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This dataset (named CeTI-Age-Kinematics) fills the gap in existing motion capture (MoCap) data

by recording kinematics of full-body movements during daily tasks in an age-comparative sample
with 32 participants in two groups: older adults (66-75 years) and younger adults (19-28 years).

The data were recorded using sensor suits and gloves with inertial measurement units (IMUs). The
dataset features 30 common elemental daily tasks that are grouped into nine categories, including
simulated interactions with imaginary objects. Kinematic data were recorded under well-controlled
conditions, with repetitions and well-documented task procedures and variations. It also entails
anthropometric body measurements and spatial measurements of the experimental setups to enhance
the interpretation of IMU MoCap data in relation to body characteristics and situational surroundings.
This dataset can contribute to advancing machine learning, virtual reality, and medical applications
by enabling detailed analyses and modeling of naturalistic motions and their variability across a wide
age range. Such technologies are essential for developing adaptive systems for applications in tele-
diagnostics, rehabilitation, and robotic motion planning that aim to serve broad populations.

Background & Summary

Movements are essential for humans to interact with environments. Motor abilities are crucial for the elderly
to maintain autonomy' and independently perform daily tasks?. Neurocognitive research shows that physical
activities improve brain functions serving memory or attention, even in old age®*-°. Applied research makes use
of movement analyses to assess physical and cognitive declines in the elderly and the progressions of neurode-
generative disorders in patients®'°. The typical, non-pathological process of aging entails structural changes in
the brain (e.g., shrinkage of brain volumes) and body (e.g., reduced range of motion in body joints)!'-'%. These
changes lead to limited capabilities for motion planning and execution, resulting in either increased movement
fluctuations® or reduced motion flexibility, as reflected in problematic gait patterns'®. Moreover, individuals dif-
fer in their kinematic variability which, in part, are associated with individual differences in neural variability'”.
These findings underscore the need for representative data on full-body movements of younger and older people
performing daily tasks to assess and understand age-related differences in motion characteristics. Advanced
applications of real-time movement analysis and modeling can benefit from machine learning (ML) approaches
that are trained with rich data of daily movements from demographically representative samples.

To the end, the CeTI-Age-Kinematics dataset includes two age groups—older (66-75 years) and younger
(19-28 years) adults—to provide data covering a broader age range. Recent sensor technologies make the
acquisitions of kinematic MoCap data more approachable to foster movement research for applications in
tele-diagnostics'®, human digital twins for medical (remote) assessment'** and exergaming?'->*. However,
integrating diverse populations into motion datasets remains a challenge?*. Existing datasets based on vari-
ous sensors typically focus on young- or middle-aged adults executing specific movement categories, e.g.,
selected daily tasks®*~%%, postural balance?, exercises for physical therapy®!, or walking for gait analyses®>~%".
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Younger adults (YA) | Older adults (OA)
Age range (years) 19-28 66-75
N 12 20
Sex (Nomate Nywate) 715 10/10
Age mean =+ SD (years) 22.3(3.0) 69.8 (2.7)
Height mean 4 SD (cm) 173.3(8.2) 167.8(7.2)
Mass mean =+ SD (kg) 66.8 (11.4) 74.5 (14.0)
Handedness (N,;g1,/Nies) 12/0 18/2
Reported impairments (N) 0 5

Table 1. Selected key demographic data of the CeTI-Age-Kinematics sample. Shown here are group sums or
averages, whereas individual participant data are listed in the Supplementary Table S1. Mean values for age,
body mass, and height were calculated over all participants (see columns age, mass, and a01 in Table S1).
An overview of all demographic information collected is provided in the Supplementary Table S5.

Complementing existing datasets, this dataset uniquely focuses on capturing full-body, including hand, move-
ments from 30 common daily tasks in nine categories (e.g., targeted reaching, balance control, object transfer,
and other object interactions) with repetitions that were performed also by older people beyond retirement age
besides younger adults. By including a sex-stratified, healthy sample of elderly participants, this dataset allows
for investigations into how aging may influence sensorimotor capabilities in daily tasks. Understanding potential
age differences in movement variability is crucial for developing adaptive systems, because such information
supports the design for individualized interventions and algorithms for robust action recognition and segmen-
tation**-*1. By also including older adults’ motion patterns, this dataset promotes age-inclusivity*>*, enabling
researchers to consider age-related functional changes* in system and technical designs to better address elderly
needs*. Moreover, previous datasets often lacked sufficient repetitions of the same movements* and did not
provide adequate details about the environments in which daily movements were performed by older adults***’.
The omission of such information is significant, as spatial conditions can influence movement execution*$-*C.
Laboratory studies, although being well controlled, may not fully represent real-word behaviours. Our dataset
improves upon these aspects by providing multiple task repetitions executed individually by the participants
using well-controlled and documented task variations of the execution speed, object involvement, and spatial
conditions. This dataset was carefully designed to capture a wide range of naturalistic movements performed
by participants in individually customized setups (i.e., unrestricted movements in all anatomical planes, move-
ment execution in comfortable standing positions and reaching distances) to reflect personal anthropometric
limitations, preferences, and particularities in the MoCap data. Besides actual physical objects, we also included
imaginary objects to simulate interaction scenarios similar to those in virtual reality, where objects are typically
not physically present or only visually represented.

In summary, the CeTI-Age-Kinematics dataset includes a rich variety of data contents and contexts to capture
the complexity of daily full-body motions in the elderly as well as in young adults. It provides a comprehensive
and realistic representation of elemental daily movements. The age-related differences in movement character-
istics may have implications for the methods used for motion analysis and modeling. This dataset holds utilities
for domains such as motion planning for robots®*?, intention sensing'’, semantic action recognition based on
motion in combination with instructions®, person identification either with the purpose of designing person-
alized systems*"**, biometric recognition®>*, or anonymization®’. The data can be further explored in use cases
of neurorehabilitation® and ergonomics™.

Methods

Participants. Data was collected from 32 participants (17 female/15 male, mean age = 52.0 & 23.5 years,
2 left-handed) in two age groups, covering older adults (OA) aged 66-75 years and younger adults (YA) aged
19-28 years (see Table 1 for details on group-specific sample size, selected demographic and basic anthropo-
metric variables with descriptive statistics). The study was approved by the Ethical Committee of the Technische
Universitdt Dresden (approval number: SR-EK-5012021) and was conducted in accordance with the Declaration
of Helsinki®. All participants voluntarily signed an informed consent form and provided the permission for the
use and publication of the pseudonymized data. A unique identifier was assigned to each participant to ensure
data pseudonymization. The questionnaire data was gathered and administered through Research Electronic
Data Capture (REDCap)®“* that is hosted at Technische Universitit Dresden.

All participants self-reported having normal or corrected-to-normal vision and hearing, along with the
ability to perform autonomous locomotion without the need for mobility aids. Demographic questions were
asked to gather information about the participants’ educational background, physical activities, as well as their
clothing and shoe sizes. The individual history of musculoskeletal pain, if applicable, was documented using
the Nordic Musculoskeletal Questionnaire (NMQ)® in its German version provided by the Federal Institute
for Occupational Safety and Health [*, p. 87-88], in addition to relevant motion impairments potentially
affecting the ability to perform daily movements (see Reported impairments in Table 1 and other details in
Supplementary Information, Section 1). Moreover, the Edinburgh Handedness Inventory (EHI)®> was employed
to assess the handedness score for each participant. This comprehensive approach was taken to provide a thor-
ough assessment of participants’ health status, fitness level, body composition, and their potential impacts on the
participants’ capacity to perform motions effectively and consistently. Anthropometric data were systematically

SCIENTIFIC DATA | (2025) 12:531 | https://doi.org/10.1038/s41597-025-04818-y 2


https://doi.org/10.1038/s41597-025-04818-y

www.nature.com/scientificdata/

(b)

2829 30

31

27 33
26

left dorsal posterior view right dorsal posterior view anterior view right dorsal

Fig. 1 Distribution and locations of the MoCap sensors on the ultilized sensor suit and gloves. (a) Schematic
visualization of sensor distribution on the body. (b) Sensor location on the full-body textile suit and data glove
(specified for right body side).

collected, detailing both upper and lower limbs (for details of these data see Supplementary Information,
Table S2). Other details about the contents of the questionnaires and assessed variables can be found in the
Supplementary Information (see Table S5) and in the files named participants.tsvandpartici-
pants. json (see Data Records).

Wearable IMU-based Motion Capture (MoCap). Kinematic data was recorded at 100 Hz using a
full-body wearable data suit (Smartsuit Pro Version 1) and data gloves (Smartgloves®®), manufactured by Rokoko
Electronics, Denmark (see Fig. 1b).

The data suit incorporates a total of 19 pre-installed IMU sensors that are seamlessly integrated into a thin,
soft textile suit (see Fig. 1a for a schematic visualization) so that they can be easily removed for maintenance
purposes (incl. cleaning of the textile part of the suit). The data suits are available in four sizes (S, M, L, XL)
that come with Velcro straps for securing good fit to ensure stable sensor positioning during movements. The
placements of the sensors are designed to capture comprehensive body movements, with one sensor dedicated to
tracking head movements and six sensors allocated per limb (three per each arm and leg), and six for the torso.
Together they allow precise recordings of head, limb, and spine motions. Specifically, all sensors of the suit are
based on 9-degrees of freedom IMUs and incorporate hardware-synchronized signals of both a 16-bit tri-axial
accelerometer and gyroscope (Bosch Sensortec, BMI160; see®” for other technical details about the sensors),
along with an external magnetometer. The built-in IMUs enable on-chip motion-based action/gesture recogni-
tion, such as step detection®’. The accelerometer and gyroscope measure linear acceleration and angular velocity,
respectively®®. The external magnetometer provides the absolute direction of the earth’s local magnetic field and
can be utilized as a reference for the IMU’s absolute heading to improve the measurement accuracy through
sensor fusion (see®”® for technical details). Furthermore, the data suit uses a static pose to align each sensor’s
geometrical axes with the orientation of body segments’’, requiring an accurate assessment of the calibration
pose as a reference (see the section on movement tasks c01 below for further details).

The data gloves are designed without built-in magnetometers to enhance resistance to magnetic interfer-
ence®. For precise motion tracking of the fingers and wrist, each data glove features seven sensors that are
located at the wrist and the distal phalanges of the fingers and thumb (see inset of right hand in dorsal view
in Fig. 1b). The data gloves provide a 3-dimensional (3d) orientation accuracy of =+ 1 degree with a latency
of +20 ms®.

Together the data suit and gloves are quite commonly utilized for live MoCap streaming, specifically for
character animation and virtual production that have latency requirements in the range of 20-30 ms”* to
ensure responsive avatar movements in real-time. In past biomechanical studies, the measurement accuracy
of such an IMU-based data suit in comparison to optoelectronic’>”* and video-based’ MoCap systems has
been demonstrated as sufficient. For controlled hip movements (e.g., flexion/extension), the data suit showed
a high agreement with an OptiTrack MoCap system (Corvallis, USA), with a root mean square error (RMSE)
of 1.38 — 1.81° and Pearson correlation coefficients r > 0.9872. In terms of lower limb movements, the data suit
also exhibited high agreements with the Qualisys MoCap system (G6teborg, Sweden) for hip and knee joints
(RMSE < 6° r > 0.98) but a slightly weaker agreement for ankle dorsiflexion-plantarflexion (RMSE = 5. 1°,
r=0.80)".

Movement tasks. The dataset incorporates 30 common daily movement tasks that were performed in nat-
uralistic and unrestricted settings to account for variations in speed, style, and environmental conditions (see
Fig. 2 and Table 2). The selection and design of these movement tasks follow several key principles as detailed in
the Supplementary Information (Section 2). In the dataset these movement tasks are labeled by single letters with
numbers behind the letters indicating task variations (see Fig. 2, cf. Table 2): specifically, c for calibration and
neutral pose; e for elevating toolcases; g for a reach-grasp-relocate action; h for a reach-grasp-handover-relocate
action; o for actions involving opening a door; r for reaching for, placing, and retrieving an object from a hook; s
for a 5-repetition sit-to-stand test (SRSTST); u for an upper limb task; and w for walking tasks. Each movement
was executed in 5 repetitions (except for c01 and u01 which were only performed twice). The speed of execution
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Fig. 2 Illustrated motion sequences of selected movement tasks, with single letters indicating task categories,
numbers denoting task variations (cf. Table 2 for details): ¢ for calibration and neutral pose; e for elevating tool
cases; g for reach-grasp-relocate; h for reach-grasp-handover-relocate; o for opening a door; r for reaching,
placing, and retrieving an object from a hook; s for 5-repetition sit-to-stand test; u for upper limb task; and w for
walking tasks.

was self-paced for all tasks, except for the task 5RSTST, which required participants to perform as quickly as
possible”. The self-paced speed encompassed both comfortable moderate pace and a faster pace that simulated
situations of being in a hurry (see Table 2, 003-06, w01-04). Before executing each movement task, the partici-
pants were verbally instructed with the task descriptions. For tasks involving interactions with objects, the spatial
setups were tailored to each individual participant. For example, object distances (d) were adjusted according
to participant-defined (p-def.) preferences, as stated in Table 2 and detailed in the Supplementary Information
(Section 3, cf. Fig. S1). All movement recording details are documented in the session protocols, which are avail-
able in the Data Descriptor (see Data Records). Additionally, the dataset also includes exemplary video sequences
of the recorded tasks. In the following, the tasks are summarized by categories.

Calibration and neutral poses (c01). To ensure high-quality MoCap data, the calibration pose is imperative for
individualized system configuration to enable accurate tracking of the movements of each participant. As such,
this pose establishes a baseline for each participant and was assessed prior to each individual recording as part of
the MoCap recording scheme. In order to document the execution of the calibration pose, participants held the
neutral pose, the calibration pose, and then again the neutral pose for about 2 seconds each (see Table 2, no. 1).
The calibration pose was executed as the “0-position” described by Ryf and Weymann’®. It required participants
to stand upright with their arms down the side of their bodies, palms facing the thighs, fingers straight, thumbs
pointing forward, and feet pointing straightforward with a spacing of about a foot’s width (15 cm) between
them. The head and gaze were directed forward. Besides the calibration pose, the neutral pose is crucial as the
initial position for all movement tasks. It closely resembles the calibration pose, but encourages participants to
assume a natural and comfortable standing position, resulting in more variability in wrists and finger position-
ing, increased flexion in the hips and knees, and a more relaxed torso posture.

Elevating tasks with real and imaginary toolcases of varying weights (e01-05).  These tasks focus on the move-
ments of elevating (lifting) plastic tool cases of varying weights (1 to 3 kg) and the simulated movements of
elevating an imagined (imaginary) tool case without the actual physical objects (see Table 2, no. 2-6). The sim-
ulated movements of elevating the imaginary tool case were referenced to a 3 kg dumbbell presented as a ref-
erence weight prior to executing the tasks. The objective of this category of tasks was to capture participants’
movements of elevating both physically present and imaginary tool cases. The MoCap data recorded with these
tasks can provide insights into the potential effects of weight variability and the presence or absence of physical
objects on the biomechanics of the movements. Notably, tasks involving imaginary tool cases were recorded
both before (e 01) and after (e 03) the interactions with the actual physical tool cases (see Table 2).

Object placement at table height with trunk rotation (g01-02) or trunk flexion and self-handover (n01-02).  Tasks
g01-02 (see Table 2, no. 7-8) required the participants to perform two variations of an object placement task
involving reaching and grasping a cylindrical can (7.2 cm wide, 19.3 cm tall, 500g) that was placed at the
level of table height. These tasks focus on axial trunk rotation, which plays a crucial role in gait’”’® and move-
ments of reaching sideways. Reduced range of motion (ROM) of the pelvis during axial trunk rotation, as seen
with aging”, can influence balance dynamics and postural control when performing reaching tasks from a
standing position. To execute the task, the participants stood with their feet about a foot apart, weight evenly
distributed in the same position. The can was initially placed at position A to the left side of the participant
(see Supplementary Information for spatial setups of this task and recording space, Fig. S1b and Fig. S2, at
recording spot 4). Participants started from a neutral pose, reached for the can with the right hand, grasped
and transported it over the midline to position B, and returned to neutral pose. Afterwards, the movement
sequence was also performed with the left hand, moving the can from position B back to position A. The action
involving movements in both directions was executed five times. The correct grasping type was explained and
demonstrated during the task instruction. Participants were instructed to maintain a moderate speed, avoid
lifting their feet, keep their knees straight, briefly return to the neutral pose between phases, and look straight
ahead when performing the movement. In task g01, the reaching distance to the can was individually adjusted
for each participant. For g02, the reaching distance was standardized for all participants (i.e., distances 01 and
02 in Supplementary Information, Fig. S1b were set to 60 cm).

Tasks h01-02 involve self-handover motions. The participants were instructed to challenge forward flex-
ion to engage postural control while integrating a self-handover motion during the object placement task (see
Table 2, no. 9-10). The can was positioned anterior-laterally on a table at position B to the right side of the
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No. |TL-ID |Ses-ID | #runs (#reps.) | Task outline Main inter-action object | Varied object specifications
1 c01 01 2(1) Neutral pose, calibration pose, neutral pose

2 e01 02 1(5) Elevate an item onto a table, lowering it down again imag. toolcase w=3kg

3 e02 -7 1(5) -7 tool case -7 -

4 e03 -7 - 1(5) -7 - imag. toolcase -7

5 e04 -7 - 1(5) -7 - tool case w=2kg

6 e05 [-7- |1(5 - - w=1kg

7 g01 01 1(5) Reach-grasp-relocate action with trunk rotation can d = p-def.

8 g02 -7 - 1(5) -7- -7 - d=60cm
9 hol 01 1(5) Reach-grasp-handover-relocate action with hip flexion | can d = p-def.
10 h02 -7 - 1(5) -7 - -7 - d=80cm
11 001 02 1(5) Open and close a door door

12 002 -7 1(5) -7 - imag. door

13 003 -7 - 5(1) Approach, open, and pass a door (normal speed) door

14 004 -7 5(1) -7 - imag. door

15 005 -7 - 5(1) Approach, open, and pass a door (in a hurry) door

16 006 -7 5(1) -7 imag. door

17 r0l 02 1(5) Hanging and retrieving an object from a hook towel h = shoulder
18 r02 -7 - 1(5) -7 jacket -7 -

19 r03 -7 - 1(5) -7 towel h = eye

20 r04 -7 1(5) -7 - jacket -7 -

21 r05 -7 1(5) -7 - towel h = > knee
22 r06 -7 - 1(5) e jacket -7 -

23 r07 -7 1(5) -7 towel h = overhead
24 r08 |-7- 1(5) o jacket -

25 s01 01 2(1) 5-repetition sit-to-stand test (SRSTST)

26 u0l 01 2(1) Upper limb task with controlled object lift can

27 w01l 01 1(5) Walk in a normal speed

28 w02 -7 1(5) Walk in a hurry

29 w03 -7- 1(5) Walk in a normal speed backpack

30 w04 -7 1(5) -7 bottle crate

Table 2. Overview of movement tasks (sorted alphabetically by the task label identifier (TL-ID)). The table
includes a session identifier (Ses-ID), the total number of runs, and the number of action repetitions (reps.)
recorded in each run. Blocks of related tasks share the same starting letters, i.e., different variations of similar
tasks (marked in boldface). Task variations include the execution speed, type of objects ("imag? for imaginary
objects), and other object specifications. The object weight (w), distance (d; “p-def.” denotes a participant-
defined distance to an object), and height (h) were varied in specified tasks.

participant (see Supplementary Information, Fig. S1c) and was transferred to position A with a controlled hand-
over as the can crossed the median line. The test protocol was similar to g01-02, with movements performed
at an individualized comfortable reaching distance (h01) and at a predefined, standardized reaching distance of
80 cm to the object (n02; see Supplementary Information, Fig. Slc).

Interaction tasks with real and imaginary doors (001-06). Opening, closing, and passing through a door
are typical daily tasks® that are essential for unrestricted locomotion and are commonly included in datasets
reflecting daily activities**®182, The door interaction tasks aimed to investigate human movement patterns in the
context of interacting with the environment (see Table 2, no. 11-16), with a focus on individualized measures
of anthropometry and spatial distances (see spatial measures in Supplementary Information, Fig. S1d). The
open-close action with the door being either physically present or mentally imagined was first captured in isola-
tion (at recording spot 6, see Fig. S2 in Supplementary Information). Afterwards, these actions were combined
with walking sequences (starting from recording spot 7, see Fig. S2 in Supplementary Information). The first
task in this category (001-02) required reaching for the lever-style door handle, opening the door to reveal a
viewing target in the room behind it, and closing the door. Subsequently, the task was extended by approaching
the door within three steps and walking four further steps after passing through it, with the movements recorded
at either a self-determined normal (003-04) or fast walking pace (005-06). The tasks with an imaginary
door (see Table 2, 002, 004, and 006) closely resembled those performed with the real door (i. e., 001, 003,
and 005); however, they required the participants to mentally simulating the door opening tasks and executing
them without the physical context of the objects (e.g., height and shape of the door handle, space restrictions
associated with the door moving along its hinge). Participants were provided with an image of the door handle
and could orient themselves based on surrounding environmental cues, such as the distance to the (presumed)
door. To minimize potential priming effects, the tasks with the imaginary door were only recorded once prior
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Fig. 3 (a) Schematic images showing one movement repetition of the task (r01) of placing a towel on a hook
and retrieving it. (b) The movement consists of two actions—placing and retrieving—and incorporates (c)
motion in two directions, i.e., either forward to reach towards the target or in reversal to return to the neutral
pose (see also color-coded arrows in (a) indicating motion direction). (d) Moreover, each action contains

a phase where the object is transferred, either during forward motion until the target (hook) is reached for
hanging the object, or during the reversal motion after the hook was reached to retrieve the object. (e) For data
analysis, the time frames ¢, — t; are detected that divide the recorded data into motion segments (i.e., the placing
action into segments s, and s,, and the retrieving action into segments s; and s,). Such movement segments
allow for an analysis of the motion execution in relation to the motion direction and object involvement.

to performing movements with the door being physically present. Both sets of movements were recorded at the
same locations and with an identical spatial setup.

Targeted reaching and object interactions at various heights (rt01-08). Tasks in this category involved placing
an object on a hook and subsequently retrieving it. These reaching movements were carried out at individualized
heights (ranging from approximately knee height to overhead height with the need for standing on tip-toes)
and involved two different objects (a towel and a child-sized jacket), as detailed in Table 2 (see no. 17-24). The
participants began by fully extending their right arm, reaching to hang the object on a hook at the individualized
person-specific heights and distances (see spatial setup configuration in Fig. Sle in Supplementary Information).
With a controlled and deliberate motion, participants maneuvered the arm to secure the object on the hook and
returned to neutral pose (see Fig. 3a,b, “Place the object”). Following this, they re-started from the neutral pose,
raised the right arm to lift the object off the hook and ended in neutral pose (see Fig. 3a,b, “Retrieve the object”).

5RSTST (s01). A 5-repetition sit-to-stand test (5SRSTST), also known as timed chair stand or five times chair
rise test, was also included in the present dataset, following the procedure established by Bohannon et al.”>.
Participants were instructed to rapidly stand up from a chair to the standing posture and repeat this movement
for five times without stopping between repetitions, while keeping both arms folded across their chest (see
Table 2, no. 25). While seated, participants were instructed to place their entire body weight on the chair without
bending their trunk forward. When standing up, they were instructed to fully rise with straight legs. Participants
practiced these movements twice, initially at a slower pace to ensure accuracy and then at maximum speed. Two
runs of the 5RSTST (each with five STS movements) were recorded (see Fig. S2 in Supplementary Information,
recording spot 1). Participants were seated on a chair with a height of 45 cm from the floor. The chair had no arm
rests. Movement time, measured with a stopwatch (Genutek, model CG-501, stated accuracy 1/100 s), started
with the command “Go” and ended when the participants’ buttocks touched the chair after the fifth repetition.

Upper limb task (u01). This task was designed to capture controlled movement of the upper extremity (see
Table 2, no. 26). Participants were instructed to grasp a cylindrical can (same as in tasks g01-02 and h01-02)
with the right hand that was positioned adjacent to them. Subsequently, while holding the object with both
hands, palms facing down and arms outstretched, they lowered the object as far as possible while maintaining a
neutral standing position. This was followed by an upward arm movement to shoulder height, still maintaining
the grasp with both hands, before ultimately lowering and returning the object to its initial position. The execu-
tion was initiated and ended in neutral pose.

Walking (w01-04). Walking tasks serve as a common framework for assessing basic physical and neurolog-
ical health of the elderly, such as the early detection of cognitive decline®*** and the risk for falling®*>-%. Four
walking tasks, each with five repetitions, were recorded (see Table 2, no. 27-30). These tasks varied in walking
speed and object interactions, including: w01 - walking at a normal speed, w02 - walking in a hurry, w03 -
walking at a normal speed while carrying a backpack on the back, and w04 - walking at a normal speed while
carrying a bottle crate with both hands. The walking movements were recorded along a fixed path, spanning
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a length of 3.55 meters (see Fig. S2 in Supplementary Information, recording spots 2 and 3). The recording
started with participants standing in neutral pose (at spot 2). They walked to the end of the path (spot 3) at the
instructed speed, keeping their gaze straight ahead. When reaching the end of the path (spot 3, marked on the
floor), they turned around until both feet were positioned in front of the marked line, then returned to the start
(spot 2), and turned around to face the initial starting position in neutral pose. This sequence was repeated five
times. To encourage a natural gait pattern, participants were informed that precise alignment with the marked
lines was not essential; rather they were instructed to briefly stand stably with both feet at the starting and turn-
ing points before resuming walking. Participants imagined being late for an important appointment during the
hurried walking task (w02). In the carrying task, the participants adjusted the straps of the backpack to their
individual comfortable level (w0 3). Calibration poses were done without objects to ensure correct body segment
orientation. Before each task, a practice run—typically one trial—was conducted, with additional repetitions
allowed if needed.

Acquisition setup and procedure. To prevent participant fatigue, each participant visited the lab on two
separate recording days for two data collection sessions. Each session was limited to three hours with short breaks
in between tasks as needed. Participants were instructed to wear snug sports clothing for unrestricted movement
and easy access to the shoulder area and right knee for anthropometric measurements. A range of anthropometric
measures were utilized to create individualised actor body profiles?*-** in the MoCap software Rokoko Studio to
ensure precise data alignment with each participant’s body dimensions. Additionally, to account for natural varia-
tions in movements, the experimental setup for object interaction tasks was customized for each participant based
on their individual anthropometric characteristics (see Movement tasks above and Supplementary Information,
Section 3). All anthropometric and spatial measurements were taken while wearing personal clothing, with the
MoCap data suit (soft textile with integrated IMU sensors) worn over it for the MoCap data collection.

A training phase was conducted to familiarize the participants with the postures and procedure of the
MoCap recordings in a standardized manner. The participants were informed that an accurate execution of the
calibration pose throughout the entire recording session was of utmost importance to ensure data quality.

Subsequently, the quality of the data recorded by the suit and gloves was iteratively assessed through a series
of quality checks. Any issues were addressed to optimize assessment precision before the MoCap data of the
movement tasks were recorded. Every task was preceded by at least one unrecorded practice trial which served
as training to ensure correct movement execution. The experimenter provided feedback on deviations from
the intended procedure, such as fidelity of the motion performance, speed and timing, and proper orientation
towards marked positions. Following the recommendations by Schall et al.%%, the practice trial was followed by a
calibration pass in the actual recording location to ensure proper orientation of body segments. This procedure
further established the actual recording spot (see Fig. S2 in Supplementary Information) as the coordinate origin
of the positional MoCap data, ensuring correct relative positional coordinates for data acquisition. The MoCap
data was recorded in the same fixed order for all participants: in the first recording session (Ses-ID 01 in Table 2),
task categories w; s, g, h, ¢, and u; and in the second session (Ses-ID 02 in Table 2), task categories r, 0, and e.
The same task order was used for all participants to avoid potential order effects that may confound analyses of
age-related or individual differences®. In each MoCap recording, the neutral pose was utilized as starting and
ending pose for each trial, except in tasks where a carried object or a seated posture made the use of the neutral
pose impractical (see Table 2, s01 and w03-04).

Data pre-processing. The MoCap acquisition software provides a range of data pre-processing capabilities
aimed at improving data quality. In this software, an individual’s recorded motion data is represented through
a virtual avatar in 3d space. By applying filters, the global avatar’s position or the positioning of selected body
segments (such as the feet) is automatically adjusted. Given that the magnetometers are sensitive to magnetic
disturbance in the recording space’*® and the gyroscopes to fluctuations of temperature®®?’, there could be
drifts in the recorded data because of these®. A “drift-correcting filter” was applied to mitigate noise in the
data due to such global drifts (except for walking tasks towards and through doors, i.e., 003-06 in Table 2).
This filter adjusted the global end position to align with the global start position of the data for movement tasks
where the recordings began and ended in the same location, thereby correcting global drift in the recorded
positional data over time. Additionally, a “locomotion filter” was applied to all data files to estimate contact of
the feet with the ground®. Since the data suit lacks sensors to record toe movements (representing only general
feet movement, see Fig. 1a), the “toe bend filter” was applied to all files to simulate the natural bending of the
foot upon ground contact. For movements involving standing on tip-toes, such as reaching for targets at higher
heights (r07 and r08; see Table 2), the “toe bend filter” was used to keep the feet at ground level (by applying
the option “feet above floor”). This procedure corrected the vertical feet positioning to avoid penetrating the
ground level by adjusting the rotation of the thigh, knee, and ankle using inverse kinematics®®. Among the
1568 recordings (32 participants each with 49 recordings), only five were removed due to specific issues (see
Section 4 in the Supplementary Information for details on removed recordings), indicating smooth and suc-
cessful data recording.

Data Records

The dataset is available in a figshare repository CeTI-Age-Kinematics®. The data records are structured accord-
ing to the Motion-Brain Imaging Data Structure (BIDS) standard!'*>!! (Version 1.9.0'%?), as shown in Fig. 4. In
addition to the standard files (marked with green and pink symbols in Fig. 4), the dataset also includes: (i) files
describing the process of data acquisition (marked with a yellow dot in Fig. 4) such as exemplary videos demon-
strating task executions as well as data collection protocols, e. g., acquisition protocol ses-01.pdf,
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Fig. 4 Folder structure and associated files of the CeTI-Age-Kinematics dataset adhering to the BIDS
standard'®1%!, (a) The structure displays the folders and files at the root level (left-most column), the session
level (2nd column), and the task level (3rd column) of the data dictionary. Colored symbols in (b) relate to
excerpts of exemplary meta and kinematic MoCap files.

and (ii) BioVision Hierarchical MoCap data (BVH) files for visualizing and processing motion data in 3d anima-
tion software or BVH viewers (marked with a blue ring in Fig. 4).

Folder structure. Motion-BIDS standardizes the folder structure, data formats and metadata structure
using JavaScript Object Notation (JSON). Starting from the root directory ceti-age-kinematics/, it uti-
lizes the following file organisation (see Fig. 4a; other detailed technical documentation are available in previous
reports!0%102);

o acquisition/ subfolder stores the acquisition protocols and example videos relevant to the entire dataset.

« code/ subfolder contains all essential source code (see also Code Availability for details), including environ-
ment setup files, Python scripts for reproducing validation approaches, and helper scripts for shared routines
like loading data and managing figures.

o derivatives/ subfolder provides processed data, including the processed files after applying a segmenta-
tion processing pipeline (see Technical Validation), analysis results for creating the graphs, and stored images
generated from the source code.

o participant.tsvandparticipant.json filesdescribe the participants’ characteristics (see green
symbols in Fig. 4a) such as demographic, anthropomorphic, and other data (as detailed later in this section).

o dataset_description.jsonand README .md files provide metadata and additional information on
the dataset.

All other data is organized in the participant-specific subdirectories.

« Participant subdirectories (sub-d02/, etc.): Each participant has their own subdirectory that is named with
a unique identifier, e. g., sub-d05/ for the participant 5.

o Session subdirectories (ses-01/ or ses-02/): Within each participant’s folder, there are subdirectories for
each recording session, such as ses=-01/ for session 1 (referred to as Ses-ID in Table 2).

o MoCap data subdirectories (motion/ or bvh/): In each session subdirectory, the MoCap data is stored in
Tab-separated values (TSV) format in the mot ion/ subfolder and in the BVH format in the bvh/ subfolder
(see further details in next section).

Kinematic MoCap Data. In this dataset, the participant’s kinematic movement data is saved in two different
formats: TSV and BVH, each serving distinct purposes. The TSV format stores sensor data in a structured tabular
form, allowing for detailed sensor data analysis. It is accompanied by relevant metadata files, ensuring adherence
to the Motion-BIDS standard'?*-'%% The BVH format stores MoCap data in a hierarchical structure and is com-
monly used for animation and visualization purposes!®!, The TSV files include the positional and rotational
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Fig. 5 Raw MoCap data over time in milliseconds [ms] of one participant (Id 31, YA, male) while performing
task r01 (see no. 17 in Table 2), displaying either (a) displacement of (x, y, z) positions of the RightHand in
centimeters [cm], or (b) anatomical orientation of the Right Shoulder sensor in Euler degrees [deg]. This
reaching task is compound from (c) forward and backward movements (cf. Fig. 3) and (d) involves phases
with and without object transfer. The vertical lines in (a)-(b) mark the points in time that were detected via
peak detection (see the Validation section and Supplementary Information, section 8 for details) and (e) can be
utilized for subdividing the raw MoCap data into multiple motion segments.

sensor data from both the data suits and gloves (see Table S3 in Supplementary Information for an overview of
sensor labels). Specifically, they contain information from 17 of 19 sensors of the data suit, excluding those of the
hands (see Sensor identifiers (S-IDs) 13 and 18 in Table S3 in Supplementary Information). Wrist motion in the
TSV files is recorded from the data gloves (see S-IDs 20 and 26 in Table S3 in Supplementary Information). Finger
data (S-IDs 21-25 and 27-31 in Table S3 in Supplementary Information) is included only in the BVH data (see
Table S4 in Supplementary Information), which represents motion hierarchically, preserving finger articulation.
TSV files store joint data in a flat tabular format to simplify storage and processing. They are well-suited for ML
pipelines by allowing for high-level motion analysis without encoding detailed skeletal dependencies such as
finger movements.

These two forms of MoCap data are stored respectively in the motion/ and bvh/ subfolders and follow
a file naming template according the Motion-BIDS standard'?*: sub-<subject label> ses-<ses-
sion label> task-<task label> tracksys- rokokosmartsuitl run-<run index-
> motion. {tsv | bvh}.Table2 states the <session label> Ses-ID,the <task label>TL-ID and
the number of runs recorded (see “# runs”). While most of the tasks include only one run, seven tasks (see c01,
003-06,s01, u01 in Table 2) contain multiple runs that can be accessed separately by specifying the <run
index> denoted by a number between 01 and 05, depending on the task. This results in a total of 49 record-
ings of MoCap data (in either TSV or BVH format) for each participant (see Section 4 in the Supplementary
Information for the number of runs by task).

TSV data. Each participant’s movement data is structured into three distinct files per task (see pink symbols
in Fig. 4): The motion. tsv file contains the raw sensor data capturing the participant’s movements. The

channels. tsv file provides a description of the sensor data, specifying the column names, types, and meas-
urement units of each sensor. Additionally, the motion.json file includes metadata, such as a task outline
and instructions provided to the participants. Figure 5 shows the positional and rotational data of one exemplary
joint in a raw TSV MoCap file.

« Positional data (see Fig. 5a) describe the position of the center of mass of the relevant body segments in
centimeters, denoted as position {x | y | z} in absolute coordinates (see segment labels in Table S3 in
Supplementary Information). The coordinate system for positional data is established during calibration,
with the origin of the coordinate (0, 0, 0) set to the standing position of the participant, and the direction
of coordinate axes aligned with the anatomical planes. The x-axis aligns with the frontal (coronal) plane for
representing the medial-lateral motion (left-right), the y-axis aligns with the sagittal plane for representing
superior-inferior (up-down) movements, and the z-axis aligns with the transverse (horizontal) plane for rep-
resenting anterior-posterior (forward-backward) movements.

» Rotational MoCap data is measured as joint angles in degrees (see Fig. 5b) for the joint labels listed in Table S3
in Supplementary Information. The centers of these joints and the directions of movements (using the cor-
responding medical terminology, e.g., terms such as extension,axial rotation, etc.; see Table S3
in Supplementary Information) are defined according to the International Society of Biomechanics (ISB)
standard!%>-1%, The calculation of rotational data relies on Joint Coordinate Systems, which are tailored to
each of the joints to represent joint angles as relationships between the axes of body segments connected by a
joint (see Section 4 in the Supplementary Information for further explanations).
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Fig. 6 Joint angle distributions over all participants, showing the mean peak minimal (in pink) and mean
peak maximal (in blue) joint angles, separated for joints on (a) the left side and (b) the right side of the body.
Anatomically typical range of motion (ROM) reference ranges (shaded in gray) are taken from Ryf and
Weymann’®.

BVH data. BVH files contain MoCap data for processing in a 3d modelling and animation software!™ (see
blue donut symbol in Fig. 4). They denote the movements of the sensors according to a hierarchical skeleton
structure'®. Specifically, the current dataset follows the Maya inverse kinematic (IK) skeleton structure'*s. We
chose this skeleton structure because it ensures best interoperability, e.g., with MotionBuilder!? or Blender for
character animation, or OpenSim for biomechanical simulation''’. The mapping of the IMU sensor data to the
Maya IK skeleton structure in a BVH file is shown in Table S4 in the Supplementary Information.

Demographic, anthropometric, and other data. In accordance with the specifications of the BIDS
standard!®"1%2, the file participants. tsv includes all data related to the characteristics of the participants,
with participants. json providing meta information on the TSV column names, their values, measure-
ment units, and a column description (see green symbols in Fig. 4). The participants. tsv file contains
information for each participant, with a total of 201 columns. These columns contain variables grouped into six
categories: basic and extended demographic data, anthropometric body measures, individualized spatial con-
figurations, motion tracking quality, and further demographic data (see Table S5 and associated descriptions in
Section 6 of Supplementary Information for details).

Technical Validation
To assure the integrity and reliability of the data, we conducted technical validations in several steps. Results
from selected key analyses are presented below, after an overview of the approaches we took.

Overview of validation analyses. As a first step we verified that the recorded data correspond both ana-
tomically and biomechanically to human motion characteristics of daily movements. This was assessed by show-
ing anatomically typical joint angle distributions across all participants and recordings (see Fig. 6), as well as
during the standardized calibration pose (c01 in Table 2; results of validating recordings of the calibration pose
can be found in in Section 7 and Fig. S3 in Supplementary Information). As the next step, a task-specific valida-
tion approach was applied, which tailored the method to the specific movement type while allowing for exami-
nations of task variations, such as target height and object type to validate the recorded data. Different types of
movements exhibit distinct spatial, temporal, and dynamic properties that require different analytical approaches.
For example, in walking movements the analysis can focus on parameters of the human gait cycle such as stride
time and stride length®!'!; while in reaching tasks the analysis may emphasize velocity profiles and shape char-
acteristics of 3d reaching trajectories'>~114,

For task-specific validation, we first conducted a visual analysis of the effect of height variations in specific
(unprocessed) reaching tasks (i.e., r01, r03 and r07 in Fig. 7), utilizing the TSV and BVH of four selected par-
ticipants. Next, we employed a processing segmentation pipeline to effectively segment these distinct reaching
tasks (i.e., r01-03, and r07 in Table 2, see Supplementary Information, Section 8, cf. Fig. $4 in Supplementary
Information). Based on the thus pre-processed data, we provide assessments of the quality of the data in joint
angle distributions for reaching tasks involving varied target heights (see Fig. 8, at r01: shoulder, r03: eye, and
r07: overhead level).
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Fig. 7 BVH skeleton representation of four selected participants (panel A) and their corresponding spatial
reaching trajectories (panel B, color-coded by participant ID) across three reaching tasks. The skeleton
representation (panel A) shows a moment when participants reached for the hook to place a towel, either at
(a) shoulder height, (b) eye height, or (c) a self-defined overhead height. The plots display participants sorted by
their overall body height (stature) and participant group (YA or OA), beginning with the shortest participants
(sub-d21, OA, and sub-29, YA, both female) and ending with the tallest participants (sub-d05, OA, and sub-
d34, YA, both male). The spatial reaching trajectories (panel B) display the raw MoCap data for each participant
(color-coded by participant ID) and tasks (a-c), with varying reaching heights reflected on the y-axis.

Taking also a third approach of validation, we examined the spatial 3d trajectories of selected reaching move-
ments interacting with different objects (involving for tasks r01: a small towel, and r02: a children’s jacket, see
Table 2) across participants, considering different age groups and sexes (see Fig. 9).

Anatomically typical joint angle distributions over all tasks. We examined the sensor data to ensure
that the joint angles fell within the typical ROM achievable by humans (see Fig. 6). Specifically, we assessed the
peak minimal and peak maximal joint angles for each recording, resulting in two matrices with each matrix
containing 1,563 x 51 values that denote the angles for 17 joints in each 3 anatomical directions (see Table S3 in
Supplementary Information) for each single recording (see Data Records). We then calculated the mean minimal
and maximal peak values by averaging over 49 recordings (or fewer if missing, see Data pre-processing) for each
of the 32 participants. The mean minimal and maximal values were stored in two 32 x 51 matrices, stating one
mean minimal (or maximal) joint angle for each of the 17 joints and their respective motion directions for all 32
participants. Next, we displayed the distribution of mean minimal (in pink) and mean maximal (in blue) joint
angles across participants for joints located on the left (see Fig. 6a) and right (see Fig. 6b) body side, including the
ankle, elbow, hip, knee, scapula, shoulder, and wrist joints. This approach highlights the different utilization of
the left and right body joints, especially of the upper limbs, among participants in our samples. Median-centred
values for joints such as the head, thorax, and pelvis are available in the derivatives folder (see Data Records)
and can be reproduced by using our documented source code (see Code Availability, script starting with 03).
The movement directions and ranges of joint angles are defined according to the ISB standard!®-%7 in Fig. 6.
Furthermore, we included reference ranges of anatomically feasible ROM as defined by Ryf and Weymann’®
(see gray-colored horizontal bars in Fig. 6) that are aligned with the recommendations of the ISB, using the zero
neutral pose as the starting point!°®1%’. Notably, we added the terms describing the opposite movement direc-
tion in Fig. 6, because the original sensor labels state only one movement direction (as explained in Section 4 in
Supplementary Information, see TSV joint labels in Table S3).

Generally, the sensor data in our dataset align with the expected human anatomical ranges of motion’®.
Notably, higher mean minimal and maximal values were observed for right-sided joints (see Fig. 6b), particu-
larly in the upper limbs, such as the right shoulder, elbow, and wrist. This is not surprising, as the unilaterally
executed actions (involving e01-05,001-06 and r01-08, see Table 2) were performed with the right hand,
necessitating a greater and more articulated range of movement. Previous research has shown that the ROM for
upper-limb tasks during activities of daily living can require peak values for wrist abduction (radial deviation)
close to the maximum anatomical limits''>. Our analysis revealed some irregularities in wrist abduction (radial
deviation) of the right hand (see Fig. 6b), with values exceeding the expected range of — 30 degrees. These
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Fig. 8 Joint angle distributions of the right shoulder and elbow sensor (see S-IDs 16-17 in Table S3 in
Supplementary Information) across all participants in reaching tasks (see Table 2). For (a) r01 (shoulder
level), (b) x03 (eye level), and (c) r07 (overhead); the distribution of joint angles of the right arm is shown
for moments in time when participants reached the target (denoted with “at target” in Figs. 3 and 5). Reference
values, depicted in pink, were taken from Vandenberghe et al.'?.
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Fig. 9 Reaching trajectories in 3d space for task r01 (top row) and r02 (middle row), categorized by age
(older adults (OA): (a) & (b) versus younger adults (YA): (c) & (d)) and sex (female: (a) & (c) versus male:

(b) & (d)). Each bold motion trajectory represents the mean (x, y, z) position values of the right wrist for the
motion segments including the forward-upward reach (see segment 1 in Fig. 3e) with the respective object
(r01: small towel, r02: child’s jacket). Faint lines depict the five individual repetitions for each each individual
participant. The color-coding corresponds to the participant ID.

deviations were consistent across multiple participants, indicating a systematic measurement discrepancy. One
contributing factor may be the inconsistent execution of the calibration pose, particularly regarding wrist pos-
ture, as illustrated in the violin plots in Fig. S3 in Supplementary Information: there is notable variability in the
wrist orientation during calibration, particularly in the abduction/adduction parameter for both left and right
wrists, as well as in the flexion/extension of the left wrist alone (as discussed in Supplementary Information, sec-
tion 7). This suggests a relationship between calibration variability and the observed deviations in wrist abduc-
tion/adduction in Fig. 6b. In terms of the other anatomical directions of the wrist and the ROM of other joints,
no notable peculiarities are apparent in Fig. 6, suggesting a good overall motion reproduction of the MoCap
technology within this dataset.

Visual analysis of skeletal representation and reaching trajectories across height varia-
tions.  Given that this dataset encompasses various task variations with regard to object position and type, we
conducted a visual validation of the effects of height variations in selected reaching tasks. The plots in Fig. 7 (panel A)
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show the BVH skeleton representations of four selected participants at a moment in time when they reached for a
hook to place a towel (cf. Fig. 3a, image no. 3), either at shoulder height (see Fig. 7a, cf. r01 in Table 2), eye height
(see Fig. 7b, cf. r03 in Table 2), or a self-defined overhead height (see Fig. 7c, cf. r07 in Table 2). The selected
participants represent the shortest and tallest individuals of each participant group (see participant characteris-
tics in the Supplementary Table S1). They are displayed in order of height, starting with the shortest participants
(sub-d21 in pink, OA, and sub-29 in blue, YA, both female), followed by the tallest participants (sub-d05 in
orange, OA, and sub-d34 in green, YA, both male).

Panel A of Fig. 7 reflects the differences in body height across participants, with the skeleton representation
showing increasing height from left to right in three rows (a, b, ¢) for three reaching tasks at different heights.
The variations in reaching heights are evident from the vertical reach (i.e., the positioning of the hands at differ-
ent elevation levels in 3d space), which is located at each participant’s individual shoulder height (see Fig. 7a),
head height (see Fig. 7b), or overhead height (see Fig. 7¢). The visualizations in panel A of Fig. 7 further shows
individual postural differences, such as variations in right elbow flexion, different hand postures of the active
(right) and inactive (left) hands, varying orientations of the shoulder girdles towards targets, and diverse hand
positioning relative to the hips and spine. Furthermore, Fig. 7c reveals differences in the length of forward steps
towards the target and the choice of the standing foot (sub-d21 utilized the left foot, whereas all other partici-
pants the right foot, all four participants were right-handed, cf. Supplementary Information, Table S1). These
individual differences in postures align well with the individual spatial configurations of the reaching tasks (see
Supplementary Information, Fig. Sle). Spatial adjustments led to different orientations and (reaching) distances
towards the target, affecting overall posture.

The panel B of Fig. 7 shows the motion trajectories of the RightHand position ofall four partici-
pants, color-coded by the participant ID. The visualization of reaching trajectories focuses on the right wrist
sensor data (see S-ID 26 in Table S3 in Supplementary Information), as hand and wrist motion significantly
contributes to the execution of daily tasks'®. The analysis of 3d hand or wrist trajectories is a typical approach
in neurocognitive research!'®!!7, ergonomics''®, and post-stroke UL rehabilitation''®. Additionally, motion
trajectories are vital for trajectory planning in robotics'?’. Determining the position and orientation of the
end-effector (presented by the hand in a human execution) relative to the target is essential for developing
robust motion planning algorithms. The positional data in panel B of Fig. 7 reflects the position of the center
of mass of the hand segment (see Data Records), showing only the (z, y) positions from the TSV files for clar-
ity. The coordinate origin and axes for capturing IMU position data are established during calibration, with
the y-values typically reflecting upward-downward movements and z-values for forward-backward move-
ments (see Data Records). Specifically, trajectories in panel B of Fig. 7 display the movement paths of the
right wrist of four participants during task execution, as it moves up or down along the vertical y axis as well
as towards or away from the reaching target along the z axis. During motion execution, the wrist alternated
between two key poses: (i) neutral pose with the right hand hanging relaxed besides the body (cf. Fig. 3a,
image no. 1), characterized by a z-position near zero, and a y-position corresponding to the wrist’s height
relative to the floor, and (ii) a pose with the right arm extended forward and pointing towards the target (cf.
Fig. 3a, image no. 3), reflected in larger z and y values of the wrist in comparison to neutral pose. Since the
reaching movement is repeated five times (see Fig. 5), multiple trajectories for each participants are displayed
in Fig. 7a-c in panel B.

These motion trajectories across the tasks show consistent variations in vertical displacements along the
y-axis that correspond to the three levels of reaching height, with larger displacements indicating higher reach-
ing heights. The largest amplitude is observed in the overhead reach (see Fig. 7c, panel B). Notably, the minimal
(near zero) and maximal z-values vary across different reaching heights, even though the actual distance to the
target remained unchanged during data acquisition. Participants positioned themselves only once at the begin-
ning of the MoCap block in front of the target (see spatial configuration in Supplementary Information, Fig. Sle)
and maintained this position while completing all reaching tasks (including r01-08 in Table 2). Variations in
z-positions may arise due to natural pose differences in motion execution, both across repetitions and during
calibration. Additionally, the reaching trajectories in panel B of Fig. 7 display a systematic pattern across par-
ticipants, with shorter individuals (e.g., sub-d21 in pink) showing smaller amplitudes and taller individuals
(e.g., sub-d34 in green) showing larger amplitudes across all tasks (see Fig. 7a—c). Such systematic variations
correspond closely to the participants’ body heights and anthropometric measures. It demonstrates that the
positional data accurately reflects the expected changes in reaching targets along the y-axis while preserving
participant-specific characteristics in the data.

Segmentation. This dataset captures natural, compound movements that reflect real-world tasks. In this
context, segmentation is a common processing step when the data contains multiple distinct motion phases or
repetitions®!®#121122_ Such a segmentation process provides insights into the data quality, as it can reveal distinct
and discernible structures within the data. For example, while the reaching trajectories presented in Fig. 7 illus-
trate the full recordings of the reaching tasks, it is often useful to focus on distinct phases of a given movement.
As shown in Fig. 3, the structure of reaching tasks can be complex. The tasks included a placing and a retrieving
action (see Fig. 3a), which can be further subdivided into forward and backward motion phases (see Fig. 3b).
Additionally, during each phase, an object may be carried (i.e., transferred from one position to another) or not
(see Fig. 3d, no object transfer in segments 2-3). To validate distinct motion phases of reaching tasks, we applied
a segmentation processing pipeline as detailed in the Supplementary Information, section 8, to selected specific
reaching tasks (see r01, r02, r03, r07 in Table 2). To facilitate further types of analyses and the development of
processing pipelines other researchers may want to utilize, the source code is published alongside with the dataset
(see Code Availability, scripts starting with 05a and 05b).

SCIENTIFIC DATA| (2025) 12:531 | https://doi.org/10.1038/s41597-025-04818-y 13


https://doi.org/10.1038/s41597-025-04818-y

www.nature.com/scientificdata/

The results of segmentation show the anticipated number of segments and display consistent characteristics
of the signal across the segments (see Figs. 5 and 9, cf. Fig. 3e). The temporal information of the detected peaks
and motion segments can be further utilized in other types of data analysis. We used the temporal information
of detected peaks in Fig. 5a,b to mark these time stamps in a (unprocessed) MoCap recording at which peak val-
ues were detected in the positional data. Moreover, we analyzed the joint angle distribution only for specific time
stamps in the data (also derived from peak detection, cf. Fig. 5a,b), that reflected the poses when participants
have reached the target (see Fig. 8). As shown in Fig. 8, the data demonstrated the to-be-expected task-specific
joint angle distributions after segmentation. These findings indicate reliable recordings of the sensor data and
well confirm with the execution of tasks performed by the participants. All further processing steps and valida-
tion analyses shown in the following were conducted on segmented data.

Task-dependent joint angle distributions. 'We assessed the capabilities of the sensors to accurately capture delib-
erate changes in the experimental setup with the rotational data. Fig. 8 displays the joint angles of the sensors
from the right upper limb (see S-IDs 16-17 in Table S3 in Supplementary Information) as participants exe-
cuted a forward-upward reach to either shoulder level (see Fig. 8a), eye level (see Fig. 8b), or a self-selected
overhead reaching height (see Fig. 8c). The angle distributions of the Right Shoulder and, to some extent,
RightElbow reflect the increased reaching height in 8a and b. The angle distribution shows a comparable
pattern as observed by Vandenberghe et al.!?* who found that the kinematics of the shoulder and elbow joints
are affected depending on the width and heights of the targets locations to be reached. Reference joint angles for
reaching a target at shoulder height in neutral position (“reference reaching task (NM)”!%*) are depicted in pink
in Fig. 8. On the one hand, Fig. 8a,b show that shoulder flexion increased with increasing reaching height'*.
This becomes even more apparent, when compared to the angle distribution during an overhead-reach (see
Fig. 8c) that was not part of the movement tasks investigated by Vandenberghe et al.'?*>. On the other hand,
Vandenberghe et al.'? found an increase in elbow supination with raising reaching height. We assessed, on the
contrary, an increase in elbow pronation with raised reaching height (see Fig. 8a—c). While the participants in
the study by Vandenberghe et al. carried “a handle with a pointer”!?, the majority of participants in the reaching
tasks assessed in our dataset used a movement strategy utilizing elbow pronation (palm facing downwards)
for lifting the object over the hook and placing it on it. Notably, the angle distribution in Fig. 8a and b shows a
comparable value range as stated by Vandenberghe et al.!>* for the mean values of the shoulder joint (though
not elbow joint, due to the differing object involvement), despite differences in the task design. For example, we
captured the participants while standing (not sitting), at a lower “above shoulder” reaching height at eye level,
and with individually adjusted medial-lateral positioning in front of the target (see Supplementary Information,
Fig. Sle).

Additionally, the angular data of the Right Shoulder sensor in task r01 is depicted in Fig. 5b for a young
male participant, showcasing the reproduction of shoulder abduction and flexion as observed in a previous
study with a young male population performing a forward-upward reach ['?4, Fig. 3]. This observation suggests
that the data suit effectively captures shoulder movements with high fidelity and visually aligns well with the
MoCap data recorded with a marker-based system.

Task- and group-dependent motion trajectories. 'The experimental setup of selected tasks was adapted to the
anatomically feasible and individually preferred range of movement for the participants. As a result, variations in
standing positions and distances relative to the object or target of interest were documented (see Supplementary
Information, Fig. Sle). While environmental conditions can influence movement execution (e.g. the config-
uration of joint angles across different tasks), certain movements such as gait®, target-reaching!?>>126, and
catching'?” exhibit consistent movement-specific spatial characteristics across repetitions and participants.
To visualize this, Fig. 9 displays the mean reaching trajectories of the right wrist (see S-ID 26 in Table S3 in
Supplementary Information) in task r01 (top row, 9a-d) and task r02 (middle row, 9e-h) for forward-upward
reaches involving an object (see Table 2). To illustrate age- and sex-associated differences in task execution, the
reaching trajectories are displayed according to the participants characteristics, organized in rows by tasks (r01
or r02) and in columns by participant group (either OA or YA) and sex (either female or male). The trajectories
are color-coded by the participant ID (see bottom row in 9), with the mean trajectory across motion segments
shown in bold, and individual (participant-wise) trajectories as faint, color-coded lines. Notably, the mean tra-
jectories (bold color-coded lines) exhibit an arc-shaped pattern, reflecting the inherent nature of the movement
task and thus demonstrating the participants’ ability to execute the intended movement with trajectories that
align with the expected pattern. Specifically, for task r01 (9a-d) the movement starts from the lowest position
when the hand is relaxed (neutral pose), progresses in a curved upward-reaching path as the towel is lifted
towards the hook, slightly raises as hanging loop of the towel is guided over the hook, and finally drops once the
loop is over the hook and the towel is hanging on the hook at the end point of the trajectory. However, there are
individual differences. On the one hand, the variability of the position coordinates at the end of the trajectories
(x — y plane) suggests differences in the initial starting location (medial or lateral) in front of the target (note
that as the data is normalized this variability is only evident at the end of the trajectories in Fig. 9). On the other
hand, variations in the y — z plane reflect different movement strategies employed to guide the object towards
the target. Despite these differences, a distinct pattern can be observed in the underlying topology of all the tra-
jectories. The reaching task r02 (9e-h) is essentially identical to r01, with the exception of utilizing a different
object (child’s jacket). Consequently, the resulting trajectories bear a close resemblance, distinguished by minor
variations. These are task-specific adaptions in the execution of the motion, e.g. changes in curvature during the
final phase of the segment before approaching the hook (top row and cf. middle row in Fig. 9).
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Name of Python script Script description and reference

01 analyze basic demographics Summarizes basic demographic data of the dataset (Table 1)
02_create_plot_joint_angles_of calibration pose Displays joint angle distribution during calibration (see Supplementary Information, Fig. S3)
03 create plot joint angles across_all tasks Shows mean minimal and maximal joint angles over all tasks (Fig. 6)
04_create_plots_reaching trajectories_taskwise Visualizes trajectories for specific reaching tasks r01, r03, and r07 (Fig. 7, panel B)

05a_apply processing pipeline

Applies a multi-step processing pipeline for segmenting specific reaching tasks r01-03 and
r07 (see next script 05b)

05b_create plots processing pipeline

Visualizes processing steps of segmentation pipeline on the example of reaching trajectories
(see Supplementary Information, Fig. S4)

06 _create plots raw mocap data with peaks

Shows unprocessed positional and rotational MoCap data and marks time stamps where peaks
were detected during segmentation (Fig. 5)

07 create plots joint angles reaching heights participants reached the hook (detected during segmentation) for specific reaching tasks r01,

Displays joint angle distributions of the right shoulder and elbow at moments when

r03,and r07 (Fig. 8)

08_create_plots_reaching trajectories_groupwise

Visualizes processed reaching trajectories, categorized by age and sex, for specific reaching
tasks r01-02 (Fig. 9)

Table 3. Summary of Python scripts available in the code /scripts directory. Scripts 01-04 use raw data
while scripts 05b—08 require applying the segmentation processing pipeline first (see script starting with 05a).

Usage Notes

TSV MoCap data and JSON metafiles. TSV and JSON files are widely supported across programming
languages and platforms. The source code for loading and processing the kinematic MoCap data stored in TSV
format is provided as part of the dataset® (details listed in the section Code Availability). For compliance with
the Motion-BIDS standard!'°*!%!, specialized libraries such as PyBIDS'?%1? are available for processing the data.

BVH MoCap data. For a fast, no-code visualization of the MoCap sequences, BVH files can be opened in
a BVH viewer software!**13!, also in a web application!*2. Due to its vast spread, the BVH format is commonly
supported by the majority of software programs for computer animation and 3d computer graphics'® to create
character animations. After binding the animation to a digital character, it can be exported to game engines, for
example to build interactive virtual reality applications. Recently, BVH data recorded with data suits by this man-
ufacturer was used as an input for animating human-figured children’s drawings'** and virtual avatars in cultural
heritage applications using the Unity game engine'**. BVH data recorded with other IMU data suits was also used
for driving biomechanical simulations in OpenSim**.

Code availability

The source code is published as part of the Data Descriptor® and replicates the results from the Validation
section. It is available in the code/ folder of the dataset (see Fig. 4a). This folder contains the following
files: (i) txt and yaml files to prepare the development environment, (ii) Python scripts, located in code /
scripts, to reproduce the validation approaches, and (iii) helper scripts, found in code /helpers, offering
shared functionalities across scripts, e.g., routines for loading MoCap files, setting parameters of the processing
pipeline, and handling figures. For detailed explanations, refer to the README file of the dataset (see Fig. 4a)
and comments within the source code. Table 3 provides a summary of the Python scripts (stored in code/
scripts), with their corresponding functionalities and references to the material presented in this Data
Descriptor. The source code was tested on Windows 11 Home using miniconda as a package manager. The
implementation relies on commonly used Python libraries in ML and data analysis, e. g., numpy, pandas,
scipy, seaborn,and matplotlib. To reproduce the development environment, two files are provided to
specify the necessary python libraries: environment . yaml for users of the Conda package manager!'?>1%
(using conda) and requirements. txt for users of the Python Package Index PyPI'* (using pip). The
source code is documented and contains TODO comments where parameters can be adjusted.

Additional source code is provided by Hanisch et al.**, who use the same recording protocol as this dataset to
capture walking tasks and 5RSTST (s01 and w01-04 in Table 2). This sourcecode can complement the code
provided in this data descriptor and includes the following functionalities: (i) rendering skeletal joints positions
for visual inspection, (ii) segmenting the tasks into single steps (for tasks w01-04) or sit-to-stand and stand-to-
sit transitions (for task s01), and (iii) preparing the data for and conducting a classification analysis of movement
tasks, participant sex, and identities utilizing a Support Vector Machine.
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