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The fusion of wearable soft robotic actuators and motion-tracking sensors can
enhance dance performance, amplifying its visual language and communicative
potential. However, the intricate and unpredictable nature of improvisational
dance poses unique challenges for existing motion-tracking methods,
underscoring the need for more adaptable solutions. Conventional methods
such as optical tracking face limitations due to limb occlusion. The use of
inertial measurement units (IMUs) can alleviate some of these challenges;
however, their movement detection algorithms are complex and often based
on fixed thresholds. Additionally, machine learning algorithms are unsuitable
for detecting the arbitrary motion of improvisational dancers due to the
non-repetitive and unique nature of their movements, resulting in limited
available training data. To address these challenges, we introduce a collider-
based movement detection algorithm. Colliders are modeled as virtual
mass-spring-damper systems with its response related to dynamics of limb
segments. Individual colliders are defined in planes corresponding to the
limbs' degrees of freedom. The system responses of these colliders relate
to limb dynamics and can be used to quantify dynamic movements such
as jab as demonstrated herein. One key advantage of collider dynamics is
their ability to capture complex limb movements in their relative frame, as
opposed to the global frame, thus avoiding drift issues common with IMUs.
Additionally, we propose a simplified movement detection scheme based on
individual dynamic system response variable, as opposed to fixed thresholds
that consider multiple variables simultaneously (i.e., displacement, velocity, and
acceleration). Our approach combines the collider-based algorithm with a
hashing method to design a robust and high-speed detection algorithm for
improvised dance motions. Experimental results demonstrate that our algorithm
effectively detects improvisational dance movements, allowing control of
wearable, origami-based soft actuators that can change size and lighting
based on detected movements. This innovative method allows dancers to
trigger events on stage, creating a unique organic aesthetics that seamlessly
integrates technology with spontaneous movements. Our research highlights
how this approach not only enriches dance performances by blending
tradition and innovation but also enhances the expressive capabilities of
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dance, demonstrating the potential for technology to elevate and augment

this art form.
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1 Introduction

Dance is an art form that has been present in human
society for thousands of years. From ancient tribal dances
to contemporary styles, dance has always been a means of
expression and communication. In recent years, the intersection of
technology and the performing arts has given rise to innovative
approaches aimed at pushing the boundaries of artistic expression.
The amalgamation of soft robotics and wearable technologies
has paved the way for a novel avenue of exploration, where
human movements become a canvas for the synchronization of
mechanical augmentation. The usage of technology is becoming
an increasingly important aspect of modern dance with the
abundance of insight it can provide to the dancers and the
audience. For example, Moriaty and Sykes (2022) presented the
use of haptic feedback systems for audiences to influence the
direction of performance. Haptic pads have been used to allow
the audience, especially the blind, to feel the performance through
vibrations corresponding to the dancers’ movements (Lycouris et al.,
2012). Danceroom Spectroscopy is a tool that uses quantum
molecular dynamics algorithms and depth sensors to render human
movements as energy landscapes in a simulated environment
(Glowacki et al, 2012). Allen d’Avila Silveira et al. (2022) have
developed a soft robotic wearable device that guides lower limb
movements to inspire and challenge dancers by constraining
and enabling new performance possibilities. Translating dance
movements into physical form of feedback or input requires complex
algorithms with short computational times that may be addresses by
developing novel techniques.

Motion tracking in the context of detecting movements during
dance performances presents a multifaceted challenge that stems
from the intricacies of human movement and the need for real-
time responsiveness. Traditional external motion tracking systems
that use cameras often struggle to accurately capture the dynamic
and nuanced motions inherent in dance, where fluidity, rapid
changes, and intricate gestures are integral components. To avoid
issues of occlusion prevalent in optical motion capture, IMUs
have been added to some external camera-tracked solutions
(Matsuyama et al, 2021). Nam and Kim (2018) presented a
dance training game that employs wearable devices and motion
capture technology to analyze and replicate dance movements
for health and fitness purposes. Recently, Ami-Williams et al.
(2024) examined the challenges of capturing the movement of
dancers wearing traditional African masquerade garments, and
developed an efficient pipeline for digitizing and visualizing these
performances using a combination of motion capture technologies.
The general use of movement detection algorithms and human
motion capture have been greatly influenced by other areas outside
of dance. For example, the IMU motion capture is used in various
applications including rehabilitation (Gu et al., 2023), animation
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(Roetenberg et al., 2009), and teleoperation of robots (Miller et al.,
2004; Kobayashi et al., 2014; Zhu et al., 2022). IMU sensor-based
tracking has been used in applications such as slip prevention
through detection of gait perturbations (Trkov et al., 2019), or in
kneel assist devices to reduce occupational hazards for construction
workers on roofs (Chen et al., 2021b; Chen et al., 2021a). The
challenge with tracking and responding to dance movements lies
in developing a system that not only accounts for the diverse
range of movements performed by dancers that include whole-body
multi-degree-of-freedom motions but also operates seamlessly, in
real-time, is compact, and can operate for the whole duration of
performance.

Dance motions and movements of limbs can be detected based
on various IMU sensors-based algorithms. One of the widely used
methods to estimate upper limb use is by applying a specific
threshold to the measured IMU acceleration (Subash et al., 2022).
Meghji et al. (2019) developed an algorithm for tracking and
quantifying change of direction in athletes using IMU sensor
signals partly by using a piece-wise linear thresholding algorithm.
Detecting turns among Parkinson disease patients has been
performed using different thresholds for head, neck, and ankle
orientations sensed by IMUs (Rehman et al., 2020). All of the above-
mentioned algorithms use a threshold-based algorithms, which
require simultaneously checking of multiple variables (i.e., linear
and angular displacements, velocities, and accelerations) of multiple
limb segments that is computationally intensive and requires setting
multiple thresholds. A possible alternative approach is to capture
motion dynamics through introducing virtual mass-spring-damper
elements that capture the dynamic response and simplifies the
detection algorithm as discussed in this study. This concept has been
used in a few robotics applications in different scenarios. Virtual
spring-mass-dampers were used as virtual restrictions between
arm and end-effector of two robots to impart obstacle avoidance
capability (Jin et al., 2004). Swarm cohesion was achieved between
multiple non-holonomic mobile robots (Wiech et al., 2018) as well
as spacecraft formation control was demonstrated (Chen et al., 2015)
using virtual spring-mass-damper connections between individual
entities. A concept of virtual spring forks has also been used to obtain
realistic visual force feedback from objects manipulated in virtual
environments (Koutek and Post, 2001). The virtual representation
of mass-spring-damper elements may be used to reflect naturalistic
reaction of attached objects.

Dance performances can visually augment human movements
by using wearable technologies that can produce visual stimulus
through lighting or changes in shape or size of wearable articulating
objects. Soft actuators, composed of flexible, compliant materials
can mimic such natural movements and have found applications
in various fields, including robotics, medicine, and the arts. Unlike
traditional rigid actuators, soft actuators provide safe and adaptive
interaction with their environment, making them suitable for
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delicate tasks and wearable technologies (Shintake et al., 2016;
Polygerinos et al, 2015), including safe, close interaction with
the dancers. In the arts, soft actuators are employed to create
dynamic and interactive installations that respond to audience
presence or environmental changes. For example, collaboration
between artists and engineers has led to utilizing soft robotics
to develop kinetic sculptures that move and transform in fluid,
organic ways, enhancing the sensory experience and engaging
viewers more deeply (Jorgensen, 2019). These actuators enable
artists to explore new forms of expression, pushing the boundaries
of traditional media by incorporating movement and interactivity
into their work. An example of soft actuators that can achieve
such large deformations with pre-programmable deformations was
enabled by origami-inspired design with soft (Li et al., 2017) or
rigid panels (Robertson et al., 2021). This emerging approach has
been used for the development of soft actuators used in this work to
augment dancers’ main stage performance.

In this paper, we present a wearable system for visually
augmenting dance performance through novel collider-based
movement detection algorithm and control of wearable soft robots.
The colliders function as a mass-spring-damper dynamic system
which response is taken as the only parameter in the detection
algorithm, thus reducing the number of variables to be tracked.
Importantly, the colliders operate in a relative reference system
thus present a particular advantage to overcome drift of inertial
sensors to guarantee precise tracking over the long period of time. In
addition, we implemented the hash chains to store the sequence of
detected events that significantly reduce the time complexity of the
detection algorithm compared to traditional logic tree conditions
checking. The advantages of the algorithm were validate through
several experiments demonstrating no affect of drift on detection,
reduction in computational time, and accurate detection of dance
movements.

The proposed system has been used for dance movement
detection to control actuator contractions and lighting effects by
changing the visible color and its intensity. This produced a unique
organic aesthetic of the main-stage performance that was possible
through the collaborative effort between artists and engineers.
Overall, the main contributions of this paper are threefold: (i) we
present a novel collider-based approach that uses a virtual mass-
spring-damper system in a relative frame to capture dynamics
of human limb using a single variable that is not affected by
the drift of inertial sensors, (ii) we demonstrate that hash chain
method significantly speeds up the detection time of complex
movements compared to traditional logic tree condition checking,
and (iii) we demonstrate the use of soft actuators and collider-based
algorithm can be used for visually augmenting dance performances.
In subsequent sections we elaborate on the technical materials
and methods used in this work, the corresponding results, and a
concluding discussion.

2 Materials and methods
2.1 Origami inspired actuator

The design of the soft actuators was iteratively developed
through experiments. The actuators have to be large enough to
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be visible to the audience, while still allow dancers to perform
improvisational movements. The initial simple inflatable pouch
designs made of silicone rubber were omitted due to the required
large amount of pressurized air for their operation making
them unpractical. Thus origami-inspired structures were developed
with electric motors to operate their contraction (see Figure 1).
We fabricated the actuators out of translucent thermoplastic
polyurethane (TPU) by 3D printing them on an Ender CR-10
FDM printer. An LED light was embedded inside as shown in
Figure 1A, to provide additional visual effects and augment the
dance performance. The main body of the actuator has a bellow-like
structure that can fold upon itself. The actuator can be compressed
by internal pulleys driven by two servo motors (see Figure 1B).
Each actuator is independent and all the mechanical and electrical
elements and circuits are contained within the TPU body. The
actuators receive signals from the IMU trackers mounted on
individual limb segments of a dancer and use them to control
the desired actuator motions and LED color selection as guided
by the colliders-based tracking algorithm described subsequently.
Detected movements triggered simple on/off responses in the
soft robots, which included both LEDs and electric motors.
We did not incorporate proportional control, which could have
allowed for more nuanced, continuous robot actions. Future work
could explore more advanced control schemes involving multiple
sequenced control gestures, enhancing the system’s responsiveness
and adaptability.

2.2 Wireless IMU trackers

The IMU trackers are equipped with Bosch BNOO055 and Bosch
BMI270 sensors, designed for precise motion tracking. The Bosch
BNOO055 is a sophisticated 9-axis “absolute orientation sensor”
that incorporates a 3-axis accelerometer, a 3-axis gyroscope, and
a 3-axis magnetometer. It features a built-in micro-controller for
sensor fusion, which processes raw data from these sensors to
provide accurate orientation and motion tracking with minimal
external processing. Conversely, the Bosch BMI270 is a low-
power IMU that includes a 3-axis accelerometer and a 3-axis
gyroscope, optimized for wearables and other battery-powered
applications due to its energy-efficient design. The main reason
for a built-in sensor redundancy is to increase robustness for
magnetically unstable environments. In our implementation, we
average signals from both sensors or the system can switch
to the BMI270, if required due to presence of disturbance, to
maintain reliable tracking. These sensors are paired with an
ESP32-C3 micro-controller, which wirelessly transmits data to a
Raspberry Pi running a local server for forward kinematics (FK)
algorithms.

2.3 Forward kinematics

Forward kinematics is used to convert the orientation
data from the IMU trackers to limb and body positions. The
full FK system consists of 15 tracking points, as illustrated
in Figure 2. Trackers are attached to various segments of the
body including - the head, the chest (upper torso), lower back
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FIGURE 1

(A) Individal soft actuator along with (B) the internal pulley mechanism and LED circuit. (C) The soft actuators on a performer during the

dance sequence.

(lower torso), biceps, forearms, hands, thighs, shins, and feet
as shown in Figure 2A. The FK reference frame is positioned
at the lower torso. For versatile use cases, the system allows
enabling or disabling tracking for the upper and lower body if
required.

During the initial system calibration, the user wearing the
trackers assumes a T-pose (see Figure 2A). At this stage, an offset
quaternion for each tracked limb is computed and saved. This
calibration ensures accurate alignment of the virtual model with the
user’s physical movements, facilitating precise motion tracking for
applications ranging from movement analysis of dance performers
to biomechanical human gait analysis. In operation, the Raspberry
Pi server receives the quaternion values from all the IMU trackers.
These quaternions are then converted to Euler angles - roll,
pitch, and yaw, that define the orientation of each limb segment
in space using Equation 1. Variables g,,, q,, q,, and g, are the
quaternion components and ¢, 6, and y are the roll, pitch, and yaw
Euler angles, respectively. A unit vector in the direction defined by
Euler angles and the limb lengths are then used to determine the
position of the body in space.

¢ atanZ(Z * (‘1w *q+q,* qz), 1-2% (qxz +qy2))
|:91| =|-n/2+2 *atanz(\/l +2 % (qw* 9y =Gy * qz),\/l —2% (qw* 9, =Gy * qz)>
v atan2 (2 * (qw *q,+q, * qy),l —2 % (q},z +q22))
ey
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2.4 Colliders

Colliders provide a novel method for quantifying and detecting
user movements based on measured limb kinematics, such as
from wearable IMUs. The colliders function as virtual mass-
spring-damper systems anchored to the current limb position of
a subject (see Figure 3). They are defined in a relative coordinate
system with respect to the individual limbs, which offers an
important advantage of effectively mitigating sensor drift issues
commonly present in inertial-based sensor measurements. Each
collider is oriented in its respective axis representing linear or
rotational degree-of-freedom. The limb motion is used as an input to
the virtual mass-spring-damper systems and we observe its dynamic
response. To detect a specific motion, we predefined a virtual
space/bounds around the initial response signal and when collider’s
dynamic motion intersects (i.e., collides) with that virtual bounds, it
activates and enters a refractory period, during which it cannot be
reactivated. The colliders’ responses inherently encompass dynamics
associated with the position, velocity, and acceleration of the input
(e.g., limb segment) that are instead combined in a single output
response variable and thus reduce the number of tracking individual
variables. Importantly, colliders maintain functionality regardless of
potential sensor drift because their inputs are primarily based on
relative velocity and acceleration. The following equations govern
the mechanics behind movement detection using the colliders.
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(A) Representation of a performer wearing the IMU trackers and standing in T-pose for calibration. (B) Schematic of the overall system. (C) Schematic

electronic circuit of each IMU tracker.

Mg, ==C(q,1 - 4,) ~K(q,-1 ~ 4,) 2)

In Equation 2, M represents the mass (or inertia) of the virtual
collider, C is the damping, and K is the spring stiffness. 4, 4,, and
q, represent the collider’s response to the limb position §,,, and the
limb velocity §, at any n'" instant. The update for the collider state is
obtained using simple integration Equation 3.

p = Gy + Gyt

®3)
qn = qn—l + qndt

The collider-based detection is based on checking the relative
position of the limb and the collider-response. A movement is
detected once the collider state crosses a preset upper bound
around the limb state and then the lower bound, in that sequence.
This movement detection method is particularly ideal for use
cases involving extended performances, such as dance routines,
where traditional methods might require frequent re-calibration.
Compared to conventional threshold-based approaches, colliders
are adaptive, eliminating the need for setting static, predefined
values for each individual. This adaptability significantly reduces
setup time, as the process of determining actions associated with
specific triggers only needs to be done once, enhancing efficiency
and consistency in motion tracking. Collider performance is
demonstrated and assessed in this study using a simple punch
movements and through detecting dance movements. The detection
of these events using colliders is compared to the detection
using fixed thresholds. The method of colliders also offers an
advantage in reducing the computational cost as large output sets
bound by thresholds can be computationally expensive due to
condition checking.
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Colliders operate on a complexity scale of O(n), where the
computational load increases linearly with each new collider
added, whereas fixed thresholds operate on O(n+ 1), where the
computational load increases with each new threshold added and
an extra check for verifying if all conditions are being checked
simultaneously. This makes colliders more efficient and scalable for
complex motion-tracking systems.

2.5 Hash chains

Detecting a sequence of motions was implemented using
collider signals and hash chains method shown in Figure 4. Every
time colliders are activated, they log a key into a queue and start a
decay timer. If another collider is activated within this time frame,
the new key is added to the queue, and this repeats until decay timer
expires. When the decay timer expires without any new collider
activations, all keys in the queue are concatenated and sent to a hash
table for verification. If the concatenated key matches an entry in the
predefined hash table, the associated action is triggered; if no match
is found, the action chain is discarded. This process repeats for the
duration of use.

The advantage of using a sequential hash is its average
computational complexity of O(1), meaning it performs in constant
time regardless of the number of entries. In contrast, traditional logic
trees have a complexity of O(n), where the time required increases
linearly with the number of actions. When comparing our combined
system to traditional tracking setups, the latter typically have a
complexity of O(n?+n), making them significantly less efficient.
Our proposed collider tracking with sequential hashes operates at
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FIGURE 3

Representation of colliders related to the forearm IMU tracker and the corresponding elbow joint. Masses (M) shown with solid boundaries are for
translation while the rotational inertias (J) with dashed lines are for rotational degrees of freedom.

O(n), offering a more efficient and scale-able solution for complex
motion tracking systems. We demonstrate performance comparison
to validate the results in Section 3.3.

3 Results
3.1 Collider parameter sensitivity analysis

Colliders are considered virtual mass-spring-damper systems.
The selection of parameters associated with this system will affect
how actions are detected in this context. Therefore, we performed
a parameter sensitivity analysis to demonstrate the changes in
system response and use them as a guidance for selection of
parameters. We selected a simple arm extension action as a
reference to evaluate the response of the colliders by varying
virtual mass, spring constant, and damping parameters. Figure 5
shows various cases that were evaluated to finalize a set of
parameters that would work well for the purpose of the pertinent
dance performance. Underdamped (Figures 5A, B, E, 1, ]) and
critically damped (Figures 5C, D, G, H, K, L) conditions are shown
for fast and slow extension movements, simulating a straight

Frontiers in Robotics and Al

arm punch, wherein the hand position varies from 0 (initial
position) to full arm extension 0.77m and held for 3s. Mass
and damping were both varied from 0 to 3 and spring constant
from 0 to 10 in their corresponding units. When varying one
quantity the other two were fixed at 1 in underdamped case
and appropriately calculated for critical damping case using the
equation: C=2VMK, where C is the damping, K is the spring
constant, and M is the mass.

It is clear from Figure 5 that the critically damped response
is slow and does not reach the reference arm position. Therefore,
this condition is not ideal for movement detection of real-time
performances. Underdamped condition with mass 1 kg, damping
1.5 N s/m, and spring constant 9 N/m were selected. Underdamped
system response is much faster, crosses the reference signal, and is
used for detecting crossing of both upper and lower bounds around
the reference signal as well as the sequence in which they are crossed.
These sequences make for simpler conditions to be checked for
detection. For instance, if the sequence of bounds being crossed is
lower-upper-lower it is easy to conclude that the arm was extended
and withdrawn. Similar simple sequences can be created for all
types of movements based on the reference and bounds even for
continuous cases.
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exceeding bounds. If a collider is activated within a set time detection window, t, its ID is added to a hash chain. The process repeats until no more
activations occur within the time detection window, signaling the end of the chain. The completed chain is then sent to check the matching in the

predefined hash table to identify the movement.

3.2 Colliders in long performances not
affected by drift

Drift is one of the leading reasons for errors when using IMU
sensors over a long period of time that affect sensor signals. Contrary,
colliders are bound to the reference and the colliders’ origin moves
along with the sensor signal. In cases like dance movement detection,
where the exact joint angle measurement are not of primary goal
and detecting dance movements is the primary focus, colliders can
help offset the effect of drift. Fixed thresholds may either miss or
incorrectly detect the movement if a sensor signal has drifted over
time. We evaluated the effect of drift by detecting a similar arm-raise
movement initially when the sensors were turned ON and then about
60 min later after allowing the sensors to drift. The results of this
evaluation are shown in Figure 6. The left side of the figure shows the
first movement at the start during the first 10 s. It can be seen that
the signal crosses fixed threshold for this movement and both fixed
threshold and collider method detect the movement. However, on the
right side of the figure when the action is repeated after 60 min, the
sensor has drifted (8 deg), and the fixed threshold is never crossed
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meaning movement was not detected. Contrary, since the collider’s
origin moves with the reference signal, the collider is still able to
detect the movement. The signal used here is the shoulder extension
angle involved in raising the arm. The collider detects the movement
at about 0.22 s later than the fixed threshold at the start because the
collider has to make a fixed number of mandatory checks of the collider
state. However, with colliders and hash chain implementation, the
execution time remains constant even if the number of movements to
be detected (conditionals) increases. The subsequent section discusses
the advantage of hash chains as conditionals increase.

3.3 Performance comparison of hash chain
with traditional logic tree checking

Hash chains used with colliders provide a way to maintain the time
complexity of the movement detection algorithm constant even when
the total number of actions/conditionals is increased. Traditional if
statements with single threshold and nested threshold checks when
evaluated for increasing the number of conditionals clearly show a
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Comparison between the performance of fixed thresholds with decision statements and colliders with hash chains for detecting movements
represented by the mean time taken for execution and the corresponding standard deviation as the number of conditionals is increased.

linearly increasing time requirement as seen in Figure 7. The single
threshold checks involve checking only one type of movement at a
time. Whereas the nested threshold checks evaluate compound actions
comprised of multiple movements happening in a particular sequence.
In the current scenario, three types of threshold checks were evaluated
with each check consisting of conditionals in a range of 0-1,000.
For nested thresholds case, the conditionals were nested inside each
threshold check. In Figure 7, the standard deviation also increases due
to the fact that the time of execution varies between the fastest and
slowest depending on the number of conditionals being checked. It is
also clear that the collider-based method with hash chains executes
with constant time even with an increase in the number of colliders
and the number of conditionals in the hash chain. The maximum
number of colliders possible for our wearable system is 90, with a
maximum of 15 trackers per subject and with 6 colliders for each limb
tracker. The collider method has a constant performance even with
zero conditionals because there are a set number of mandatory checks
to be conducted based on the number of colliders. While colliders
outperform the fixed threshold checking, even the worst-case collider
and hash chain method performance s seen to be better than that of the
threshold method as the number of conditionals increases beyond 200.
This makes colliders and hash chains better for real-world performance
situations where the types of distinct movements can be very high.

3.4 Detection of dance movements using
colliders

3.4.1 Arm punch detection

Detection of specific movements was first demonstrated on
a simplified example of a straight-arm punch. The movement

Frontiers in Robotics and Al

was detected based on the extension of the elbow. Nine repeated
movements were completed and recorded. Figure 8 shows the
detection of the punch using a rotational collider at the elbow joint
and fixed threshold. The punch is detected when the arm is fully
extended and the elbow is almost parallel to the horizontal reference
as shown by the schematic poses in Figure 8B. Both the collider and
fixed threshold algorithms detect the first two movements; however,
the last punch does not cross the threshold and is only detected
by the collider. The limitation of using a fixed threshold is seen in
Figure 8D where the signal misses the threshold by a very small
margin and is not detected. Figure 8C shows the detection delay of
the collider as compared to the fixed threshold method. The delay is
0.2 s for the first and 0.37 s for the second punch. The collider always
detects the punch by checking the following sequence wherein the
collider signal first crosses the upper bound (see Figure 8B), then
the lower bound of the collider steady region (see Figures 8C, D).
The underdamped nature of the collider allows for this behavior of
the collider signal and it can be extended to all kinds of movements
by selecting any appropriate limb angle or translation obtained from
the kinematics computation.

3.4.2 Dance movement detection

Two different dance poses were mimicked by two different
subjects simulating movements performed by dancers, bending
backward and full arm extension out to the sides from a tucked-
in position. The back bending portion was detected using six
rotational colliders with three colliders (one in each rotational axis)
respectively placed on the hip/lower back and upper back segments
(i.e., Chest XYZ and Hip XYZ). The arm extension was detected
using twelve rotational colliders such that one collider was placed
on each axis (i.e., X-, Y-, and Z-axis) of the left bicep, left forearm,
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right bicep, and right forearm. Figure 9 shows the detection of dance
pose events using these colliders. The detection event is registered
as the performer comes to the limits of their pose and begins to
hold the pose.

As seen in Figure 9A the peaks of the angles about X-axis are
good indicators of the back bending movement and the collider
detects this just after the peak when the collider signal has registered
the required sequence of keys similar to those described in the
previous section describing the simple arm punch movement.
Similarly, in Figure 9B the collider detects the movement after all the
keys for all the involved angles are satisfied in the desired sequence.
The checking of all involved collider signals for keys proves to
be a simple and effective way to detect compound movements
involving multiple limbs. Importantly, successful detection results
also shows that the same set of colliders can be used for different
performers without the need for making a new set of thresholds,
which significantly simplifies the implementation and emphasizes
practicality of this approach.
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4 Discussion

The motivation behind this work was the requirement for
movement detection for a dance performance. Soft actuators were
developed to depict reactive naturalistic motions based on the
movements of the performer. We acknowledge that our motions
were not performed by the dancers and were simulated to replicate
the motion observed. Regardless, the results demonstrate the
successful motion detection on data from two subjects that validates
the proposed algorithm.

The results present the use and advantage of colliders over fixed
thresholds. Initially, it is necessary to select a set of parameters for
the colliders to suit the type of application. Therefore, an analysis
of collider behavior with varying virtual mass, spring constant, and
damping values is presented and an underdamped system with
1 kg mass, 9 N/m spring, and 1.5 N s/m damping was selected as
it gives a fast response. The fast response as well as overshoot
was desired for movement detection in the current application
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FIGURE 9
Detection of actual actions performed by two separate subjects. (A) Detection of back bending backwards using 6 colliders (i.e., Chest XYZ and Hip
XYZ). (B) Detection of double full arm extension out to the side from arms tucked in position using 12 Colliders (i.e., Left Bicep XYZ, Left Forearm XYZ,
Right Bicep XYZ, Right Forearm XYZ).

of dance movements. An expected behavior of a second-order
underdamped system with an overshoot is purposely utilized to
set the expected sequence of detecting when the system response
crosses collider’s steady region. Importantly, the collider’s response
always follows the reference movement. This characteristic was
beneficial when considering the case where sensors may drift
in magnitude over time. Even with the drift of magnitude of a
movement, the movement pattern and associated dynamics are
preserved, which preserves the functionality of a collider and
performs check of its position signal with respect to its upper and
lower bounds of collider’s steady region to successfully detect the
movement. Whereas, a fixed threshold which is set at the start
may not be able to detect the movement if the sensors drift during
a performance. Lakshmiprabha et al. (2015) proposed a method
for drift reduction of IMUs using sensor fusion with vision data
with an extended Kalman filter, at regular intervals; however, they
report that the method may not be robust enough to account
for different types of drifts for different IMU sensors. Another
method, which uses local IMU accelerations for dead-reckoning
drift reduction to estimate kinematic chain (like the human body)
positions in space-like environments, is limited is limited and cannot
be used for our application due to by presence of gravity and
considering slow movements (Stretton and Koulieris, 2024). The
method introduced in this work also presents limitations in the fact
that different environments will require different collider parameters
for accurate results.

Colliders are also implemented along with hash chains to
store the movement sequences and to register multiple movements
that are performed in series. This implementation has a constant
time of execution even if the number of movements/conditionals
to be detected increases. With fixed thresholds, checking for
each condition and a sequence of conditions takes increasingly
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more time. This advantage of the colliders and hash chain
method is particularly clear when there are more than 200
unique movements/conditionals. In the detection of movements, we
implemented a simple straight-arm punch movement which showed
how the fixed threshold is not able to detect the movement as
the reference signal does not cross the threshold line. This specific
example shows another important advantage of the collider signal
which continuously follows the reference signal and will always
detect the movement even if the magnitudes change. In other words,
this means that it is not necessary for each punch to be executed
in the exactly same manner with the total arm extension, as the
colliders can capture the essence of the movement even for shorter
punches, as demonstrated in Figure 8.

Increasing the number of conditionals for situations with large
number of involved variables and conditions, increases complexity
of movement detection and computational time (see Figure 7). The
hash chain algorithm is perfectly suitable for such applications as
the computational time remains constant. Event keys representing
sequence of collider detection can be defined for various movements
and checked simultaneously in specific instance of time. In our
specific demonstration, he backwards back bending and double-
arm extension movements shown in Figure 9B were presented as an
example of detecting compound movements using multiple colliders
simultaneously by checking simple keys. These keys can be further
expanded in the future for detecting multiple events of movements
and used in dance performances or general event detection.

We acknowledge that the presented method has also limitations.
For example, collider detection is slightly delayed as compared
to the fixed threshold detection (see Figures8, 6); however,
this was not considered as significant in the present context
and our specific application. Nevertheless, the colliders can be
tuned to detect earlier by making the virtual mass-spring-damper
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system more underdamped (i.e., decreasing damping ratio {=
C_ « 1), which will increase the speed of colliders” response as

2 MK . . . . . . .
demonstrated in Figure 5. Another potential limitation is that the

inertia of the actuators with respect to the limb motion may induce
noise in the sensor reading and could affect the algorithm accuracy.
As per feedback from the dancers, one of the constraints that the soft
structures imposed on dancers was that they limited some specific
dance movements that could not be performed due to the placement
of the actuators at specific body locations. For example, rolling over
on the side was not possible if the actuator was placed on the arm.
In addition, wired IMUs were replaced with wireless modules at the
initial stages of the study, to facilitate better dance movements.

In summary, this paper presents a novel virtual collider-
based movement detection approach. The colliders, modeled as
virtual mass-spring-damper elements, were shown to have the
capability of detecting naturalistic movements in real time for
artistic performances or other movements. The audience was able
to appreciate the use of this technology for an immersive experience
during a recent dance performance. In the context of our application,
the gesture-based control system creates a versatile toolbox of
effects, each tied to specific gestures that dancers can naturally
integrate into their movements. This setup ensures responsiveness,
allowing dancers to trigger effects, and create visual augmentation
using technology during a dance performance, reliably without
needing to worry about exact positioning or constant re-calibration
during their performance. Beyond dance, this system could have
applications in the fields such as healthcare, enabling gesture-
controlled assistive devices, or gaming, where it could offer more
immersive virtual reality experiences. In addition, the proposed
system can be used in the industrial settings, where gesture
control could streamline machine operation, providing an intuitive
and efficient interface. Its flexibility makes it a powerful tool for
enhancing user interaction across a wide range of fields.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Ethics statement

Ethical approval was not required for the studies involving
humans because no direct data from dancers was analyzed

References

Allen d’Avila Silveira, C., Kilic Afsar, O., and Fdili Alaoui, S. (2022). Wearable
choreographer: designing soft-robotics for dance practice. Proc. 2022 ACM Des.
Interact. Syst. Conf. 22, 1581-1596. doi:10.1145/3532106.3533499

Ami-Williams, T., Serghides, C.-G., and Aristidou, A. (2024). Digitizing traditional
dances under extreme clothing: the case study of eyo. J. Cult. Herit. 67, 145-157.
doi:10.1016/j.culher.2024.02.011

Chen, Q., Veres, S., Wang, Y., and Meng, Y. (2015). Virtual spring-damper mesh-
based formation control for spacecraft swarms in potential fields. J. Guid. Control, Dyn.
38, 539-546. d0i:10.2514/1.G000569

Chen, S., Bangaru, S. S., Yigit, T., Trkov, M., Wang, C., and Yi, J. (2021a). “Real-
time walking gait estimation for construction workers using a single wearable inertial
measurement unit (imu),” in 2021 IEEE/ASME international Conference on advanced

Frontiers in Robotics and Al

12

10.3389/frobt.2024.1450177

or presented. Only simulated data mimicking motion of
improvisational dancers by the authors was used for analysis and
algorithm validation. The studies were conducted in accordance
with the local legislation and institutional requirements. The
participants provided their written informed consent to participate
in this study.

Author contributions

PT: Data curation, Formal Analysis, Investigation, Methodology,
Validation, draft,
Writing-review and editing. VV: Data curation, Formal Analysis,

Software, Visualization, ~Writing-original
Investigation, Methodology, Software, Validation, Visualization,
editing. LB:
Investigation, Writing-review and editing. MT: Conceptualization,
Methodology,

Resources, Supervision, Writing-original draft, Writing-review

Writing-original ~ draft, Writing-review and

Funding acquisition, Project administration,

and editing.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or claim
that may be made by its manufacturer, is not guaranteed or endorsed
by the publisher.

intelligent mechatronics (AIM) (IEEE), Delft, Netherlands, 12-16 July 2021 (IEEE),
753-758.

Chen, S., Stevenson, D. T, Yu, S., Mioskowska, M., Yi, J., Su, H., et al. (2021b).
Wearable knee assistive devices for kneeling tasks in construction. IEEE/ASME Trans.
Mechatronics 26, 1989-1996. d0i:10.1109/tmech.2021.3081367

Glowacki, D., Tew, P, Mitchell, T. J., Price, J., and McIntosh-Smith, S. (2012).
“Danceroom spectroscopy: interactive quantum molecular dynamics accelerated on
gpu architectures using opencl,” in The fourth UK Many-Core developer conference,
Bristol, UK. UKMAC 2012

Gu, C,, Lin, W,, He, X, Zhang, L., and Zhang, M. (2023). Imu-based motion capture
system for rehabilitation applications: a systematic review. Biomim. Intell. Robotics 3,
100097. doi:10.1016/j.birob.2023.100097

frontiersin.org


https://doi.org/10.3389/frobt.2024.1450177
https://doi.org/10.1145/3532106.3533499
https://doi.org/10.1016/j.culher.2024.02.011
https://doi.org/10.2514/1.G000569
https://doi.org/10.1109/tmech.2021.3081367
https://doi.org/10.1016/j.birob.2023.100097
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Twomey et al.

Jin, T, Lee, J., and Hashimoto, H. (2004). Internet-based obstacle avoidance of mobile
robot using a force-reflection. 2004 IEEE/RS] Int. Conf. Intelligent Robots Syst. (IROS) 4,
3418-3423. doi:10.1109/TROS.2004.1389945

Jorgensen, J. (2019). Constructing soft robot aesthetics. Art, sensation, and materiality
in practice. Copenhagen: IT University of Copenhagen. Ph.D. thesis.

Kobayashi, F., Hasegawa, K., Nakamoto, H., and Kojima, E. (2014). Motion capture
with inertial measurement units for hand/arm robot teleoperation. Int. J. Appl.
Electromagn. Mech. 45, 931-937. doi:10.3233/jae-141927

Koutek, M., and Post, E. H. (2001). “Spring-based manipulation tools for virtual
environments,” in Immersive projection technology and virtual environments 2001.
Editors B. Frohlich, J. Deisinger, and H.-J. Bullinger (Vienna: Springer Vienna), 61-70.

Lakshmiprabha, N., Santos, A., and Beltramelo, O. (2015). “An efficient reduction
of imu drift for registration error free augmented reality maintenance application,” in
WSCG 2015 conference on computer graphics, visualization and computer vision.

Li, S, Vogt, D. M., Rus, D, and Wood, R. J. (2017). Fluid-driven
origami-inspired artificial muscles. Proc. Natl. Acad. Sci. 114, 13132-13137.
doi:10.1073/pnas.1713450114

Lycouris, S., Timmons, W., Ravenscroft, J., and Wright, M. (2012). “Choreohaptic
experiments,” in Somatics and Technology Conference, Edinburgh, UK

Matsuyama, H., Aoki, S., Yonezawa, T., Hiroi, K., Kaji, K., and Kawaguchi, N.
(2021). Deep learning for ballroom dance recognition: a temporal and trajectory-aware
classification model with three-dimensional pose estimation and wearable sensing.
IEEE Sensors J. 21, 25437-25448. doi:10.1109/jsen.2021.3098744

Meghji, M., Balloch, A., Habibi, D., Ahmad, I, Hart, N., Newton, R, et al.
(2019). An algorithm for the automatic detection and quantification of athletes’
change of direction incidents using imu sensor data. IEEE Sensors J. 19, 4518-4527.
doi:10.1109/JSEN.2019.2898449

Miller, N., Jenkins, O. C., Kallmann, M., and Mataric, M. J. (2004). Motion capture
from inertial sensing for untethered humanoid teleoperation. 4th IEEE/RAS Int. Conf.
Humanoid Robots, 2004 2, 547-565. doi:10.1109/ichr.2004.1442670

Moriaty, M., and Sykes, L. (2022). Deviced: audience-dancer interaction via
social media posts and wearable for haptic feedback. Wearable Technol. 3, e3.
doi:10.1017/wtc.2021.20

Frontiers in Robotics and Al

13

10.3389/frobt.2024.1450177

Nam, S.-H., and Kim, J.-Y. (2018). Dance exergame system for health using wearable
devices. IEEE Access 6, 48224-48230. doi:10.1109/access.2018.2866944

Polygerinos, P, Wang, Z., Galloway, K. C., Wood, R. J., and Walsh, C. J. (2015). Soft
robotic glove for combined assistance and at-home rehabilitation. Robotics Aut. Syst. 73,
135-143. doi:10.1016/j.robot.2014.08.014

Rehman, R. Z. U, Klocke, P, Hryniv, S., Galna, B., Rochester, L., Del Din, S., et al.
(2020). Turning detection during gait: algorithm validation and influence of sensor
location and turning characteristics in the classification of Parkinson’s disease. Sensors
20, 5377. doi:10.3390/s20185377

Robertson, M. A., Kara, O. C., and Paik, J. (2021). Soft pneumatic actuator-driven
origami-inspired modular robotic “pneumagami”. Int. J. Robotics Res. 40, 72-85.
doi:10.1177/0278364920909905

Roetenberg, D., Luinge, H., and Slycke, P. (2009). Xsens mvn: full 6dof human motion
tracking using miniature inertial sensors. Xsens Motion Technol. BV Tech. Rep. 3.

Shintake, J., Rosset, S., Schubert, B., Floreano, D., and Shea, H. (2016). Versatile soft
grippers with intrinsic electroadhesion based on multifunctional polymer actuators.
Adv. Mater. 28, 231-238. doi:10.1002/adma.201504264

Stretton, G. K., and Koulieris, G. A. (2024). Imu tracking of kinematic chains in the
absence of gravitational and magnetic fields. ArXiv abs/2403.04357

Subash, T., David, A., ReetaJanetSurekha, S., Gayathri, S., Samuelkamaleshkumar,
S., Magimairaj, H. P, et al (2022). Comparing algorithms for assessing
upper limb use with inertial measurement units. Front. Physiology 13, 1023589.
doi:10.3389/fphys.2022.1023589

Trkov, M., Chen, K, Yi, J, and Liu, T. (2019). Inertial sensor-based slip
detection in human walking. IEEE Trans. Automation Sci. Eng. 16, 1399-1411.
doi:10.1109/tase.2018.2884723

Wiech, J, Eremeyev, V. A, and Giorgio, I  (2018). Virtual
spring damper method for nonholonomic  robotic = swarm  self-
organization and leader following. Continuum  Mech.  Thermodyn.

30, 1091-1102. doi:10.1007/s00161-018-0664-4

Zhu, H., Li, X., Wang, L., Chen, Z., Shi, Y., Zheng, S., et al. (2022). Imu motion capture
method with adaptive tremor attenuation in teleoperation robot system. Sensors 22,
3353. doi:10.3390/522093353

frontiersin.org


https://doi.org/10.3389/frobt.2024.1450177
https://doi.org/10.1109/IROS.2004.1389945
https://doi.org/10.3233/jae-141927
https://doi.org/10.1073/pnas.1713450114
https://doi.org/10.1109/jsen.2021.3098744
https://doi.org/10.1109/JSEN.2019.2898449
https://doi.org/10.1109/ichr.2004.1442670
https://doi.org/10.1017/wtc.2021.20
https://doi.org/10.1109/access.2018.2866944
https://doi.org/10.1016/j.robot.2014.08.014
https://doi.org/10.3390/s20185377
https://doi.org/10.1177/0278364920909905
https://doi.org/10.1002/adma.201504264
https://doi.org/10.3389/fphys.2022.1023589
https://doi.org/10.1109/tase.2018.2884723
https://doi.org/10.1007/s00161-018-0664-4
https://doi.org/10.3390/s22093353
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

	1 Introduction
	2 Materials and methods
	2.1 Origami inspired actuator
	2.2 Wireless IMU trackers
	2.3 Forward kinematics
	2.4 Colliders
	2.5 Hash chains

	3 Results
	3.1 Collider parameter sensitivity analysis
	3.2 Colliders in long performances not affected by drift
	3.3 Performance comparison of hash chain with traditional logic tree checking
	3.4 Detection of dance movements using colliders
	3.4.1 Arm punch detection
	3.4.2 Dance movement detection


	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	References

