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Abstract

Humans activate muscles to shape the mechanical interaction with their environment,
but can they harness this control mechanism to best sense the environment? We inves-
tigated how participants adapt their muscle activation to visual and haptic information
when tracking a randomly moving target with a robotic interface. The results exhibit a dif-
ferentiated effect of these sensory modalities, where participants’ muscle coactivation
increases with the haptic noise and decreases with the visual noise, in apparent con-
tradiction to previous results. These results can be explained when considering mus-

cle spring-like mechanics, where stiffness increases with coactivation to regulate motion
guidance. Increasing coactivation to more closely follow the motion plan favors accurate
visual over haptic information, while decreasing it filters visual noise and relies more on
accurate haptic information. We formulated this active sensing mechanism as the opti-
mization of visuo-haptic information and effort. This optimal information and effort (OIE)
model can explain the adaptation of muscle activity to unimodal and multimodal sensory
information when interacting with fixed or dynamic environments, or with another human,
and can be used to optimize human-robot interaction.

Author summary

It is well known that the human brain tends to stiffen the limbs when there is a move-
ment error during physical interactions. However, by systematically investigating how
muscle coactivation varies with incoming visual and haptic information, we show that
this is not always the case. Instead limb stiffness is regulated by the brain to optimize
incoming sensory information from the interaction. The manuscript thus describes the
following contributions:
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o Muscle coactivation (from which the limb stiffness depends) changes in accor-
dance with the quality of visual and haptic cues. It relaxes with increasing visual
noise and stiffens with haptic perturbation, contrary to suggestions from previous
studies.

» We propose a mathematical model of this active sensing mechanism, according
to which muscle coactivation is adapted by the brain to minimize prediction error
about the environment based on visual and haptic information, while saving effort.

« This computational model: i) predicts the observed results both qualitatively and
quantitatively; ii) can explain the results on coactivation adaptation to force field
and interaction with human partners that we know from the literature; iii) extends
the existing computational models, and can be used to improve human-robot
interaction.

Introduction

How do humans interact with their environment? It is known that the central nervous sys-
tem (CNS) regulates the limbs’ stiffness by coordinating muscle activation to shape the energy
exchange with the environment [5,20], such as unstable situations typical of tool use [16,31].
The prevailing explanation for the observed adaptation of muscle coactivation is that it is
adjusted to minimize errors in the presence of disturbances [14,34,39]. However, how this
affects visuo-haptic sensing has been little investigated. For instance, when skiing down a
bumpy slope as shown in Fig 1, should one stiffen the legs to best sense the terrain, or relax
them to filter out perturbations? This may be particularly important when visual information
is degraded, such as in foggy conditions or at dawn, where one must rely on one’s feet to feel
the terrain and avoid falling.

Fig 1. When skiing down a slope, one may relax their legs to filter out perturbations in clear conditions (left
panel), or stiffen them to better sense the terrain in low visibility, such as at dawn or in fog (right). Original
photographies from Unsplash, courtesy of Andri Klopfenstein (left) and Greg Rosenke (right).

https://doi.org/10.1371/journal.pcbi.1013042.9001
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Few studies have examined how muscle stiffness regulation is influenced by visual distur-
bances, and the results have shown complex response patterns. For example, [6,28,37] found
that in arm reaching tasks, endpoint stiffness decreased with larger target sizes, indicating that
the CNS increases stiffness to enhance control precision. However, endpoint stiffness did not
significantly increase in response to lateral visual noise during arm reaching tasks, unlike the
increase observed with mechanical vibrations [38]. This suggests that the CNS may respond
differently to visual versus haptic disturbances. Further research is needed to explore how
visual disturbances affect motion control through muscle stiftness regulation.

Visual and haptic information are critical in physical human-robot collaboration, includ-
ing applications such as physical rehabilitation [12], collaborative robotics for industrial man-
ufacturing [11], and shared control of semi-autonomous vehicles [26]. However, it is unclear
how the CNS combines these sensory inputs in real time. When integrating sensory signals
over short intervals, the CNS accounts for both sensory discrepancies and temporal delays to
achieve optimal multi-sensory integration and feedback control [13]. Interestingly, the pres-
ence of visual feedback during a mechanical disturbance does not increase the magnitude
of the muscle response but does reduce its variance [22]. Additionally, we observed a mod-
ulation of coactivation when physically connected individuals track a common target [2].

The partner with superior visual acuity tends to stiffen their arm and lead the movement,
while the other relaxes their arm. Notably, the partners adjust their coactivation differently
depending on the levels of visual and haptic noise.

In order to systematically study how humans adapt their muscle activation with visual and
haptic feedback, we conducted an experiment in which subjects tracked a randomly mov-
ing target using wrist flexion/extension movements while being connected to the human like
tracking controller of [33] (Fig 2A). We examined the influence of visual and haptic feedback
with different levels of noise first separately (Fig 2B), then in combination (Fig 2C). In the
visual conditions the target presented on the monitor was either a sharp disk, or a dynamic
cloud of normally distributed dots. We also introduced a haptic perturbation of varying
amplitude to the interaction torque. Conditions with a specific noise level were presented
pseudo-randomly. We observed that the visual and haptic noise levels have different effects on
the coactivation adaptation, suggesting that the brain modulates body impedance based not
only on movement error [15], but also on its influence on specific sensory interactions. Subse-
quently, we developed and tested a computational model to examine the mechanism behind
muscle coactivation adaptation (Fig 2D).

Results

We first analyzed how visual feedback affects the motion control (Fig 3A, 3C). After the ini-
tial solo trials with only visual feedback, the tracking error remains stable in each of the three
visual feedback conditions (slope |s| < 0.03, p > 0.50). However, the tracking error increases
with the magnitude of visual noise (larger error in each of the weak and strong conditions rel-
ative to clean vision, p<0.01, pairwise Wilcoxon tests). On the other hand, the coactivation
level decreases with larger visual noise (p<0.001 for strong noisy condition relative to sharp
vision, p = 0.04 for weak noisy condition compared to sharp vision, paired t-test).

These results seem to contradict previous observations that muscle coactivation increases
with the magnitude of movement error [6,17,18,37]. However they can be explained when
considering the spring like muscle mechanics [4], where muscle activation increases stiffness
and viscosity while also shortening the muscle. By coordinating the activation of antagonist
muscles, the CNS can thus control the force at the hand as well as the spring stiffness and
reference position. In particular we can consider the reference position that emerges when the
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Fig 2. Experiment setup and protocol. A: Participants were asked to track a randomly moving target with noisy visual feedback and in some conditions were
connected to the human-like tracking controller of [33]. B,C: Experiment protocol of separate visual or haptic feedback experiment, with each block consisting of
nine trials. The 13 participants received only visual/haptic feedback in random order and each with random noise level (B). Another 22 participants experienced
nine integrated visual and haptic conditions presented in a random order (C). (D) illustrates the mechanical modeling scheme of the human-robot interaction
with visual and haptic noise.

https://doi.org/10.1371/journal.pcbi.1013042.9002

CNS controls muscles’ activity to move the limbs. As illustrated in Fig 2D, with clear visual
information, increasing muscle coactivation will increase the limb’s endpoint stiffness and
guide it closer to this accurate motion plan. However, when the target information becomes
noisy, relaxing muscle rigidity can filter this noise and prevent transferring it to perception
of the limb’s movement. This explains why coactivation decreases with an increasing level of
noise in the visual target.

Next we investigated how the CNS regulates muscle coactivation when both visual and
haptic feedbacks are provided. Fig 4A shows that the error decreases fast in the solo trials
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Fig 3. Results of solely visual/haptic feedback experiment. A&B: Evolution of tracking error and coactivation with visual or haptic feedback, where error bars
represent standard error. C&D: The mean and standard error of tracking error and coactivation for all subjects during the last four trials. In the visual feedback
condition (A&C), with increasing visual noise the tracking error increases while the coactivation decreases. In the haptic feedback condition (B&D), there is a
decaying trend of both tracking error and coactivation over the trials and no clear difference among noise conditions.

https://doi.org/10.1371/journal.pchi.1013042.g003

(slope s =-0.06, p = 0.0002) and reaches a steady level (s = 0.01, p = 0.64 for the last seven tri-
als). The level of error remains stable in all the interactive conditions (non-significant slope

s # 0 with p>0.05). A two-way ART ANOVA shows that the tracking error depends on both
visual noise (F(2,38) = 85.824, p < 0.0001) and haptic noise (F(2,38) = 80.673,p < 0.0001),
increasing with the amplitude of visual or haptic noise (p<0.001 for all pairwise comparisons
between noise levels, Wilcoxon tests).

The muscle coactivation tends to decrease with trials, indicating a learning effect to inte-
grate the two sensory feedback modalities (especially at the largest level of haptic noise with
s=-0.0226, p < 0.0001 for sharp vision). Consistent with the sole visual feedback condition
in the previous experiment, coactivation decreases with the visual noise as shown in Fig 4B
(significant interaction between visual and haptic noise factors F(4,76) = 5.1436,p = 0.001),
where the sharp vision conditions results in a higher coactivation level compared to both
weak and strong visual noise conditions for each level of haptic noise (all p<0.003, Wilcoxon
tests). However, muscle coactivation increases with the level of haptic perturbation, espe-
cially between weak and strong haptic perturbation conditions. The increment of this increase
depends on the visual noise level: it increases the most in the sharp visual condition (p<0.05,
Wilcoxon tests) and becomes less clear with the increase of visual noise (all p>0.05, Wilcoxon
tests).

In order to understand how the activity of antagonistic muscle is modulated dynamically,
we align the reciprocal activation and coactivation profiles as shown in Fig 4C. Muscle coac-
tivation remains relatively constant for each sensory noise condition (slope |s| < 0.008 for all
conditions). On the other hand, the reciprocal activation is modulated to produce movement
dynamics (the averaged Pearson correlation coefficient between reciprocal activation and tar-
get movement is 0.82+0.09). The frequency spectrum of reciprocal activation has three peaks
at the target movement frequencies (0.2, 0.5 and 8.5 Hz) in contrast to the essentially flat spec-
trum of muscle coactivation. These results indicate that reciprocal activation generates the
tracking movement and responds to the haptic perturbation, while the coactivation level is
regulated to deal with the specific noise condition.
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Fig 4. Results of tracking with combined visual and haptic noise. A: Evolution of tracking error and coactivation with visual and/or haptic feedback, with error
bars representing the standard error. The tracking error saturates in the initial solo trials, and increases with both visual and haptic noise during interactive trials.
coactivation shows a slower decrease across trials. B: Mean and standard error of tracking error and coactivation for all subjects during the last four trials. Track-
ing error increases with either visual or haptic noise, while muscle coactivation increases with haptic noise and decreases with visual noise. C: Muscle coactivation
and reciprocal activation waveforms along with their frequency spectrum. Muscle coactivation remains relatively constant, while reciprocal activation changes
synchronized with the movement, as is confirmed by their spectra.

https://doi.org/10.1371/journal.pcbi.1013042.9004

Modeling of visuo-haptic sensing

What are the principles of the coactivation adaptation? Above experiments show that coac-
tivation tends to decrease with practice, and is modulated by both visual noise of the target,
and external haptic noise. However, these two noise sources have an opposite effect: coactiva-
tion increases with a larger level of visual noise, but decreases with haptic noise. We posit that
these apparently contradictory trends can be explained through the following sensorimotor
interaction principles:
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o Muscles’ activation generation corresponds to the CNS using reciprocal activation
to move the limbs and coactivation to guide them along a motion plan with suitable
viscoelasticity [20].

o Coactivation is adapted to maximise performance considering both visual target noise
and haptic noise at the limbs while concurrently minimising effort.

The mechanics of these principles can be illustrated as in Fig 2D, where muscle coactivation

can tune the viscoelasticity of the hand to follow the planned movement. When the target

is visually sharp, the motion plan is accurate thus it is useful to stiffen in order to follow it

closely. However when the target is noisy, it is preferable to relax in order to avoid injecting

own visual noise into the hand movement and benefit from the external haptic guidance.
These principles can be formulated mathematically by considering the maximal likelihood

prediction error when integrating visual and haptic information:

oi(u) oj

T'(u) = (1)

ot(u) +o;

with oy, the standard deviation of the haptic noise exerted on the limb. Critically, the standard
deviation o;(u) of hand movement relative to the motion plan following the target (as defined
in Eq (13)) can be regulated through the muscle coactivation u.

The above sensorimotor interaction principles thus correspond to the concurrent mini-
mization of the prediction error and effort u?, i.e. of the cost function

V(u):l“(u)+gu2, y>0 )

with the effort ratio y. Muscle coactivation can then be adapted using a gradient descent
optimization:

V) )
du du

_dr(u) _ [ o} ]2 [_ddf(u)] 50, (3)

du ot (u) + o} du

This optimal information and error (OIE) model was tested on the data of the tracking
experiment with combined visual and haptic noise. The effective noise values that best fit the
nine data points of Fig 5 are given in Table 1, yielding an effort ratio y* = 2.26. The model pre-
dicted muscle coactivation values are shown in Fig 5. We also tested the tracking error mini-
mization (TEM) model of [15] that explains the motor learning in novel force fields. In this
model, the coactivation u increases with each new trial to minimize tracking error e, and
decreases to minimize effort, according to

Upew= ae+(1-y)u, O0<a, 0<y<l. (4)

The predicted values from the OIE and TEM models are compared with experimental data
as shown in Fig 5A. The results indicate that while the TEM model correctly predicts the trend
of increased coactivation with haptic noise, it fails to capture the decrease in coactivation with
visual noise. In contrast, the OIE model closely matches the experimentally measured coac-
tivation levels in all variations of visual and haptic noise. The superiority of the OIE model
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Fig 5. Simulation results of normalized coactivation. (A) Comparison between the tracking error minimization
(TEM) model and our optimal information and effort (OIE) model across the nine experiment conditions. The OIE
model predicted normalized coactivation values closely aligned with the experimental data, while the TEM model
produced large prediction errors. (B) OIE model predictions of normalized coactivation as a function of visual
and haptic noise levels. Black dots represent the recorded average coactivation of 20 participants in the final trial.
Red dots represent the fitted data from the OIE model. The blue dots show the model’s predicted coactivation in
unobserved noise conditions.

https://doi.org/10.1371/journal.pchi.1013042.9005

Table 1. Identified effective visual and haptic noise values.

Noise strength sharp weak strong
Effective haptic perturbation o, 5.06 5.86 7.85
Effective visual noise 0% 30.64 63.66 65.30

https://doi.org/10.1371/journal.pchi.1013042.t001

is further supported by the Akaike information criterion (AIC): the small sample-size nor-
malised AIC value [10,29] for the OIE model is -6.5, which is lower than the value of -2.9
for the TEM model, showing that the OIE model better accounts for information loss and the
number of independent parameters. Fig 5B illustrates how the OIE model accurately predicts
the specific modulation of coactivation to varying levels of visual and haptic noise.

Could the OIE model predict the effect of blind haptic interaction? In this case the lack of
visual feedback can be modeled through visual noise with infinite deviation o; — o0, thereby
making the cost to minimize V(u) =07 + u*. The OIE model then predicts that subjects con-
nected haptically to the controller tracking the target (but without visual feedback) would
minimize independent of the haptic noise level. The results of the experiment testing this pre-
diction are shown in Fig 3B, 3D. In the sole haptic feedback conditions, both tracking error
and muscle coactivation decreased over the trials (F(1,12) = 10.70, p < 0.01, two-way ART
ANOVA comparing the mean of all subjects in the first and last three trials). Consistent with
the model prediction, muscle coactivation remained at a minimum value and did not depend
on the noise level (p>0.30, paired Wilcoxon tests). There was little change in tracking error
with the haptic perturbation level (F(2,24) = 1.30, p = 0.28, two-way ART ANOVA).

Discussion

In physical human-robot interaction, sensory signals crucial for motor control are derived
from both visual input and haptic feedback, which provides substantial information about the
movement intentions of the human operator. However, the process by which the CNS adjusts
muscle coactivation to optimize the use of visual and haptic signals, thereby enhancing the
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effectiveness of human-robot collaboration, remains unclear. This paper systematically inves-
tigated how different levels of visual and haptic disturbances affect muscle activation during
target-tracking tasks.

In a first experiment, we evaluated the impact of noise on muscle control within either
the visual or the haptic channel. The results show that muscle coactivation decreased with
increasing levels of visual noise and showed no substantial variation in response to the inten-
sity of haptic disturbances. This suggests that the CNS regulates muscle coactivation by con-
sidering not just movement error but also sensing uncertainty. When there is no visual noise
and motion planning can be relied upon, muscle coactivation increases to ensure that the
planned trajectories are well followed. Conversely, as visual noise and the associated uncer-
tainties in motion planning increase, muscle coactivation decreases. In the absence of visual
feedback, which can be interpreted as maximal uncertainty from visual sensing, muscle coac-
tivation remains low and becomes insensitive to the intensity of haptic disturbance.

The second experiment extended these findings by examining the influence of noise
in scenarios with both visual and haptic feedback. Muscle coactivation decreased with an
increase in visual noise (consistent with the observations in the single feedback conditions)
and increased with rising haptic disturbances (in line with previous studies [16]). This indi-
cates that the coactivation adaptation mechanism is influenced by both visual and haptic feed-
back. When visual feedback is clear, muscle coactivation significantly increases with rising
haptic noise; however, this response diminishes markedly when visual feedback is blurred.
This behavior suggests that the CNS reliance on a particular sensory modality varies with
the uncertainty associated with each feedback type, revealing a complex, nonlinear interplay
between these modalities. Notably, muscle coactivation drops sharply at the onset of visual
noise but decreases as visual noise intensifies. Additionally, muscle coactivation shows a gen-
eral downward trend with an increasing number of experimental trials, likely reflecting the
CNS strategy to minimize metabolic cost [15,36].

By systematically studying how subjects interact with visual and haptic information, we
were able to decipher the mechanism of body impedance adaptation during the interaction
with the environment. Our experimental and simulation results demonstrated that subjects
regulate coactivation to optimally integrate visual and haptic information while minimiz-
ing effort. This enables them to extract useful information about their environment and plan
accurate movements. A computational model based on the optimization of information and
effort (OIE) was used to predict muscle coactivation levels under different visuo-haptic sen-
sory conditions. This OIE model explains how the CNS integrates multi-modal sensory infor-
mation, considering their respective noise level, to enhance perceptual acuity with minimal
metabolic cost. Notably, the results obtained could not be predicted by previous models of
muscle coactivation adaptation [15,24,35], which only considered movement error and sug-
gested that muscle activation would increase with either visual or haptic noise. In contrast,
the OIE model accounts for sensorimotor interactions and the influence of each sensory
modality’s noise on target perception, tracking performance, and effort, thereby successfully
predicting the observed actions.

Previous studies on arm-reaching movements have shown that accuracy constraints during
movement influence muscle coactivation. For instance, [6,28,37] reported that participants
slightly reduced muscle coactivation when accuracy constraints were relaxed. Therefore, in
our experiments the visual noise in the target cloud may have been perceived as an enlarged
target and contribute to reducing muscle coactivation. This effect is also predicted from the
cost function of OIE incorporating minimization of metabolic costs. Future studies should
investigate how participants perceived the cloud target and exploited it to relax the tracking
constraint, and how this would combine with their consideration of the movement statistics.
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Interestingly, the study [8] employed the same tracking task and noise pattern as the
present study but yielded opposite effects, as participants could increase haptic guidance by
cocontracting antagonist wrist muscles. Under these conditions, participants increased coac-
tivation in response to larger visual noise deviations and decreased it with larger haptic noise.
However, these apparently contradictory effects of noise in [8] and the present study are rec-
onciled when assuming that the CNS modulates stiftness to optimize tracking performance by
integrating visual and haptic information while accounting for their respective noise charac-
teristics. The OIE model, which implements this approach, shows qualitative and quantitative
agreement with the coactivation modulation observed in both [8] (as analyzed in [7]) and in
the present study.

While the relaxation trend with a larger target observed in [6,28,37] aligns with the effects
of large visual noise observed in the present study, it cannot explain the findings of [8]. In
contrast, by minimizing prediction error, the OIE model can correctly predict the results of
both [8] and the present study. Importantly, the OIE model also minimizes effort, suggest-
ing a relaxation of coactivation with a large target as seen in arm-reaching tasks [28]. There-
fore, the OIE model explains how visual and haptic information can be optimally utilized in a
stochastic sense while accounting for target shape and size.

The OIE model is compatible with existing models for the motor adaptation to visual and
haptic perturbations. Both a destabilizing force field [5,16-18] corresponding to an increase
of haptic noise, or amplification of the hand deviation in visual feedback [6,37], both result
in increased stiffness, as predicted by the OIE model. In turn, this means that the OIE model
extends the computational models of [15,35] according to which stiffness increases with hand
movement error.

The current OIE model implementation is limited by its lack of consideration for inter-
nal sensorimotor noise and neuromuscular control. As a result, it cannot be used to simu-
late movement dynamics in its present form. Using a similar cost function as Eq (2), it may
be extended to simulate movements by incorporating a model of neuromechanics includ-
ing sensorimotor noise and muscle mechanics [31], such as in [1,4], along with a prediction
mechanism like [33].

In conclusion, muscle coactivation is not automatically tuned to minimize movement error
as previously thought [15,24,35]. Instead, it is skillfully regulated by the CNS to extract max-
imal information from the environment. The OIE model presented in this paper explains the
adaptation of muscle coactivation during interactions with force fields, dynamic environ-
ments with visual noise at the target, and haptic noise at the hand, as in the experiments of
this paper, as well as during collaboration with other humans [2]. While active sensing has
been identified previously in vision [30], this is, to our knowledge, the first evidence of body
adaptation to improve visuo-haptic sensing. Furthermore, while sophisticated algorithms
have been developed for such active inference e.g. [19], the experimental results were well
predicted through the simple OIE model.

This approach could be applied in scenarios such as shared driving where a vehicle
equipped with sensors provides haptic feedback to the human driver through the steering
wheel [9]. When the human has noisy sensory feedback—such as during nighttime driving
or when facing sunlight—the robotic system can increase its control impedance with OIE to
offer greater assistance. Conversely, the robot reduces its control impedance when its sensory
information about the environment becomes uncertain. This adaptive strategy is applicable
across various human-robot collaboration contexts, including teleoperation, robot-assisted
surgery, and collaborative robots in industrial manufacturing, where dynamically responding
to changing conditions is essential for effective interaction and performance.
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Materials and methods
Ethics statement

The experiment was approved by the Research Ethics Committee of Imperial College Lon-
don (No. 15I1C2470). Before starting the experiment, each participant gave informed writ-
ten consent, filled in a demographic questionnaire and an Edinburgh Handedness Inventory
form [27]. No participant reported a sensorimotor impairment.

Experiment setup

Each participant was seated on a height-adjustable chair, next to the Hi5 robotic interface [25]
with the dominant wrist attached to a handle of the interface during flexion/extension move-
ment. They received visual feedback of the target angle and of their wrist flexion/extension
angle on their monitor, and/or haptic feedback from the interaction with the tracking con-
troller of [33] (Fig 2A).

The Hi5 handle is connected to a current-controlled DC motor (MSS8, Mavilor) that
can generate torques of up to 15 Nm, and is equipped with a differential encoder (RI 58-O,
Hengstler) to measure the wrist angle and a torque sensor (TRT-100, Transducer Technolo-
gies) to measure the exerted torque in the range [0,11.29] Nm. The handle is controlled at
1 kHz using Labview Real-Time v14.0 (National Instruments) and a data acquisition board
(DAQ-PCI-6221, National Instruments) while the data was recorded at 100 Hz.

The activation of two antagonist wrist muscles, the flexor carpi radialis (FCR) and exten-
sor carpi radialis longus (ECRL) were recorded during the movement from each participant.
Muscle electromyographic (EMG) signals were measured with surface electrodes using a
medically certified non-invasive 16-channel EMG system. The EMG data was recorded at
100 Hz. The raw EMG signal was i) high-pass filtered at 20 Hz by using a second-order But-
terworth filter to remove drifts in the EMG and i) rectified and passed through a low-pass
second-order Butterworth filter with a 15 Hz cutoff frequency to obtain the envelope of the
EMG activity.

Tracking task

The participants were instructed to “track the moving target as accurately as possible” using
wrist flexion-extension movements. The target was moving according to

g*(t) = 18.5 sin(2.031*) sin(1.093 ")
"= t+ty, 0<t<20s (5)

where ¢ started in each trial from a randomly selected offset time {t, € [0,20]s | ¢* (t,) =0}
of the multi-sine function in order to minimize memorization of the target’s motion.

In solo trials, the participants tracked the target without active torque from the robot. Oth-
erwise, participants’ wrist was connected to the tracking controller of [33] by a compliant
virtual spring, yielding the torque (in Nm)

7(1) = 0.03[q:(t) - q(1)], (6)

where g (in degrees) denotes the participant’s wrist angle, and g, the controller’s target angle
computed as in [33]. The connection stiffness was selected such that subjects could clearly
sense the robot’s movement but compliant enough to let them actively pursue the tracking

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1013042 May 9, 2025 11/17



https://doi.org/10.1371/journal.pcbi.1013042

PLOS COMPUTATIONAL BIOLOGY Human impedance modulation to improve visuo-haptic perception

task [21]. This controller has been shown to induce a similar behavior to human interac-
tion [21]. Using this human-like interaction (rather than direct human interaction as in [2])
allows for the direct manipulation of haptic noise.

The experiment considered three haptic noise conditions: sharp haptic information (HO
condition) without noise, or a torque perturbation o, sin(25¢) sin(30¢), 0 <t <20s with o, =
0.08 Nm in the weak haptic noise condition H1 and o, = 0.19 Nm in the strong haptic noise
condition H2.

For visual feedback, a target was displayed on the monitor for participants to track with
three conditions. In the sharp visual condition VO, the target was displayed as a 8 mm diam-
eter disk, which had the same visual condition as in solo trials. In the noisy visual condi-
tions V1 and V2, the target was displayed as a “cloud” of eight randomly distributed dots
around the nominal target position, where each of the eight dots was sequentially replaced
every 100 ms. The cloud’s vertical position relative to the target was normally distributed with
n € N0, (15 mm)?], the angular distance position relative to the target was distributed with
74 € N[0, 02], and the velocity with 7y € N0, (101.6 mm/s)?]. The weak visual noise condi-
tion V1 was defined through o, =21.32 mm and the strong visual noise condition V2 through
o, =52.78 mm.

Muscle activation calibration

The participants placed their wrists in the most comfortable neutral posture, which was
defined as 0°. Constrained at that posture, they were then instructed to sequentially flex or
extend the wrist to exert torque. Each phase was 4 s long and was followed by a 5 s rest period
to avoid fatigue. The latter period was used as a reference activity in the relaxed condition.
This procedure was repeated four times at flexion/ extension torque levels of {1, 2, 3,4} Nm
and {-1,-2, -3, -4} Nm, respectively.

The recorded muscle activity of each participant was then linearly regressed against the
torque values. Specifically, the torque of the flexor muscle was modeled from the envelope of
the EMG activity uyas

77(t) = aouf(t) + ar, g, a1 >0, (7)

and similarly for the torque of the extensor muscle 7,(¢).

Experimental protocol

After the EMG calibration, the participants carried out nine solo trials to get familiar with the
tracking task and the dynamics of the wrist interface. This was followed by series of 20 s long
trials as described in Fig 2B. After each trial, the target disappeared, and the participants had
to place their respective cursor on the starting position at the center of the screen. The next
trial then started after a 5s rest period and a 3 s countdown. The participants could take an
extra break at will between trials by keeping the cursor away from the screen center.

Behavior with only visual or only haptic feedback. 13 naive subjects (six females and
seven males) aged 21-25 years (mean = 22.5, sd = 1.05) were recruited to study the influ-
ence of visual or haptic feedback separately. One participant was left-handed (with Laterality
Quotient LQ = -43) and the others were right-handed (LQ > 40).

Each participant carried out two blocks with visual feedback, respectively haptic feedback,
presented in a random order. Furthermore, the noise conditions were presented randomly in
each block. Nine interaction trials of 20 seconds were carried out in each of these conditions.

Behavior with visual and haptic feedback. For the coupled visuo-haptic feedback exper-
iment, 22 naive subjects (twelve females and ten males) aged 22-35 years (mean = 24.1, sd
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= 3.06) were recruited to study the combined effect of visual and haptic feedback. One par-
ticipant was ambidextrous (LQ =-29) and the others were right-handed (LQ > 40). Due to
incomplete EMG data for two participants, data analysis was conducted using the remaining
20 subjects.

There were nine blocks of nine interaction trials, each with one of the nine different noise
conditions (resulting from the combination of visual the three noise levels and three haptic
perturbations) presented in a random order.

Analysis

The tracking error and muscle coactivation were used as metrics to analyze the participants’
tracking performance and impedance adaptation to different visuo-haptic noise conditions.
To represent the overall tracking accuracy within a trial, the tracking error is defined as the
root mean squared error between the target position g*(t) and the hand position g(t) during
one trial:

e= (% [0 (70 —q(t)]zdt)%, T=20s. (8)

Using the torque regression model of Eq (7), the joint reciprocal activation is defined as
(t) = 7e(1) - 7e(1) ©)

where 7¢ and 7, are the (positive) flexor and extensor activations, and the coactivation is
defined as

u(t) = min{ze(£), 7e(£)} . (10)

The average muscle coactivation i of each trial for a specific subject is computed as

T
o= l/u(t)dt, T=20s. (11)
TJo

The normalised coactivation of each participant was used in the subsequent analysis, which
is calculated as
ty = (12)
Umax = Umin
where i, and i,,,, are the minimum and the maximum of the averaged muscle coactivation
of all interaction trials of a participant respectively.

Linear mixed effects (LME) statistical analysis via restricted maximum likelihood (REML)
was applied to every condition on both the tracking error and coactivation, in order to assess
performance stability and evaluate whether the participants had adapted to noise. The model
was fitted with the trial number as a fixed slope (s) and a random intercept for each grouping
factor (subject ID). For visual or haptic feedback experiment, the Shapiro-Wilk test showed
that the coactivation was normally distributed while the tracking error was not. For visual
and haptic feedback experiment, the Shapiro-Wilk test showed that neither the tracking error
nor the coactivation was normally distributed. For metrics with non-normal distribution,
repeated measures ART ANOVA was used to analyze the effect of the visual and haptic noise,
the paired Wilcoxon signed-rank test was used for post-hoc non-parametric hypothesis test-
ing. For metrics with normal distribution, repeated measures ANOVA was used to assess
the impact of visual or haptic noise. Paired T-test was conducted for post-hoc comparison
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between groups. The p-values for all comparisons were adjusted using the Holm-Bonferroni
method.

Visuo-haptic noise model

The CNS perceives the target movement through visual feedback and haptic connection to the
target, which is known to degrade the signal quality [32]. Assuming that this effect results in
independent noise, the standard deviation of internal sensory noise is

cf(u) = 05 + c,%(u), (13)

where o, is the deviation of visual noise. Experiment data exhibit a saturation of tracking
error with the increase of visual fuzziness (the size of the cloud) so the visual noise is mod-
elled as

cv:—cxv+$, a,,B,>0 (14)

where o, is the angular deviation of target cloud given in the experiment. oy (1) is the devia-
tion due to the joint compliance decreasing with muscle coactivity [32], which was identified
in [8] as

o (1) =5.18 + 49.65¢ 7511, (15)

Furthermore, the tracking error increases with the amplitude of haptic perturbation o,
thus a quadratic regression model is used for the haptic noise:

On=ap+Pp0y + 51,012,, %, By 8y > 0. (16)

The parameters of the computational model are identified using the coactivation data of
the last trial for all noise conditions. The effective visual noise deviation o, and effective haptic
noise oy, were identified by minimizing the variation of the cost derivative to satisfy the first-
order necessary optimal (Karush-Kuhn-Tucker) conditions [3]. Considering the relation-
ship between the deviation oy and the wrist’s viscoelasticity, the visual noise deviation and the
haptic noise deviation each has three parameters, resulting in six parameters to identify:

3

>3 [2 (o) 0. o)] }

3
i=1 j=1

&= argmin{
§

Using the collected coactivation data {u;;(9)}, a grid search is performed to determine the
effects of visual and haptic noise under {sharp, weak, strong} conditions. Particle swarm opti-
mization (PSO) [23] is employed within a bound range of [0,70] to optimize the noise param-
eters &£ = {00,0¥,03,0%,0%, 0%}, yielding the values shown in Table 1. The optimal effort ratio
y*=2.26 is then computed as the solution of

d [ sa[oV CIONE

0= ;;[w(uijw),o—v’ 0! )] . (17)

-1
A least-square regression using the identified parameters o, = 1.21, 8, =66.18 in Eq (14)

was used to express the relationship between the angular deviation of the visual cloud o,

and effective deviation of visual noise o,. A quadratic regression with ¢, = 5.05, 8, =6.84,
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8, = 41.68 was identified to model the relation between the perturbation amplitude and effec-
tive haptic noise.

Supporting information

S1 Fig. Average and standard deviation of real time errors in different visuo-haptic per-
turbation conditions among participants.
(EPS)

S2 Fig. The tracking error of a representative participant.
(EPS)

S3 Fig. Average and standard deviation of real time motor torque among participants.
(EPS)

$4 Fig. The motor torque of a representative participant.
(EPS)

S5 Fig. The torque interception and slope vary among subjects.
(EPS)

S6 Fig. An example of the torque regression with EMG signals collected in calibration.
(EPS)
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