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Abstract. In this work we present a web-based system, PLATERA,
and an extensive dataset, Living Dataset PLATERA, designed to be
used for activity recognition and monitoring in households environments.
Each user of the platform can access different functions depending on
their role, including activity monitoring, data management, sensor visu-
alization, home creation, and sensor management. The dataset contains
information gathered from a variety of sensors, including motion sen-
sors that use passive infrared (PIR) technology to detect movement,
anchor devices that measure Received Signal Strength Indicator (RSSI)
to determine location, and activity bands that record physical activity
data. Temperature and humidity sensors provide accurate measurements
of environmental conditions, while magnetic technology powers the open-
ing and closing sensors that operate doors. Through this work we hope to
encourage the development of sensor-based activity recognition systems.

Keywords: Activity Recognition · Smart Homes · Sensor Data ·
Web-Based System · Internet of Things

1 Introduction

The growth experienced in the field of embedded systems, sensors and techniques
based on artificial intelligence has favored the development of activity recognition
systems [1]. As a result of this growth, activity recognition systems have been
gradually introduced in various fields, such as health condition monitoring [14],
sports performance evaluation or crowd behavior analysis.

Within the activity recognition systems we can distinguish two main types,
depending on the devices they use. The first category comprises systems based
on sensors, while the second encompasses those based on cameras.
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On the one hand, sensor-based activity recognition systems utilize a range of
devices, including presence and motion sensors, microphones, activity bracelets
and other types of devices [7,9]. The strength of this type of systems is that they
are characterized by a higher degree of privacy of the people who use them, since
there are no images that have to be anonymized beforehand. However, they pose
a greater challenge for the recognition of activities, since they usually require a
greater number and variety of sensors distributed throughout the environment,
usually combined with wearable devices, to be able to capture the movements
of users.

On the other hand, camera-based recognition systems are based on the use
of images to perform the recognition [3,7]. The type of cameras used can vary
depending on the desired application, usually we can find systems that make use
of traditional rgb cameras, depth cameras and thermal cameras, the latter being
more suitable with the preservation of privacy, as long as they do not have a
substantially high resolution.

Depending on the type of information they use these types of systems are usu-
ally classified into three main groups: data-driven, knowledge-driven and hybrid.

Knowledge-driven approaches make use of pre-existing knowledge and rules
established by domain experts, making use of techniques such as rule-based
systems, fuzzy logic and semantic networks [4,5,10]. These types of approaches
are distinguished by their transparency and interpretability, as they leverage
the knowledge and experience of domain experts. This can be advantageous in
specific domains. Conversely, this approach may not scale well in overly complex
problems or problems with high data variability, necessitating additional effort
to update rules and knowledge based on new findings.

Data-driven approaches are based on the use of models, which are constructed
using large data sets [5,8]. These approaches primarily utilise machine learning
and deep learning techniques. One of the principal advantages of this type of
approach is its capacity to identify patterns and complex relationships between
data, as well as its adaptability and scalability to different domains and problems
without the necessity for profound domain knowledge. However, this type of app-
roach necessitates a substantial quantity of data to yield satisfactory outcomes,
and the decisions derived from these are frequently opaque and challenging to
interpret, which has led to the concept of black boxes. It is also important to
consider the selection of data when working with this approach, as any biases
present in the data may be replicated and amplified in the models.

Hybrid approaches combine both perspectives to create more robust and
accurate models. This is achieved by leveraging large amounts of data along
with pre-existing knowledge to guide the learning process and decision making
[2,6,15]. Among the advantages of such approaches are enhanced interpretability
by combining expert knowledge with data, reduced bias and greater accuracy and
adaptability to specific contexts thanks to expert knowledge, while benefiting
from the ability to discover patterns in large datasets. However, this type of
approach increases the inherent problems of both approaches, it still requires
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large amounts of data and expert personnel, the complexity increases, and there
may be conflicts between pre-existing rules and data-driven inferences.

In AI systems, specific datasets are often used to train the models. These
datasets provide structured and labeled data that allow algorithms to learn
and improve their accuracy. Examples of commonly used datasets for HAR
include Skoda, Opportunity [13], UCI-HAR [12], Ambient Kitchen, Daily Rou-
tines, PAMAP2 [11] and USC-HAD [16]. These datasets are widely recognized
and used in HAR research and applications to train models in a variety of tasks
and domains.

This work aims to ease the development of activity recognition systems
through the dataset presented here and to show real-life use cases of this type
of systems through the proposed platform. A key distinction of this dataset,
compared to others, is its more realistic approach. It relies on a single wearable
device carried by the user, complemented by a set of presence, aperture, and clo-
sure sensors, as opposed to other datasets that typically integrate a multitude
of wearable devices and an extensive array of environmental sensors that can
be disruptive. The platform focuses specifically on the monitoring of activities,
which can be particularly useful for applications such as tracking healthy habits
in individuals with diabetes, allowing for more personalized and less intrusive
health management.

The paper is structured as follows: Sect. 2 provides a detailed description of
the Living Dataset PLATERA collected from various sensors deployed in mul-
tiple homes, including the technical characteristics and specific data generated
by each sensor. Section 3 introduces the PLATERA platform, detailing its func-
tionalities for managing and controlling data and devices within the activity
recognition system. Finally, Sect. 4 summarizes the conclusions drawn from this
study.

2 Dataset Description

The dataset collected in this work comes from several sensors designed to monitor
daily activities in a number of homes. The following is a detailed description of
the different types of sensors used, their technical characteristics, and the specific
data they generate, the layout in the environment and the description of the files
generated. Living Dataset PLATERA is available at: RUJA.

2.1 Devices

Motion Sensors. The Aqara Motion Sensor P1 Fig. 1, one of the motion sensors
used in houses, operates on the principle of passive infrared (PIR) technology.
These sensors can detect movements within a range of a few centimeters to
several meters since they are thoughtfully placed around the house. These sen-
sors communicate with each other using the Zigbee protocol, which guarantees
minimal power consumption and effective functioning.

https://hdl.handle.net/10953/2954
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– Communication: Zigbee
– Data Collected:

• Activity: Sensor activity sta-
tus (Active/Inactive)

• Lux: Detected ambient light
level (variable)

Fig. 1. Aqara Motion Sensor P1.

Open/Close Sensors. The Aqara Door and Window sensors Fig. 2 utilized
in the homes employ magnetic technology to monitor the status of doors and
windows. These sensors have a detection range of 10 mm and communicate using
the Zigbee protocol, which renders them both efficient. They are indispensable
for ensuring the surveillance of access points, allowing for the real-time status of
doors.

– Communication: Zigbee
– Data Collected:

• State: Sensor    status
(Open/Closed)

Fig. 2. Aqara Door and Window Sensor.

Temperature and Humidity Sensors. In order to obtain environmental
data, temperature and humidity sensors have been installed at strategic loca-
tions within the residence, in this case Aqara Temperature and Humidity sen-
sor Fig. 3. These sensors are equipped with high-precision components, ensuring
accurate readings of environmental conditions and communicate using the Zig-
bee protocol.
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– Communication: Zigbee
– Data Collected:

• Temperature: Ambient tem-
perature (-20 C to 55 C)

• Humidity: Relative humidity
(0% to 100% RH)

• Pressure: Atmospheric pres-
sure (30 kPa to 110 kPa)

Fig. 3. Aqara Temperature and Humidity Sensor.

Activity Bracelets. Activity bracelets are wearable devices utilized by resi-
dents to monitor personal activity data Fig. 4. These bracelets record individ-
ual activity levels, including the number of steps taken, and also contribute to
the user’s location within the residence. They are lightweight and unobtrusive
devices, designed to allow continuous data collection without interfering with
the user’s daily activities.

– Communication: Bluetooth Low
Energy (BLE)

– Data Collected:
• Steps: Number of steps taken

by the user (0 to infinity)
• Battery: Remaining battery

level of the bracelet (0% to
100%)

Fig. 4. Xiaomi Mi band 3.

The data collected by these bracelets allows for the analysis of resident’s
physical activity levels, which is useful for the purposes of health and wellness
studies.

Anchor Devices. The anchor device is a fundamental component of the mon-
itoring system, facilitating precise location determination. This device is based
on a Raspberry Pi equipped with a Bluetooth module Fig. 5, and is employed
to obtain the Received Signal Strength Indication (RSSI) between the activ-
ity bracelets and the anchors. This technology enables the location of residents
within the home.



596 D. Dı́az-Jiménez et al.

– Base: Raspberry Pi with Blue-
tooth module

– Data Collected:
• RSSI: Received Signal

Strength Indication (variable
depending on proximity)

Fig. 5. Anchor device.

The data obtained from these devices is of great importance for the map-
ping of resident’s movements and locations, which can be employed to enhance
security and home management.

2.2 Sensor Housing and Distribution

This section presents the different houses and the sensors associated with them.
For the graphical representations Figs. 6,7,8, the sensors use a common scheme:

– Pine green: Motion Sensor
– Cyan: Open/Close sensor
– Ruby red: Anchor Device (RSSI)
– Plum: Temperature and Humidity Sensor

2.3 File Structure

Location. The file data rssi X.csv records the location with the following
fields: a numeric identifier representing the order of the samples, a timestamp
in Unix format indicating the precise time of the sample, the rssi which is the
indicator of the received signal strength in dBm, id anchor which identifies the
anchor device associated with the sample and id beacon which identifies the
associated beacon device.

Open/Close Sensors and Motion Sensors. The file data sensors X. csv
records motion and open/close data with the following fields: a numeric identifier
representing the order of the samples, state indicating the operational state of
the sensor (on/off), a timestamp in Unix format specifying the precise time of the
state transition, id house identifying the house associated with the sensor event,
and id sensor uniquely identifying the sensor experiencing the state transition.
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Bedroom

Bathroom

Dining room

Kitchen

House 3

Dinning room:
- Movement sensor (ID:13)
- Anchor (ID:7)
Kitchen:
- Pill box Open/Close Sensor (ID:15)
- Anchor Device (RSSI) (ID:6)
Bedroom:
- Motion Sensor (ID:14)
- Anchor Device (RSSI) (ID:10)
Bathroom:
- Shower Motion Sensor (ID:12)
- Motion Sensor Brush (ID:11)
- Temperature and Humidity Sensor (ID:10)
- Anchor Device (RSSI) (ID:9)
Hall:
- Open/Close sensor sensor (ID:9)
Activity bracelet (ID:4)

Bedroom

Dining room

KitchenBath

House 2

Dining room:
- Motion Sensor (ID:7)
- Anchor Device (RSSI) (ID:2)
Kitchen:
- Pill box Open/Close Sensor (ID:4)
- Anchor Device (RSSI) (ID:3)
Bedroom:
- Motion Sensor (ID:5)
- Anchor Device (RSSI) (ID:1)
Bathroom:
- Shower Motion Sensor (ID:3)
- Motion Sensor brush (ID:1)
- Temperature and Humidity Sensor (ID:6)
- Anchor Device (RSSI) (ID:4)
Hall:
- Open/Close sensor (ID:2)
Activity bracelet (ID:1)

Kitchen

Dining room

Bath

Bedroom

House 6

Dining Room:
- Motion Sensor (ID:33)
- Anchor Device (RSSI) (ID:42)
Kitchen:
- Pill box Open/Close Sensor (ID:36)
- Anchor Device (RSSI) (ID:21)
Bedroom:
- Motion Sensor (ID:31)
- Anchor Device (RSSI) (ID:20)
Bathroom:
- Shower Motion Sensor (ID:32)
- Motion Sensor Brush (ID:34)
- Temperature and Humidity Sensor (ID:37)
- Anchor Device (RSSI) (ID:22)
Hall:
- Open/Close sensor (ID:35)
Activity bracelet (ID:7)

Fig. 6. Houses.

Activity Bracelets. The file data band X. csv records physical activity with
the following fields: a numeric identifier representing the order of the samples,
steps reflecting the number of steps taken by the user, battery indicating the
remaining battery level of the smart wristband, a timestamp in Unix format
specifying the exact time the data was recorded, and id beacon identifying the
beacon associated with the smart wristband.
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House 7

Dining room

Kitchen

Bedroom

Bath

Dining Room:
- Motion Sensor (ID:42)
- Anchor Device (RSSI) (ID:24)
Kitchen:
- Pill box Open/Close Sensor (ID:39)
- Anchor Device (RSSI) (ID:23)
Bedroom:
- Motion Sensor (ID:43)
- Anchor Device (RSSI) (ID:26)
Bathroom:
- Shower Motion Sensor (ID:40)
- Motion Sensor Brush (ID:41)
- Temperature and Humidity Sensor (ID:44)
- Anchor Device (RSSI) (ID:25)
Hall:
- Open/Close Sensor (ID:38)
Activity bracelet (ID:14)

Dining

room
 Kitchen

Lounge Bedroom Bath

Dining Room:
- Motion Sensor (ID:50)
- Anchor Device (RSSI) (ID:30)
Kitchen:
- Pill box Open/Close Sensor (ID:45)
- Anchor Device (RSSI) (ID:27)
Bedroom:
- Motion Sensor (ID:141)
- Anchor Device (RSSI) (ID:29)
Bathroom:
- Shower Motion Sensor (ID:49)
- Brush Motion Sensor (ID:48)
- Temperature and Humidity Sensor (ID:47)
- Anchor Device (RSSI) (ID:28)
Hall:
- Open/Close sensor (ID:46)
Activity bracelet (ID:9)

House 8

Kitchen

Bath

Bedroom 2

Bedroom 1

Dining room

House 9

Dining Room:
- Motion Sensor (ID:60)
- Anchor Device (RSSI) (ID:33)
- Pill box Open/Close Sensor 1 (ID:66)
- Pill box Open/Close Sensor 2 (ID:65)
Kitchen:
- Anchor Device (RSSI) (ID:35)
Bedroom 1:
- Motion Sensor (ID:61)
- Anchor Device (RSSI) (ID:31)
Bedroom 2:
- Motion Sensor (ID:62)
- Anchor Device (RSSI) (ID:32)
Bathroom:
- Shower Motion Sensor (ID:58)
- Motion Sensor Brush (ID:59)
- Temperature and Humidity Sensor (ID:63)
- Anchor Device (RSSI) (ID:34)
Hall:
- Open/Close sensor (ID:64)
Activity bracelet 1 (ID:10)
Activity bracelet 2 (ID:11)

Fig. 7. Houses.

Temperature and Humidity Sensors. The file textttdata temp. csv file
records environmental data from the bath with the following fields: a numeric
identifier representing the order of the samples, temperature representing the
temperature recorded by the sensor, humidity indicating the humidity level
at the time of measurement, pressure reflectingthe atmospheric pressure mea-
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Bath

           Bedroom 1

Kitchen

Beedroom 2

Dining  room

House 10

Dining Room:
- Motion Sensor (ID:73)
- Medicine Open/Close Sensor (ID:69)
- Anchor Device (RSSI) (ID:38)
Kitchen:
- Anchor Device (RSSI) (ID:40)
Bedroom 1:
- Motion Sensor (ID:71)
- Anchor Device (RSSI) (ID:39)
Bedroom 2:
- Motion Sensor (ID:70)
- Anchor Device (RSSI) (ID:36)
Bathroom:
- Shower Motion Sensor (ID:72)
- Brush opening/closing sensor (ID:68)
- Temperature and Humidity Sensor (ID:74)
- Anchor Device (RSSI) (ID:37)
Hall:
- Open/close sensor (ID:67)
Activity bracelet 1 (ID:12)
Activity bracelet 2 (ID:13)

Fig. 8. Houses.

sured by the sensor, a timestamp in Unix format that specifies the exact time
the data was recorded, id house that identifies the house associated with the
sensor readings, and id sensor that uniquely identifies the sensor within the
house.

3 Platform Functionality

This section presents the proposed platform for the management and control of
the data and devices that are part of the activity recognition system.

PLATERA is conceived as a comprehensive platform designed for the moni-
toring and control of activities and devices in sensorized home environments. It
features an intuitive interface and advanced tools that allow users to manage a
variety of activities and devices efficiently, while ensuring that data security and
privacy are maintained. In order to develop this platform we made use of web
development frameworks, in this case Django, which offers standard modules to
manage, for example, authorization and authentication. It has also made use
of non-relational databases, MongoDB, to store all the necessary information
for the operation of the platform, due to the variety of data generated by the
sensors and devices that enable to store them in a single collection per house.
PLATERA offers functionalities such as device management, activity tracking,
user and role administration, data analysis and protection of user information.
Users can log in with their credentials and keep the session active for 3 h.

PLATERA main view is organized for easy navigation and access to essential
functions (Fig. 9). At the top of the interface, the current user’s name is displayed
along with options for logging out or accessing the profile. The profile view
allows users to manage their personal data, such as name, email address and
password, although more advanced administration functions are reserved for
administrators. In system management, users can add and monitor devices and
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Fig. 9. PLATERA main view.

houses. This section allows for detailed tracking and provides tools to monitor
device and house activity. User administration facilitates system configuration
and centralized management of users and permissions. Here, administrators can
assign specific roles and privileges to users.

Tracking of sensors and activities is done through a dashboard view that
provides detailed information about the monitored persons and their routines,
using colored status indicators (green, yellow and red) to show the functionality
of the sensors and the last recorded activity. Each monitored person has their
own item with their name, sensor status and last activity, allowing quick access
to specific details. The device view shows all sensors and other connected equip-
ment, with status indicators and specific data available for administrators and
researchers. This view allows users to have an overview of the status and activity
of all devices on the network. The activity view provides a detailed summary
of the daily activities of the monitored individuals, with options to search by
day and view incidents. Each activity is accompanied by its name, start and end
time, and for specific roles, additional information such as the actual activity
performed and the associated accuracy percentage is provided.

The management view presents an overview of the registered dwellings and
their associated devices, enabling effective administration Fig. 10. Each house is
represented by a block with relevant information and details about its devices.
Users can modify house data, deactivate or delete houses as required. The edit
views allow modification of house, sensor and device details, providing options
to edit associated information, temporarily disable or delete items. Similarly,



PLATERA 601

Fig. 10. PLATERA manage view.

the people to monitor view focuses on the people whose activities are being
monitored, providing a clear and accessible list for quick identification.

In addition, PLATERA includes tools for data creation and management,
allowing users to download device data streams and tagged activities, as well as
upload new data in CSV format for analysis and backup.

4 Conclusions

This paper presented the PLATERA Living Dataset and the PLATERA web
platform. The dataset is offered as a tool designed to facilitate the development of
activity recognition systems and to carry out their evaluation. The data included
represent the daily lives of several houses, presenting the sensors that have been
used and their spatial arrangement in the house. In contrast, the PLATERA
platform is a tool designed for the management of devices and data in activity
recognition systems, allowing to manage the devices in each home, the authorized
personnel, the integration with data tags, the visualization of the status of the
devices and other functionalities that have been detailed above. It allows different
roles to access different functionalities. Together these two tools are intended to
enable the integration of activity recognition systems in real environments, where
often the control of the devices is limited compared to the alternatives evaluated
in laboratory environments.
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