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Abstract

Considering the human-centric approach promoted by Industry 5.0, safety becomes a
crucial aspect in scenarios of human–robot interaction, especially when abrupt human
movements occur due to inattention or unexpected circumstances. To this end, human
motion tracking is necessary to promote a safe and efficient human–machine interaction.
Literature datasets related to the industrial context generally contain controlled and repeti-
tive gestures tracked with visual systems or magneto-inertial measurement units (MIMUs),
without considering the occurrence of unexpected events that might cause operators’ abrupt
movements. Accordingly, the aim of this paper is to present the dataset DASIG (Dataset
of Standard and Abrupt Industrial Gestures) related to both standard typical industrial
movements and abrupt movements registered through MIMUs. Sixty healthy working-age
participants were asked to perform standard pick-and-place gestures interspersed with
unexpected abrupt movements triggered by visual or acoustic alarms. The dataset contains
MIMUs signals collected during the execution of the task, data related to the temporal
generation of alarms, anthropometric data of all participants, and a script for demonstrat-
ing DASIG usability. All raw data are provided, and the collected dataset is suitable for
several analyses related to the industrial context (gesture recognition, motion planning,
ergonomics, safety, statistics, etc.).

Keywords: datasets for human motion; abrupt movements; MIMUs; Industry 5.0

1. Introduction
In line with the human-centric approach promoted by Industry 5.0, the most critical

safety concern in collaborative robotics arises when humans and robots share the same
workspace [1]. In particular, among repeated and regular gestures typical of the industrial
context, abrupt gestures caused by inattention and unexpected circumstances can occur.
In such scenarios, promptly detecting the onset of abrupt gestures is crucial to prevent
human–machine collisions and to ensure that overall task execution remains efficient [2]. A
possible approach to ensure safety is based on power and force limitation, which entails
a combination of passive safety design and energy control methods in mobile robotic
components, imposing constraints on forces, torques, and velocities. Another possibility is
speed and separation monitoring (SSM), which imposes a protective distance between the
robot and the operator, without specifying limitations for the robotic system. In particular,
when the operator is inside the shared workspace, the SSM approach relies on real-time
robot control to continuously adjust its trajectory, ensuring collisions are avoided. To
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monitor the minimum distance between the human and the robot, motion tracking systems
are required. Typically, this operation takes advantage of a customized model of the human
arm, and it should be conveniently achieved with a limited number of sensors and a
reduced computational time. Additionally, to update the robot trajectory, algorithms for
collision avoidance must be implemented, also considering the possible occurrence of
abrupt movements.

Focusing on repetitive and controlled industrial tasks such as assembly [3] and pick-
and-place [4], the tracking of human motion and the recognition of human gestures were
achieved through different technologies such as vision systems, wearable inertial sensors
and electromyography [5–8]. The precision and accuracy of traditional visual systems was
exploited to collect repetitive daily and industrial gestures. Dallel and colleagues proposed
an RGB-D dataset for action recognition, collected in an industrial environment on sixteen
participants [9]. Lagamtzis and colleagues published an RGB-D dataset of six participants
comprising several industrial assembly tasks performed by the operator alone or in collab-
oration with a robot [10]. The dataset of Rudenko and colleagues contains human motion
trajectory and eye gaze data of nine subjects in an indoor environment [11]. Delamare and
colleagues [12] and Tamantini and colleagues [13] created two different datasets of six and
eight subjects, respectively, performing assembly line work tasks, recorded with a video
motion capture system. In the study of Kratzer and colleagues [14], a dataset of full-body
motion of seven participants recorded during manipulation tasks using a traditional mo-
tion capture system and a wearable pupil-tracking device is presented. Duarte and Neto
introduced a dataset of manufacturing tasks recorded from five participants through an
event camera, a depth camera, and a magnetic tracking system [15].

Despite their advantages, traditional visual systems for motion capture have some
downsides such as encumbrance, high costs, constraint of the analysis to a structured
space and limited acquisition frequencies. To overcome these limitations in the industrial
scenario, magneto-inertial measurement units (MIMUs) are an appropriate solution because
they are low-cost, portable, easy to wear, minimally invasive, able to guarantee very high
frequencies, and suitable for an almost unlimited tracking space [16]. In the literature, a few
datasets of industrial gestures have been created with data collected through MIMUs. For
example, Olivas-Padilla and colleagues proposed seven MIMUs datasets of gestures carried
out by eighteen industrial operators and skilled craftsmen [17]. Alternatively, Maurice
and colleagues created a whole-body kinematic dataset of thirteen participants performing
several industrial activities such as screwing and handling loads [18].

All the previously cited and described datasets recorded with either visual systems
or inertial sensors focus exclusively on repeated and regular gestures typical of industrial
contexts, without considering the occurrence of abrupt gestures not directly related to the
work task. Moreover, these datasets generally include fewer than twenty participants,
which limits their statistical power and reduces the generalizability of their findings. Ac-
cordingly, this paper proposes a new MIMUs Dataset of Standard and Abrupt Industrial
Gestures—DASIG [19] collected on sixty participants performing both standard and abrupt
movements in a simulated workstation. In detail, participants were asked to perform a
traditional pick-and-place task alternating with abrupt movements triggered by visual and
acoustic alarms. The pick-and-place task was selected because it represents a fundamen-
tal action in many industrial contexts, including sorting components on assembly lines,
transferring parts between containers, and positioning items for packaging. In detail, the
dataset includes MIMUs raw data (accelerations, angular velocities, magnetic fields, and
orientations expressed through quaternions) collected during the execution of the task,
data related to the temporal generation of alarms, and anthropometric characteristics of all
participants. Moreover, a Matlab® (Version 2024b, Mathworks, Natick, MA, USA) structure
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containing the database and a script for plotting its contents are added to demonstrate
the usability of DASIG. The dataset has significant potential to support the development
and fine-tuning of algorithms aimed at enhancing system safety by detecting and respond-
ing to abrupt movements. These algorithms can help ensuring timely intervention to
prevent collisions, thereby improving safety and efficiency in collaborative human–robot
workspaces. Moreover, while artificial data generation can be a valuable complementary
tool, the unpredictable and highly variable nature of abrupt gestures makes it difficult
to reproduce realistically through simulation or augmentation alone. Accordingly, this
real-world dataset is also essential to provide a necessary foundation for any subsequent
artificial data generation efforts.

2. Dataset Collection and Design
2.1. Experimental Setting and Data Collection

To simulate a pick-and-place task, the workstation illustrated in Figure 1 was used.
The task consisted of picking a golf ball from a box and placing it in the hole associated
with a station. The set-up was positioned on a table in front of the participant, and it was
composed of a box containing 30 golf balls (diameter of 43 mm), a board with different
holes (diameter of 60 mm), and a second smaller board with a single hole (diameter of
60 mm) placed at a height of 30 cm above the table. Four stations were defined: SA, SB
and SC on the first board and SD on the second board (Figure 1). The board was set up by
selecting the most suitable holes for stations SA, SB, and SC from a group of distributed
holes, taking each participant’s anthropometry into account. The distance of station SD
from the participant was adjusted individually prior to the test. Stations SA, SB, and SC
were positioned at table level, while SD was elevated by 30 cm. A sound buzzer, used to
generate acoustic alarms, was installed on the left side of the table, and a pair of LEDs (one
green and one red) was placed near each station (Figure 1). For the standard movement,
participants were asked to pick a ball at a time from the box and to place it into a specific
station hole, whose sequence was defined by the lighting of green LEDs positioned near
each station (Figure 2a). Interspersed with the standard movements, visual or audible
alarms were randomly generated through the lighting of a red LED or an audible buzzer,
respectively. In both cases, participants were asked to perform an abrupt movement as
fast as possible, placing the ball inside the hole corresponding to the activated red LED
(Figure 2b) or vertically extending the arm in case of the sound buzzer (Figure 2c).

 

Figure 1. Top view of the experimental set-up with all stations (SA, SB, SC, and SD). Pink arrows
indicate the location of green and red LEDs of each station, while the blue arrow indicates the location
of the sound buzzer.
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Figure 2. Experimental protocol: (a) Standard movement—indicated by a green LED; (b) Abrupt
movement—indicated by a red LED (visual alarm); (c) Abrupt movement—indicated by a buzzer
(acoustic alarm).

Abrupt events were designed to engage two sensory modalities (vision and hearing)
and to elicit movements in different directions, thereby reflecting a broader and more realis-
tic industrial workspace and increasing motion variability. The visual trigger reproduces a
common industrial scenario, such as the sudden fall of an object from a workstation or con-
veyor, prompting the instinctive reaction to reach out and catch or stabilize it. The auditory
trigger, instead, mimics unexpected noise such as the sudden release of compressed air or
the accidental drop of a tool, which may induce a rapid protective or evasive movement.
Both situations can be potentially hazardous, particularly in human–machine interaction
contexts. Each task consisted of 30 pick-and-place gestures, including 4 sudden alarms.
The test was conducted three times for each participant under different conditions: using
the right hand with the trunk facing the table (FR_R), using the left hand with the trunk
facing the table (FR_L), and using the left hand with the trunk oriented laterally to the table
(LA_L). During the experiment, the researchers verified the correct execution of each trial.
In cases where participants failed to respond to more than one alarm, they were asked to
repeat the test. Conversely, when participants failed to respond to only one alarm, the test
was considered valid.

All signal events, including the illumination of the green LEDs and the activation of
acoustic and visual alarms, were managed by an Arduino Nano microcontroller (Arduino,
Ivrea, Italy) equipped with an ATmega328 processor, a 16 MHz clock, and a 5 V operating
voltage. The control logic was implemented using the Arduino integrated development
environment. A block diagram illustrating the code structure is shown in Figure 3. First,
the instants corresponding to the generation of the visual and the acoustic alarms are
randomized (yellow boxes in Figure 3). Specifically, one visual and one acoustic alarms
are generated in the first half of the test, after the first six events. Two more alarms (one
visual and one acoustic) are generated in the second half of the trial. In addition, a control
mechanism was incorporated to prevent visual and acoustic alarms from overlapping.
Next, the loop related to the managing of the pick-and-place phase is introduced in the
scheme. Index i varies from 0 to 29 (number of pick-and-place tasks in each trial), while
index j varies from 0 to 3 (corresponding to a specific station: 0 for SA, 1 for SB, 2 for
SC, 3 for SD). In each cycle, a green LED (green boxes in Figure 3) lights first at a specific
station. Red and blue blocks of Figure 3 are related to the generation of visual and acoustic
alarms, respectively. After the green LED lights up, it is checked whether an alarm (visual
or acoustic) should be triggered. When this situation occurs, either a red LED lights up in a
specific station (other than the one where the green LED has lit up) or the sound buzzer is
activated. Both the acoustic and visual alarms are activated 500 ms after the green LED is lit
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up. The sequence of green LEDs and alarms is updated. When the 30th cycle is completed,
the code is ended (white boxes in Figure 3).

 

Figure 3. Scheme of the developed Arduino code.
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This study was approved by the Ethics Committee for Research at the Politecnico di
Torino, nominated with D.R. 1012 on 26 November 2020 (number of protocol: n. 66004/202).
In total, 60 healthy participants (36 males and 24 females) with no musculoskeletal or
neurological diseases were recruited for the experiment through a written informed consent.
Participants were asked to indicate their age among 9 ranges of 5 years each:

• Six participants in the range 20–24 years;
• Forty-one participants in the range 25–29 years;
• Eleven participants in the range 30–34 years;
• One participant in the range 50–54;
• One participant in the range 55–59.

No participants were recruited in the 35–39, 40–44, 45–49, and 60–65 age ranges. An-
thropometric data (mean ± standard deviation) of participants are reported in the following:
height = 1.73 ± 0.09 m, weight = 67.9 ± 11.2 kg, Body Mass Index = 22.5 ± 2.3 kg/m2, up-
per arm length = 0.34 ± 0.03 m, forearm length = 0.29 ± 0.02 m. Fifty-one subjects were
right-handed, nine were left-handed. Each participant was equipped with five wireless
MIMUs from an inertial sensor system (Opal™ APDM, Portland, OR, USA). Each sensor
included an accelerometer, a gyroscope, and a magnetometer, all of which were tri-axial,
with ranges of ±200 g, ±2000 deg/s, and ±8 Gauss, respectively. As illustrated in Figure 4,
the sensors were attached to the participants using the bands provided in the APDM
kit, positioned on the right upper arm (RUA), right forearm (RFA), sternum (STR), left
upper arm (LUA), and left forearm (LFA), with the x-axis of each sensor aligned along the
longitudinal axis of the corresponding body segment.

 

Figure 4. MIMUs positioning on upper body and their reference frames.

Sensor placement was standardized across participants to minimize variability, and
the inherent intra- and inter-subject differences, including gender and anthropometry, were
preserved to enhance the dataset generalizability. Data transmission from the MIMUs to the
PC was handled through a Bluetooth connection. Data acquisition was performed using
the proprietary Motion Studio™ V2R software (APDM, Portland, OR, USA) at a sampling
rate of 200 Hz. To synchronize the MIMU system with the Arduino, a 5 V voltage trigger
was sent from the Arduino to the Opal sensors. Raw IMU data were provided without
filtering, allowing users to apply their preferred preprocessing methods.
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2.2. Database Structure

The structure of the DASIG dataset is schematized in Figure 5. The dataset is in a
folder called DASIG. This folder contains sixty folders, one for each subject. In addition,
there are two files that summarize the anthropometric characteristics of all participants
(sub_info.csv) and the dataset organization (readme.txt), respectively. Three exemplifying
videos are also provided to make the execution of the task clearer. Two Matlab files are also
provided: a structure containing the database (DASIG.mat) and a script providing a wizard
to plot all the signals (DASIG_plot.m).

Figure 5. Dataset DASIG structure.

In the folder associated with each subject there are seven files of three different types:

• Data collected from all MIMUs related to the three different trials (subXXX_FR_R_MIM
U.csv, subXXX_FR_L_MIMU.csv, subXXX_LA_L_MIMU.csv). Each .csv file contains:

o Time (s) of the acquisition with a sampling frequency of 200 Hz;
o Accelerations (m/s2) along the three sensor axes;
o Angular velocities (rad/s) around the three sensor axes;
o Magnetic fields (G) along the three sensor axes;
o Orientation (expressed in form of quaternions) of the sensor with respect to the

Earth reference frame.

• Data collected from Arduino system related to the three different trials (sub-
XXX_FR_R_Arduino.csv, subXXX_FR_L_Arduino.csv, subXXX_LA_L_Arduino.csv).
Each .csv file contains:

o Sequence of temporal instants (s) corresponding to the occurrence of specific
events during the test (lighting of a green LED, lighting of a red LED, and
activation of the sound buzzer);

o Numeric code identifying the type of each event and the specific station in
which it occurs. In detail, numbers from 2 to 5 indicate the lighting of a green
LED, numbers from 6 to 9 indicate the lighting of a red LED, and number
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10 indicates the activation of the sound buzzer. Specifically, numbers 2 and
6 identify events occurred in the station SA, numbers 3 and 7 events occurred in
the station SB, numbers 4 and 8 events occurred in the station SC, and numbers
5 and 9 identify events occurred in the station SD.

o Anthropometric data of the subject: gender, age range (years), height (m),
weight (kg), dominant arm, right upper arm length (m), left upper arm length
(m), right forearm length (m), left forearm length (m).

The dataset is in a folder called DASIG. Since two visual and two acoustic alarms were
generated for each test of each participant, the number of suggested abrupt events was
equal to four. However, in some cases, subjects were not able to react to a visual alarm
because of the short time from the lighting of the green LED. In detail, tests with the lack
of one abrupt movement associated with a visual alarm are: sub027_FR_R, sub033_LA_L,
sub039_FR_R, sub056_FR_R, and sub060_FR_R.

2.3. Database Statistics

To ensure an informative dataset, descriptive statistics were computed for both linear
accelerations and angular velocities. Signals were segmented into 3-s windows based on
the activation of the green LEDs (information provided by Arduino). Each window was
then classified as either standard or abrupt, depending on whether a visual or acoustic
alarm occurred. For each window, the Root Mean Square (RMS) of the acceleration and
angular velocity norms was calculated. Subsequently, the mean and standard deviation
of the RMS values were computed across all windows and participants, keeping the three
trials separate and distinguishing between standard and abrupt gestures (Table 1).

Table 1. RMS values of accelerations and angular velocities averaged among windows
(mean ± standard deviation), and p-values obtained from the Wilcoxon test between standard and
abrupt values (** indicate a statistically significant difference).

FR_R FR_L LA_L

Standard Abrupt Standard Abrupt Standard Abrupt

Acceleration
(m/s2)

9.96 ± 0.14 11.18 ± 1.17 9.98 ± 0.11 11.07 ± 1.01 9.96 ± 0.11 10.97 ± 0.91

p-value <0.01 ** <0.01 ** <0.01 **

Angular
velocity
(rad/s)

1.29 ± 0.35 2.11 ± 0.73 0.98 ± 0.25 1.94 ± 0.74 1.12 ± 0.33 1.97 ± 0.68

p-value <0.01 ** <0.01 ** <0.01 **

It can be seen that the mean RMS values differ between standard and abrupt gestures.
To assess the statistical significance of this difference, a Wilcoxon test was conducted,
producing a p-value well below 0.01 for all three trials and for both signals.

3. Database Demonstration
To demonstrate how to use the contents of the proposed dataset, a MATLAB® (Math-

Works, Natick, MA, USA) structure called DASIG.mat has been created from the .csv files
and inserted into the folder. Additionally, a script named DASIG_plot.m has been written
to visualize the database content. First, the script loads the structure containing the com-
plete dataset. Then, the user is prompted to select the subject, trial, and MIMU location
of interest by entering a numeric code following a guided procedure. Finally, the script
generates four figures displaying linear accelerations, angular velocities, magnetic field,
and orientation expressed through quaternions. As an example, Figures 6–9 have been
obtained running the script DASIG_plot.m. They illustrate the signals recorded by the left
forearm MIMU (LFA) during the FR_L trial of subject 005. Specifically, Figure 6 displays
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linear accelerations, Figure 7 shows angular velocities, Figure 8 presents the magnetic field
components, and Figure 9 depicts the quaternion trends. Each figure consists of two panels.
The upper panel shows the time series of all components of the selected signal. The x-axis
spans 90 s for all plots, corresponding to the duration of each trial. The y-axis is standard-
ized across all subjects, with limits set according to the maximum and minimum values in
the dataset. Trigger events are marked using vertical colored lines: green for green LEDs
activations, red for visual alarms activation, and blue for acoustic alarms activation. The
occurrence of triggers is also depicted in the second panel of each figure, where colored dots
(matching the vertical lines in the first panel) represent the temporal sequence of trigger
events. Specifically, the horizontal placement of green and red dots indicates the station
(SA, SB, SC, or SD) where the LEDs were activated. Blue dots related to acoustic alarms
(AA) and positioned at a higher level indicate that subjects raised their arm.

 

Figure 6. Example of plot from DASIG database (subject = 005, trial = FR_L, MIMU = LFA, and
signal = acceleration).

 

Figure 7. Example of plot from DASIG database (subject = 005, trial = FR_L, MIMU = LFA, and
signal = angular velocity).
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Figure 8. Example of plot from DASIG database (subject = 005, trial = FR_L, MIMU = LFA, and
signal = magnetic field).

 

Figure 9. Example of plot from DASIG database (subject = 005, trial = FR_L, MIMU = LFA, and
signal = orientation through quaternions).

4. Discussions
DASIG contains comprehensive data acquired through MIMUs during the execution

of the pick-and-place task, including raw inertial signals, information on the visual and
acoustic alarms used to induce standard and abrupt movements, detailed anthropometric
measurements for all sixty participants, and a script demonstrating how to load, process,
and analyze the dataset. The data showed statistically significant differences between
the two types of movement in both acceleration and angular velocity, demonstrating
that the two groups are distinguishable and exhibit distinct characteristics. By providing
access to all raw and synchronized data streams, DASIG enables a wide range of analyses.
Researchers can investigate movement patterns during standard gestures and assess gesture
repeatability both within and across participants. The dataset also supports the evaluation
of response times to alarm signals, as well as an in-depth examination of the specific
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abrupt gestures performed in reaction to those alarms. Furthermore, the structure of the
experimental protocol allows for the study of how movement strategies vary depending
on different starting and ending stations, as well as on the operator’s relative position
within the workspace. Comparisons between gestures executed with the dominant and
non-dominant arm are also possible, making the dataset suitable for assessing lateralization
effects. These analyses can be conducted at both the intra-subject and inter-subject levels,
thus providing insights into individual variability and collective trends. In addition,
DASIG represents a valuable resource for training and validating artificial intelligence
algorithms aimed at gesture recognition, anomaly detection, and early identification of
abrupt movements. It is important to emphasize that the data provided allows for a wide
range of analyses; however, depending on the specific analysis, filtering, cleaning, and
data-handling procedures are required to ensure robust and application-specific results.
For example, in the case of abrupt-gesture recognition, it may be necessary to redefine
abrupt windows not only by considering the presence or absence of an alarm, but also
by accounting for the exact activation instant, the reaction time preceding the actual
movement, and the duration of the movement itself, so as to eliminate the influence of
normal motions occurring within the abrupt windows. These gestures are crucial for
developing effective and safe human–machine interaction in industrial contexts. The
main limitation of this dataset is that it was not collected in a real industrial environment.
However, the experimental setup and protocol faithfully reproduce classical industrial pick-
and-place gestures. Accordingly, the dataset is highly suitable for studying how human
movements can be integrated with, or anticipated by, robotic systems in collaborative
industrial scenarios.

5. Conclusions
This paper presents the DASIG dataset [19], collected using MIMUs on sixty partic-

ipants performing a pick-and-place task in a simulated workstation. Existing datasets
of industrial gestures, whether acquired with traditional visual systems or with MIMUs,
typically include only repetitive and conventional movements and involve fewer than
twenty participants. In contrast, the dataset proposed in this paper comprises both stan-
dard movements and abrupt movements elicited by unexpected situations or momentary
inattention, and it includes sixty participants to enhance its representativity and the gener-
alizability of any analyses conducted by future users. DASIG provides raw, synchronized
data that support diverse analyses of movement patterns, gesture repeatability, alarm-
response behavior, and workspace-dependent strategies at both the intra- and inter-subject
levels. Its structure also makes it suitable for training and validating AI models for gesture
recognition, anomaly detection, and early identification of abrupt movements.
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