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Abstract

Activities like ball bouncing and trampoline jumping showcase the human ability to intuitively
tune to system dynamics and excite motions that the system prefers intrinsically. This
human sensitivity to resonance has been experimentally supported for interactions with sim-
ple linear systems but remains a challenge to validate in more complex scenarios where
nonlinear dynamics cannot be predicted analytically. However, it has been found that many
nonlinear systems exhibit periodic orbits similar to the eigenmodes of linear systems. These
nonlinear normal modes (NNM) are computable with a recently developed numerical mode
tool. Using this tool, the present resarch compared the motions that humans excite in nonlin-
ear systems with the predicted NNM of the energy-conservative systems. In a user study
consisting of three experiment parts, participants commanded differently configured virtual
double pendula with joint compliance through a haptic joystick. The task was to alternately
hit two targets, which were either aligned with the NNM (Experiments 1 and 2) or purpose-
fully arranged offset (Experiment 3). In all tested experiment variations, participants intui-
tively applied a control strategy that excited the resonance and stabilized an orbit close to
the ideal NNM of the conservative systems. Even for increased task accuracy (Experiment
2) and targets located away from the NNM (Experiment 3), participants could successfully
accomplish the task, likely by adjusting their arm stiffness to alter the system dynamics to
better align the resonant motions to the task. Consequently, our experiments extend the
existing research on human resonance sensitivity with data-based evidence to nonlinear
systems. Our findings emphasize the human capabilities to apply control strategies to excite
and exploit resonant motions in dynamic object interactions, including possibly shaping the
dynamics through changes in muscle stiffness.
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Author summary

Without thinking about it, humans intuitively excite resonant motions in everyday object
interactions, despite the complex and nonlinear nature of their dynamics. Computing
these nonlinear dynamics is challenging, but it is essential to verify if the excited object
motion matches the objects’ intrinsic dynamics. Using a new numerical tool, we could
predict these intrinsic dynamics. In a human user study, participants were tasked with
exciting a virtual double pendulum through a haptic joystick. The excited motions were
then compared to the intrinsic nonlinear dynamics predicted by the tool. The experiments
verified that participants intuitively excited the resonance frequency of the nonlinear sys-
tem and stabilized motion trajectories close to the computed intrinsic ones. Experimental
variations also indicated that humans shape the system dynamics by changing their arm
stiffness to create resonances that better align with the task. These findings support exist-
ing research showing that humans are highly sensitive to resonance and exploit it intui-
tively for tasks when possible.

Introduction

Humans exhibit remarkable dexterity and versatility while using their upper limbs for daily
activities. We can easily handle countless different objects, even when they are complex in
shape, flexible in material, have multiple degrees of freedom (DOFs), or exhibit highly nonlin-
ear or even chaotic dynamic behavior. In fact, studies show that humans can partially follow
[1] and learn to predict [2, 3] chaotic system behavior. It is likely that the Central Nervous Sys-
tem (CNS) also employs chaotic control to explore system dynamics and tune into intrinsic
motion patterns to excite resonant behavior [4]. This enables orchestrating numerous DOFs
together, reducing the needed control effort. Everyday examples showcase human intuitive
resonance sensitivity: without conscious effort, humans induce oscillatory motions when
jumping on a trampoline or bouncing a ball by tuning to the intrinsic system dynamics [5, 6].
This excites the resonant frequency, which appears to be more predictable for humans [7, 8].
Predictability facilitates forming an internal model of objects and their dynamic behavior in
interactions [9-12]. By learning and internalizing physical object models, humans can antici-
pate system motions, enabling anticipatory control strategies that leverage this knowledge [13-
15]. Experiments have suggested that predictability becomes a priority for human control in
rhythmic movement tasks. They are willing to sacrifice metabolic efficiency by adopting con-
trol trajectories that yield higher reaction forces and are less smooth [16, 17]. Instead of apply-
ing precise force control, humans tune their hand impedance to the system to take advantage
of interactive dynamics [18, 19]. A cup balancing experiment showed that participants always
chose similar starting positions to initialize the task [20], proving that humans can get an intui-
tive feeling even of complex nonlinear system dynamics.

Despite daily encounters with nonlinear dynamics, empirical evidence of human reso-
nance sensitivity is mostly limited to interactions with simple systems exhibiting linear dynam-
ics [21, 22]. Testing if humans intuitively excite and stabilize intrinsic nonlinear behaviors
requires nonlinear dynamics to be computable in advance for comparison. But unlike the
eigenmodes of linear systems [23, 24], intrinsic motions in nonlinear systems cannot be
derived analytically. Instead, periodicity in chaotic systems can be found and stabilized
through phase synchronization [2, 25], but multiple possible periodic orbits make it hard to
predict which solutions emerge in human interactions. However, recent research showed even
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nonlinear systems like the double pendulum, a classic example of chaotic behavior [26], dis-
play predictable, computable periodic orbits [27, 28]. These orbits can be determined with
numerical methods based on algebraic topology and differential geometry. One class of these
periodic orbits are nonlinear normal modes (NNM), similar in appearance and description to
the linear analogy of eigenmodes. Analogously, they oscillate with a characteristic eigenfre-
quency between two turning points, where all velocities are zero. However, unlike linear eigen-
modes, the shape of the nonlinear mode and the associated eigenfrequency changes with
increasing energy levels and does not always cross the system’s equilibrium. Yet, NNMs allow
us to predict intrinsically preferred motions for conservative nonlinear systems on defined
energy levels computable with a mode tool developed by our group [29, 30]. This tool enabled
us to investigate whether humans are indeed sensitive to resonance in nonlinear systems and
intuitively excite and stabilize a system close to its NNM.

We directly test this hypothesis with a human user study, where participants had to excite
periodic motions in a virtual compliant double pendulum. Through a haptic joystick, partici-
pants moved a virtual motor link coupled to the first link /; of the double pendulum by a spring
k; (Fig 1A and 1B). Rotating the motor link induced motions in the pendulum system and the
spring forces were reflected to the user as haptic force feedback. By varying the equilibrium of
the spring k, connecting the first and second pendulum link, different pendulum configura-
tions (PO, P90, P45) could be tested (Fig 1C). In each case, the task was to alternately hit two

Experiment 1+2

Experiment 3

Fig 1. Experimental setup. (A) The participants rotate a haptic joystick that maps 1:1 to the position 0 of the red virtual motor link on the screen. This
link is coupled to the first link /; of the virtual compliant double pendulum by a spring k;. Moving the joystick, and thus the virtual motor link, causes a
deflection of the spring, which in turn induces the pendulum motion. The spring torque 7 is reflected to the user as force feedback, rendered in green.
The task is to hit two colored target balls with the second link endpoint (indicated by the star shape) as often as possible in 40 s. When the target is hit,
the participant is rewarded with a point. If the pendulum does not reach the target or swings through it, no point is added to the score. (B) Participants
can freely arrange themselves in front of the haptic joystick and position their arm to their preference. The joystick and motor link are both arranged to
point to the left. (C) Three pendulum configurations are tested in the experiments, where the equilibrium position of the spring between the first and
second link differs as indicated by the colored arrows: P0: gq = (0, 0)°, P90: geq = (0, 90)°, P45: gcq = (0, 45)".

https://doi.org/10.1371/journal.pcbi.1011478.g001
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target balls to collect hit points. There were two major reasons for choosing a compliant double
pendulum for the investigation. First, although the system is not inherently chaotic if the com-
pliance is chosen high enough, the dynamics of the double pendulum is strongly nonlinear. It
is the simplest model approximation of a flexible object, such as a whip or rope. As such, it can
be easily extended with further links in future work to analyze interactions with more complex
dynamics. Second, human resonance sensitivity is presumably not only important in object
interactions but also for the control of one’s own body. Hence, the compliant double pendu-
lum can also be regarded as the simplest approximation of a human limb. Insights about how
humans excite and stabilize such dynamics might support further investigations on human
motor learning and control.

To identify the pattern underlying the human control approach, prior to the user experi-
ment, three baseline strategies (BL1-3) were defined based on literature-reported human con-
trol principles. In simulations, each strategy commanded a position signal to the pendulum’s
motor link (Fig 1, red link), which was identical to what participants controlled by moving the
haptic joystick. The amplitude of all strategies was empirically tuned to reach the two targets
with the second pendulum link tip. The first strategy BLI was in line with our hypothesis that
human resonance sensitivity extends to non- linear systems. Thus, BL1 commanded a sine
wave with the predicted eigenfrequencies of the different pendulum configurations to the
motor link. Alternatively, the strategies BL2 and BL3 characterize strategies that do not excite
resonance but resemble other known human control principles. BL2 was inspired by findings
that humans make use of motion constraints to reduce their effort [31], prioritizing the
smoothness of hand and actuating forces [32]. Thus, we expected a strategy that would avoid
extensive spring deflections and rapid direction changes to ensure low forces and smooth
curves. Hence, BL2 commanded a sine wave at a frequency much lower than the predicted
NNM frequencies such that motor link speed synchronizes with both pendulum links and
avoids spring deflections. Finally, BL3 was a bang-bang controller. This strategy can model
arm reaching motions following a minimum acceleration with constraints principle [33] and
match the muscle activations in this motion [34]. Previous studies also suggested this approach
to excite eigendynamics [35], later adapted for robot applications [36]. This robotic controller
was used to model BL3 in the experiments.

To quantify the participant performance and compare it with BL1-3, four metrics were
defined. First, the achieved target hit scores were determined as a measure of successful task
execution and precision. Second, the oscillation frequency fo of the excited pendulum was
assessed as an apparent indicator of resonant behavior. Third, we introduce the mode metric n
to quantify how close the excited pendulum motions through the participants and BL1-3 were
to the respective NNM. It was expected that the pendulum motions in the experiment would
not congruently match the ideal NNM path, since the NNM computation can only be per-
formed for energy-conservative systems [27]. However, in the experimental settings, joint fric-
tion had to be added to the pendulum models to require a control input to be evaluated.
According to our hypothesis, humans would intuitively stabilize the damped system on a tra-
jectory close to the NNM if the intrinsic dynamics was exploited. Thus, the lower the mode
metric value 7, the closer the excited pendulum motion to the predicted NNM trajectory. The
metric was derived from the time-independent method of Dynamic Time Warping (DTW)
[37, 38] to allow joint trajectory comparisons for varying oscillation frequencies. Finally, we
juxtapose the joystick motion translating to the motor link trajectory 6 to the pendulum link
paths g;. Specifically, the deflection ratio p = max(6)/max(q;) and phase lag ¢ between these
two links were analyzed since a high amplitude difference and a lag value of 7 characterize reso-
nant behavior in linear systems [39].
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Results
Experimental setup and variations

For each of the tested pendulum configurations P0, P90 and P45 (Fig 1C), the respective NNM
was computed to characterize the intrinsically preferred system motions for the conservative
case. For details on the NNM computation, refer to the method section. For the pendulum
configurations PO and P90, the locations of the targets balls that had to be hit were determined
by the turning points of the NNM trajectories taken as reference (Fig 1C). For P45, the targets
were purposefully arranged off the NNM trajectory. Each hit of the targets was rewarded with
a point, motivating the participants to achieve a high score. No point was awarded if the sec-
ond pendulum link did not reach the targets (undershoot) or swung through it (overshoot).

Three individual experiments were carried out, each focusing on a different research aspect.
Experiment 1 should identify the underlying human control strategy to excite nonlinear reso-
nance in the PO and P90 pendulum, where targets aligned with the NNM. Each pendulum con-
figuration appeared four times in random order. In each trial, the participant had 40 s for the
task to achieve as many hit points as possible. Experiment 2 assessed the robustness of the
identified strategy by dividing participants into two groups: one with decreased target radius
(J ;) and one with increased pendulum link mass (T #,). The task and trial time remained the
same, but participants were informed of the changes and had a short break to recover. Still,
each pendulum configuration appeared four times in random order. Finally, Experiment 3
tested with the third pendulum configuration P45 if and how the human control strategy
would change when the targets were not located on the NNV, i.e., not aligned to the intrinsic
system trajectory. To avoid biasing the participants’ control strategy, they were left unaware
whether the targets were co-located with the NNM (Exp. 1) or not (Exp. 3). Thus, the trials of
Experiment 3 were randomly shuffled in with the trials of Experiment 1, appearing as a third
pendulum configuration with the same task and trial time. This also aided to limit learning
effects by avoiding to present one pendulum configuration exclusively in sequence.

Experiment 1

Experiment 1 tested whether human resonance sensitivity extends to nonlinear dynamics,
such that they intuitively excite intrinsically preferred motions. Using the introduced metrics,
the motions excited by the participants (n = 20) over all encountered trials in the PO and P90
pendulum were compared to the performance of BL1-3 to identify the approach underlying
the human controller.

Task success. While the individual hit score was of secondary interest, it validated the par-
ticipants’ overall ability to complete the task successfully. In both pendulum configurations P0
and P90, most swings resulted in a counted hit with comparatively few swings having too
much (overshoot) or too little (undershoot) energy (Tables 1 and 2). On average, participants
scored 158 + 15 hits with the extended PO pendulum, achieving an 82% accuracy relative to the
ideally achievable score of the NNM. With the flexed P90 configuration, participants averaged
209 + 9 hits, translating in an even higher accuracy of 92%. The maximally achievable hit
points with the resonance frequency was 192, while BL3 could achieve 241 hits and BL2 only
99 hits. The fact that the participants were closest to this score, even though a higher number
would have been achievable with BL3, could suggest an initial similarity between the partici-
pant approach and BLI.

Oscillation frequency. According to our hypothesis, we expected that humans would
intuitively excite and stabilize the pendulum systems close to their respective eigenfrequencies
Sres(po) = 0.78 and fres(pooy = 0.93Hz, which was thus used for BL1. The average oscillation
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Table 1. Overview of the evaluated metrics for the PO configuration.

PO [Hz] mode metric deflection ratio phase lag hits over-shoot under-shoot
Josc n p = ol ¢

NNM 0.78 0 0 - 192 -

BL1 0.78 13.46 0.11 0.437 192 - -

BL2 0.39 38.38 0.72 0 99 -

BL3 0.98 40.37 0.55 0.867 241 -

Exp.1 0.77 14.34 0.14 0.437 158 9 12

(n=20) (£ 0.03) (£ 1.64) (+0.04) (+0.16m) (+15) *7) (£9)

Exp.2 (| 1) 0.75 14.92 0.15 0.2971 139 15 15

(n=10) (+0.03) (+1.64) (+0.04) (+0.137) (x19) (+12) (5)

Exp.2 (T m,) 0.53 6.14 0.14 0.587 110 7 5

(n=10) (£0.02) (£1.77) (£0.04) (£0.22m) (£7) (+4) (£4)

NNM(T ms,) 0.52 0 0 . 131 . .

https://doi.org/10.1371/journal.pcbi.1011478.t001

Table 2. Overview of the evaluated metrics for the P90 configuration.

P90 [Hz] mode metric deflection ratio phase lag hits over-shoot under-shoot
Jose n p = il ¢
NNM 0.93 0 0 - 228 - -
BL1 0.93 28.58 0.14 0.397 228 - -
BL2 0.46 54.61 0.73 0 117 - -
BL3 1.21 73.27 0.7 0.77n 299 - -
Exp.1 0.92 22.19 0.17 0.44m 209 2 6
(n=20) (+0.04) (+2.07) (% 0.03) (0.16m) (+9) (+2) (+8)
Exp.2 (| ) 0.87 24.17 0.20 0.287 190 4
(n=10) (£0.06) (£3.99) (+£0.07) (£0.157) (£13) (x4) (£8)
Exp.2 (T m,) 0.65 27.22 0.17 0.5971 149 2 4
(n=10) (+0.06) (+£6.54) (£0.04) (+0.16m) (£7) (£2) (+4)
NNM (] m,) 0.64 0 0 - 160 - -

https://doi.org/10.1371/journal.pchi.1011478.1002

frequency participants excited was 0.77 + 0.03 Hz and 0.92 + 0.04 Hz for PO (Table 1) and P90

(Table 2), respectively. The statistical comparison showed no significant difference to the ideal
fres (PO: t(19) = —1.23; p = .23, P90: £(19) = —1.20; p = .25), indicating that the participants intui-
tively matched the pendulum eigenfrequencies. Comparing with BL2 and BL3 showed strongly
significant differences with all p-values p < 0.001 (Table C in S1 Table).

Mode metric. Although it was possible to hit the targets with all tested baseline strategies
(Fig 2, left), differences in the excited trajectories become apparent in joint space (Fig 2, middle
and right). The mode metric quantifies these differences by computing the distance to the
ideal NNM, as summarized in Tables 1 and 2. In a conservative case with a static motor link
and one of the target locations as the initial position, the mode metric 7 would be zero. How-
ever, since friction was added in the experimental setup to require control, no exact overlay
with the ideal NNM was expected, neither for the participant data nor the baseline strategies.
Instead, a low mode metric suggests closer proximity of the excited pendulum motion to the
ideal NNM.

For the PO configuration, the mode metric resulted in 7(P0) = 14.34 + 1.64. For the P90
configuration, 7(P90) = 22.19 + 2.07 was calculated. Comparing these values with the mode
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Fig 2. Differently excited pendulum motions. Compared are the pendulum motions excited by the baseline strategies BLI-3 with the system’s
conservative NNM (solid black) and the averaged participant data (dashed black) for the (A) PO and (B) P90 pendulum configuration. The resulting
motions are shown in Cartesian space (left) and joint space, comparing positions (middle) and velocities (right).

https://doi.org/10.1371/journal.pchi.1011478.9002

metric of BLI-3 (Tables 1 and 2) shows that the averaged participant data and BLI achieved
the lowest values. This indicates that these two approaches excited pendulum motions closest
to the conservative NNM, which becomes visually apparent when overlaying the participant
data with BL1-3 in Fig 2 (red and dashed black). To test this similarity statistically, the differ-
ence of the n-values between the participant data and BL1-3 was compared against zero. It
shows no significant difference for n(P0) (£(19) = 2.05; p = .053). However, n(P90) indicates a
significant difference between the two strategies (#(19) = —13.4; p < .001). Thus, although for
PO, we cannot reject the hypothesis that BLI underlies the human strategy, the difference in
P90 could suggest that the human controller might be more sophisticated than the BLI-sine to
excite intrinsic system dynamics. Comparing the difference between the participants’ n-values
and BL2-3 against zero shows strongly significant differences (all: p < 0.001, Table C in S1
Table). Thus, it can be rejected that participants apply an excitation strategy similar to BL2-3.
Handle motion. In the conservative case, the NNM characterizes a motion that the sys-
tems intrinsically follow when deflected from the correct initial position. This assumes the
motor link is static at 8 = 0. In the experiment, friction was added to the system so that the par-
ticipants had to continuously inject energy into the system by moving the motor link. Never-
theless, if the intrinsic dynamics are exploited, the motor link amplitude should remain small
compared to the pendulum deflection. Plotting 0 against g, for PO and P90 over one period
(from target to target) validated this expectation (Fig 3, left). On average, the first pendulum
link g; moved 1.81 + 0.04 rad = 103.73 + 2.74°, while the motor link 8 had a maximum deflec-
tion of 0.26 + 0.06 rad = 15.12 + 3.47° for P0. Similar differences between ¢q; (1.88 £ 0.11
rad = 107.54 £ 6.50°) and 6 (0.32 £ 0.06 rad = 18.71 + 3.49°) show for the P90 configuration.
Relatively, this means that the motor link was only moved 14% and 17% of the first pendulum
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Fig 3. Overlay of excited pendulum trajectories in Exp. 1. Each light-colored line corresponds to the trial average of an individual participant with (A)
PO and (B) P90. The left plot visualizes the applied joystick motion, i.e., motor link 6 (red) and first pendulum link g, (blue) over one period (target to
target) comparing the averaged participant data (dashed) to BLI (solid). The middle and right plots show the respective trajectories in position and
velocity space compared to the NNM trajectory.

https://doi.org/10.1371/journal.pchi.1011478.9003

link trajectory for P0 and P90, respectively. The observations were similar for BLI applying a
sine wave with the computed resonance frequencies. The trajectory length of the motor link
was 11% and 14% of the path traveled by the first pendulum link for PO and P90, respectively.
Both BL2 and BL3 had to deflect the motor link much more to achieve a pendulum amplitude
that hit the targets (Tables 1 and 2). Thus, the participant strategy appears closest to BL1, but
the P90 configuration reveals a difference: Instead of oscillating the pendulum around the
zero-equilibrium of the first spring k;, the handle oscillated around —0.13 rad = —-7.44°, thus
changing the first entry of the equilibrium position g.q (Fig 3B, left).

The averaged participant data indicated an overall phase lag of 0.437 + 0.167 for PO and
0.447 + 0.167 for P90 (Fig 3). Comparing these values to the baseline strategies (Tables 1 and
2), they show no significant differences to BL1 (P0: #(19) = —-0.16; p = .88, P90: #(19) = 1.30; p =
.21), while BL2-3 both are significantly different (all: p < 0.001, Table C in S1 Table). Never-
theless, the large standard deviations indicate that the individually applied phase lag varied
widely. For the extended pendulum PO, the individual phase lags were found to be between
0.157 and 0.707, while in the flexed P90 configuration, the values varied between 0.21 — 0.747.
To investigate whether the individually chosen phase lag of the participants influenced their
performance, we relate it to the achieved hit score (Fig 4A) and the determined mode metric
value per participant (Fig 4B). Comparing the phase lags with the respective hit scores shows
positive trend lines for both pendulum configurations (Fig 4A). Computing the Pearson corre-
lation between the two variables shows indeed a significant correlation for P90 ((18) = .59; p =
.007), but no significance for PO (r(18) = .37; p =.10). The comparison with the mode metric
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https://doi.org/10.1371/journal.pcbi.1011478.9g004

shows a significant correlation for PO (r(18) = —.66; p = .001), indicating that larger phase lags
might achieve lower n-values. This significance could, however, not be found for the P90 pen-
dulum (r(18) = .13; p = .58). Sorting the individually applied phase lag per participant for the
two configurations PO and P90 (Fig 4C) reveals that all participants were relatively consistent
in their excitation strategy, meaning the applied phase lags for both pendulum configurations
were in a similar range per participant.

Experiment 2

Two variations to the original experiment were applied to assess the consistency of the partici-
pants’ control strategy. While for half of the participants, the target radius r, was decreased, the
other half experienced an increased second link mass m, (n = 10).

Although decreasing the target radius led to a higher precision requirement, the partici-
pants’ hits only slightly decreased for both pendulum configurations (Tables 1 and 2, Exp.2: |
r). The scores remained closest to the achievable BLI points and resulted in hit rates of 0.72%
(P0) and 0.83% (P90) compared to the ideal NNM motion. The associated frequencies of the
excited pendulum oscillations also slightly decreased to 0.75 £ 0.03 Hz and 0.87 + 0.06 Hz for
PO and P90, respectively. Comparing with the ideal eigenfrequencies applied by BLI showed
significant differences for both configurations (P0: #(9) = —4.44; p = .002, P90: t(9) = -3.58; p =
.006). Interestingly, no significant differences were found with BL1I for the mode metric in
both pendulum configurations, suggesting that the excited pendulum trajectories were still
close to the ideal NNM (Fig 5, middle and right). The overall handle motion to excite the sys-
tems also appeared consistent with the previous observations (Fig 5, left). The deflection ratio
p between 6 and q; still indicated that the handle was moved little compared to the excited pen-
dulum amplitude, but the averaged phase lag ¢ showed a slight decrease. Both metrics were
significantly different for PO, but not for P90. Detailed statistics are reported in Table D in the
S1 Table. Thus, the acquired metrics suggest that participants still excited intrinsic pendulum
dynamics, but the difference in oscillation frequency and phase lag indicate a change in the
control or system.

Increasing the second pendulum link mass m, in the second experiment variation alters
the system dynamics, necessitating the recomputation of the respective NNM. The NNM fre-
quencies of the altered conservative systems then shift to 0.52 Hz and 0.64 Hz for PO and
P90, respectively (Tables 1 and 2, NNM(T m,)). Consequently, the maximally achievable hit
score of the NNM decreased. Compared to these new ideal scores, participants achieved hit
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Fig 5. Pendulum trajectories of Exp. 2 with decreased target radius (| r,). Light-colored lines show the averaged trials per individual participant and
the overall averages are dashed for (A) PO and (B) P90. The left plots compare the red motor link motion 0 to the first pendulum link g; (blue) per
period. Middle and right plots compare the respective trajectories in position and velocity space with the NNM.

https://doi.org/10.1371/journal.pchi.1011478.g005

rates of 0.88% (P0) and 0.98% (P90), outperforming Experiment 1. As expected, the partici-
pants remained sensitive to the resonance frequencies and intuitively excited the pendulum
systems with 0.53 + 0.02 Hz and 0.65 + 0.06 Hz. showing no significant differences with the
ideal eigenfrequencies in PO and P90 (Table D (red) in S1 Table). The mode metric compar-
ing with the newly computed NNM validates that the participants excited the intrinsic
dynamics similarly well as seen in Experiment 1. The very low n-value for P0 even indicates
that the stabilized orbit was closer to the ideal NNM (Fig 6). Again, the applied handle
motion was similar in the relative amplitude differences for both pendulum configurations
but varied in the phase lag ¢.

Experiment 3

Experiments 1 and 2 demonstrated that the resonance sensitivity of humans extends to nonlin-
ear systems, even when system or precision requirements change. However, in these experi-
ments, the required oscillation task aligned with the intrinsically preferred pendulum motions,
i.e., the targets coincided with the turning points of the ideal NNMs. Since such alignments are
uncommon in everyday scenarios, we conducted an additional experiment with all partici-
pants (n = 20) to explore how humans excite a nonlinear system when the task and intrinsic
dynamics are not aligned. This experiment was carried out with the P45 pendulum, where g.q
= (0, 45)°. The target balls for this configuration did not coincide with the turning points of
the system’s NNM but were arranged on a radius between the P0 and P90 targets (Fig 1C,
yellow).
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Fig 6. Pendulum trajectories of Exp. 2 with increased link mass (T m). Light-colored lines show the averaged trials per individual participant and
dashed are the overall averages for (A) PO and (B) P90. The left plots compare the red motor link motion 6 to the first pendulum link g, (blue) per
period. Middle and right plots compare the respective trajectories in position and velocity space with the NNM.

https://doi.org/10.1371/journal.pcbi.1011478.9006

Although the targets were not aligned with the NNM, the participants could still achieve a
hit rate of 85%, thus lying in between the rates achieved with the PO and P90 configurations.
The participants intuitively excited an oscillation at 0.81 + 0.02 Hz (Table 3), which was not
significantly different from the determined NNM eigenfrequency of 0.82 Hz (#(19) = -2.04,
p = 0.06). However, the mode metric of the participants and BL1-3 indicate that the excited
pendulum motion had a much larger distance from the ideal NNM trajectory, which was
expected since the targets were not located on the turning points of the NNM (Fig 7, middle
and right). The difference between the participants’ n-values and BLI-3 showed to be signifi-
cantly different from zero for all cases (all: p < 0.001), indicating the participant strategy was

Table 3. Overview of the evaluated metrics for the P45 configuration.

P45 [Hz] mode metric deflection ratio phase lag hits over-shoot under-shoot
Jose n p= n’:‘;’;?) ¢

NNM 0.82 0 - - 203 - -

BL1 0.82 72.96 0.12 0.497 203

BL2 0.41 84.62 0.76 0 104

BL3 1.05 82.09 0.66 0.85m 259 -

Exp.3 0.81 71.84 0.14 0.45m 172 6 11

(n=20) (+0.04) (+1.33) (+0.03) (+0.147) (+13) (+5) (+11)

NNM(T &) 0.88 0 . . 217 B B

https://doi.org/10.1371/journal.pchi.1011478.t003
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Fig 7. Excited pendulum trajectories of Exp. 3 with the P45 configuration. Light-colored lines show the average data over all trials per individual
participant. The left plots compare the red motor link motion 6 to the upper pendulum link coordinate g, (blue) cut by period (target to target). The
middle and right plots show the respective trajectories in position and velocity space, compared to the NNM of the original pendulum system (black
solid) and a system where the upper spring stiffness was altered to k; = 6 N- m rad™" (yellow).

https://doi.org/10.1371/journal.pcbi.1011478.9007

closer to the NNM than any baseline strategy. The applied motion to the motor link neverthe-
less proposed that the overall control approach of the participants was consistent with the ones
seen in the previous experiments, as the deflection ratio p and the phase lag ¢ remained in a
similar range as observed in Experiment 1 (Fig 7, left). Compared with BL1I, no significant dif-
ference was found for the phase lag (#(19) = —1.25, p = 0.23), suggesting the participant strategy
is still most similar to BL1. All statistics are summarized in Table E in S1 Table.

In an attempt to understand how participants were still able to hit the targets, we consider
that participants might have stiffened their wrist muscle tension influencing the upper spring
k;. To test this hypothesis, the original participant data is also compared with the recomputed
NNM of an alternative P45 pendulum with k; = 6 N m rad "', for which the turning points of
the NNM are within or at least close to the target locations. This altered system’s NNM appears
closer to the excited pendulum motions of the participants (Fig 7), quantified by a lower mode
metric of n(T k;) = 31.91 + 1.16. This value is closer to the n-values of PO and P90 (Tables 1 and
2). However, the computed eigenfrequency for this changed system would be 0.88 Hz, which
is faster than the motions the participants excited.

Discussion

Three experiments were performed to examine whether human resonance sensitivity extends
to nonlinear systems. Participants interacted with a haptic joystick to command a virtual com-
pliant double pendulum, exhibiting dynamics similar to a human limb. The task was to excite
the pendulum systems to alternately hit two targets as often as possible. Three pendulum con-
figurations were tested, determined by the set equilibrium positions of the second spring k.
The excited pendulum motion could be compared to the intrinsic dynamics of the nonlinear
system, characterized by the nonlinear normal mode (NNM). These NNMs describe periodic
orbits that conservative nonlinear systems intrinsically follow when initial conditions are cor-
rectly chosen. They can be determined with a newly developed mode tool [29, 30]. Investigat-
ing the excited frequency and the distance from the intrinsic ideal NNM provided evidence
that humans are sensitive to resonance even in nonlinear systems and exploit their inherent
dynamics when possible.
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Human sensitivity to resonance and nonlinear normal modes

The pendulum motions excited by the participants support our hypothesis that humans are
sensitive to resonance even in nonlinear systems. Intuitively, participants excited the numeri-
cally predicted eigenfrequencies of all pendulum configurations although a higher hit rate
would have been achievable using control strategies driving faster oscillations, e.g., a bang-
bang strategy BL3 (Tables 1-3). Instead, all participants applied a continuous control input 8
of small amplitude to the haptic joystick, which was overall most similar to BLI. At the correct
frequency, this input excited resonant system behavior, indicated by the much larger output
amplitude of the pendulum links compared to the input motor link. Moreover, not only was
the resonance frequency matched, but the participants stabilized a periodic orbit close to the
ideally predicted NNM (Fig 2) as quantified by the small values of the mode metric. The signifi-
cant difference of this metric for P90 could suggest that the human control signal is more
sophisticated than the simple sine-wave commanded by BLI. Thus, it is a non-trivial observa-
tion that humans appear sensitive to resonance frequencies and the matching input shape
alike, both of which appear important to stabilize intrinsic system motions.

Humans might intuitively excite systems at their resonance frequency, similar to BLI due
to several factors. It has been shown that system behavior is easier to predict for humans when
moving at its intrinsic frequency [7, 8]. Thus, exciting resonance likely requires less sensori-
motor information processing [16], reducing the effects of sensorimotor delays [40]. This
seems to make predictability a prioritized control objective during rhythmic movement tasks,
even if this entails higher forces and less smooth trajectories [17]. The priority of predictability
and stability [17, 20, 41] is supported by our experimental data by showing significant differ-
ences between the participant data and BL2 and BL3. Although BL2 would have led to
smoother force curves due to the aligned motion of the motor and pendulum links, partici-
pants did not choose this strategy. Likewise, despite the higher hit score achievable with BL3, it
did not characterize the participant control approach. Both of these possible control objectives
seemed to be sacrificed for the more predictable resonant oscillations excited with a control
approach most similar to BLI (Fig 2).

It needs to be mentioned that during the initial training period before the experiment, par-
ticipants applied slower, more careful motions. This strategy showed some resemblance to the
congruent motion pattern of BL2. However, this strategy was most likely not applied to mini-
mize forces but to estimate the system dynamics of the interacted pendulum object. Since suffi-
cient feedback was provided and we purposefully chose a system with dynamics familiar to
humans, all participants could quickly adjust their internal system model [9-11, 42] and pre-
dict the system’s behavior. After this initial training phase, the participants’ strategies did not
appear to improve or change further during the trials. Therefore, the effects of learning were
not specifically investigated in this research but are expected to become more important in
future studies when humans interact with objects with more unfamiliar behavior.

Motor control strategies to excite nonlinear resonance

For the averaged participant data, the motor link amplitude and its phase lag to the pendulum
links closely matched the input signal shape commanded by BLI (Fig 3, left). Both display low
deflection ratios and phase lag values near 0.57, consistent with known input-output relation-
ships seen when exciting resonant behavior in linear systems [39]. However, ideally, the first
pendulum link was expected to always oscillate around its equilibrium position at ., = 0,
which is realized when the mean 6 position coincides with the defined g;-origin (Fig 8A-8C).
This expectation was met in the PO configuration, but the P90 experiments revealed a slight
shift of the mean motor link position towards the right ball for all participants (Fig 3B, left).
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Recalculating the NNM for the shifted P90-equilibrium of g.q = (=7.44, 90)° shows neither a
notable change of the eigenfrequency nor the shape of the NNM for the tested energy level.
Therefore, the consistent handle shift among participants was most likely not applied to alter
dynamics behavior but might have been triggered through visual cues. Visually, the flexed
pose of the P90 pendulum appears closer to the left target, although the second link tip is cen-
trally aligned between both targets (Fig 1C, orange). This might have distorted the perceived
symmetry of the participants and caused the slight handle shift to the right to compensate for
this feeling. Future research should investigate the specific impact of visual cues on human
abilities to excite nonlinear dynamics with the presented methods.

Another distinction between the participant data and BLI emerges when examining the
individual 8-curves of the participants: While the phase lag of the averaged participant trajec-
tory applied to the motor link aligned with that of the BLI input trajectory (Tables 1-3), the
individually observed phase lag values varied between 0.27—0.77 (Figs 3 (left) and 4). These
values differ clearly from the optimal phase shift value of 0.57 that characterizes resonant
behavior for a forced oscillation in linear systems [39]. Nevertheless, the consistently low
deflection ratios and excited pendulum oscillations at the predicted eigenfrequencies across all
participants indicate that resonant behavior was still triggered in all double pendulum configu-
rations (Tables 1-3). This suggests that intrinsic elasticities of nonlinear systems can be
exploited in more diverse ways, which aligns with recent research showing that resonance of
nonlinear modes can be discovered for phase shifts different from 0.57 [43]. Although partly
significant correlations between the phase lag and the achieved hit score or mode metric could
suggest that the participant performance was dependent on the phase lag, the data is overall
not strongly conclusive in this regard. For example, participant 2 applied with 0.6, a value
close to the expected linear phase lag. Nevertheless, this participant achieved a comparatively
low hit score and excited a pendulum motion further from the NNM than participants with
similar lag values accomplished. In contrast, participant 5 applied a motor motion that only
lagged 0.367 behind the pendulum motion and still had a relatively high hit score and low
mode metric value. It is noticeable, however, that although the applied phase lag varied among
the different participants individually, most users were consistent in their choice. This means
that when the observed phase lag was low for the PO pendulum, it was in a similar value range
for that same participant with P90 (Fig 4C). Thus, it appears that no specific phase lag value
was superior to excite resonance in the investigated nonlinear systems. At least for the
regarded low friction case, the timing of energy injection into the system seemed to be of
minor importance and did not determine the task performance. Instead, different phase lag
values could successfully excite system resonance, suggesting that the applied strategy might
depend more on the individual participant skills and possibly their internal system model.

Additionally, it appeared that the applied motor link motion of most participants shortly
plateaued when the pendulum link crossed the equilibrium position g, = 0 (Fig 3). This indi-
cates that the participants held the joystick handle steady for a moment when it was overtaken
by the pendulum link, which was observable independent of the applied phase lag. With this
feature, the individual control input of the participants appeared to be more complex than the
simple sine wave shape of BL1.

It would be interesting to investigate further the influence of phase lag and the dedicated
control signal shape in future research. To do so, systems with different levels of friction could
be presented to the participants, so that the input trajectories need to be chosen more carefully
to support intrinsic oscillations. Thereby, it might be possible to determine if an overall pre-
terred phase lag emerges and if the human input curve might become more noticeably
nonlinear.
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Human adjustments shaping resonance to accommodate tasks

The variations in Experiments 2 and 3 highlighted how robust the participants were in choos-
ing and applying the already discussed overall control strategy similar to BLI.

Without added training time, participants accomplished the task in Experiment 2 when the
pendulum system’s second link mass m, was increased. Although the mass change altered the
system behavior, the new intrinsic dynamics was intuitively excited, and the achieved hit rate
was in the same range as with the initial parameters. For the second variation of Experiment 2
with decreased target size r;, participants appeared consistent with their applied control strat-
egy. The mode metric 77 only increased slightly for both pendulum configurations, indicating
the excited pendulum motions remained close to the predicted NNM path (Fig 5). However,
the excited frequencies in PO and P90 were slightly but significantly lower than the predicted
eigenfrequencies. Moreover, the hit scores slightly decreased with comparatively more error
attempts compared to the original target size of Experiment 1 (Tables 1 and 2: overshoot,
undershoot).

To understand how the oscillation frequency could be lowered while the mode metric sug-
gests still close proximity to the ideal NNM, the hand-joystick interaction of the participants is
considered. The close match of the eigenfrequencies and low n-values in the previous experi-
ments suggested that participants maximally stiffened their wrists when holding the joystick
handle. This best mimics the idealized condition of the conservative systems, where the motor
link was static at 8 = 0. However, changing the wrist stiffness could alter the coupled system
dynamics [19]. Although, the human arm stiffness was not specifically considered in our
experiment, a very rough approximation of such stiffness change can be made by assuming a
changed stiffness for the first system spring k;. Since the human arm and this spring act in
series, it can be assumed that lowering the wrist stiffness would lower the overall stiffness seen
by the first pendulum link, such that changing k; can be used to gain first insights. A more
detailed modeling would exceed the scope of this paper, but will be considered for further
research. Here, we simply recalculated the NNM of the pendulum systems with slightly
decreased first spring stiffness k; =4.75 N m rad™". This results in eigenfrequencies of fespo) =
0.758 Hz and fies(pooy = 0.90 Hz, showing no significant difference to the frequencies excited by
the participants to reach the targets with decreased radius (P0: ¢(9) = —1.55; p = 0.16, P90: t(9)
= —1.94; p = 0.06). Simultaneously, the NNM:s trajectories with the altered stiffness only
changed marginally, which explains why 7 remained low. In this way, the participants could
slow down the system and still exploit the intrinsic dynamics to hit the targets. Theoretically,
this observation is counter-intuitive, as ideally matching the NNM should result in a perfect
score as long as the targets are arranged on the turning points of the brake orbits. However, it
is likely that participants intuitively preferred slower system oscillations for increased task dif-
ficulty as suggested by Fitt’s Law [44]. Thus, by softening their wrist stiffness, participants
might have subconsciously shaped the system dynamics to better fit their preferences. A simi-
lar method is also applied for robotic motion control. Based on the concept of controlled
Lagrangian [45], the robot controller slightly changes closed-loop dynamics of the system to
match desired tasks.

Similarly, participants might have shaped the system dynamics to complete the task in
Experiment 3, where the turning points of the NNM and the target locations did not coincide.
Computing the NNM with an altered spring stiffness k; = 6 N m rad™"' could suggest further
stiffening of the hand-joystick connection. In this way, the turning points of the altered NNM
lie again within or at least close to the targets such that humans can better exploit the system
elasticities. This is supported by the lowered 1 value for the NNM of the altered system (Fig 7,
yellow). However, examining the oscillation frequency excited by the participants contradicts
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this idea (Table 3). Participants appeared to excite the eigenfrequency of the original NNM,
not the one of the system with increased k; stiffness. Thus, further experiments, including
EMG measurements, will be necessary to investigate this hypothesis explicitly.

Nevertheless, the experiments suggest that humans are not only sensitive to exciting the
physically inherent system dynamics but might also intuitively shape the dynamics of the cou-
pled human-object system. They might modify system dynamics to better match a given task,
possibly by adjusting their arm stiffness. This highlights the fundamental significance of reso-
nance sensitivity in humans, which extends beyond object interactions to intentionally
leveraging human body dynamics [2, 46, 47]. Even in social interactions, humans subcon-
sciously entrain, e.g., to the step patterns of other humans while walking [48]. Humans may
have evolved such a strong sensitivity to resonance because controlling resonant, and thus
more predictable, motions could demand less mental and physical effort. Reducing energy
needs is suggested as an essential factor for the evolution of human (loco)motion control strat-
egies [49-51].

Conclusion

For the first time, the presented research could provide data-based evidence that human res-
onance sensitivity extends to object interactions with nonlinear dynamics. The contribution
of this research is twofold: first, we introduced methods that expand analysis options for
human interactions with nonlinear systems. Second, the findings advance existing insights
about human motor control strategies and their flexible adaptation to best suit a given task.
Although interactions with more system variations should be investigated in the future, the
experiments highlighted the fundamental importance of resonance for humans and their
capabilities to excite it. Therefore, this research contributes to identifying underlying mecha-
nisms driving human motion planning and control, especially during the excitation of peri-
odic motions.

Methods
Ethics statement

The experimental human user study was approved by the Institutional Review Board of the
German Aerospace Center. It included 20 right-handed participants (12 male, 8 female, 21-45
years). Prior to the experiment, the procedure and objectives of the study were explained to all
participants, and written informed consent was obtained.

Nonlinear modes of a compliant double pendulum

It is known that chaotic systems, like the well-known example of the double pendulum in grav-
ity, exhibit quasi-periodic behaviors [52]. Some of these periodic orbits can be stabilized, e.g.,
through synchronization [53]. When paired with a dissipative system, chaotic controllers also
demonstrate the ability to automatically entrain to the system through feedback resonance
[47]. Extending this knowledge, recent advances showed that it is further possible to discover
intrinsic periodic orbits of chaotic systems methodologically [28]. Using algebraic topology
and differential geometry, the intrinsic dynamics of a nonlinear system can be analyzed, estab-
lishing three classes of periodic orbits: 1) toroidal orbits, 2) disk orbits, and 3) brake orbits.
The latter category is especially interesting for the analysis of human interactions as they are
an extension of normal modes known in linear systems [27, 28]. Research with simple linear
systems has shown that humans are sensitive to such eigenmodes [21, 22] and might even
apply the concept to control their own body [46, 47].
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To introduce the concept of nonlinear normal modes (NNMs), we start from a simple lin-
ear case of a compliant pendulum system swinging horizontally, i.e., without gravitational
influence. The pendulum link of length /; has the mass m; concentrated in the link’s center
and a rotational, linear spring with stiffness k; that exerts forces relative to the joint’s equilib-
rium position geq = 0 (Fig 8A). The dynamics of this simple system can be described with

M(q)4 +C(q.9)9 + K(q —q,) =0, (1)

where M(q) represents the mass matrix, C(q, q)q contains the Coriolis and centrifugal forces,
and K is the stiffness matrix. For the single pendulum, the equation simplifies to C =0, K=k,
and the mass matrix M reduces to the scalar link inertia J;, = m, [ for the case that all the
mass m; is concentrated at the center of the link of length . The system will naturally oscillate
at the constant (eigen-)frequency [23, 24]w:

0=4/=. (2)
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Fig 8. Overview of pendulum kinematics and NNMs. (A) Schematic simple pendulum with the link-centered mass 7, and a rotational spring with
stiffness k; in its origin. The spring equilibrium is set to the origin (dotted line) of the link angle q; (geq = 0). Adding a second link with mass m,
through another spring of stiffness k, leads to a double pendulum, where the second link angle g, is defined relative to the first link. While the spring
equilibrium at the first link always remains zero, different pendulum configurations can be defined by changing the equilibrium position of the second
spring to either describe (B) a fully extended pendulum P0 with g.q = (0, 0)° or (C) a flexed pendulum P90 with Qeg, = (0,90)°. (D) Computing the
nonlinear normal modes (NNMs) for the double pendulum configuration P90 reveals two modes, M1 and M2. A generator collects the turning points
for the brake orbit oscillation on each energy level. The specific trajectory of the first mode for an energy level of E = 2.5 J is highlighted as an example.
(E) Increasing energy changes the period times for both modes of the considered double pendulum system.

https://doi.org/10.1371/journal.pcbi.1011478.9g008
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Connecting a second link of length I, and mass m, to the single pendulum through another
spring of stiffness k, results in an elastic double pendulum, where K = diag(k, k). Using
Lagrangian formalism, the equations of motion for the flexible double pendulum can be
derived in the form of (1).

Assuming the links’ masses are concentrated in their centers, the mass matrix of the double
pendulum reads

L+ + ilQ(ml + 5m, + 4m, COS(%)) L+ ilQmQ(l +2 COS(%))

M(q) = .3
L+ i12m2(1 +2 COS(%)) imle +,

and the energy E = T + V consisting of the kinetic energy T and potential energy V'is

Blg.4) = a'™M(@)d + (4~ 4,)'K(a - a,). "

kinetic energy potential energy

For the compliant case, changing the spring equilibrium leads to different configurations of
the double pendulum with varying dynamics, e.g. geq = (0, 0) shown in Fig 8b or gcq = (0, 71/2)
in Fig 8C. In contrast to linear normal modes, NNMs cannot be derived analytically from the
equations of motion but need to be explored numerically [54]. To do so, the system is first line-
arized around the stable equilibrium (q, q) = (q.,, 0):

= 82Vv(qeq) ~
0= M(qeq)q + T‘f‘] ) (5)

where g = q — q,,. Decomposing this linearized system results in two oscillators with the fre-
quency w; and w,, respectively. The modes evolve along the respective eigenvectors v; and v,,
which follow the superposition principle for the linear case. For very small energies, these
assumptions hold approximately true even in the nonlinear system, leading to periodic orbits
with exactly two turning points. Between these points, the system performs rest-to-rest
motions without deviation and without exhibiting chaotic behavior. This modal oscillation is
denoted brake orbit. When increasing the energy level, the orbits of the NNM evolve nonli-
nearly, and the linearized assumptions no longer hold. Nevertheless, the two turning points
can be slightly adjusted so that another periodic orbit emerges for every energy level. The
adjustments needed can be made by applying numerical continuation methods. Starting from
the linearized case for a minimal energy level, the energy is increased in small steps to find the
next two turning points from which a stable brake orbit emerges. The collection of turning
points that evolved from the i-th linearized mode leads to a continuous family of brake orbits.
This family is considered as the i-th nonlinear normal mode. Summarizing the turning points
in a function parametrized by the energy E defines a generator G,(E) for every mode i. Initializ-
ing the system on G,(E) with zero velocity will always result in a periodic orbit that oscillates
between the two found turning points. Since the brake orbit trajectories change for different
energy levels, the period time T varies with energy, such that

q(0) = G,(E) q(0)=0
q(t) = q(t + T,(E)) q(t) = q(t + T,(E))
To apply the described procedure to arbitrary systems, our group has developed a mode tool

[29, 30] that carries out the numerical continuation to obtain the NNM. To demonstrate the
procedure, we specifically employ this tool to the double pendulum case for g.q = (0, 90)°
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Table 4. Parameter values of experimental double pendulum configurations. Only for a variation of Experiment 2,
the second link mass m, was increased to 0.625 kg.

first link second link unit
I 0.5 I, 0.5 [m]
m; 0.5 my (T my) 0.25 (0.625) [kg]
k 5 k» 3 [N m rad™']

https://doi.org/10.1371/journal.pcbi.1011478.1004

(Fig 8C). Starting from the linearized assumptions in (5), two NNMs, M1 and M2, can be
developed for the system, which is visualized in Fig 8D in cyan and magenta, respectively. For
both modes, a generator defines the turning points. Initializing the double pendulum from
these points obtains the different brake orbits visualized by individual trajectories. As a specific
example, we point out the brake orbit of the first mode for an energy level of E = 2.5 ] with a
dotted line. Fig 8E shows the development of the period times T for the two modes over
increasing energy levels.

Although the introduced concept of NNM is valid for the chaotic double pendulum under
gravity conditions, the here introduced example case is arranged horizontally and incorporates
springs in both joints. As such, the system is not intrinsically unstable if the joint stiffness is
chosen high enough. While research suggests that humans can, to some extent, learn and
anticipate the behavior of chaotic systems [1, 3, 55], this study focused on exploring the
hypothesis that humans are sensitive to nonlinear normal modes and can purposefully exploit
them. Thus, we chose to investigate the dynamically less complex version of the double pendu-
lum swinging horizontally and with relatively stiff springs, which should be familiar to humans
due to its similarity with the human arm. To not limit the investigation to one single system,
both double pendulum configurations introduced in this section were considered (Fig 8B and
8C), corresponding to an extended and a partially flexed arm. In the following, the two config-
urations are denoted as PO and P90, respectively. The applied parameter values of the pendu-
lum system were roughly based on the dimensions of a human arm (Table 4).

For both systems, the mode tool is applied to derive the NNM for one specific energy level
E =2.5] that is arbitrarily chosen. Looking at the characteristic multipliers, i.e., the eigenvalues
of the Poincaré return map, it can be identified that the first mode is more stable [54]. For this
energy level, the computed period time was 1.29 s and 1.08 s for P0 and P90, respectively. This
translates to an eigenfrequency of the NNM of f,eqpo) = 0.78 Hz and fiespooy = 0.93 Hz. The
resulting mode trajectories in joint space and Cartesian space are shown in Fig 9 for the PO

—mode 1 generator —mode 1 generator 3
|——brake orbit for E=2.5]| 0 brake orbit for E=2.5J
-0.2 =
\ — -0.2 2 -
— -0.4 ; o o
E AN PANN} c E /j\ 5
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> 5 N &
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Fig 9. Computed brake orbit trajectories for an energy level of 2.5 J. The orbits are shown in Cartesian space (left) and joint space (right) for double
pendulum configurations (A) P0) and (B) P90. These brake orbits were used as a reference in the human user study.

https://doi.org/10.1371/journal.pcbi.1011478.g009
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(left) and P90 (right) configuration. As visualized, the considered PO brake orbit is still rela-
tively close to a linear solution. In contrast, the P90 orbit is clearly nonlinear, such that the two
configurations characterize varying nonlinearity.

System implementation and characterization

For the human user study, the double pendulum systems were implemented in a virtual envi-
ronment using Gazebo 11 with the parameters from Table 4. To drive the system, a visual
motor link was added to the first pendulum link with a spring of stiffness k; (Fig 10, red link).
The motor position 6 thus defined the equilibrium position of the first pendulum link. To
command this position in real-time, the simulation was coupled to a haptic 1-DOF joystick
(Fig 10, left) that reflected the k;- spring torque 7 as feedback to the user. In this way, the user
was given the impression of holding a real object and shaking it to excite oscillations mimick-
ing a natural interaction. Friction was also added to both pendulum joints (d; = 0.02k;), such
that a sustained control action of the human users was necessary to drive the system in a
motion with a constant energy level. To define the energy level required in the experimental
task, a ball geometry was added in two locations as targets that had to be reached. A custom
Gazebo plugin changed the target ball color to visually indicate that the targets were correctly
reached whenever a mesh collision with the second pendulum link was detected. No physical
collisions between any of the bodies were defined, meaning that the first pendulum link could
move through the motor link.

The control loop was running at 1 kHz and parameters were recorded with the same fre-
quency. The recording included the angle positions and velocities of all joints as well as the
reflected forces to the user and the displayed screen information.

To characterize the pendulum systems’ response to different frequencies, a sweep was
applied to the system through a simulated input to the motor link. Additionally, random
motions were commanded to the motor link to outline the pendulum’s reachable space, verify-
ing that the systems do not automatically fall into the NNM without appropriate stabilization
through control actions. In both cases, a sine wave with amplitude A and varying frequency w

haptic | Gazebo | GzClient
. Joystick 15kl ODE visualization

position 6 solver

dx(t)
dt

torque T = k(0 - q;)

Fig 10. Control scheme of the experimental setup. Participants command the virtual double pendulum implemented in Gazebo through a joystick
mapping 1:1 to the position 8 of a motor link (red). Connected by a spring, this moves the first pendulum link (g,), reflecting the spring forces 7 to users
as haptic feedback through the joystick.

https://doi.org/10.1371/journal.pcbi.1011478.9010
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Table 5. Applied sine wave frequencies w to characterize the Py and Py, pendulum response with a sweep. For each frequency, the sine amplitude A of the handle
motion was manually tuned to reach a set deflection of the first link (g; ~ 1 rad ~ 60°).

w 1 2 3 4 5 6 7 8 9 10 [rad s
A(Py) 1.0 0.8 0.65 0.35 0.12 0.55 12 1.6 23 3.0 [rad]
A(Pgg) 1.0 0.8 0.65 0.55 0.3 0.15 0.6 1.0 14 2.5 [rad]

https://doi.org/10.1371/journal.pcbi.1011478.t1005

was commanded as motor link position:
0=Asin(wt) . (6)

For the sweep, w was varied from 1 to 10 rad s in steps of 1 rad s~ tuning A manually for
each frequency to reach the same angle deflection of the first pendulum link g; ~ 1 rad
(Table 5). For the random control, the A and w were pseudo-randomly resampled every 0.1 s
with A ~ U(1,10) rad and @ ~ U(0, 10) rad s™". In both experiments, the pendulum started
from rest (q; = 0). The data was logged for 30 s per sweep frequency and for 60 s with the ran-
dom control. The random scenario was repeated three times.

As expected, the sweep excited the largest oscillations of the link side compared to the
motor link motion at values close to the eigenfrequencies f,.s of the respective pendulum con-
figuration (Fig 11A). For PO, this was the case at 5 rad st (frespoy = 0.78 Hz = 4.9 rad sh,
while for P90 it showed to be at 6 rad s™* (fres(pooy = 0.98 Hz = 6.16 rad s'). At these frequen-
cies, plotting the joint coordinates also shows the joint motions being closest to the expected
nonlinear modes derived from the ideal conservative system. The generation of the random
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Fig 11. Characterization of pendulum responses and reachable space. (A,B) To characterize the system responses to different input frequencies, the
motor link position 6 was commanded sine waves with different frequency values w in simulation. (C,D) To outline the reachable space of the
pendulum systems, the motor link was commanded a sine wave, where the amplitude and frequency were pseudo-randomly changed every 0.1 s. (A,C)
show the P0 and (B,D) the P90 configuration. Respective plots on the left depict the system responses in Cartesian space, while the right plots show the
corresponding joint space trajectories with the NNM in black (E = 2.57).

https://doi.org/10.1371/journal.pcbi.1011478.9011
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motions on the motor link visualizes that the reachable space of the pendulum system is quite
large, which is especially apparent in the joint space plots (Fig 11B). Thus, the carried-out char-
acterization measurements prove that the pendulum systems can be excited in various ways
and do not automatically fall to their respective NNM.

Experiment

Task. The experimental task was designed as a game with the goal to collect hit points by
alternately hitting two targets as often as possible within 40 s. This should motivate partici-
pants to move rhythmically and optimize the pendulum motions for speed to reach a high
score. To validate the hypothesis that the human resonance sensitivity extends to nonlinear
system dynamics, the experimental task was defined such that it had an energetic benefit to
exploit the intrinsic pendulum dynamics, i.e., the NNM. Therefore, the targets were located on
the turning points of the systems’ NNMs (Fig 1C, blue/orange and Fig 9). When the second
pendulum link entered the target region, a hit was visually indicated by a color change of the
targets. The hit was rewarded with a point if the double pendulum did not swing through the
target, i.e., did not leave the target on the opposite side of entering. In case of such an over-
shoot, next to the visual feedback, a beep sound was played as an error cue for the participant.
This way, the participants were encouraged to maintain a constant energy level. The target r,
determined the required accuracy to achieve the task. New hit detection was initialized when-
ever the second link crossed the equilibrium angle of the first link g,, = 0, such that the two
targets had to be hit alternately to collect points. Earned points through correctly hitting a tar-
get and the remaining time per trial were displayed to the participants through a Python-based
GUI (Fig 1B).

Variations. Different experiments were carried out to test the underlying human control
strategies and their robustness. The task, instructions and trial time (40 s) always remained
identical, but system dynamics or target size and locations were altered.

Experiment 1. In the initial experiment, the PO and P90 pendulum systems were parame-
trized as described in the modes section (Table 4). The targets were located on the turning
points of the respective NNMs (Fig 1C, blue/orange and Fig 9) with a radius of r,= 0.1 m to
allow some leeway in the required hitting accuracy.

Experiment 2. Experiment variations tested if and how participants altered their control
strategy for PO and P90 when task complexity increased. Two different task variations were
investigated, each presented to half of the participants to avoid fatiguing. For the first group,
the target radius was decreased to 7, = 0.05 m, such that the task difficulty in terms of accuracy
was higher. For the second group, r, remained identical to Experiment 1 (r, = 0.1 m), but the
mass of the second pendulum link was changed to m, = 0.625 kg. The mass increase altered
the systems’ behavior and dynamics, which was noticeable to the participants due to slowed-
down oscillations and increased feedback forces. Re-computed the NNM of the systems with
altered mass with the mode tool showed that for the energy level of 2.3 ], the turning points still
lay within the initial target radius r;, such that the target positioning was not changed. Thus,
participants could maintain an identical swing amplitude, which avoided visually biasing their
control strategies. Participants were informed of the respective changes prior to the experi-
ment run, but no change of the control strategies was suggested.

Experiment 3. This experiment variation tested how participants adapted their control
strategy when the intrinsic system motions were not aligned with the task, e.g., when the tar-
gets were not located on the turning points of the computed NNM. For this, a third pendu-
lum configuration P45 was implemented, where geq = (0, 45)°, thus representing an
intermediate configuration between the two initial configurations (Fig 12B). With the
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Fig 12. Computed NNM and target placement for the P45 configuration. (A) Computed NNM:s of P45 with the initial parameters from Table 4 in
position joint (top) and Cartesian space (bottom). (B) P45 target locations (yellow) arranged between the targets of PO (blue) and P90 (orange). (C)
Comparison of the computed NNM for the original P45 system (cyan) and the same pendulum with an adjusted first spring stiffness k; (yellow).

https://doi.org/10.1371/journal.pcbi.1011478.g012

parameters from Table 4, the NNM of the conservative system was computed (Fig 12A).
However, instead of locating the targets on the turning points, they were systematically
aligned with the PO and P90 targets (Figs 1C and 12b, yellow). By choosing a slight variation
of the same system, instead of relocating the targets for the PO and P90 configurations, bias-
ing the users’ control strategy for the previous two experiment variations was avoided.
Instead, the three pendulum configurations PO, P45 and P90 were presented in randomly
shuffled order within one experimental run leaving the participants unaware whether the tar-
gets were aligned with the NNM (Exp. 1) or not (Exp. 3). To help interpret the results of the
user study, the spring stiffness k; between the first pendulum link and the motor link was
altered empirically to see how the NNM develops. Solely, the first spring stiffness was altered
since this parameter is the only one possibly affected when humans change their wrist stift-
ness. With k; = 6 N mrad™’, the altered system showed an NNM that was within or at least
very close to the P45 target locations (Fig 12C, yellow).

Experimental procedure. The participants were seated in front of the setup consisting of
a screen and the haptic joystick (Fig 1A and 1B). They were free to orient themselves to hold
the joystick handle most comfortably to them; only the elbow should be rested on the table to
minimize fatigue. Initially, each participant had 5 m to familiarize themselves with the setup,
the different pendulum configurations, and the task. No instruction was given on how to
excite the system to hit the targets, but the participants could try their strategies during the
familiarization period. When the experimental trials were started, the Gazebo simulation
was initialized and displayed the initial position of one of the investigated double pendulum
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configurations (PO, P45, P90). The simulation start enabled the force feedback on the haptic
joystick and triggered the Python GUI, displaying the time countdown and current hit score.
The participant had several seconds to start the task and tune into their control rhythm.
Only then did the experimenter start the trial recording, triggering the 40 s-countdown and
the hit counter. Thus, solely the human strategy to sustain the system oscillation was ana-
lyzed, neglecting the transient time. When the countdown reached zero, all windows auto-
matically closed, and the force-reflection stopped. After the data recordings were saved, the
experimenter manually triggered the next trial, making sure the participant was ready. The
trials were repeated until all three pendulum configurations had appeared four times. The
order of appearance was individually pseudo-randomized per participant. It was randomly
selected whether a participant would first be presented with the initial pendulum settings
(Table 4) used for Experiment 1+3 or with the altered setup (T m, or | r,) of Experiment 2.
Nevertheless, overall, the experiments were selected in such a way that half the participants
started with the initial settings and the other half with the respective variation setup. The
complete user study took around 60 min.

Baseline strategies for system excitation

Based on previous findings about human preferences and abilities in dynamic interactions
with (non-)linear systems, possible control strategies that humans could use to drive rhythmic
motions of the above-introduced double pendulum are hypothesized. Each considered strategy
is defined as possible baseline strategy (BL) that will be applied to the system and later used as
references to identify the underlying strategy of the participants in the user study.

BL1 (Resonance). The first hypothesized control strategy is derived from observations
indicating that humans are sensitive to resonance, which allows the reduction of large num-
bers of mechanical DOFs for easier movement coordination. In everyday actions, like jumping
on a trampoline or bouncing a ball, humans effortlessly tune into system dynamics. Even the
cardiovascular system seems to exhibit resonant properties and can be entrained to breathing
patterns [56]. Sensitivity to intrinsic resonance appears also beneficial for object interactions
as well as for learning the motor control of the human body itself [2, 25, 46, 47, 57]. Experi-
ments with simple linearized systems validate this resonance sensitivity [21, 22] and also show
that rhythmic system motions are much better predictable for humans when moving with the
resonance frequency [7, 8]. As studies from Hogan and Sternad have suggested that humans
seek predictability and low sensorimotor effort in dynamic interactions [16-18, 20, 41, 58], we
hypothesize that humans intuitively excite the pendulum systems with its respective resonance
frequencies. This would entail that the humans make effective use of the NNM of the systems.
The associated baseline strategy BLI tested the investigated systems thus assumes a sine wave
(6) with

o = 2nf (7)

with fbeing the eigenfrequencies frespo) a1d fres(poo) for the PO and P90 configuration, respec-
tively, as computed for the conservative case. The amplitude was tuned empirically to A = 0.12
so that both targets were hit.

BL2 (Position Control). When humans cannot properly determine the system dynamics
with visual or haptic feedback to predict the system behavior, they have to rely more on the
immediate position and force information they receive [59, 60]. Additionally, it is suggested
that humans make use of motion constraints if possible to reduce their effort [31]. In these
interactions, smoothness of hand and actuating forces are prioritized [32]. Thus, the alterna-
tive baseline strategy BL2 aimed to model a slower control strategy. By synchronizing the
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motion speed of the motor link handle with the first pendulum link, extensive spring deflec-
tions and rapid direction changes are avoided. In the specific regarded case, these motions
entail low forces and smooth force curves. To capture this behavior, BL2 again commands a
sinusoidal motion to the motor link but with a much slower frequency (f = 1f..,). In this way,
the elasticity of the springs was not exploited, resembling more a (rigid) position control of the
first link. The amplitude was once more tuned empirically to hit the targets (A = 1.0). It was
expected that participants might apply this kind of strategy when first interacting with the sys-
tem to scope the system dynamics and test their internal model. Additionally, it was suspected
that this more reactive control might be needed when task complexity increases, e.g., in Exper-
iment 2.

BL3 (Bang-bang). It has been found that bang-bang control signals sufficiently model
arm-reaching motions following a minimum acceleration with constraints principle [33].
Additionally, this control strategy matches the muscle activation patterns during such reaching
tasks [34]. Similarly, in continuous periodic interactions, where humans were tasked to stabi-
lize coordinated cyclic movements in a virtual standing compliant double pendulum, a bang-
bang seemed to characterize the control strategy [35]. Adapting this control principle for
robotic applications showed that it was also effective in driving highly efficient motions by
exciting the system’s intrinsic dynamics [36, 61, 62]. Thus, the third baseline strategy BL3
modeled a bang-bang controller with a deadzone [63]. Based on the robotic controller imple-
mentation [36], a jump in the motor link was applied whenever a fixed torque threshold €, was
crossed. In the experimental setup, the triggering torque 7 was calculated based on the deflec-
tion of the spring between the motor link and the first pendulum link:

t=k(0—q,) - (8)

The constants for the threshold and the desired position command were tuned empirically
to hit the targets leading to €, = 1 and @Z = £0.5. Depending on the sign, the motor link coor-

dinate 6 was commanded to do a jump to a desired position 6, = 0, according to
+ @Z if 7> ¢,

0=4¢—-10 if 1< — €, (9)

z

0 otherwise.

Analysis and metrics

Data preparation. To quantify whether the participants applied the hypothesized control
strategy that makes use of the system’s NNM, the recorded data was post-processed with
MATLAB2020b. For each double pendulum configuration (P0, P45, P90), the worst of the
four presented trials per participant was identified based on the achieved number of hit points.
This trial, usually the first one, was excluded from the data analysis to avoid bias through initial
learning effects, loss of focus, or distraction. The transient time each participant needed to find
their rhythm was not analyzed, but only the strategy for the alternate target hitting. To equalize
the recorded data, each analyzed trial was cut such that all started on one target side and ended
on the opposite. The three considered trials were then connected to produce one combined
trial per pendulum configuration per participant. The trials were divided into separate periods,
identified by the time points where the Cartesian velocity of the pendulum tip was maximal,
i.e., when the pendulum crossed the zero-axis of ¢q; = 0. In contrast, a Cartesian tip velocity of
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zero indicated the pendulum’s turning points. If this point lay within the target radius, a hit
(= + 1) was counted for the participant. If the pendulum changed direction before reaching
the target, it was classified as undershoot, while turning behind the target indicated an over-
shoot. Neither undershoot nor overshoot affected the hit score, and the assigned values were
only used to differentiate which fault occurred.

Comparative metrics. To compare the performance between participants and the overall
performance compared to the investigated baseline strategies BL1-3, four metrics were
defined. All analysis was carried out with MATLAB2020b.

Hit Score. The participants’ hit scores in the experiment were only of secondary interest
but were evaluated to quantify the task success. Distinctions were made between successful
hits leading to a point and errors, i.e., undershoot or overshoot, where the second pendulum
link changed direction outside of the target radius. Comparing the participant scores to the
theoretically achievable scores when oscillating with the predicted eigenfrequency of the
NNDMs indicated the humans’ precision.

Oscillation Frequency. The excited pendulum oscillation frequency is an important met-
ric to validate that the human resonance sensitivity extends to nonlinear system dynamics.
Thus, the oscillation frequency for each pendulum configuration was determined by finding
the average period times between turning points for every participant. The overall oscillation
frequency was then compared to the ideally expected values of the conservative system (fres(po)
=0.78 Hz, foeq(poo) =0.93 Hz).

Mode metric. The mode metric 77 was introduced to quantify how well the intrinsic
motions of the double pendulum systems were exploited. The idea was to compare the excited
pendulum path with the path of the ideal NNM trajectory obtained for the conservative sys-
tems at an energy level of 2.5 ] through a “distance” measure. Therefore, only periods where
the targets were hit on both sides were included in the computation of this metric ensuring
that participants had maintained the required energy level. This included the majority of the
swing attempts as apparent from Tables 1-3. The position and velocity data of the pendulum
in the considered periods were averaged per participant and regarded in joint space (g; vs g,).
Although a relation to the oscillation frequency could be suspected, the comparative mode
metric should be independent of time to also allow comparison with BL2-3. For such time-
independent comparisons, gait correspondences and movement similarities from motion cap-
ture data are often measured by the Dynamic Time Warping (DTW) principle [37, 38]. The
DTW principle is similar to a nearest-neighbor comparison but ensures that all points along
the curves are accounted for. Let’s denote the recorded path data of the pendulum g(i) while
the path of the ideal NNM is summarized in Q(i), where i is discrete time. Both D-dimensional
signals are interpolated to have the same length N for comparison, and the turning point at the
same target side is taken as the start point of the alignment. Instead of only taking the Euclid-
ean distance for the monotonously increasing points of both position vectors, DTW finds for
each time instance i of Q a corresponding time index f(i) of g (f : N — N), such that

il —Z i(@(i)—qd(ﬂi») (- a6) (10)

is minimized. The mode metric used for comparison is the minimum value of # over all f
found by DTW, i.e., = min(7j). We used the MATLAB dtw-function for computation from
the data. As the double pendulum’s NNM is outlined by a manifold including first and second
link positions and velocities ¢ = [q,, g,, 4,, §,], the distance quantified by n compared all four
quantities. Taking the ideal NNM trajectory as a reference, 77 was determined for the individual
participant data and for all baseline strategies.
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Handle Motion. In linear systems, resonant behavior is usually characterized by a phase
lag of 0.57 relative to the period time T between the input and output signal, along with an
amplification of the output signal. Thus, we examined both these characteristics for the experi-
mental data to gain insight into the individually applied control strategy per participant. The
phase lag ¢ was computed between the motor link position 6 as input and the first pendulum
link coordinate g;. This calculation was performed using cross-correlation with the MATLAB
xcorr-function, from which the sample lag in seconds can be obtained. As participants and
baseline strategies varied in period time T, the lag times were expressed relative to T = 27 to
allow comparability. To calculate the deflection ratio p between the input and output signal,
the absolute peaks max(6) and max(q;) per period were identified, and their quotient was
determined.

Statistics. To investigate the human resonance sensitivity for nonlinear systems, all com-
parative metrics presented in the Tables 1, 2 and 3 were tested statistically. Experiments 1 and
3 were carried out with all participants (n = 20), while the two variations in Experiment 2 only
included half participants (n = 10). Each participant sample consisted of the appended data
from the three best trials as described above. All statistical tests were carried out with the dedi-
cated functions of MATLAB2020Db. Initially, we verified the normal distribution of the partici-
pant samples for all metrics with the one-sample Kolmogorov-Smirnov test (o = 5%). For all
following statistical analysis, the difference between the individual participant values per met-
ric and the respective values obtained for the baseline strategies were calculated. This was nec-
essary since the baseline strategies were deterministic controllers instead of samples, such it
was not possible to treat them as different sample pools. Solely the differences, denoted ABLI-
3, between the participant metrics to each of the baseline strategies could be analyzed
statistically.

To first investigate whether the different baseline strategies were different from each other,
a one-way ANOVA was applied (anoval) to the data of Experiment 1, followed by a post-
hoc pairwise comparison using Tukey correction (multcompare). All results showed very
strong significance verifying the assumption that the tested baselines were fundamentally dif-
terent. The corresponding statistics are reported in Tables A and B in the S1 Table.

To test the similarity between the participants’ applied control approach and each of the
baseline strategies, the differences values ABLI-3 for all metrics were statistically compared
with a two-sided one-sample t-test (t test). If the participant control was similar to one of
the strategies characterized by BL1-3, the mean difference was expected to not differ from
zero. Specifically, the oscillation frequency was of interest, since our hypothesis (H;) stated
that humans would intuitively excite resonance in the pendulum systems. Comparing the dif-
ferences of the mode metric values could further indicate whether the applied participant con-
trol lead to pendulum motions that were similar to the ones excited by one of the baseline
strategies. Thus, the reporting of the statistics in the results mainly focuses on the comparison
of these two metrics, but all statistics are presented in the Tables C, D and E of the S1 Table.
Since the participant data was compared to BLI-3 individually, the initial a-level of 5% had to
be adapted to correct for the multiple comparison of one sample. Thus, the significance level
was lowered according to Bonferroni for all metric-comparisons such that

o2
0=-2=17% . (11)
3B‘L

Additionally, we examined if the applied phase lag value ¢ per participant had a systematic
influence on other metrics, namely the individual hit scores and mode metric values. Using
the Pearson correlation (corrcoef), it was investigated whether the relation with the indi-
vidual respective hits or -values showed any significance.
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