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Abstract

Advances in wearable technology have significantly enhanced the ability to monitor sleep in naturalistic, real-world environments,
providing valuable insights beyond traditional laboratory-based methods. Smartwatches, equipped with sensors such as accelerom-
eters, gyroscopes, and photoplethysmography (PPG), offer an accessible means to collect continuous sleep-related data. However,
the limited access to raw sensor data and the use of proprietary algorithms in most commercial devices present substantial chal-
lenges for researchers aiming for transparency, reproducibility, and methodological flexibility. In response to this gap, this work
introduces the development of a research-oriented software application specifically designed to enable the efficient extraction,
visualization, and exportation of sleep metrics from smartwatches. The system empowers researchers to configure data acquisi-
tion parameters, access both processed metrics and raw sensor readings, and export data in customizable formats, such as CSV
and JSON, thereby facilitating downstream scientific analysis. Particular attention was given to creating a user-friendly interface
optimized for mobile devices, along with secure data handling mechanisms. This work highlights the growing importance of cus-
tomizable, open-access tools in sleep research, offering a flexible alternative to closed commercial ecosystems. By bridging the gap
between consumer devices and academic research needs, the proposed solution paves the way for broader adoption of wearable
technology in decentralized sleep studies and fosters new possibilities for personalized health monitoring and longitudinal sleep
assessment in diverse populations.
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1. Introduction and motivation

Sleep quality is closely related to physical and mental health, and is defined by three main indicators: duration, con-
tinuity and depth. These indicators can be negatively affected by various external and internal factors. External factors,
which are found in the individual’s environment, include irritants such as bright light or loud noises, consumption of
nervous system stimulants, and disruption of a consistent sleep routine. Internal factors include elements such as
physical pain, stress, and deterioration of physical and mental health. Continued exposure to these factors can lead to
the development of sleep disorders, such as insomnia, hypersomnia, parasomnias, and breathing or movement-related
sleep disorders [1]. Given the importance of sleep in overall health, medicine has advanced research to diagnose and
treat sleep disorders, supported by technological innovations [2]. Currently, some of the most widely used methods
to assess sleep health at the clinical level include Polysomnography (PSG) and actigraphy [3]. PSG is considered the
most accurate technique for measuring sleep architecture and quality. However, it has certain limitations. This study
must be performed in a specialized laboratory, with monitoring by professionals, which alters the patient’s regular
sleep environment. In addition, its availability depends on the availability and cost of the procedure, and it does not
allow sequential data collection over several nights [4]. On the other hand, actigraphy is a noninvasive method that
has been used since the 1970s, based on measuring motor activity (usually with a device on the wrist). Although it
does not provide detailed information on sleep stages, it allows inferring rest cycles. Today, some algorithms applied
to actigraphy data facilitate the automatic calculation of sleep patterns based on recorded activity [3].

In recent years, and mainly since the late 2000s, technological advances have driven the development of consumer
devices capable of monitoring sleep [5]. It is now possible to purchase devices such as smartwatches that collect sleep
data in a non-invasive and accessible manner. This represents a significant change from traditional methods, as it
allows the user to be provided with information about their health directly, without requiring expert analysis [4]. It
has been demonstrated that some procedures, like replacing subjective questionnaire-based sleep measurement, can
be managed very effectively [6]. Also, the growth in smartwatches has driven the development of mobile applications
that process and present sleep data captured by these devices. This trend represents a great advantage for people with
sleep problems, even for undiagnosed users [7]. However, the primary focus of these projects is often geared toward
market growth, rather than a more clinical or research application that addresses the monitoring, diagnosis, and even
treatment of sleep disorders [3].

With this in mind, we have identified the importance of providing raw sensor data for research applications that
aim for transparency, reproducibility, and methodological flexibility. This article describes the preliminary design of a
research-oriented software application that will enable the efficient extraction, visualization, and exportation of sleep
metrics focused on the PineTime, an open-source smartwatch. The proposed application seeks to streamline research
workflows in sleep studies and foster personalized health monitoring. The following sections highlight related work
reported in the literature and general terminology (section 2), the objectives established for the platform (section 3),
the software architecture proposed for the platform (section 4) and some preliminary results (section 5).

2. Related work

Previous research has highlighted the increasing use of wearable sleep-tracking technologies in sleep research, due
to their low cost and easy accessibility to consumers [8]. Although these devices are primarily designed for the general
public, their ability to provide real-time metrics has facilitated data collection in scientific studies [9]. An example of
this approach is the work of [10], which presents a method for classifying sleep stages from data processed from a
commercial watch, thus reinforcing the role of consumer activity trackers in sleep research. In addition, wearable de-
vices in conjunction with mobile applications demonstrate their potential to support decentralized digital clinical trials
in this field [3]. Since polysomnography (PSG) is the gold standard for sleep studies, several papers have validated the
accuracy of wearable devices by comparing them to this method [4]. While some studies have noted improvements in
the accuracy of commercial smartwatch sensors and algorithms, there are still limitations in sleep stage classification
[11]. However, newer devices integrating multiple sensors have shown more accurate results than those based solely
on accelerometry [12]. In fact, in some cases, more advanced wearable devices are comparable or even more accu-
rate than traditional actigraphy [3]. These devices can provide several key metrics for assessing sleep quality, such
as accelerometry data, heart rate, heart rate variability (HRV), and, in some cases, sleep phase estimates (wake, light,
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deep, REM) [13]. However, several researchers have pointed out that access to raw data is crucial for researchers who
wish to apply their algorithms and analysis [4]. Despite this, many consumer wearable APIs only allow access to
pre-computed parameters in black box format, limiting the possibilities for customization in research [14]. One of the
most complete reviews of a minimal set of physiological parameters can be found in [15], and this works demonstrate
the trend of incorporating a limited number of parameters, but not only one parameter, for diagnosing sleep-related
diseases.

To overcome these constraints, some research teams have developed proprietary sleep staging algorithms adapted
to consumer devices when raw data are available [4]. In the case of sleep detection based solely on accelerometry
(actigraphy), well-established algorithms such as Cole-Kripke and Sadeh [12] are used. The study of Weaver et al.,
[14], evaluated the performance of Sadeh’s algorithm on raw accelerometry data obtained from portable research and
consumer actigraphy devices. For devices that also use Photoplethysmography (PPG) data, the paper by Mahadevan
et al. [16] describes the development of sleep staging algorithms using machine learning. In addition, it explores
a method for detecting wake/sleep state using accelerometer data, skin temperature, and an ambient light sensor,
providing recommendations for future algorithm development for wearables [12]. The growing interest in open tools
for sleep research is reflected in initiatives such as Mimir, an open source application for GNSS data logging on
smartphones and smartwatches, which, although focused on positioning, highlights the potential of open solutions in
wearable data collection [17]. An open-source framework for sleep assessment based on consumer wearables, known
as The Mobile Sleep Lab App, has also been developed. The development and deployment of a modular software
platform (MSL) designed to collect and analyze data from various wearable sensors simultaneously is described,
suggesting a growing trend towards customizable tools for sleep research [18]. In addition, first steps have been
taken into account in the work of Vélez et. al [19], the work is to design and develop a prototype of the software
component of the sleep analysis system, taking into account the aspects of data flow, data storage, and user interface,
in addition to data processing. For a more intensive reading we recommend [20], here we examined 125 articles
published between 2018 and 2022 that dealt with the automated scoring of sleep stages. It should be noted that there
has been no breakthrough in the quality of results using EEG/EEG, EOG or EMG signals in recent years.

3. Objectives for the proposed platform
3.1. General objective

The overarching objective of the proposed solution is to develop a research-oriented software application designed
explicitly for the efficient acquisition, analysis, visualization, and exportation of sleep metrics from smartwatch tech-
nology. This solution provides extensive access to pre-processed sleep metrics and raw sensor data, facilitating en-
hanced data transparency, reproducibility, and methodological flexibility. Ultimately, the application seeks to stream-
line research workflows in sleep studies, enabling broad-scale implementation in decentralized, real-world environ-
ments and fostering personalized health monitoring and comprehensive sleep assessments across diverse populations.

3.2. Specific objectives

The specific objectives of the proposed software application are as follows:

o Efficient Data Acquisition: To facilitate seamless and uninterrupted data collection from the PineTime smart-
watch equipped with InfiniTime firmware using sensors such as accelerometers and photoplethysmography
(PPG), employing Bluetooth Low Energy (BLE) technology for reliable real-time data transfer.

o Structured Data Management: To systematically store raw sensor data and derived metrics in a cloud-based
PostgreSQL database (Supabase), ensuring scalability, robust performance, and precise timestamped catego-
rization for effective contextualization within individual sleep sessions.

e Dynamic Data Analysis: To incorporate a modular backend architecture leveraging open-source Python libraries
(e.g., SleepPy, HypnosPy) to automatically calculate critical sleep metrics, such as total sleep time (TST), sleep
onset latency (SOL), and wake after sleep onset (WASO), maintaining scientific validity through adherence to
sleep research standards.
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o Intuitive Data Visualization: To generate intuitive visual representations of sleep data using specialized visual-
ization libraries like Sleep, enabling researchers to swiftly interpret complex sleep patterns through interactive
charts and detailed tabular summaries, thus facilitating informed decision-making and targeted interventions.

e Flexible Data Exportation: To provide researchers with customizable options for exporting collected data based
on parameters such as selected metrics, date ranges, and file formats (CSV or JSON), ensuring compatibility
with diverse analytical tools commonly employed in academic and clinical research.

e Enhanced User Interface: To design a user-friendly mobile interface optimized specifically for Android devices,
offering intuitive navigation and easy access to configuration settings, data collection initiation, real-time metric
visualization, and seamless data exportation, significantly enhancing user productivity and overall experience.

e Secure Data Handling: To implement robust security measures, including encrypted communications and secure
user session management, ensuring compliance with contemporary standards for data privacy and integrity,
crucial for handling sensitive health-related information.

o Comprehensive Documentation: To meticulously document every component, function, and algorithm within
the application, promoting usability, reproducibility, and future adaptability by other researchers and contribut-
ing meaningfully to the broader scientific community.

3.3. Limitations

The proposed solution has several inherent limitations despite its comprehensive features and functionalities.
Firstly, data accuracy and reliability are primarily dependent on the intrinsic limitations of the sensors utilized by
the PineTime smartwatch and the associated firmware. Sensor performance can vary due to hardware constraints, po-
tentially affecting data consistency and precision. Secondly, the current dependency on open-source Python libraries,
while ensuring transparency and adaptability, may also impose constraints due to varying levels of support, updates,
and accuracy in different computational environments. Thirdly, while the system’s modular design anticipates the inte-
gration of additional sensors and analytical tools, practical implementation of new hardware or algorithms may require
substantial adaptation or recalibration efforts. This could introduce complexities and additional resource requirements
for research teams. Lastly, user adoption and training could present barriers, particularly in research contexts where
technological proficiency varies. Comprehensive training resources and ongoing technical support may be required to
fully leverage the software’s capabilities and ensure effective utilization across diverse research settings. Acknowledg-
ing these limitations, future iterations of the solution will focus on ongoing calibration, validation against established
medical standards, and continuous user feedback integration to progressively refine accuracy, usability, and practical
applicability in diverse research contexts.

The platform proposed here focuses on providing alternative open-source software and hardware mechanisms that
potentiate the use of data for sleep studies without limiting the ability of academic and clinical researchers to fully
exploit it, as is the case with several existing commercial-level implementations.

4. Methodology
4.1. Software architecture

Figure 1a complements the architecture by providing a high-level overview of the system’s three main stages:
data collection, configuration, and export. Each stage is color-coded to match the corresponding components in the
architecture diagram.

Figure 1b presents the proposed system architecture for the mobile platform to collect and analyze sleep data from
the PineTime smartwatch. The smartwatch runs the open-source InfiniTime firmware and transmits real-time heart rate
and accelerometer readings via Bluetooth Low Energy (BLE), using the GATT protocol to notify data changes. These
signals are received by a mobile device, which integrates both the frontend (user interface) and backend (data pro-
cessing and communication logic). The backend layer handles multiple responsibilities. It first processes the incoming
BLE data, transforming encoded sensor values into interpretable formats. The backend also performs sleep metrics
computation using open-source Python libraries such as SleepPy and Sleep, enabling the calculation of parameters
like heart rate variability (HRV), sleep onset latency (SOL), and sleep fragmentation. These processing routines are
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triggered via Supabase Edge Functions when new data arrives or a user requests updated metrics. Processed metrics
and raw data are inserted into a cloud-based PostgreSQL database managed by Supabase, which handles data requests,
storage, and authentication (via Supabase Auth). The frontend, developed with the React Native framework, allows
users to configure data collection parameters (e.g., user selection, sampling rate), visualize sleep data through graphs
and tables, and generate custom export files. Export functionality is supported by the backend module, which queries
the database for user-selected metrics and composes downloadable files in formats such as CSV.

The current implementation supports the PineTime smartwatch by PINE64, running InfiniTime firmware version
1.14.1. This open-source device was chosen for its accessibility, raw sensor data support, and lack of restrictive li-
censing. The application currently runs on Android smartphones, while iOS compatibility is planned once the required
Apple Developer credentials are obtained, as Apple enforces stricter deployment and access policies.

Other commercial smartwatches such as Samsung Galaxy Watch, Apple Watch, and Fitbit were initially consid-
ered; however, they commonly restrict access to raw sensor data and often require additional licensing or developer
credentials. These limitations reinforce the decision to begin development and testing with PineTime, though future
work will explore broader device compatibility.

Regarding data privacy, the application enforces several protective measures throughout the lifecycle. Supabase’s
built-in authentication and authorization system ensures that only authenticated sessions can read or write to the
database. Personally identifiable information is minimized. Instead of storing full names, the system associates each
data record with a pseudonymous user identifier. All communication between the mobile app and the database is
encrypted via HTTPS. In addition, future iterations may incorporate token-based identifiers or hashed aliases to further
decouple user identity from recorded data.

4.2. Sleep Metric Computation and Visualization

To extend the functionality of the developed tool beyond raw data collection, future stages of implementation
will include automatic computation and visualization of sleep-related metrics. These metrics will be calculated using
open-source Python libraries designed for sleep research.

SleepPy [16] and HypnosPy provide validated methods to derive metrics such as sleep onset latency (SOL), total
sleep time (TST), and wake after sleep onset (WASO) from raw accelerometer and heart rate data—matching the
sensor data collected through the PineTime smartwatch. These libraries support reproducibility and scientific rigor by
implementing standard algorithms used in sleep science.

Additionally, visual representation of metrics will be handled using the Sleep library [21], which enables com-
prehensive visualization of time-series sleep data. Its integration will allow the system to provide intuitive and infor-
mative visual feedback to researchers, which will be used to generate clear and interactive graphs that complement
the numerical metrics. This approach will help researchers interpret sleep behavior more efficiently and improve data
accessibility in real-world environments.

4.3. Database schema

The database schema in Figure 2 is structured to support the organized storage and analysis of sleep data collected
from a smart watch. At the core of the design is the sleep_records table, which represents an individual sleep session.
Each record has a unique identifier and is linked to a specific user, allowing sleep data to be associated with the
participant who was wearing the smartwatch during the data collection. As raw data is collected in real-time from the
smartwatch sensors (e.g., accelerometer and heart rate), it is stored in the raw_sensor_data table. Each entry includes
timestamped readings, distinguishing between sensor types, and is linked to its corresponding sleep_record. This
allows all sensor data to be contextualized within a particular sleep session. Derived metrics—such as heart rate
variability (HRV), total sleep time, or sleep onset latency—are stored in the sleep_metrics table. These are calculated
after data collection and associated with the same sleep_record, providing a structured way to present meaningful
summaries and generate visualizations in the user interface.

In addition, once data collection is complete, the system can infer sleep_stages (e.g., light, deep, REM) based on
the patterns found in the raw data. These are saved in the sleep_stages table, including start and end timestamps for
each stage, also linked to the relevant sleep_record.
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Fig. 1: System overview. (a) Data flow. (b) Software architecture.

4.4. Sequence diagram
The diagram in Figure 3 illustrates the main entities involved in the system’s operation, as well as the three core

functionalities of the application. The first corresponds to the data collection process. This begins when the user con-
figures and starts data extraction through the mobile interface. The application activates the sensors on the PineTime
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raw_sensor_data sleep_metrics sleep_stages

PK | id INT NOT NULL PK | id int NOT NULL PK | id int NOT NULL

FK1 | sleep_record _id INT NOT NULL FK1 | sleep_record _id INT NOT NULL FK1 | sleep_record _id INT NOT NULL
sensor_type TEXT NOT NULL metric_name TEXT NOT NULL stage TEXT NOT NULL
x FLOAT value FLOAT NOT NULL start_time TIMESTAMP NOT NULL
y FLOAT unit TEXT end_time TIMESTAMP NOT NULL
z FLOAT created_at TIMESTAMP
value FLOAT
captured_at TIMESTAMP NOT NULL

ki

sleep_records

PK | id INT NOT NULL users

FK1 | user_id INT NOT NULL PK | Id INT NOT NULL

sleep_date DATE NOT NULL name TEXT NOT NULL

created_at TIMESTAMP

total_sleep_time INT

Fig. 2: Database schema.

smartwatch, which begins transmitting real-time data. During the collection period, a loop is maintained in which
raw data is continuously received. The backend processes necessary data and stores raw sensor values and computed
metrics in the database until the user manually stops the process.

The second functionality involves data visualization. When the user accesses the corresponding section in the app,
arequest is sent to the backend to retrieve data associated with the most recent sleep session. This request is forwarded
to the database, and the retrieved data is returned through the backend and displayed in the user interface as graphical
summaries, allowing more straightforward interpretation of sleep patterns.

Finally, the exportation file generation process begins when the user configures export parameters (such as selected
metrics, file format, and date range). This configuration is sent to the backend, which queries the database, processes
the data according to the selected options, and generates a downloadable file presented to the user in the interface.

4.5. Case study

To illustrate the practical use of the proposed application, a small-scale case study scenario is presented. A sleep
researcher needs to collect nightly sensor data from a participant over several consecutive nights in a natural environ-
ment. The participant wears the PineTime smartwatch and uses the mobile application to start data collection before
going to sleep. After the data collection period, the smartwatch is returned to the researcher. Through the interface, the
researcher selects the desired metrics (e.g., raw accelerometer data), specifies the date range of interest, and generates
an export file. Using the timestamps, the researcher can synchronize the information with other devices, enabling
validation of implemented algorithms or apply custom algorithms to derive metrics of interest. Additionally, visual
statistics such as Sleep Onset Latency, HRV, and Sleep Stages help quickly identify patterns and trends across nights.
This use case exemplifies the step-by-step workflow enabled by the tool and demonstrates how it enhances research
efficiency by streamlining data acquisition, visualization, and export in a transparent and researcher-friendly manner.
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5. Preliminary results

At the current stage of development, the mobile application has successfully established a Bluetooth Low Energy
(BLE) connection with the PineTime smartwatch running the InfiniTime firmware. Real-time data collection from the
accelerometer and heart rate sensors has been implemented, and the resulting raw data are transmitted and stored effi-
ciently in a cloud-based PostgreSQL database through the Supabase platform. The application supports user selection
before initiating data collection, allowing each sleep session to be associated with a specific participant. Initial tests
were performed in short daytime sessions, validating the connection’s integrity and the data storage structure. The
recorded values are timestamped and linked to the corresponding user and session, enabling future analysis. Although
overnight tests have not yet been completed, the architecture can handle real-time streaming and insertion of sensor
data without significant latency or data loss. The application’s backend structure has been designed to support the
integration of sleep metric calculations, including Sleep Onset Latency (SOL), Heart Rate Variability (HRV), Sleep
Fragmentation, and Sleep Stages. These computations will be performed using open-source libraries such as SleepPy
for accelerometry-based analysis, and Sleep for data visualization and staging. This modular approach ensures flexi-
bility and scalability in incorporating established algorithms into the analysis pipeline.

6. Conclusion

In conclusion, the proposed software application presents an innovative solution to address critical gaps identified
within sleep research, specifically the limited access to detailed and transparent sleep data from commercial wearable
devices. The application substantially enhances methodological flexibility and scientific reproducibility by providing
researchers with extensive access to raw and processed sensor data. The systematic data management, dynamic analyt-
ical capabilities, intuitive visualization tools, customizable data export features, and robust user interface collectively
streamline research workflows, significantly enhancing research efficiency and effectiveness.
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Moreover, this software’s inherent scalability and modularity allow for future expansions and adaptations, ensuring
long-term relevance and applicability as wearable technology continues to evolve. The emphasis on security and
comprehensive documentation further strengthens the application’s scientific integrity and user confidence, essential
factors for widespread adoption in academic and clinical settings.

While acknowledging certain limitations associated with sensor accuracy, dependency on open-source algorithms,
and potential training requirements, the proposed solution is poised for ongoing refinement and improvement through
continuous calibration and user feedback integration. Ultimately, this research-oriented software holds considerable
potential to revolutionize sleep medicine research, enabling extensive longitudinal studies and advancing personal-
ized health interventions. By bridging the gap between consumer-grade wearable technology and rigorous scientific
inquiry, this solution sets a new standard for transparency, reproducibility, and innovation in sleep research, contribut-
ing significantly to the broader fields of health monitoring and personalized medicine.

7. Future work

A promising direction for future development lies in the integration of the presented framework with broader
health monitoring ecosystems. While the current system focuses on extracting and visualizing sleep-related metrics
from smartwatch data, extending its interoperability with heterogeneous data sources-such as heart rate monitors,
physical activity trackers, continuous glucose monitors, and environmental sensors-could significantly improve its
clinical and personal health relevance. By leveraging standardized protocols and interoperable data formats (e.g., HL7
FHIR), the platform could sit within a more comprehensive health informatics infrastructure, enabling longitudinal
studies, customized feedback systems, and cross-modal analyses of physiological and behavioral parameters. In ad-
dition, integration with electronic health records (EHRs) and telemedicine services could support physician-directed
interventions, facilitate remote diagnosis and contribute to more holistic patient care. This would require addressing
challenges related to data synchronization, semantic harmonization, and privacy-preserving data sharing, which are
active areas of research in ubiquitous and connected health technologies.

Based on the preliminary results obtained, future work will focus on several essential areas to enhance the function-
ality, robustness, and utility of the proposed application. First, extensive overnight trials will be conducted to validate
data consistency, accuracy, and reliability in naturalistic sleep environments, comparing smartwatch-derived metrics
with polysomnography (PSG), the gold standard in sleep research. These validations will enable us to identify and
address discrepancies, refine sensor calibration, and optimize algorithmic performance.

Second, we plan to expand the software’s analytical capabilities by incorporating additional physiological param-
eters, such as respiratory rate, skin temperature, and environmental conditions, enhancing the comprehensiveness
and utility of collected sleep data. Integration of these parameters will involve further development and validation of
algorithms within existing and newly identified open-source libraries.

Third, future iterations will include enhancements to the visualization capabilities, providing advanced analytics
such as predictive modeling, anomaly detection, and personalized insights driven by machine learning algorithms. This
will facilitate deeper analysis, enabling researchers to uncover subtle patterns and correlations in sleep behaviors, thus
contributing significantly to personalized health interventions.

Additionally, future developments will address usability improvements through iterative user interface enhance-
ments based on ongoing user feedback, aimed at reducing the learning curve and increasing researcher engagement
and productivity. Particular attention will be given to developing comprehensive training modules and support systems
to enhance accessibility across diverse user profiles.

Finally, future efforts will also include scaling the application’s backend infrastructure to support larger user groups
and more extensive longitudinal studies, ensuring that the software can reliably manage increased data throughput
without compromising performance or security. These collective enhancements will significantly augment the appli-
cation’s applicability in comprehensive, long-term sleep research, fostering a deeper understanding of sleep health
across diverse populations.
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