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Abstract—Recent advancements in Al-enabled healthcare tech-
nologies have brought attention to location-based emotion/stress
mapping through smart wearables. This study explores the
practicality and perceptions of using multimodal data for emotion
detection and management, focusing on the role of individual
geographical movement data as an additional modality for
stress mapping. Our initial findings highlight that personalized,
location-based feedback is key to adoption for stress monitoring,
but many challenges remain to be addressed. This study also
presents a discussion on utilizing stress mapping based on
real-life location dataset. It lays the foundation for developing
user-friendly, Al-driven solutions that leverage location data to
enhance early awareness of stress-related emotions and improve
accessibility to mental healthcare services.

Index Terms—Artificial Intelligence, eHealth, Stress Detection,
User study, Sensors

I. INTRODUCTION

According to the World Health Organization (WHO), mental
health is the emotional well-being state of an individual,
attempting to cope with various types of stresses in daily life
and realize their potential as members of a broader society [1].
Most people experience stress at some point in their lives. In
fact, stress can serve as a motivator for us to accomplish more
and become more resilient [2]. However, if prolonged periods
of high-intensity stress continue untreated or unmanaged, it
can have negative effects on decision-making, and interper-
sonal relationships. Therefore, acute stress could be defined as
a short-term state typically arising from immediate perceived
threats, while chronic stress as a long-term state resulting from
ongoing pressures and demands [3].

This study aims to explore the emotional states of feeling
stressed, which includes both acute and chronic stress. Stress
is a natural response to the challenges of life, triggered by
external factors. While stress can help us cope with immediate
demands, its prolonged effects on mental and physical health
are profound. Given its complex impact on both social and
medical aspects, stress requires thorough investigation. From
a medical perspective, long-term stress plays a major role
in many physical health conditions including diabetes [4],
hypertension [5], cardiovascular diseases [6], and inflamma-
tion [7], as well as mental health illnesses, such as depression,
anxiety, and post-traumatic stress disorder (PTSD) [8]. From
a social standpoint, excessive stress can be detrimental to
one’s overall well-being, productivity, social relationships, and
quality of life.

Conventionally, the diagnosis and treatment of long-term
stress are frequently prolonged because it is challenging to
detect stress until chronic stress manifests biological and
psychological health issues. The consequences of this delay
can lead to more serious health effects and raise healthcare
expenses, especially for the elderly and those living in rural ar-
eas with limited access to health services. The continuous and
dynamic nature of stress-related emotions is not adequately
captured by conventional approaches, which rely on self-
report and recurrent clinical evaluations. These shortcomings
highlight the urgent need for more efficient and accurate
diagnostic instruments [9].

To address these issues, one area of potential innovation
is the application of technology, in general, and Aurtificial
Intelligence (Al), in particular, to stress detection and man-
agement [10]. The present study employs a broad definition
of Al as used in D’Alfonso’s [11] mental health study, to
encompass a variety of methods for developing computational
systems that can carry out cognitive functions that are unique
to humans, including learning, reasoning, problem-solving,
predicting, and generalizing. The work [12] asserts that Al
has the potential to revolutionize mental healthcare and ben-
efit both individuals and communities. Real-time monitoring
of physiological biomarkers (e.g., heart rate variability, skin
conductance, or respiratory rate) and behavioral reactions (e.g.,
patterns in mobility, sleep quality, or smartphone usage) col-
lected from smart wearables can provide direct and immediate
insight into stress levels and help to improve stress manage-
ment more efficiently, such as improving current methods of
diagnosing, treatment planning, and management of negative
conditions of mental illnesses [13].

The motivation of the study, is originated from under-
standing users’ perceptions and needs regarding Al in mental
healthcare in order to bridge these gaps and develop scalable
technological and Al solutions for stress detection, as we move
forward to develop a user-friendly design and real-time feed-
back individuals to effectively self-monitor their stress levels
and mental well-being in general, as postulated in Figure 1.
Previously, we conducted a questionnaire and interviews to ex-
plore people’s attitudes and perceptions regarding Al-enabled
stress detection. Overall, the findings demonstrated that people
held positive attitudes towards the integration of Al into mental
health space, especially when it uses various data sources to
analyze physiological and psychological indicators of stress
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Fig. 1.

in real time. The findings also highlighted the importance of
promoting emotional self-awareness and Al literacy, building
trust, and engaging with medical professionals as foundation
for comprehending common perceptions.

Therefore, we aim to make one incremental step towards
understanding if state-of-the-art technology “stress mapping”
contribute to emotion detection as a supplement to biometric
data. This includes the study on a real deep indoor/outdoor
location data from consumer-grade wearables. The initial
results of this study are expected to assist in laying the
groundwork for our continued development of a learning-
based stress detection system. Understanding the perspectives
of healthcare practitioners and individuals on Al can yield a
comprehensive grasp of potential obstacles and enablers for
its incorporation, thus developing approaches for efficacious
execution and adoption.

The rest of the paper is organized as follows. The method-
ology designed for this study is elaborated subsequently in
Section II. Thereafter, the results are presented in Section III.
The main discussion and the conclusion are presented in the
final two sections.

II. METHODOLOGY AND BACKGROUND

Stress mapping using location data involves analyzing peo-
ple’s geographical movements and their corresponding stress
levels to identify patterns and potential stress hotspots in a
region. This can be achieved by integrating data from various
sources, including wearable devices, mobile apps, or even
social media platforms.

As of today, numerous studies have evaluated the posi-
tioning capacities of localization chips embedded in personal
wearable devices, demonstrating their considerable positioning
capabilities [14], [15], [16], yet, operation in urban and indoor
environments remains one of the biggest challenges as well as
one of the most often spaces for experiencing stress.

One of the potential ways to avoid stressful situations
in cities is by utilizing Al-powered systems that may map
stress levels in high-density areas where noise, crowding,
or traffic might elevate stress, as well as identification of
stress triggers at work. To access the effectiveness of these
systems, a set of consumer-grade devices were tested across
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several pedestrian scenarios in different environments: open-
sky, dense urban, light indoor, and deep indoor transition. All
sensor data acquired is shared as an open-access dataset [17].
In this paper, we focus solely on the quality of raw sensor data
between devices, i.e., specifically examining the sensitivity of
the GNSS chipsets in pure GPS and fused (when Android
system is utilizing additional sources of location for the
estimation) modes.

Quantitative methods were employed to demonstrate how an
individual’s physical movement patterns can provide insight
into their stress levels for study design and implementation.
The collection of indicator location data using sensor-equipped
personal wearable devices served as an example of it.

Further, we utilized Cumulative Distribution
Function (CDF) to comprehensively understand the
distributional characteristics of the precision of the localization
measurement from our real-life dataset [17].

The Cumulative Distribution Function (CDF) of a random
variable X is expressed mathematically as the probability that
X takes a value less than or equal to a certain value x. The
CDF Fx (z) is defined as:

Fx(z)
For a discrete random variable, the CDF is the sum of the

probabilities up to z:
r) =) P(X =

t<zx

=P(X <)

Overall, CDFs provide a graphical representation of the proba-
bility that a random variable will take a value less than or equal
to a specific value, enabling us to assess assess the general
distribution and comprehensive pattern of location error and
precision. In this way, the visualization enables us to directly
compare different measurement data and discern differences
in their distributions. This method supports a nuanced inter-
pretation of the data, facilitating robust and detailed analysis.

Following the insights from the study and being limited by
the time frame of the ethical review considering the majority
of biometric factors, we have decided to provide a preliminary
results of how reliable the mapping of detected emotion-rich
locations.
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Fig. 2. Location estimation error for Deep Indoor conditions
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Fig. 3. Location estimation error for Light Indoor conditions

In our dataset, three Android smart devices were utilized
for data acquisitions, namely two smartphones Google Pixel 7
& Samsung AS52 5G; and Samsung Galaxy Watch 6. These
devices were utilized for advanced positioning purposes,
capturing data from various sensors including GNSS (raw,
fix, nav), IMU (accelerometer, gyroscope, magnetometer),
barometer, and step count/detect with more details on quan-
tization specifics are available in [18], [19]. The data was
logged via the Mimir app, developed by Tampere University,
which provides comprehensive sensor readings through the
Android API.

Key features of the devices are their ability to capture GNSS
data at a frequency of 1 Hz, along with IMU data at 200 Hz.
Step counting and detection were recorded at 5 Hz, providing
detailed tracking of movement patterns. The dataset reflects
a range of scenarios, from open-sky environments to urban
and indoor settings, illustrating the devices’ performance in
diverse conditions. These measurements support research in
precise location-based stress mapping and other positioning-
related applications. To obtain diverse and realistic acquisi-
tions, the surveys were performed in three modes: texting,
swinging, and pocket. They were then aggregated afterwards
for generalization purposes.
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Fig. 4. Location estimation error for Urban Outdoor conditions
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Fig. 5. Location estimation error for Open Sky conditions

III. NUMERICAL RESULTS

Focusing on the positioning quality of each device, positions
given by both GPS and fused providers were retrieved for
Android devices, and the results are shown in Figs. 2-5.
Notably, only the Pixel Watch and A52 provided the location
from the fused provider.

The Deep Indoor scenario, depicted in Fig. 2, shows the
most significant positioning errors, with a large proportion of
measurements having an error greater than 10 meters. This
level of inaccuracy could limit the usefulness of location-based
stress mapping in fully enclosed indoor environments, where
GNSS signals are weak or obstructed.

In Light Indoor settings, given in Fig. 3, the error distribu-
tion is somewhat improved compared to Deep Indoor, but still
a significant number of measurements display errors above 10
meters. The positioning here is slightly more usable for stress
mapping, particularly in spaces with large windows or less
interference. However, the precision remains a concern for ac-
curately mapping stress in specific locations within buildings.
Interestingly, both Deep (Fig. 2) and Light Indoor (Fig. 3)
plots show an interesting tendency of the positioning error
“jump” for approximately 40% of measurements. It is likely
to be caused by switching from “hybrid” localization (using
WiFi beacons) to GPS-only one.



TABLE I
REAL-LIFE LOCATION ERROR SUITABLE FOR STRESS MAPPING: (M) — MEDIAN; (A) — AVERAGE

Device Name Deep Indoor

Light Indoor

‘ Urban Outdoor Open SKky

Google Pixel 7 M: 6.1796 A: 6.2410

M: 4.2289 A: 4.4429

M: 4.5431 A: 4.6319 M: 3.0321 A: 3.0000

Samsung A52 5G M: 5.5841 A: 5.8730

M: 4.3713 A: 5.0212

M: 2.8510 A: 3.4616 M: 2.5000 A: 2.6787

M: 6.1042 A: 8.6605

Samsung Galaxy Watch 6

M: 3.7490 A: 5.6464

M: 5.6779 A: 6.1770 M: 3.9644 A: 4.4516

The Urban Outdoor environment yields better results, as
seen in Fig. 4 with most positioning errors falling below 10
meters. This level of accuracy is more suitable for stress map-
ping in outdoor urban settings, where people move between
buildings and open spaces. However, the presence of “urban
canyons” could still impact GNSS signal quality, resulting in
occasional deviations.

The Open Sky environment, shown in Fig. 5, demonstrates
the highest positioning accuracy, with the vast majority of
measurements having errors below 5 meters. This high level
of precision is optimal for stress mapping, as it can accurately
correlate stress levels with specific outdoor locations, offer-
ing reliable insights into how particular environments affect
emotional well-being.

The summary of trends for location precision is depicted
in Table I. The modern GPS receivers are capable to obtain a
relatively good location estimation quality. Those are likely to
fulfill the stress mapping applications not only in Outdoor but
also in Deep Indoor scenarios. The critical point is that it is
still up to the developers to define if localization accuracy of,
e.g., 10 meters is acceptable for a mapping of, e.g., noise from
a busy highway vs. identification if the person is entering an
unpleasant meeting at work.

Simply put, due to significant errors in indoor environments,
stress mapping relying on precise location data may struggle
to capture detailed variations in stress across small spaces
(e.g., individual rooms or sections of a building). This would
limit the system’s ability to identify stress triggers related to
specific indoor locations. Notably, the localization accuracy
between smartwatches and smartphones for complex scenarios
was comparable.

As for the accuracy in outdoor environments, especially in
Open Sky conditions, is much higher and could be effectively
used for tracking emotions over larger areas such as parks,
streets, or neighborhoods. The fine granularity in outdoor
spaces is key to understanding environmental stressors and
can further provide location-based feedback or interventions
for improving negative emotions.

These insights into the positioning capacities of GNSS re-
ceivers in smartphones and a smartwatch provide a foundation
for robust stress and emotion mapping applications depending
on the location of the person in question. That is to say,
accurate location data may facilitate detailed tracking of indi-
viduals’ movements and the environments they navigate. When
this data is collected alongside physiological and biometric
stress modalities, i.e., ECG or self-reported stress levels,
researchers can correlate specific geographic locations with

changes in stress or emotional states. Furthermore, the research
highlights the varying performance of location estimation in
light and deep indoor environments, refining stress mapping
for different indoor settings, such as workplaces, schools, or
shopping centers.

IV. DISCUSSION AND FUTURE PERSPECTIVE

This study shows a high level of awareness about using
unobtrusive Al technology through multiple methods to an-
alyze physical and mental data, which helps detect stress-
related emotions in real time. While much research has been
done on analyzing physical data to understand stress, there
has not been much focus on using location data to identify
stress-related emotions. Our findings suggest that a person’s
movement patterns can be useful for mapping stress levels.
By combining physical data with regular mobility patterns, we
can better understand stress-related emotions. This insight will
guide our future research as we continue to use multimodal
approaches to explore the connection between stress and
physical activities.

This study also emphasizes the need to raise emotional
self-awareness, improve Al literacy, build trust, and engage
medical professionals. Helping people become more aware
of their stress allows them to understand their emotional
experiences and how their bodies respond to stress, which
can be enhanced by Al-based stress monitoring that offers
personalized feedback in real-time [12]. Increasing Al literacy
for both the general public and medical professionals is
critical to ensure people understand Al and can make informed
decisions without fear or misinformation [20], [21].

Concerns about data privacy and ethics in location and
biometric data use mean stricter regulations are needed for
medical data, as it could be misused for surveillance, vio-
lating personal privacy and potentially leading to legal is-
sues [22], [23]. To build greater trust, it is essential to
ensure that consent is obtained, private information is kept
confidential, and users have control over their data. Future
security measures must use better technology to protect against
data breaches and cyber threats.

Research into using GPS in wearable devices shows great
potential for understanding how stress and emotions are con-
nected to specific places. Accurate location data can track
where people go and the environments they encounter. When
this location data is combined with physiological data, such as
heart rate or self-reported stress levels, it allows researchers to
find potential correlations between heterogeneous multimodal
data. In the particular case of this study, the possibility to link



specific geographic locations to changes in stress levels or
stress-related emotional states becomes highly feasible. This
includes mapping stress in various indoor environments, like
offices, schools, or shopping centers, though the accuracy of
location data can vary in indoor spaces.

Using location data together with other contextual infor-
mation provides deeper insights into stress triggers. Mapping
stress to specific locations could help identify factors like
noise pollution, poor air quality, or crowded spaces. Movement
patterns also help reveal regular stressors. For instance, if
someone regularly experiences stress at a certain time or a
place, such as a busy intersection or office, solutions can be
developed to help reduce that stress.

With accurate location data, Al-powered stress management
apps could be created. These apps could notify users when
they are in areas where they typically experience stress and
suggest relaxation techniques or different routes. Over time,
this data could also help with large-scale public health studies,
identifying patterns of stress across different communities and
helping inform policy decisions, such as improving green
spaces or traffic flow in urban areas.

V. CONCLUSION

This study underscores the potential of Al in mental health-
care, particularly in the real-time mapping of stress through the
tracking of movement patterns. The integration of geographical
mobility data with stress-related emotions offers promising
new insights into how environmental factors influence mental
well-being. By evaluating GNSS positioning capabilities in
wearable devices, we can lay the groundwork for precise stress
and emotion mapping. Accurate location data across different
environments, combined with multimodal sensor fusion, en-
hances our understanding of the relationship between specific
geographical locations and stress levels. These insights pave
the way for personalized, Al-driven stress management solu-
tions, contributing to public health efforts aimed at reducing
stress in everyday environments.
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