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Wearables are wireless devices that we “wear” on our bodies. The proliferation of de-
vices embedded in clothes, medical smart wear, skin patches, smartwatches, and bracelets
together with conventional smartphones has broadened the collection of data from var-
ious sources for multi-disciplinary research. Nowadays, new datasets are needed for
high-dimensional processing in the Big Data and Deep Learning era.

The Special Issue on “Data from Smartphones and Wearables” welcomed submissions
of data descriptors, including the raw data collected by wearable devices and smartphones,
as well as research articles processing this kind of data. Relevant data fields included
wireless communications, tracking, indoor and outdoor positioning, eHealth monitoring,
sports analysis, and gesture recognition. A total of 9 papers were published during
2020, contributing to the research community with public datasets. The published papers
summed up a total of eight citations in the Web of Science (WOS) records at the moment of
writing this editorial preparation.

The database described in [1], SocNavl, contains a dataset for social navigation
conventions. SocNav1 aims at evaluating the robots’ ability to assess the level of discomfort
that their presence might generate among humans, which could be used in the future
by robot navigation systems to estimate path costs. The dataset was generated using
12,500 possible scenarios, and, as a result, 12 subjects generated a total of 9280 labels
for them.

A GNSS-signals database is described in [2], where raw signals were collected via
roof antennas and a Spectracom simulator for general-purpose uses, including analysis
for fingerprint-based applications. Radio-frequency fingerprinting has been shown to be
promising for identifying transmitters and receivers, which can be used in anti-spoofing
and anti-jamming solutions.

A dataset related to health monitoring of Polo ponies (heart rate and GPS location) is
provided in [3]. It describes the information about the stress experienced by the Polo ponies
and their cardiovascular status during the play. The provided dataset and further ones
may bring additional relevant information for sport-specific nutrition, recovery strategies,
tactical decisions, and play strategies.

Bluetooth and its variant Bluetooth Low Energy (BLE) play a relevant part in this
Special Issue. First, a comprehensive dataset of Bluetooth Signals emitted by 27 different
smartphones (six manufacturers with several models for each) is described in [4]. The signal
collection and analysis were performed with a high sampling rate oscilloscope (Tektronix
TDS7404), along with a low-resolution (8 bits) analog-to-digital converter. The collected
data are considered useful for indoor positioning systems based on fingerprinting. Second,
three independent datasets for BLE-based positioning are described in [5]. In contrast
to other similar works, the authors exploited commercial beacons’ features to broadcast
beacon advertisements in six independent slots with different transmission parameters
and analyzed their impact on the positioning accuracy. The same commercial beacons were
used in [6], where BLE-GSpeed is introduced to estimate gait speed through BLE RSSI
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values. Many different devices and actors were involved in this dataset to better document
a wide variety of gait speeds and walking styles.

The dataset presented in [7] was collected to improve understanding of the feasibility,
usability, and validity of real-life Parkinson’s disease monitoring, with a main focus on
motor symptoms. To this purpose, the authors recorded objective kinematic data from
accelerometers and gyroscopes in parallel as well as subjective experiential data from
ecological momentary assessments. Twenty patients were monitored without daily life
restrictions for fourteen consecutive days in a long-term real-life setting. The two types of
data (kinematic and subjective) can be used to address hypotheses on naturalistic motor
and/or non-motor symptomatology in Parkinson’s disease.

Despite the above-mentioned contributions having a strong location or tracking com-
ponent, other relevant datasets in other state-of-the-art fields are also relevant to the Special
Issue. For instance, a dataset related to blockchain usage in smartphones is described
in [8]. In particular, the database provides measurements of the impact of modern mobile
blockchain projects on the battery during the turned-on display discharge process. The mea-
surements were executed for proof-of-work and proof-of-activity consensus algorithms.

Finally, the Multilevel Monitoring of Activity and Sleep in Healthy people (MMASH)
dataset is described in [9]. The database was collected by 22 participants who were mon-
itored for 24 h, gathering continuous psycho-physiological data, including inter-beat
intervals data, heart rate data, wrist accelerometry data, sleep quality index data, physical
activity, psychological characteristics, and sleep hormone levels.

To sum up, the Special Issue shows the potential of using wearable devices and
smartphones as sensory devices. However, widespread donation of datasets involving
wearable data is still a pending task of the research community. Having diverse datasets for
the same topic may pave to way for comprehensive assessments of the proposed methods
and research, not only enabling research reproducibility but also research collaborations
between institutions.
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