or relative spatial information (i.e.,
the physical location, orientation, movement, and proximity of enti-
ties) or physical referents (i.e., the physical space or object to which
the data refers) in an environment. In recent years, spatially aware
systems have been used for human-computer interaction (HCI),
visual analysis, and in-situ data exploration. Spatial awareness in
ubiquitous computing is important for bridging physical and digital
data representations, enabling users to manipulate and interpret in-
formation through situated, embodied actions. The pioneering work
of Fitzmaurice et al. [20] demonstrated how a “palmtop” computer
augmented with spatial tracking becomes a lens capable of reveal-
ing and interacting in different locations. This idea later became
known as situated computing [17, 45] (i.e., computing grounded
in the specific environment of use). Previous research has demon-
strated multiple advantages arising from the deployment of such
systems for situated visual analysis [26, 36] and spatial situated
interaction [26, 33, 37].

In their survey onAR for situated visualization,Martins et al. [36]
argue that presenting visual data in close proximity to its real-
world referents allows users to access relevant information within
its contextual environment, enabling more effective and informed
decision-making. Other studies [26, 33] explored the use of spa-
tially aware smartwatches in map navigation tasks. Hasan et al. [26]
demonstrated the effectiveness of combining two spatially inter-
linked devices—a smartphone and a smartwatch—for improved
analytical performance. Although the dynamic peephole interac-
tion controlled by smartwatch movements [33] did not provide the
fastest task completion times, participants preferred it most.

Spatially aware systems enable direct interaction with the phys-
ical world, for example, using proxemics or gestures. For cross-
device interaction, Rädle et al. [37] found that spatially aware inter-
actions (e.g., flicking and throwing gestures) were preferred over
spatially agnostic techniques (e.g., selecting items from a menu).
They found that spatial awareness can reduce mental demand, ef-
fort, and frustration. Similar results were reported by Hasan et
al. [26]. The authors implemented a multi-device interface for map
navigation by physically moving a spatially aware smartwatch
and smartphone in space. Previous work has also explored differ-
ent spatial interaction techniques with mobile devices. Langner et
al. [35] designed five data transfer interaction techniques between
a spatially aware smartphone and a large display.

In our paper, we explore the use of a portable, easily accessible
device—a smartwatch— that provides spatial awareness and serves
as the sole display and input device to assist decision-making in
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everyday tasks. However, in contrast to prior explorations of spa-
tially aware smartwatches that relied on static external tracking
infrastructures or hand-held devices, our approach targets a hand-
free combination of sensing and display, such as Watch Spaces [42],
enabling more natural, continuous interaction with the real world.

2.2 Spatial Sensing with Wearable Devices
With the emergence of mobile and wearable devices, recent work
has emphasized integrating visual analysis into physical space to
provide contextual and situational interactive visualizations that re-
spond dynamically to both analyst and environmental cues. While
some of these works focused on the use of augmented reality dis-
plays [17, 21, 36], others investigatedwrist-worn displays [26, 28, 33,
42, 43], a combination of both [19, 24], or other mobile devices [35].

The most common indoor spatial tracking uses a motion cap-
ture system with reflective optical tracking markers attached to
devices [26, 33, 35, 42, 43]. Other systems used head-worn dis-
plays to complement the input and output space of wrist-worn
devices [19, 24], and display situated data visualizations around
real-world objects [21]. A key limitation of motion capture systems
lies in their limited, bounded sensing area, which prevents spatial
sensing outside the calibrated capture space. In addition, they are
not well-suited to handling occluded spaces. To avoid such prob-
lems, we opted for a head-worn device with continuous tracking to
provide our smartwatch with spatial sensing capabilities.

2.3 Technology Probes
A technology probe [30] is an early but faithful prototype used in
real-world settings to explore how people might understand, use,
and adapt to a new technology. According to Hutchinson et al. [30],
it has three goals: understanding users in their natural context,
field-testing technology, and inspiring design. This approach has
since been widely adopted in HCI research to explore emergent
practices around novel systems. In the domain of wearable and
mobile computing, prior work has deployed probes directly within
users’ everyday environments. For instance, a study by Dicianno
et al. [29] used a wearable technology probe to support in-home,
computer-assisted physical therapy, demonstrating how probe-style
deployment enables observation of interactions in natural contexts.
Technology probes have also been applied in high-stakes, context-
sensitive clinical settings. Kulp et al. [34] adopted a probe approach
along with other ethnographic methods to examine how trauma
team leaders interacted with a context-adaptive medical checklist
during live resuscitation, foregrounding the interplay between dy-
namic situational context and system usability. More recently, the
method has converged with visualization and personal informatics:
Jörke et al. [31] developed Pearl, a technology probe that uses a cal-
endar visualization to support user-directed reflection on personal
well-being data, illustrating how probe studies can evaluate both
the usability and interpretability of data-driven interfaces. In our
study, we also adopt a technology probe to test SAS in a grocery
store setting, to gather feedback and steer reflection.

2.4 Real-World Application Scenarios
Various authors suggest scenarios rooted in everyday, data-rich
environments that offer opportunities to interact with contextual

information and surrounding objects during decision-making tasks.
Therefore, libraries [46] and grocery stores [18, 45, 46] have been
used frequently in previous work. Grocery shopping tasks were
frequently imagined [3, 17, 45, 46] or tested in empirical studies [18,
46]. A possible reason why grocery stores were chosen is that they
are easier to access than, for example, hospitals [5]. We try to get
as close as possible to the real world in a lab study with a purpose-
built grocery store with more products (≈ 300) and shelves (23)
than reported in previous work (8 [18], 12 [46] products).

3 Concept of a Spatially Aware Smartwatch
Our idea of SAS is a smartwatch that provides localization: It tracks
egocentric data about its wearer and knows where it is located
in a 3D environment—both with respect to the wearer and the
surrounding environment. In addition, SAS consults a database that
stores information about objects in the surrounding environment.
SAS uses this input to display contextual information to support
the wearer in daily decision-making.

For example, in Figure 1a, SAS knows where a person left their
keys and can provide navigation instructions. It can also support
a person during daily decision-making, such as grocery shopping
(Figure 1b). SAS can help the wearer find the shelf containing the
desired product, locate it on the shelf, and support the person in
deciding on the exact product to buy based on product data. SAS
can also be used in a professional context, for example, in a hospital
(Figure 1c), where it displays detailed information about a patient
once a doctor is near the patient’s room.

Among the many tasks that can benefit from SAS are localization,
navigation, guidance, and visualization. SAS can report on its loca-
tion with sub-centimeter-level accuracy, in an indoor environment
of at least room size. It can support the wearer in navigating to a
specific place in an environment (e.g., a patient’s room, an aisle in
a grocery store, or a bookcase). Once there, it can guide a person in
front of an object (e.g., a shelf or cupboard) to find a desired item
(e.g., a key, a product, or a book). Finally, SAS can show visualiza-
tions based on the current context—for example, visual product
comparisons for shopping, patient data in a hospital environment,
or statistics about an ongoing sports event. For exploring SAS, we
formulated the following research questions:
• RQ1: Is a smartwatch with spatial sensing and context inspec-
tion capabilities helpful in assistingwith navigation and decision-
making tasks in real-life scenarios?

• RQ2: Does SAS enhance the interaction with the physical world?
• RQ3: Does the small form factor of a smartwatch constitute a
limitation in displaying contextual information?

• RQ4: To what extent does the use of SAS help reduce mental
fatigue and stress when making decisions?

In the next section, we will describe the scenario we selected to
explore how SAS can be used in practice.

4 Grocery Shopping Scenario
Grocery stores represent data-rich environments in which individu-
als are required to engage in various decision-making tasks, such as
locating specific products or selecting among multiple product al-
ternatives. Therefore, we picked a grocery store scenario to explore
the potential of our SAS. The smartwatch serves as the primary
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Product Search Task

Search Category Search Product Name Shelf Localization Product Localization

Products Comparison Task

Product ComparisonProduct Selection

(a) (b) (c) (d) (e) (f)

Figure 2: Interfaces for SAS application: product selection from the (a) category list and (b) product names list, (c) shelf and
(d) product localization, (e) product selection, and (f) tornado graph showing comparison of two products’ characteristics.

input and output device. It enables interaction with context-aware
information. For this purpose, the smartwatch displays a variety of
lists (Figure 2a and b), diagrams (2c), static images (2d), buttons (2e),
and visualizations (2f). The smartwatch supports two tasks, namely,
product search and product comparison.

Product Search. The product search task is divided into two
phases: 1) locating the shelf that contains the desired product cate-
gory, then 2) finding the product on the shelf. Participants had to
search through a list of product categories (Figure 2a), then a list of
product names (Figure 2b) in the selected category, to launch the
shelf and product localization.

To find the shelf with SAS, a top-down view of the store’s 2D
map is shown. The current position and orientation of the person
are shown with an arrow (Figure 2c). The arrow is connected to
the target shelf (shown in a distinct color) with a line trajectory.
Once the person is in front of the shelf in the grocery store, the
smartwatch displays an image of the shelf with the target product
in color, but all other areas are grayed out (Figure 2d).

Product Comparison. The smartwatch comparison interface fea-
tures a tornado graph that stacks the characteristics of two products
as horizontal bar charts. The graph shows nutrition facts and price
information for both products. Icons below the graph show addi-
tional information on the nutrition score and other characteristics
(e.g., if the product is vegetarian, vegan, lactose-free, or gluten-free).

The product selection is triggered when the ray cast from the
hand wearing the smartwatch intersects the product’s 2D bounding
area (rectangle defined by the top-left and bottom-right y and z
coordinates). As confirmation, the smartwatch vibrates and shows
the name of the selected product. If nothing happens within a few
seconds, participants were instructed to point elsewhere, then back
to the product. To confirm the selection, the wearer presses the
“add” button or “clear all” to deselect the product (Figure 2e). After
selecting two products, the comparison graph is shown. Finally,
participants had to select one of the products that fit the comparison
criteria by tapping on the corresponding side (Figure 2f).

Table 1: Three localization techniques and how we rate them
for different criteria. Good Moderate Bad

Criterion External motion capturing SLAM on smartphone SLAM on XR headset

Accuracy High Moderate High

Infrastructure Extensive cameras network None None

Mobility Non-portable Portable Portable

Practicality Low (lab setup) Moderate (Wear phone on wrist) Moderate (Wear headset)

5 Implementation of the Probe
In this section, we describe the implementation of the localization
solution and the software framework.

5.1 Localization
To turn a conventional smartwatch into SAS, we considered multi-
ple ways to retrofit 3D localization with sub-centimeter-level 3D
localization to the smartwatch. We wanted to cover an indoor envi-
ronment of at least 5×5 meters.

The built-in sensing capabilities of current smartwatches do not
provide such localization capabilities, because the inertial measure-
ment unit (IMU) alone is insufficient for 3D localization, and its GPS
sensor does not work indoors. In contrast, current smartphones
combine IMU, camera, and additional processing power for 3D
localization using simultaneous localization and mapping (SLAM).

We investigated what kind of device could provide smartphone-
like localization in a smaller form factor. A large smartwatch (e.g.,
Samsung Watch 8 Ultra) weighs about 50–55 g without the wrist-
band. The Google Project Aria Gen 2 smartglasses, which are capa-
ble of real-time SLAM, weigh around 75 g. With further advances in
wearable sensor miniaturization and embedded computing, we an-
ticipate that a regular smartwatch with SLAM capabilities like the
Aria device can be built within a few years. In the interim, our probe
simulates the intended functionality with existing technologies to
explore the concept of SAS from an HCI perspective. In the follow-
ing, we compare three possible indoor localization technologies to
simulate SAS (see Table 1 for strengths and weaknesses).
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• External motion capturing: Systems such as Vicon2 or Opti-
Track3 use multiple high-precision infrared cameras looking
outside-in to track the 3D position of the target (in our case, the
smartwatch) fitted with reflective markers. Accuracy is generally
high, but occlusions can be problematic.

• SLAM on a smartphone: Localization can be easily performed
with the built-in SLAM function (e.g., ARKit or ARCore [39]) on
a smartphone. The user wears a smartphone in a fitting sleeve on
their wrist next to the smartwatch.Wewere concerned that using
the smartphone camera to point upward rather than forward
might affect tracking accuracy. However, an informal experiment
with a tablet worn on a sleeve (Figure 3) while walking did not
reveal significant tracking instabilities and provides evidence
that arm-mounted tracking quality is sufficient in principle and
only miniaturization is required.

• SLAM on an extended reality (XR) headset: A headset not only
offers multi-camera SLAM, but also hand tracking to approxi-
mate the smartwatch position on the wrist. The disadvantage is
that a person has to wear the headset in addition to the watch.

Among the three options, we selected the one using an XR headset
(Microsoft HoloLens 2) to build our proof-of-concept system.4 We
decided against a stationary infrared tracking system because it is
inflexible, and covering all the occluded angles between the shelves
would require an excessive number of cameras. Given the choice
between a smartphone or an XR headset as a tracking companion
device, our informal investigation showed no clear preference for
which device was considered more obtrusive. Some individuals pre-
ferred to keep the arm unencumbered (except for the smartwatch);
others preferred to keep the head unencumbered. We ultimately
gave preference to the HoloLens because of its proven and tested
tracking performance. We never turned on the headset display and
told all participants during the study that they should ignore the
headset and focus on the smartwatch. We use the headset to track
both the user’s head and hands. The origin of the environment is
uniquely determined using absolute localization with Bag of World
Anchors (BOWA) descriptors [38].

5.2 Software Framework
We use the software architecture illustrated in Figure 4. Our ar-
chitecture is implemented as a distributed system consisting of a
stationary computer acting as a server, a smartwatch, and a headset,
all communicating over WiFi using the message queue telemetry
transport (MQTT) network protocol. Node-RED running on the
server controls the communication. Node-RED is a software frame-
work written in JavaScript on top of Node.js. It excels at orches-
trating data flows in distributed systems and has been found to be
useful for situated visualization research in the past [21].

A headless application (no display output) is started on the head-
set. It invokes the Microsoft Mixed Reality Toolkit to read the
headset’s tracking data and broadcasts MQTT messages over WiFi.

The smartwatch acts as a thin client. It displays images and for-
wards touch events the user generates to the server. The application

2https://www.vicon.com
3https://optitrack.com
4The Project Aria Gen 2 headset was only released in 04/2026 and was not yet available
when this work was performed.

(a) (b) (c)

Figure 3: (a) Tracking with SLAM on an iPad worn on the
wrist. (b and c) The virtual hamburger remains in its place
even after a minute of movement.

logic of the shopping assistant (i.e., shelf localization and product
comparison functionalities) is executed in a Node-RED flow on the
server. The server collects MQTT messages for tracking and smart-
watch input events (e.g., the ID of a selected product) to determine
the application state. Then, it renders the appropriate visual output
to an off-screen buffer, which is streamed to the smartwatch for
display. We generate 2D visualizations with D3.js;5 the 3D view of
the grocery store is created with Three.js,6 and the navigation path
is computed using three-pathfinding.7

Figure 4: System architecture for our SAS.

6 Evaluation
To test our technology probe and a baseline condition, we built a
grocery store (Figure 5) and set two shopping tasks (searching for a
product and comparing the characteristics of two products). Given
the restricted space and capacity of our grocery store, we chose a
between-subjects design for our study to minimize learning biases.
Our study was approved by our university ethics committee.

6.1 Tasks and Conditions
Our main goal was to explore our research questions. Given the
experimental nature of our prototype, we were primarily interested
in determining which interactions worked and were perceived as
helpful when performing basic grocery shopping tasks. We com-
pared two main conditions: 1) a baseline condition without any
assistance, and 2) SAS. We collected data on participants’ perfor-
mance on the study tasks, as well as their preferences, perceived
5https://github.com/d3/d3
6https://github.com/mrdoob/three.js/
7https://github.com/donmccurdy/three-pathfinding
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(a)

(b) (c) (d)

Figure 5: (a) The grocery store shelves with 2D printed prod-
ucts. (b – d) A top-down view of the map of the grocery store
setting showing trajectories’ starting (in green) and ending
(in red) points for each product: (b) product 1: sauce, (c) prod-
uct 2: cookies, and (d) product 3: pizza. The distractor shelves
are highlighted in purple. The red cross indicated the blocked
area that we prohibited participants from crossing.

task load, helpfulness, and acceptance of SAS. The first task in-
volved searching for a product in an unfamiliar grocery store, and
the second task compared the nutrition facts of two products to
select the one that best met a given criterion.

Product Search Task. We gave participants a grocery shopping list
with three products to find. For each item listed, we indicated the
category of the product and its name as shown on the package. To
maintain a consistent walking distance from each product location
to the starting search point (i.e., 8–9 tiles, Figure 5b–d), we marked
three starting location points on the floor, respectively, for each
product. To make the task more realistic, we asked participants to
push a trolley full of shopping products while walking the aisles.

Product Comparison Task. After successfully completing the search
task, participants were asked to compare the product found with a
second product based on a specified condition related to nutrition
facts (e.g., select the product containing less sugar). The name of
the second product and the comparison criterion were indicated in
the grocery shopping list. The second product always belonged to
the same category and was displayed on the same or an adjacent
shelf, next to the first product (i.e., same row or adjacent row). For
the baseline condition, we handed the real products to participants.
In the SAS condition, participants had to point toward the two
products to select them for comparison. Then, a tornado graph
showed nutritional facts and prices (Figure 2f).

6.2 Apparatus and Setting
Apparatus. The studywas carried out using aGoogle PixelWatch 3

with a round screen of 41 mm, a Microsoft HoloLens 2, and a server
PC (CPU: i7-7700, GPU: GeForce RTX 2070, RAM: 32 GB) running
Oracle Linux Server 9.6.

Grocery Store Setting. We purposely built a grocery store that
covered an area of 25m2. We started with a virtual reality model,
which served as a digital twin. Then, we recreated the digital twin as
a physical environment in our research lab. From our product data-
base, we extracted data such as package photos, names, prices, and
nutritional attributes for about 300 products from a real supermar-
ket website. Package photos were applied to box-shaped containers
placed on shelves using a 3D modeling application (Blender). The
products were sorted into categories, and up to three categories
were placed on a shelf. As is customary in a real grocery store, indi-
vidual products are repeated up to five times in a row. The shelves
are 100 cm wide and 200 cm high, with five boards each.

The shelves were arranged in three aisles to ensure a reason-
ably complex environment with a fair amount of occlusion. The
store is made up of a total of 23 shelves—including eight as dis-
tractors (Figure 5b–d). Most of the products on display are food
products (240/289 products) (Figure 5a). Each shelf is identified with
a unique ID displayed on a sign at the top of the shelf, together
with the product categories.

6.3 Participants
We recruited 30 participants (15 per group) via university mailing
lists, personal networks, and direct recruitment. Seven participants
identified as women, and 23 as men. Eighteen participants were
between 25 and 34; 10 were between 18 and 24, and two participants
belonged to the age range of 35 to 44. The majority of participants
had a master’s (12) or bachelor’s (10) degree, six had a high school
diploma, one had a doctorate (PhD), and one had a secondary school
diploma. When asked about their previous experience with smart-
watches, 12 participants from the SAS condition reported having
used a smartwatch before, including five who owned one and used
it regularly. From the SAS condition, 13/15 participants were right-
handed, and one wore a watch on the right wrist.

6.4 Study Procedure and Design
After signing the consent form, participants were randomly as-
signed to one of the conditions. Then, we introduced them to the
tasks. Participants in the SAS condition started with a training
session to become familiar with SAS. After confirming that they
understood the tasks, participants performed the two study tasks.
In the end, they were asked to complete a questionnaire inspired
by NASA-TLX [25] and SUS [9] questions. Participants reported
on their preferences and experiences with both conditions by an-
swering follow-up open-ended questions. All collected data was
anonymized, protecting participants’ privacy.

7 Results
This section reports study results, including the task completion
time for the product’s search and comparison tasks under the dif-
ferent study conditions, and ratings of the perceived task load and
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 Search Task SAS Not at all  1  2 3  4 5 Very Search Task Baseline

Figure 6: Participants ratings for the search task using questions related to the task load. Q4 is reverse-anchored: higher values
indicate better perceived success. The yellow line shows the median.

usability for SAS. To evaluate and refine the technology probe, we
gathered qualitative data capturing participants’ subjective prefer-
ences, acceptance of the system, and perceived helpfulness.

Following recommendations for establishing a modern evalua-
tion methodology [14, 15], we report our inferential statistics using
interval estimation rather than p-values. We measured Task Com-
pletion Time (TCT) for the SAS condition, starting from the
moment the product name was selected from the list (Figure 2b)
until the frontal view image (Figure 2d) was pressed—indicating
that the product was found. For the baseline condition, the TCT
was measured with a stopwatch. We report sample means for 180
trials in total: 90 trials (15 participants × 2 tasks × 3 trials) for each
group using 95% confidence interval (CI) estimation [6, 11, 13, 15]
using BCa bootstrapping [16] with 10,000 bootstrap iterations. In
addition, we report the differences between means to compare the
two conditions. We adjusted the CI of the mean differences for mul-
tiple comparisons using Bonferroni corrections [27], highlighted as
red error bars. When reading a CI of mean differences, we interpret
a non-overlap of the CI with 0 as evidence of a difference.

7.1 Product Search Task
For this task, we report and compare the results of the two study
conditions (full results are in the supplemental material). We read
the TCT results with caution due to the small sample size.

Task Completion Time (ms)

Search task
Product 1: Sauce

-7269
-

Comparison task
Product 1: Sauce

-
9010

Product 2: Cookies Product 2: Cookies

-
7904

-
5421

Product 3: Pizza Product 3: Pizza

-
13895

-
4579

Figure 7: Mean TCT pairwise differences for search (left) and
comparison (right) tasks for the 1st, 2nd, and 3rd products.

Table 2: Means (top) and pairwise differences (bottom) be-
tween the two conditions of TCT while searching for the
three products. Legend: Baseline and SAS.

Completion Time. All participants were successful in finding the
three products from the grocery shopping list. In general, the results
do not show evidence of differences in mean TCT between the two
conditions (mean TCT : 23.2 s and : 20.1 s (Table 2)). However,
the mean TCT for individual products differed across conditions.
On the one hand, participants from the baseline condition took
on average 7.2 s longer than the SAS condition to find the first
product (mean TCT : 33.3 s and : 26.1 s). However, the results do
not show any evidence of a difference between the two conditions
for the mean TCT for the first product. On the other hand, the
mean TCT for the second and third products was shorter with the

baseline condition, with 7.9 s for the second product (mean TCT
: 17.4 s and : 25.3 s) and almost by 3× with 13.9 s for the third

product (mean TCT : 7.6 s and : 21.5 s, Figure 7). The pairwise
differences between the two conditions for the third product show
weak evidence of a difference, indicating that participants were
faster with the baseline condition than with the SAS condition.

Task Load. To measure the perceived workload for the two condi-
tions, participants were asked to fill out a questionnaire inspired by
NASA-TLX and using a 5-point Likert scale (1 = not at all, 5 = very).
For the two conditions, participants reported that the product search
task was not mentally demanding (median: 2). In contrast, with
the baseline condition, the physical load of the task was rated
higher (median: 2) compared to the SAS condition (median: 1).
Similarly, participants felt more rushed and stressed (median: 2)
when performing the search task with the baseline condition
than the SAS condition (median: 1). When asked how successful
they were with performing the task, participants reported being

https://osf.io/7uhkc/?view_only=144c2de46f594160ab8c95f43a9c49c6
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Q5

Q4

Q3

Q2

Q1

Compare Task SAS Not at all  1  2 3  4 5 Very Compare Task Baseline

Figure 8: Participants ratings for the comparison task using questions related to task load. Q4 is reverse-anchored: higher
values indicate better perceived success. The yellow line shows the median.

Table 3:Means (top) and pairwise differences between the two
conditions (bottom) of TCT while comparing two products
for the three products. Legend: Baseline and SAS.

very successful (median: 5) with the SAS and only successful
(median: 4) with the baseline condition (Figure 6).

7.2 Product Comparison Task
For the product comparison task, we report results from the two
study conditions (full results are in the supplemental material). We
read the TCT results with caution due to the small sample size.

Completion Time. All participants were able to choose the cor-
rect product based on the provided comparison criterion. With the
baseline condition, participants were 3.7 s faster with the compar-
ison task (mean TCT : 5.3 s and : 9 s, Table 3). However, no
evidence of differences was found between the conditions. Simi-
larly, comparing individual products’ TCT shows no evidence of
difference between the two conditions (mean TCT : 9.6 s and :
15 s for the second product, and : 8.2 s and : 12.8 s for the third
product), except for the first product, a weak evidence of a differ-
ence indicated that participants were 9 s faster with the baseline
condition than the SAS condition (mean TCT : 5.5 s and :
14.6 s, Figure 7).

Task Load. Participants found that the product comparison task
was more mentally demanding with the baseline condition (me-
dian: 2) than the SAS condition (median: 1), but not physically
demanding at all for both conditions. The participants did not feel
the task was rushed or stressful (median: 1) and expressed that they
were very successful in accomplishing the task (Figure 8).

7.3 Spatially Aware Smartwatch: Usability
Ratings

To assess participants’ experience with SAS (the smartwatch and
headset system), we asked them to complete the System Usability
Scale (SUS), a 10-item questionnaire that yields a composite us-
ability score ranging from 0 to 100. The SAS condition received a
score of 86.66, and is classified as EXCELLENT according to Ban-
gor et al. [4]. Participants’ comments about their ratings of the
usability of SAS were nuanced. While a few comments pointed at
some functional shortcomings and irregularities, such as “Some-
times it failed to detect the product during comparison check” (S-53),
or “The navigation is little bit slow but everything else was good
” (S-81), most of our participants described SAS as “intuitive and
easy to use” (S-63), and found that “Simple navigation and clear cut
comparison made it easy” (S-53). Participant (S-63) also mentioned
that the “System worked consistent with no sign of technical flaws or
faulty recognition”.

7.4 Spatially Aware Smartwatch: Helpfulness
and Acceptance Ratings

Participants were asked for feedback on their overall appreciation of
SAS to complement the usability evaluation. This includes perceived
helpfulness in supporting task completion and their willingness to
adopt SAS in real-world contexts. The participants rated SAS as
very helpful (median: 5) in finding a product at the grocery store
and comparing the characteristics of two products. Furthermore,
they were open to using SAS in public spaces without feeling that
it could be socially awkward at all (median: 1). However, they were
more reluctant to perform the product selection task with SAS,
pointing to a product in public (median: 2).

8 Discussion
In this section, we summarize the findings of our study and discuss
opportunities emerging from our technology probe with respect to
the four research questions defined in Section 3.

RQ1: Is a SAS helpful in assisting with navigation and decision-
making tasks in real-life scenarios? We assess the helpfulness of
SAS using TCT measurements and participants’ subjective ratings.
The chosen tasks illustrated indoor navigation and decision-making
in a realistic usage context (i.e., an unknown grocery store). The re-
sults showed that, with the help of SAS, all participants successfully
located the designated shelves and found products that matched
the search criteria. When designing the study, it was important
that participants were unaware of the grocery store’s products and

https://osf.io/7uhkc/?view_only=144c2de46f594160ab8c95f43a9c49c6
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locations. In the baseline condition, this circumstance was valid
only during the first product search. In contrast to the SAS condi-
tion, participants did not have any indication of shelf location for
the baseline; therefore, the majority of participants (13/15 partic-
ipants) had to navigate and scan almost all the shelves and read
the products’ category signs—placed on top of each shelf—to find
the searched product. This procedure resembles a typical product
search task in an unknown supermarket or when the aisle configu-
ration changes. This was reflected in many participants’ comments
in the post-study questionnaire. One participant reported: “Like a
supermarket you don’t know—orientation takes some time” (B-12).
Another one mentioned: “I took pretty long to find the first item.
However, during that search I got a decent overview of the entire store,
which helped me to find the next items much faster” (B-29). When
asked whether they have learned about the location of products
from the grocery list while performing the search task, 14 (10: Yes
and 4: Maybe) reported that they (might) have learned about prod-
ucts locations." It is likely that the relatively small supermarket
size—with only three aisles, which most participants already in-
spected when searching for the first product—influenced the mean
TCT results during the search task for the second and third products,
in the baseline condition. Generally, the recorded TCT results help
estimate the average time required for the given tasks. However,
they cannot be generalized to different usage contexts or even gro-
cery stores with a larger number of shelves, products, and different
arrangements.

In general, participants confirmed in the post-study interview
that SAS was helpful. SAS participants reported more confidence
and a positive perception of both tasks compared to no smartwatch.
One participant commented: “The smartwatch provided the correct
navigation and precise placement of products on the shelf” (S-53).
Another participant mentioned that the smartwatch’s navigation
instructions were clear “The navigation is really nice, I know exactly
where to go” (S-99). Regarding the comparison task, one participant
mentioned: “Much easier to compare with the graphs provided on
the watch” (S-53). Also, one participant expressed their motivation
to use such a tool for his daily shopping: “I use a smartwatch to
track my exercise, my sleep. So I was rather fascinated that shopping
features can be added to it, which can save time when I go to the
supermarket and spend hours searching for the right products” (S-15).
In a similar vein, more than one participant expressed that the use
of SAS, particularly in the study context, was both meaningful and
helpful. One noted: “The idea of the system feels great considering
how big the supermarkets are, so it feels best to use when one already
has the list of items to buy” (S-53). Another one stated: “It allows [a]
user to efficiently navigate through cutting down search aisles and
compare products to best meet customer needs” (S-26). Interestingly,
the use of SAS in the context of buying groceries revealed additional
perceived benefits among participants, specifically to support more
conscious shopping behavior: “You focus more on the products that
you need [...] I might buy groceries more efficiently without looking
at other options” (S-36).

Participants received the idea of our SAS well. Those who own
a smartwatch appreciate using their personal device to help with
mundane tasks and are starting to envision how they will use it
and adapt it to their grocery habits. This feedback motivates us to

investigate the SAS concept further for usage scenarios that require
everyday guidance and assistance.

RQ2: Does SAS enhance the interaction with the physical world?
We assessed this research question with the SUS questionnaire and
qualitative feedback on the pointing interaction. When perform-
ing the navigation and comparison tasks, participants performed
different interaction techniques to select the products. In general,
participants rated the SAS usability high. While the product name
was selected from a list by tapping on the touchscreen of the smart-
watch, the physical products displayed on the shelf were pointed to
by the participant’s arm wearing the smartwatch. First, using touch
interaction on the smartwatch to select and scroll through product
categories and names was perceived as quite time-consuming, es-
pecially when the item list is long: “It just feels like it takes a little
bit more time tapping on the smartwatch” (S-02). and “The selection
of the product is a bit mentally demanding when the list of products is
long” (S-95). Second, the feedback we received on the pointing inter-
action was quite nuanced. On the one hand, it demonstrates great
potential for using spatial interactions with SAS. Indeed, because
our spatial tracking approach is centered around the hand, which is
the primary natural interaction medium with the physical world, to
grasp, point to, or touch objects, it provides a wide range of spatial
interaction options. One participant mentioned: “It was fun to select
the products by pointing towards them” (S-95). However, some were
hesitant to use such spatial interaction in public spaces: “It would
be a bit weird to go close to the products and point out for the compar-
ison task” (S-53). Another participant thought that the interaction
might be time-consuming, especially if the person is in a hurry.
The reluctance of certain participants to use SAS when surrounded
by other people was not surprising, because social acceptance of
spatial interactions in public environments remains a challenge
that prior work has highlighted [1, 46]. This opens new research
opportunities for designing hand-based spatial interactions with
SAS that are intuitive and suitable for public use.

RQ3: Does the small form factor of a smartwatch constitute a
limitation in displaying contextual information? We assess this re-
search question using qualitative feedback from participants. Smart-
watches have displays with a diameter of 4.2–4.4 cm. This size di-
rectly affects how much information the smartwatch can display at
once, requiring careful interface design that emphasizes the most
important information.

For the two tasks we studied, our SAS did not show too much
information per screen—only a top-down view of the store map and
a tornado graph, showing different nutrition facts as proportions.
Few participants commented on the smartwatch or the size of the
information displayed. However, one participant mentioned “still a
bit small numbers, but generally easy” (S-36). We assume that most
participants focused on reading the graph’s proportions rather than
the exact values. Another commented: “Clear bar graph comparison
made [the task] easier, didn’t need to check the values” (S-53). We
received a few comments expressing concern about elderly people
reading information on such a small display. Accessibility was
not our main focus for this first exploration. Future work should
consider a more inclusive design for elderly and vision-deficient
individuals [44]. Although it was possible to pinch the screen of the
smartwatch to zoom in on the content, there are other opportunities
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to further test spatial interactions by moving the smartwatch up
and down to zoom in and out of the content.

Smartwatches are generally underestimated. Larger devices usu-
ally occupy at least one hand and are less suitable for extended
mobile use. Our investigation confirms that, despite their small
display area, smartwatches can show the necessary information
for navigation and search tasks. We leave the exploration of more
elaborate gestural interactions for future work.

RQ4: To what extent does the use of SAS help reduce mental fatigue
and stress when making decisions? We assess the task load using
a NASA-TLX-inspired rating. In line with previous findings [37],
SAS helped reduce perceived task workload and stress levels. In
general, the assistance of a smartwatch reduced stress, particularly
for the search task. In fact, participants felt the urge to perform
the task faster and were more rushed and frustrated in finding the
products in the baseline condition. One participant commented: “I
felt a bit stressed because I had to process a lot of information in a
short amount of time to complete the product search” (B-29). This
statement explains the slight increase in the physical load rating,
because participants had to walk the store aisles with the trolley
and look everywhere, especially when locating the first product.
Another participant commented: “I was annoyed that I overlooked the
first product. Sometimes, I was unsure if I found the correct product,
and I had to cross-check with the grocery list” (B-38). In contrast,
when using SAS, participants were more relaxed: “good pace and
supportive instructions” (S-63). It seems that participants were more
content with finding the product, because they had the necessary
information about their own and the product’s location. Based on
how participants rated their success, we think that SAS boosted
their confidence in their performance.

Our main focus was the extent to which SAS can support and
enhance daily tasks, especially when involving decision-making
under stress and uncertainty. The preliminary feedback from our
exploratory study confirms the potential value of having our SAS.

9 System and Study Design Limitations
In the following, we summarize limitations related to the current
prototype and study design and outline potential improvements.

Influence of the Used Headset on Task Load and Comfort. Even
though all the interactions and information were mediated via
the smartwatch, in the SAS condition, participants had to wear a
HoloLens 2 to ensure spatial tracking. Some participants described
the HoloLens as “bulky,” and they expressed their preference to use
lightweight smartglasses or a standalone smartwatch instead. How-
ever, using the HoloLens did not hinder perception of the shelves
or the products (8 votes: no hindrance, 7: slightly or sometimes—
mainly due to the visor tint). Although wearing the HoloLens had
no direct impact on task workload (SAS mental and physical loads
were lower than or equal to the baseline), its use may nonetheless
affect social comfort and acceptance in daily-life settings.

Toward Building a Standalone and Lightweight SAS.. The current
prototype relies on a bulky headset and a distributed infrastruc-
ture, limiting the usability of SAS in real-life settings. In the near
term, this can be addressed by replacing the HoloLens 2 with the
lightweight Aria 2 glasses. In the longer term, the same sensing

hardware (of the Aria glasses) can be embedded in a commercial
smartwatch to transform it into a standalone SAS. Additionally, the
emergence of public spaces equipped with built-in outside-in spa-
tial tracking infrastructure (e.g., Amazon Go8) could offload much
of this technological burden.

Interaction Modalities Vary Between Conditions. Both search and
comparison tasks presented different interaction styles, accommo-
dated to each condition’s specificities. Most likely, these differences
have impacted the TCT results. For the search task, we assume that
the mean TCT for the SAS condition could have been shorter if
direct input were applied, instead of scrolling through two lists. The
list navigation time to select the product to look for was estimated
to be ≈15 s for the first, and ≈9 s for the second and third products.9
Similarly, the pointing interaction is estimated to take ≈8 s until the
comparison visualization is displayed on the smartwatch: ≈3 s to
detect the pointed to product, in addition to ≈5 s to confirm the se-
lection and wait for the comparison visualization to load on screen,
compared to less than 1 s to flip the two products and see their
nutrition facts information. Ultimately, the interaction time with
the application and the overall user experience can be improved by
enabling direct interactions (e.g., voice input) and centralizing all
necessary information on the smartwatch (e.g., a shopping list that
lets users select products directly on the smartwatch).

Sample Diversity and Study Setting. Future work should aim for
a larger and more demographically diverse sample: ensuring better
gender balance and including participants with visual impairments
to evaluate data accessibility and readability on small displays.
Moreover, future investigations should extend the study setting
scale (i.e., larger grocery stores to minimize the learning effect)
and test higher-stakes environments, such as hospitals, that might
produce stronger effects on performance and task load.

10 Conclusion
SAS received high usability ratings and, according to participants,
provided effective assistance with the study tasks. Additionally,
it helped ease the workload and reduce the stress caused by spa-
tial disorientation in large or unfamiliar environments. Although
our current SAS prototype has some technical limitations, such
as latency in updating the real-time navigation map, participants
generally received it well.
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