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Abstract—Human-like balance controllers are desired for
wearable exoskeletons in order to enhance human-robot interac-
tion. Momentum-based controllers (MBC) have been successfully
applied in bipeds, however, it is unknown to what degree they
are able to mimic human balance responses. In this paper,
we investigated the ability of an MBC to generate human-
like balance recovery strategies during stance, and compared
the results to those obtained with a linear full-state feedback
(FSF) law. We used experimental data consisting of balance
recovery responses of nine healthy subjects to anteroposterior
platform translations of three different amplitudes. The MBC
was not able to mimic the combination of trunk, thigh and
shank angle trajectories that humans generated to recover from
a perturbation. Compared to the FSF, the MBC was better
at tracking thigh angles and worse at tracking trunk angles,
whereas both controllers performed similarly in tracking shank
angles. Although the MBC predicted stable balance responses, the
human-likeness of the simulated responses generally decreased
with an increased perturbation magnitude. Specifically, the shifts
from ankle to hip strategy generated by the MBC were not similar
to the ones observed in the human data. Although the MBC was
not superior to the FSF in predicting human-like balance, we
consider the MBC to be more suitable for implementation in
exoskeletons, because of its ability to handle constraints (e.g.
ankle torque limits). Additionally, more research into the control
of angular momentum and the implementation of constraints
could eventually result in the generation of more human-like
balance recovery strategies by the MBC.

Index Terms—Balance, Control, Exoskeleton, Human-Robot
interaction.

I. INTRODUCTION

FOR bipedal robots (e.g. humanoids and exoskeletons)
it can be beneficial to design controllers that are able

to mimic human motion control strategies. Although for the
functional behavior of the robot it is not necessary to design
such a human-like controller, there are various reasons to
do so [1]: first, humans currently outperform their robotic
counterparts in postural and walking control tasks. Therefore,
implementing a human-like control strategy on a robot may
improve its movement capabilities. Second, human-like control
strategies can improve human-robot interactions. In particular
for exoskeletons a human-like controller can be perceived
as comfortable and predictable, which will contribute to the
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acceptance of the exoskeleton by its user. Furthermore, it will
increase the chance of co-operation between the user and the
exoskeleton if the user has residual motor function.

Because balance is an important property of bipedal robot
control, this work explores the human-likeness of control
strategies for standing balance. Several standing balance con-
trol models with varying complexity (i.e. inverted single,
double or triple pendulum), have been directly derived from
studies on human balance. These models vary in the amount
of links and the signals that they use as an input for the
controller. The inverted single pendulum model was used to
describe sway movements with respect to the ankle joint [2]–
[7]. This model was sufficient to describe the ankle strat-
egy, which is dominant in quiet stance and other balancing
tasks [8]. However, to describe hip strategies as well as ankle
strategies, an inverted double pendulum model is required
[8]–[11]. Finally, to also include knee movements, inverted
triple pendulum models were applied [12]–[15]. Since bipedal
robots generally have ankle, knee and hip joints, at least a
inverted triple pendulum model is required to properly model
the balance control of these devices.

Various control laws to predict balance responses have been
suggested for their implementation in the previously described
inverted pendulum models. Among them, the control laws
based on linear full-state feedback (FSF) [9]–[13] and center
of mass (CoM) dynamics [7], [11] are the most common.
In the FSF law, the state vector generally consists of the
angles and velocities of all the joints, whereas in the CoM
feedback law the position and velocity of the model’s CoM
are used as input. Afschrift et al. [11] demonstrated that the
FSF law predicted human balance responses better than the
CoM feedback when being applied to an inverted double
pendulum model. In particular, CoM feedback could account
for ankle strategies but was not sufficient to accurately track
balance responses in which subjects showed hip strategy. In
contrast, with the FSF, both hip and ankle strategies could
be predicted [11]. These findings suggest that for the balance
control of a bipedal robot a FSF law is preferred to CoM
feedback. However, a drawback of FSF is that the optimal
feedback gains are dependent on the magnitude of the applied
perturbation [9]. As the perturbation magnitude is generally
unknown in real life conditions, it is desired to find a control
method that is applicable independently of it.

In the field of biped robotics, in particular, in humanoids,
optimization-based balance control strategies have been in-
troduced. A general advantage of these control strategies is
that constraints can be added in the optimization procedure to
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take into account, for example, joint movement limits and foot
contact restrictions. Such optimization procedures have been
extensively applied, for instance in the momentum-based con-
trol strategy (MBC) [16]–[19], passivity-based contact force
control [20]–[23] and model predictive control for balance
recovery [24]. The MBC aims to find joint accelerations and
contact wrenches, such that a certain desired whole-body
momentum is obtained that imposes balance on the robot. In
the passivity-based contact force control approach, the aim is
to stabilize the robot by computing a desired balancing wrench
and then distribute that wrench over the contact points. Finally,
the model predictive control scheme for balance recovery aims
to regulate ankle, hip and stepping strategies by (primarily)
minimizing the CoM velocity and trunk angular velocity over
a prediction horizon.

All of the aforementioned optimization-based controllers
seem to show some similarities with human balancing behav-
ior: the MBC is assumed to generate a human-like motion, in
the sense that large rotations of the upper body are observed
in response to pushes [16]; the passivity-based contact force
control generated ankle and hip strategies dependent on the
chosen desired balancing wrench and the way it was mapped to
the joint torques [25]; and the model predictive control scheme
for balance recovery estimated step lengths and step durations
similar to those obtained in perturbed standing balance ex-
periments that evoked reactive stepping [24]. However, the
human-likeness of the generated motion with these controllers
has not been validated yet.

Our ultimate goal is to find a human-like balance control
strategy for the application in an exoskeleton that supports
people who have a spinal cord injury. The MBC might be
suitable for implementation in an exoskeleton, because: (1)
it has successfully balanced various humanoids in standing
balance experiments [17]–[19]; (2) it is a general control
approach that can also be applied for walking [17]; and (3)
controlling the angular momentum is in line with human stand-
ing [26]. Therefore, in this work we investigate the human-
likeness of the MBC in generating standing balance responses
to external perturbations in the sagittal plane. Specifically,
we fitted forward dynamics simulation results to experimental
human data and compared the results to those obtained using
the FSF model, which is less computationally expensive. Our
hypothesis is that the MBC is better at generating human-like
responses to different perturbation magnitudes than the FSF,
because the incorporation of constraints in the internal opti-
mization could result in different balance strategies. Therefore,
we would also expect that the MBC is better at predicting
human balance responses to unknown perturbations.

II. METHODS

A. Experimental data

Data from the study performed by Afschrift et al. [11] were
used to fit both the MBC and FSF controllers and evaluate
the human-likeness of the generated responses. Nine healthy
participants (21± 2 years-old, height 1.67± 0.12 m, weight
65.71±12.85 kg) participated in the study. Subjects stood on a
moving platform (CAREN, Motek Medical, The Netherlands),

Fig. 1. Mean segment angles of the trunk, right thigh, and right shank of the
nine subjects in response to backward platform displacements for the three ac-
celeration profiles. The shaded grey areas represent ± 0.5·standard deviation.
The perturbation onset is represented with the shaded blue area. The last row
shows the acceleration profile of each perturbation magnitude.

on marked feet positions with a stance width equal to their
shoulder width. Subjects were informed that the platform
would randomly move in mediolateral and anteroposterior
directions, and were instructed to maintain balance without
heel-lift or stepping. Trials that involved heel-lift or stepping
were excluded. The platform translations all had an excursion
of 0.16 m, and a slow (S), medium (M) or fast (F) acceleration
profile with a maximum acceleration of 0.6 m/s2, 0.8 m/s2, or
1.1 m/s2 respectively (Figure 1). The duration of the platform
translations ranged between 1.2 s and 1.5 s depending on the
acceleration profile. To minimize anticipation, the perturbation
protocol was semi-randomized. Two trials without heel-lift
or stepping were recorded for each acceleration profile and
direction. No noticeable arms movement was observed. We
first focused here on perturbed standing in response to poste-
rior (backward) platform translations. Later, anterior (forward)
platform translations were used to cross-validate the obtained
results. One representative trial per acceleration profile was
taken as human reference for the optimization of both the
MBC and FSF controller, resulting in three trials per subject.

Data of each subject were processed in OpenSim 3.3 [27]
using a subject-scaled Gait 2392 model to obtain body kine-
matics (inverse kinematics problem), which were used to fit
both controllers (Figure 1).

B. Description of controllers

A human model was assumed with a foot, shank, thigh and
head-arms-trunk segment (Figure 2 and section II-C1). The



1534-4320 (c) 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TNSRE.2020.3005455, IEEE
Transactions on Neural Systems and Rehabilitation Engineering

JOURNAL OF IEEE TRANSACTIONS ON NEURAL SYSTEMS & REHABILITATION ENGINEERING 3

model was constrained to move in the sagittal plane, and the
foot segment was fixed to the ground, resulting in three degrees
of freedom (DoFs): the trunk angle qtr, the thigh angle qth
and shank angle qs, using the sign convention presented in
Figure 2c. Inertia and mass properties of each segment were
derived from the corresponding subject-scaled OpenSim model
that was used to analyze the experimental data.

1) Momentum-based controller:
Our implementation of the MBC is based on the control

strategies presented by Lee and Goswami (2012) [16] and
Herzog et al. (2013) [18].

The MBC tries to find joint torques that generate a certain
desired whole-body momentum. The whole-body momentum
vector h is composed of the angular momentum of the CoM
k, and the linear momentum of the CoM l (Figure 2b). It can
be expressed as a function of generalized velocities q̇ through
the centroidal momentum matrix AG [28].

h = AGq̇ (1)

Therefore, the momentum rate change ḣ is related to the
generalized accelerations q̈.

ḣ = AGq̈+ ȦGq̇ (2)

The momentum rate change is also related to the contact forces
by the Newton-Euler equations.

k̇ = ∑i((r− pi)× fi + τi) (3)
l̇ = ∑i fi +Mg (4)

where r is the COM position, fi and τi are contact forces and
moments acting at positions pi of contact points i, M is the
mass matrix, and g is the gravitational acceleration vector.

Fig. 2. Computation of controller properties based on a rigid link model.
The variables mn are segment masses, q are the segment angles respect to the
vertical line, M the total body mass, k the angular momentum and l the linear
momentum. The gravitational force Mg and the ground contact force Fc are
applied at the CoM r and center of pressure p respectively. τn is the moment
normal to the ground. (a): model in baseline pose. The model is placed in a
right-handed coordinate system. Segment rotations and moments are positive
in counter-clockwise direction. (b): forces acting on the model, resulting in
a whole body momentum. Based on segment angles and masses the whole
body CoM can be computed. (c): the segment angles are defined as the angle
of segment n with respect to the absolute vertical. Segment angles are zero
in the baseline pose.

Because we are only considering movements in the sagittal
plane, the momentum vector has three components: the angular
momentum about the mediolateral axis passing through the
CoM, the linear momentum in anteroposterior direction, and
the linear momentum in vertical direction. The generalized
velocity vector consists of the the trunk, thigh, and shank
angular velocities. The only external force acting on the body
is the ground contact force fc at the center of pressure (CoP)
p (Figure 2b). Hence, Equations (2), (3) and (4) can be written
as

ḣ =AGq̈+ ȦGq̇ =

1 ry −rx
0 1 0
0 0 1

λ +

 0
0

−Mgy

 (5)

λ =

px fcy− py fcx
fcx
fcy

 (6)

where λ is the contact wrench, and subscripts x and y represent
the directions along the anteroposterior axis and vertical axis
respectively, as shown in Figure 2a.

Through optimization with respect to the accelerations q̈ and
the contact wrench λ , we can then obtain a momentum rate
change ḣ that is as close as possible to a certain desired value
ḣd , while satisfying (5) [29]. This desired momentum rate
change was derived from the whole-body momentum through
a feedback law [16].

ḣd =

[
k̇d
l̇d

]
=

[
Γk(kd− k)

Γl(ld− l)+ΓrM(rd− r)

]
(7)

Where Γk represents the control gain on the angular momen-
tum, Γl and Γr represent the 2×2 control gains on the linear
momentum and mass-multiplied CoM position respectively,
and subscript d indicates a desired value. The desired angular
momentum kd and desired linear momentum ld were set to
zero. The desired CoM position rd was chosen to be equal to
the CoM position of the subject at 1 s before the perturbation
onset (section II-A), for each subject and each perturbation
individually.

The MBC optimization problem was composed as

min
q̈,λ

∥∥∥∥[AG 03×3
W 03×3

][
q̈
λ

]
+

[
−ḣd + ȦGq̇
−Wq̈re f

]∥∥∥∥2

2
(8)

s.t. Equation (5)
q̈llim < q̈ < q̈ulim (9)
xheel < px < xtoe (10)
| fcx|< µ fcy (11)

where ḣd is the desired momentum rate change given by (7),
q̈re f is the reference acceleration, W is the relative weighting
on this acceleration in the minimization, q̈llim and q̈ulim are the
lower limit and upper limit on the acceleration respectively,
xheel is the position of the heel, xtoe is the position of the toe,
and µ the friction coefficient. The reference acceleration and
the weight were added to the function to ensure that a unique
solution for the optimization problem can be found when AG
loses rank. This occurs when the segments of the model are
collinear. Weight W was chosen to be a null-space projector
of the AG matrix, such that accelerations that change the
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momentum are weighted against those that do not [18]. If AG
is full rank, W is 0. The reference accelerations were chosen
to be zero, such that the weighted norm of the acceleration
vector is minimized when the AG matrix is singular.

Several constraints were imposed on the objective function.
Equation (5) was added as an equality constraint to enforce
obtaining a solution that is consistent with the equations of
motion expressed at the CoM. Furthermore, to prevent joint
angles from exceeding their limits [30], (9) imposes limits
on accelerations. The upper limit q̈ulim was modified each
time step such that a constant maximum deceleration would
make the movement come to a stop before the joint limit. This
value was set to -70 rad/s2, which was slightly lower than the
maximum deceleration obtained during the experiment. The
lower limit on joint acceleration q̈llim was obtained similarly
to the upper limit. Moreover, (10) ensures that the computed
CoP remains within the base of support (BoS) and the friction
constraint (11) prevents foot slip.

The objective function 8 was minimized over decision
variables q̈ and λ by a custom QP solver generated by
CVXGEN [31]. Finally, joint torques were determined by an
Inverse Dynamics procedure:

τMBC = H(q)q̈+C(q, q̇)− JT
λ (12)

where H is the body’s inertia, C the non-linear contributions to
the dynamics and J the Jacobian that maps the contact wrench
λ to joint torques.

2) Full-state feedback controller: An
FSF control model inspired by [9] was used to compare with
the MBC. For this FSF, the state consists of the shank, thigh
and trunk angles (q) and angular velocities (q̇):

q =
[
qs qth qtr

]T
, q̇ =

[
q̇s q̇th q̇tr

]T (13)

The error between the real and the desired state (qd , q̇d)
T

was multiplied by a 3×6 feedback gain matrix K to generate
the feedback torques of the inverted triple pendulum model
(section II-C1).

τFSF(q, q̇,K) = K
[

q−qd
q̇− q̇d

]
+ τ f f (14)

where τ f f is a constant feed-forward torque that was added
to have static equilibrium in the desired state. The desired state
was equal to the segment angles of the subject at 1 s before the
perturbation onset with velocities set to zero (section II-A).

C. Analysis

1) Forward dynamics simulation model:
Forward simulations with an inverted triple pendulum model

similar to the one in Figure 2 were performed, taking the
generated segments velocities and positions as inputs for the
controllers. The forward dynamics model had three rotational
DoFs corresponding to the hip, knee and ankle joints, and the
foot was fixed to the ground (Figure 2c). Passive torques were
included for the knee joint to prevent knee hyperextension.
The model was controlled by the joint torques provided either

Fig. 3. Overview of the optimization procedure for the MBC and FSF to fit
human balance responses.

by the MBC or by the FSF controller, and generated the state
vector composed of the segment angles and angular velocities.
The simulations were executed individually for each of the
nine healthy subjects. Inertia and mass properties of each
segment were obtained from the corresponding subject-scaled
OpenSim model.

To apply the perturbation resulting from the acceleration
of the platform to the fixed-foot model, we selected a non-
inertial reference frame (i.e. the motion base). According to
Newtonian mechanics, we introduced the inertial forces:

Fi =−mi · ẍi (15)

where ẍi is the acceleration of the platform acting on the CoM
of each segment, and mi is the mass of segment i (Figure 2a).
This method has been used by several researchers [9], [32],
and has the advantage that the motion base does not have
to be modeled as an additional segment, which simplifies the
dynamic equations. Note that this formulation is equivalent
to a formulation in an inertial reference frame (i.e. the lab
reference frame).

2) Optimization of controllers’ gains:
An optimization problem was defined to identify the MBC

and FSF gains that minimize a cost function that tries to match
human and model segment angles for the selected perturbation
levels (Figure 3):

min
qsim,z

√√√√ 1
3N

3

∑
z=1

N

∑
n=1

(qhuman,z(t)−qsim,z(t))2 (16)

where N is the total number of time samples, qhuman,z is the
human motion of a given segment z, and qsim,z is the simulated
response of the corresponding controller (MBC or FSF) for the
same segment. The total simulation time was set to 4 s, from
1 s before the perturbation was applied until 3 s after. For
the summation over time samples n a sample time of 0.01 s
was used. The initial state of the model was constrained based
on the measured segment angles and angular velocities at 1 s
before the perturbation onset. The gain optimization procedure
was performed multiple times with different initial guesses for
each setting to avoid local minimum solutions.

Because the gain optimization of both controllers was
initially performed in two different studies, there are some
differences in the optimization approaches:
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• For the MBC Matlab’s fmincon was used to optimize
the feedback gains. The dynamics were integrated with a
fixed-step integrator (ode4 Runge-Kutta).

• For the FSF controller a direct collocation approach was
used to find the optimal feedback gains [11]. Using
this approach, the states and controls trajectories were
discretized on a mesh. The time discretized states s
were implemented as optimization variables, and the
equations of motion of the inverted triple pendulum
were implemented as dynamic constraints. This resulted
in a large non-linear programming problem, which was
created using Casadi [33] and solved using Ipopt [34].
Since this optimization resulted in an unstable system,
we constrained the feedback gains to result in a system
that is robust against uncertainty on the initial state [11].
Therefore, an additional non-linear dynamic equation was
added to approximate the propagation of the uncertainty
on the initial state [35] (see Appendix A in supplementary
material).

3) Comparison to human data:
The differences between the simulated and measured segment

angles for the three levels of backward platform translations
were quantified by the root-mean-square error (RMSE) and
the Pearson correlation coefficient (r). To assess the human-
likeness of the simulated responses we evaluated the RMSE
with respect to the mean range of motion (RoM) of each body
segment across all subjects (Figure 1). The RoM was defined
as the maximum peak angle after the perturbation with respect
to the baseline angle. We assumed a “good” fit to the human
data if the generated RMSE was smaller than 30% of the mean
RoM, and a “very good” fit if the RMSE was smaller than 10%
of the mean RoM. Note that as the mean RoM is different
for each segment, the thresholds on the RMSE have different
values per segment. For the Pearson’s r, the following descrip-
tors were used [36]: “negligible” correlation r ∈ [0,0.3), “low”
correlation r ∈ [0.3,0.5), “moderate” correlation r ∈ [0.5,0.7),
“high” correlation r ∈ [0.7,0.9) and “very high” correlation
r ∈ [0.9,1].

The ability of both controllers to describe human balance
responses was evaluated in three steps:

• General fit. For each subject, the controllers’ feedback
gains were fitted in one optimization procedure for
all three perturbation levels together. Thereby, the con-
trollers’ balance responses to small, medium and large
perturbations using fixed controller gains could be as-
sessed.

• Individual fit. For each perturbation level, the controllers’
gains were fitted in a separate optimization procedure
to verify whether the deviations from the experimental
data obtained in the general fit were caused by the fixed
controller gains.

• Cross-validation. Balance responses were predicted to
perturbations that were not used during the gain opti-
mization (“unknown” perturbations).

In the third step we predicted responses for medium (M*)
backward platform translations (interpolation), high (F*) back-
ward platform translations (extrapolation), and for forward

platform translations of three levels (Sf, Mf and Ff). For the
first two cross-validations, the gains used in the controllers
were found by fitting data of the two remaining perturbation
levels ([S, F] and [S, M] respectively). For the last cross-
validation with forward perturbations, we used the gains
obtained in the general fitting over all perturbation levels of
backward translations.

4) Statistics:
To compare the controllers based on their fit (RMSE) to the

experimental data, we performed a repeated measured ANOVA
for each body segment with two within factors: CONTROL
(MBC and FSF) and PERTURBATION LEVEL (S, M, F).
Interaction effects of CONTROL AND PERTURBATION
LEVEL combined were assessed. A two-sided confidence
interval with α = 0.05 was used to define significance for
all statistical tests. Greenhouse-Geisser correction was used in
case there was a lack of sphericity in the data, which was
tested with Mauchly’s test for sphericity. When a significant
difference was found between controllers, Tukey’s Honestly
Significant Difference was used as a post-hoc test to compare
the controllers for individual perturbations magnitudes. For
the cross-validation, a paired t-test was used to compare the
fit (RMSE) of both controllers for the predicted trial.

III. RESULTS

A. General fit of the controllers
In general, for the trunk angle and the shank angle, the

resulting kinematics of the optimized controller gains showed
a similar trend but a different amplitude (see Figure 4a as
the example for a representative subject (subject 1)). More
specifically, both controllers generated trajectories with a
“high” or “very high” trunk angle correlation with human data
for all perturbation levels (Table I and Figure 5). The MBC
also generated “high” correlations for the thigh segment for M
and F, whereas with the FSF, the respective correlations were
“low”. For the shank angle, both controllers generally showed
“moderate” correlations.

Based on the RMSE, both controllers showed a “good”
human-likeness for the trunk segment, but not for the thigh
and shank (Figure 5). The differences in amplitude and pattern
of the generated trajectories of both controllers were also
identified by the statistical tests. The RMSE on the trunk angle
was significantly larger for the MBC than for the FSF (F(1,8)
= 11.1, p = 0.01), while the RMSE on the thigh angle was
significantly smaller for the MBC (F(1,8) = 9.4, p = 0.02)
across all levels of perturbations (Figure 5 and Table I). The
effect of the controller on the shank angle was not significant.

Larger perturbations resulted in a worse fit and thereby,
were accompanied with larger RMSE for both controllers
on the trunk segment. It caused a significant effect of the
level of perturbation on the trunk angle (F(2,16) = 11.8, p <
0.001). These effects were stronger for the MBC than for the
FSF, as evidenced by the significant interaction effect between
controller and perturbation level found on the trunk RMSE
(F(2,16) = 12, p < 0.001). Post-hoc analysis showed that the
RMSE on the trunk angle was significantly larger for the MBC
controller for M (p = 0.01) and F (p = 0.001) compared to the
FSF.
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Fig. 4. Time-series comparison of Subject 1 experimental data (black) with the general optimized responses of MBC (purple) and FSF controller (green) over
all perturbation levels. (a) general fitting and (b) individual fitting for each perturbation level. The perturbation onset is represented with the shaded blue area.

TABLE I
MEAN±STD.DEVIATION OF RMSE AND R (SEGMENTS ANGLES) OVER THE OPTIMIZED RESPONSES OF THE 9 SUBJECTS FOR A GENERAL FITTING OF ALL

PERTURBATION LEVELS. THE BEST VALUES OF THE TWO CONTROLLERS ARE INDICATED IN BOLD.

Trunk Thigh Shank
S M F S M F S M F

MBC RMSE 1.2±0.4 2.3±0.7 3.3±1.2 1.5±0.7 1.2±0.4 1.2±0.4 0.8±0.5 1.0±0.4 0.8±0.4
r 0.80±0.10 0.74±0.18 0.85±0.10 0.39±0.38 0.78±0.13 0.76±0.21 0.60±0.47 0.59±0.22 0.66±0.26

FSF RMSE 1.1±0.4 1.6±0.6 2.4±1.0 2.2±0.7 1.6±0.4 1.8±0.5 1.0±0.4 1.0±0.3 0.9±0.2
r 0.82±0.25 0.93±0.03 0.97±0.02 -0.07±0.61 0.48±0.38 0.37±0.48 0.55±0.37 0.65±0.27 0.73±0.16

B. Individual fit of the controllers

The performances of both controllers in fitting the responses
to each perturbation level individually were better than the
performances obtained in the general fitting (Figure 4b and
Figure 6). Improvements for the FSF were larger than for the
MBC, resulting in significantly smaller RMSEs for the trunk
(F(1,8) = 47.4, p < 0.001) and the shank (F(1,8) = 13.1, p =
0.007). This controller effect was not significant for the thigh.

Although the performance of the MBC improved with the
individual fit compared to the general fit, it was still dependent
on the perturbation magnitude, whereas this was not the
case for the FSF controller (Figure 6). Specifically, the MBC
was not able to show the hip strategy with larger levels of
perturbations, and thereby, the mean RMSE of the MBC over
the three body segments increased with the trunk RoM, which
was mainly caused by the increased RMSE on the trunk angle.

Interaction effects between CONTROL and PERTURBA-
TION LEVEL were obtained for the trunk (F(2,16) = 15.5,
p < 0.001) and the thigh (F(2,16) = 12.4, p < 0.001). Post-
hoc test showed that the trunk RMSE was significantly larger
with the MBC controller than with the FSF for all perturbation
magnitudes (S: p = 0.02, M: p < 0.001 and F: p < 0.001). In
contrast, the thigh RMSE was significantly smaller with the
MBC for S (p < 0.02).

The demonstrated incapability of the MBC to describe the

human-like trunk motion at large levels of perturbations, made
us to investigate possible reasons to explain it. Trunk motions
should be generated if the ankle strategy does not suffice,
which happens when the CoP is near the edge of the BoS
(Equation 10). The absence of trunk motion could therefore
indicate that the CoP never gets close to the boundaries of
the BoS, which could indicate that the assumed full BoS was
too large. Therefore, for the same representative subject of
Figure 4, we also optimized the balance response of the MBC
using smaller BoS sizes (BoS−3cm and BoS−7cm). Reducing
the BoS size resulted in a larger trunk rotation in response to
an F perturbation, whereas for the smaller perturbation levels
(S and M) the responses were similar to the response of the
MBC that used the full BoS (Figure 7). Although a human-
like trunk motion could be generated by the MBC when the
BoS was reduced with 7 cm, the error on the thigh and shank
angles increased by doing so (Figure 7). The MBC generated
a hip rotation while keeping the knees stretched, whereas the
subject kept the knees bent. As a result, the generated thigh
and shank angles differed from the human angles.

C. Cross-validations

1) Predictions of a medium and a fast perturbation magni-
tudes:
All the predicted responses to perturbations not included in
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Fig. 5. RMSE and Pearson’s r for each controller and segment angle using
a single set of gains that was fitted over all perturbation levels together. Each
circle corresponds to the response of an individual subject, and the error bars
show the mean and standard deviation across individuals. Blue shaded areas
indicate a “good” fit to the human data for the RMSE and a “high” correlation
for Pearson’s r. Yellow shaded areas indicate a “very good” fit for the RMSE
and a “very high” correlation for Pearson’s r.

Fig. 6. Averaged RMSE (across trunk, thigh and shank angles) with respect
to the trunk RoM. Each dot represents a subject-specific single perturbation.
Comparison between the general fitting (continuous line) and the individual
fitting (dotted line) for (a) MBC and (b) FSF.

the optimization (see medium-M* in Appendix B, and fast-F*
in Figure 8) were stable for both controllers. This indicates
the capacity of the controllers to interpolate and extrapolate.

Differences were found in the correlations of the gener-
ated trajectories for the three segments and two controllers.
Respectively “moderate” and “high” trunk correlations were
obtained by the MBC for the predicted M* and F* perturbation
levels, compared to “high” and “very high” trunk correlations
obtained by the FSF (Table II). For the thigh angle, for
both predicted perturbation levels, “moderate” correlations
were obtained by the MBC versus “low” correlations by the
FSF. Lastly, for the shank, “low” and “medium” correlations
were obtained using the MBC, compared to “medium” and
“high” correlations using the FSF for the medium and fast
perturbation level respectively.

Regarding human-likeness based on the RMSE, only for the
prediction of the medium level of perturbation a “good” fit to
the experimental data was achieved for both controllers on
the trunk segment. For other segments and/or predictions, the
RMSE provided by the controllers was not within the defined
thresholds. No significant differences were found between the
MBC and FSF controller when predicting M* (trunk p = 0.18,
thigh p = 0.46 and shank p = 0.62) or F* (trunk p = 0.34, thigh
p = 0.08 and shank p = 0.45).

2) Prediction of forward platform perturbations:
The sets of controller’s gains found during the general fit to
backward platform perturbations (Section III-A) were used to
assess the controllers’ responses to forward platform pertur-
bations. Both the MBC and the FSF provided stable balance
responses for all levels of forward platform translations, how-
ever, those responses were far from human-like (Appendix B).

IV. DISCUSSION

A. Summary of the results

The goal of this study was to assess whether an MBC
can be used to generate human-like responses to balance
perturbations. We analysed the human-likeness of the MBC
for standing balance in the sagittal plane, and compared
the obtained results of the MBC to an FSF controller. We
investigated whether a single set of (fixed) gains was suffi-
cient to explain balance responses to different perturbation
magnitudes or whether the gains needed to be scaled to the
perturbation magnitude. Our study can be considered as a
first step towards the implementation of human-like balance
controllers in exoskeletons to support standing and walking
function of people with motor disorders.

When fixed controller gains were used to respond to dif-
ferent backward platform translations (general fitting), the
human-likeness of the MBC varied with the body segment and
the perturbation magnitude. In general, the MBC presented
a better human-likeness for small perturbation magnitudes,
especially when the hip strategy was not used to maintain
balance. Comparing these results to those obtained with the
FSF controller, we saw that the human-likeness (for the
combination of trunk, thigh and shank) of both controllers
were similar: the MBC presented significantly better results
for the thigh segment, whereas the FSF was significantly better
than MBC for the trunk segment. The tracking of shank angles
was performed similarly. Moreover, both controllers were not
able to generate sufficiently large trunk angles in response to
the largest perturbation, indicating that both controllers do not
predict hip strategies well.

When fitting for individual perturbation magnitudes, the
MBC still did not show a good shifting between ankle and
hip balance strategies. By contrast, the FSF did demonstrate a
shift to the use of hip strategies for larger perturbation levels
in the individual fit.

Finally, we used a set of fixed gains to predict responses
to unknown perturbations. Although the responses of both
controllers were always stable, the combinations of trunk,
thigh and shank angles were not human-like.
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TABLE II
MEAN±STD. DEVIATION FOR RMSE AND R (SEGMENT ANGLES) ACROSS THE 9 HEALTHY SUBJECTS FOR THE PREDICTIVE (*) RESPONSES OF MEDIUM

AND FAST PERTURBATION LEVELS. BOLD INDICATES BETTER VALUES COMPARING BOTH, MBC AND FSF CONTROLLERS.

Trunk Thigh Shank
M* F* M* F* M* F*

MBC RMSE 2.7±1.0 3.7±1.4 1.6±0.5 1.3±0.6 1.3±0.6 1.3±0.7
r 0.62±0.28 0.77±0.19 0.60±0.28 0.65±0.34 0.42±0.36 0.55±0.26

FSF RMSE 2.1±0.8 2.9±1.6 1.7±0.3 2.0±0.8 1.2±0.5 1.1±0.4
r 0.88±0.04 0.91±0.13 0.39±0.39 0.32±0.51 0.55±0.30 0.70±0.16

Fig. 7. Simulated stick-figure of subject 1 responding to a Fast perturbation
(F). Comparison of the experimental data and the optimized responses of the
MBC using various BoS sizes, that is, the full BoS, the BoS minus 3 cm, and
the BoS minus 7 cm. The color of the stick-figure indicates the change over
time, from dark gray to light gray. For the MBC responses the initial states
are marked with pink.

B. The MBC can(not) explain hip strategy

We demonstrated in our study that the MBC could only de-
scribe human-like responses to small perturbation magnitudes.
Even when the gains were fitted to individual perturbations,
the RMSE increased as a function of the measured trunk RoM
(Figure 6), which suggested that the MBC cannot describe hip
strategies. We expected that the MBC would be able to switch
to a hip strategy when the ankle strategy is not sufficient, due
to the incorporation of constraints in the optimization routine
of the MBC. However, in the simulation these constraints were
not hit. To test whether the subjects actually tried to keep their
CoP further away from the edge of the BoS, the gains of the
MBC were fitted assuming a smaller effective BoS (Figure 7).
This demonstrated that indeed, reducing the assumed BoS
leads to a larger trunk RoM. In contrast, the motion of the
thigh and shank were less human-like. This indicates that the
inability of the MBC to generate human-like balance responses
to large perturbations was not just a result of an effective BoS
that was assumed to be too large.

C. How to improve the MBC

In contrast to the MBC, the subjects generated a hip strategy
in combination with an ankle strategy before the CoP was at
the edge of the BoS. This can indicate the following points,

which should be considered in future implementations of the
MBC: first, in humans the CoP limitation on the allowable
ankle torque is not represented as a discrete constraint, but as
a rather continuous one. This implies that the computed CoP
is prevented from moving towards the edge of the BoS rather
than being stopped at the edge of the BoS. As a result, the
hip strategy will be introduced gradually with an increasing
perturbation magnitude. This matches the findings of Park
et al. [9], who suggested that in the central nervous system
biomechanical constraints are represented in a continuous,
instead of a discrete, way. In the MBC this behavior can be
implemented by penalizing the CoP in the objective function of
equation 8 as it approaches the edge of the foot. Consequently,
by implementing the CoP dependent ankle torque limit as a
penalty, the human-likeness of the motion generated by the
MBC might be improved.

Second, humans do not strictly control their angular momen-
tum to zero in feet-in-place standing balance. During feet-in-
place standing balance there are situations in which humans
are not restricted in generating angular momentum. Note that
this does not mean that humans do not control their angular
momentum at all, but that it is possible that they sacrifice
this control objective when their CoP is near the edge of the
BoS. This corresponds to the suggestion of Popovic et al. [37]
that angular momentum control changes from regulation to
non-regulation as the “zero spin center of pressure” moves
across the limit of the foot support polygon. It needs to be
investigated whether such a switching of control objectives
is sufficient for the MBC to generate human-like motions,
because when the angular momentum is not controlled, the
secondary control objective (the second row in Equation 8)
is going to play an important role. Due to this objective, the
generated trunk motion might still be limited, because (as it
is defined in this paper) it minimizes angular accelerations.
Furthermore, a switching controller would introduce new
challenges, such as determining when it should switch back
to control the whole body momentum. Nevertheless, the way
the angular momentum is implemented as a control objective
in the MBC should be reconsidered.

Deviations between the simulated and the human data may
also occur because human control has an intrinsic time-delay
that we did not consider in the controllers. Earliest changes
in muscle contraction happen only after 100 ms [38] and are
based on delayed information estimated by the nervous system.
The posture after 100 ms of free falling after perturbation onset
will typically have a slightly dorsi-flexed ankle, flexed knee
and extended hip [39]. Furthermore, the CoM will be shifted
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forward with a positive velocity. From this more challenging
dynamic posture, the ankle strategy is limited [40], and the
hip strategy will need to contribute more in order to restore
balance. Introducing a physiological time-delay in the MBC
may lead to an earlier shift from ankle to hip strategy, however,
it will worsen the robustness of the controller.

D. Considerations for implementation in exoskeletons

For final implementation in exoskeletons, fixed controller
settings are desired that are not perturbation dependent, be-
cause in most real-life situations perturbations (magnitudes
and directions) will be unknown. The predicted responses
of both controllers were always stable, however, the human-
likeness worsened in all cases, and even more when predicting
responses to perturbations in other directions. We hypothesized
that when using a single set of gains, the MBC would be
better than the FSF at predicting human balance responses to
unknown perturbations, as it optimizes its response and the
strategy used at each time step, being a more general control
approach for human standing. This hypothesis could not be
validated as the performance of both controllers in predictions
was similar.

Ultimately, the controller gains should be independent of the
subject wearing the exoskeleton as the end-users (spinal cord
injury) lack of motor control to generate their own balance.
However, the variability between the sets of optimal controller
gains for each subject obtained in this study was high (see
supplementary material reported in Appendix C). Remarkably,

Fig. 8. RMSE in degrees and Pearson’s r represented for each controller
(MBC-purple and FSF-green) and lower limb segment (trunk, thigh, shank)
when extrapolating by predicting a fast level of perturbation (F*). Each
circle corresponds to the individual subjects’ response, and the error bars
show the mean and standard deviation across subjects. Blue shaded areas
indicate ”good” human fitting for RMSE and ”high” correlation for Pearson’s
r. Yellow shaded areas represent ”very good” fitting for RMSE and ”very
high” correlation for Pearson’s r.

positive and negative values of one and the same gain were
found depending on the subject. An explanation for the varying
sign of the controller gains is that the influence of one gain
can be compensated by (a combination of) other gains, as in
the optimization we noticed that different sets of MBC gains
generated similar segment angles. Here it is important to point
that these optimized gains are not unique and should not be
considered to reflect the human control gains. To identify a
unique set of gains that does reflect the human gains, a separate
independent perturbation is needed per joint [41]. Finally, to
eventually get gains independent of subject, we should derive
a single set of gains from a fit across all subjects.

E. Limitations

We only evaluated the controllers in a specific case: reactive
control of balance in response to platform translations without
heel lifting or stepping. The human-likeness of the MBC and
FSF might vary for other type of perturbations (e.g. pushes
on the upper body) or if the users are allowed to use a step
strategy or heel lifting to keep balance. Future investigations
should address this limitation to further assess the capacity of
different balance control algorithms to estimate adequate and
human-like balance responses.

In our model we did not consider the compliance introduced
by the human muscles or the compliance between the human
and the exoskeleton resulting from the interaction between the
two kinematic chains. The integration of the intrinsic compli-
ance of biological tissue as well as the human-exoskeleton
connection through attachments should be addressed in future
studies, especially if the goal is the implementation of such
controllers in exoskeletons.

V. CONCLUSION

In this paper we assessed the ability of an MBC to generate
human-like balance recovery strategies during stance. The
results showed the incapacity of the MBC to mimic the com-
bination of trunk, thigh and shank segment angles observed in
human balance responses, especially for large perturbations.
In general, the MBC had difficulties in modulating the use of
the ankle and hip strategy to the perturbation magnitude.

Overall, it is difficult to conclude whether the MBC could
describe human-like responses better than a FSF, as it depends
on the body segment. In predicting reactions to unknown per-
turbations, both controllers provided stable responses, although
these were not human-like. The MBC controller has the advan-
tage that it incorporates the possibility of handling constraints
(e.g. maximal torques, limits for joints RoM...), which should
be considered if the final aim is to support a human wearing
an exoskeleton. This fact would make the MBC more suitable
to be used in future studies with exoskeletons, although the
improvements proposed in the discussion of this manuscript
should be considered.
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