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Comparative Analysis of Dynamic Balance Descriptors in Humanoids
and Humans during Perturbed Bipedal Locomotion and Fall

Sirikorn Chalanunt!'23, Ariane Lalles®®, Arnaud Demont!*, Mehdi Benalleguel,
Bruno Watier’®, and Héleéne Pillet?

Abstract— This study identifies a robust parameter for quan-
tifying instability in general biped systems by comparing
three mechanical stability descriptors: the distance between the
center of mass to the minimal moment axis (dcom-mma), the
margin of stability (MoS), and whole-body angular momentum
(WBAM) in both humans and humanoid biped robots. We
analyzed these metrics during normal and perturbed walking,
including robot falls, a dynamic whose observation is limited in
human trials due to safety concerns. Our comparative analyses
demonstrate that dcom-mma is more predictive of different levels
of instability and shows a clearer distinction between fall and
non-fall states, compared to MoS and WBAM. These findings
were consistent for both humans and biped robots, regardless
of gait variability or the type and intensity of the perturbation
methods. These qualities highlight its potential use in unified
stability analysis in both fields, offering insights that can inform
the design of exoskeletons, fall monitoring systems, and other
gait-assistive devices for aging populations.

Index Terms— bipedal locomotion, perturbation, fall, human
biomechanics, biped robot.

I. INTRODUCTION

The control of balance during bipedal locomotion rep-
resents a very complex task whether in humans or biped
robots. Identifying a mechanical descriptor able to predict the
evolution of balance would be useful for both robot motion
generation and monitoring in clinical fellow up of people
with impaired locomotion. These mutual benefits highlight
the importance of developing robust stability descriptors that
enable precise stability quantification across domains. In this
paper, we analyze dynamic balance descriptors applicable
for both humans and biped robots, i.e., robots with exactly
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two lower limbs capable of independent stance and swing
phases, regardless of their anthropomorphism. While numer-
ous stability measures have been proposed [1], [2], their
effectiveness in capturing dynamic balance under varying
perturbations and domains remains a subject of ongoing
research.

The early and widely used approach to quantify balance
was a by-product of the concept of the Linear Inverted
Pendulum Model (LIPM). LIPM is foundational for analyz-
ing and controlling legged systems, assuming low angular
momentum and using the Zero Moment Point (ZMP) to
describe dynamics [3], [4]. To account for system dynamics
and additional disturbances, a Model Predictive Control
(MPC) approach was introduced to reduce ZMP tracking
errors and smoothen center of mass (CoM) trajectories [5],
[6]. A more general concept of the Divergent Component of
Motion (DCM), derived from the mode analysis of linearized
dynamical systems, provides a powerful way to analyze and
control balance. It was initially conceptualized in 2D [7], the
later extended to 3D [8]. The 2D ground projection of DCM
is equivalent to the Capture Point (CP), which represents the
exact location where a robot must place its foot to come to a
complete stop [9], [10]. In biomechanics, a parallel concept
was developed to describe stability in human static poses
and normal gait. Hof introduced the Extrapolated Center of
Mass (XCoM) which is equivalent to the CP to define the
Margin of Stability (MoS) as the distance from the XCoM
to the boundary of the base of support (BoS) [11].

Extensions went beyond the LIPM, such as allowing an-
gular momentum variations [12], [13]. Angular momentum-
based strategies also predict foot placement using con-
tact point dynamics [14]. Whole-body angular momentum
(WBAM) is also widely studied in biomechanics for its
role in predicting instability and falls [15], [16], [17],
[18]. To address ZMP limitations in multi-contact scenarios,
the descriptor dcom.mma— distance from the CoM to the
minimal moment axis (MMA)—was developed [2]. MMA
corresponds to the line where the moment of the external
wrench is minimal and aligns with the external resultant
force [19], [2], [20]. In biomechanics, dcommma reflects
instability differences across groups, walking strategies, con-
ditions, and age differences [20], [21].

The approach of using whole body dynamical system
analysis to describe the stability of bipeds had also been
studied through the use of maximum Lyapunov exponents
and Floquet multipliers [22]. While these parameters can
represent a certain degree of system stability [23], [24], their



implementation in real-world setting are challenging and

subjected to limitations [25], especially in distinguishing fall-

prone gaits [26]. Due to the problem of model complexities
in human and biped robots, noisy sensors, and non-periodic

non-stationary nature of real-world gaits [27], [25], [28],

these parameters are not suitable for the scope of this study.
A universal balance metric for humans and bipedal robots

would advance both fields. Although ethical restrictions limit
human studies, robots can be tested in extreme conditions;
this collaboration could offer biomechanists insights into ex-
treme conditions and guide roboticists in refining bioinspired
balance control, especially since previous comparative stud-
ies have not included newer metrics such as dcovmma [1],
[29], [30].
In this paper we propose the following contributions

o Demonstrate that dcopv.mma 1S a sensitive metric for de-
tecting imbalance common to both humans and biped
robots, regardless of the perturbation level or method,
while effectively representing the varying levels of induced
instability.

o Study the correlations and differences in dcov-mma be-
tween humans and biped robots, providing insights into
the transferability of stability analysis across these entities.

o Offer a comparative performance analysis of dcommma
against other widely used criteria in biomechanics and
robotics, such as the margin of stability, whole body and
centroidal angular momentum, and its rate of change.

II. MATERIALS AND METHODS

A. Robot Experiment

1) Humanoid Robot: The used robot is RHP Friends [31]
(RHP Friends: Robust Humanoid Platform), Kawasaki
Robotics, Japan, a humanoid biped robot with 15 segments
and 30 degrees of freedom (leg 6 DoF; arm 7 DoF; torso
2 DoF; neck 2 DoF), with a total weight, internal battery
included, of 63.85 kg. The robot’s height is 1.68 m. The
robot has force torque sensors at the ankle and wrist joints.

2) Gait and Balance Controller: The RHP Friends used
the closed-loop IS-MPC walking controller [32]. The loco-
motion control scheme uses the extended dynamics of the
LIPM to balance walking by relating CoM acceleration to
displacement from the ZMP. The system tracks desired ve-
locities and dynamically adjusts the ZMP reference through
admittance foot force control to maintain balance. Key
components include model-rich closed-loop feedback, which
integrates CoM and ZMP measurements from force/torque
sensors to predict and adjust for future balance, dynamic re-
planning to adapt step locations and timings based on real-
time disturbances, and feet force control to ensure stable
force tracking without oscillations. The control loop was
running at 200 Hz.

3) Experiment Procedures: The robot was controlled in
two locomotion scenarios:

a) Normal walking with different speeds: The robot
was operated to walk in a straight path across the experiment
room at two different speeds: 0.30 £ 0.02 m/s and 0.15 +
0.01 m/s. Four trials were conducted at each speed.

b) Walking with perturbations: The robot was con-
trolled to walk over manually placed layer(s) of soft mats.
Stepping on the border between the soft mats and the flat
ground produced a disturbance. Four levels of perturbations
were introduced by increasing the number of soft mats layers
from 1 layer, (1.2 £ 0.04 cm thick), to 4 layers, (4.8 &
0.1 cm thick), accordingly. Each perturbation was applied as
follows:

1) The robot walked forward at 0.15 m/s.

2) Mats were placed for the robot to step on the edge
between the mats and the floor.

3) Immediately after the lift-off, mats were removed.

These steps were repeated after the robot returned to normal
gait. Five perturbed steps were performed at each of per-
turbation levels from 1 to 3. For level 4, four perturbation
events that caused falls were performed.

4) Data processing: The floating-base kinematics of the
robot were estimated with a Lyapunov stable observer [33].
Robot sensors data were sampled at 200 Hz. Given the
known relative position of the center of mass (CoM) to
the floating base from RHP Friends model, the kinematics
provided by the observer enabled the estimation of the CoM
trajectory over time. To make the process consistent with
human data aquisition, offline 4"-order Butterworth low-
pass filter was applied at 6 Hz for kinematic data and at 10
Hz for dynamic and force sensor data. From this processed
data, the CoM trajectory, dynamic wrenches from force
sensors, sensor positions and orientations, feet positions, and
centroid dynamics were extracted and used to compute each
mechanical descriptor.

B. Human Experiment

1) Participants: Two groups of human participants were
recruited for two experiments. For the first group, 4 healthy
participants (3 males 1 female, age: 30 + 6.5 yr, weight:
65.4 £ 12.9 kg, height: 172.2 £+ 6.6 cm) were involved in
slow walking without perturbation. For the second group,
6 healthy participants (3 males 3 females, age: 37.8 =+
11.4 yr, weight: 64.7 = 12.9 kg, height: 170.3 £+ 6.7 cm)
were involved in walking under perturbations experiment.
All participants were informed and signed the consent under
the ethical agreement number: RCB 2020-A01357-32. None
of the participants had a history of locomotion disorders.

2) Experiment Procedures: Each participant was in-
structed to walk on a dual-belt instrumented treadmill with
two underlying force plates recording three-dimensional
forces and moments at 1,000 Hz. Motion capture was
performed throughout the experiment using 50 reflective
full-body markers and 9 cameras (MX T20 and Vero, 100
Hz, Vicon Motion Systems Ltd., Oxford, UK). All markers
were placed on the participants’ skin except for the feet
segment, where markers were placed directly on the par-
ticipants’ shoes. Force plate and motion capture data were
simultaneously recorded and synchronized on Vicon Nexus
software. All participants started with a familiarization phase
by walking at 1.2 m/s on the treadmill. Then, recordings were
conducted in two scenarios:
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Fig. 1.

Overview of materials and methods: experimental setup and data analysis pipeline. Abbreviations: CoM - Center of Mass, dcom-mma - Distance

between CoM to the Minimal Moment Axis, WBAM - Whole-Body Angular Momentum, MoS - Margin of Stability, SPM - Spatial Parametric Mapping.

a) First group: Participants were instructed to walk at
1.2 m/s for one trial followed by 0.3 m/s for two trials. Each
trial consisted of 10-15 gait cycles of normal gait without
perturbation. Although the walking speed of 0.3 m/s is much
lower than typical physiological gait speeds, it was chosen as
a common gait speed for both humans and the RHP Friends,
as it represents the robot’s maximum stable gait speed. Data
collected at this common speed enabled us to compare the
patterns and evolution of mechanical descriptors throughout
the gait cycle, potentially highlighting scaling factors, and
intrinsic behaviors that must be considered for human-robot
transferability and interpolation of future results.

b) Second group: Participants walked at 1.2 m/s. Dur-
ing that time, they encountered trip perturbations. Extended
details of the experiment setup were described in [34]. Side,
type and acceleration during the perturbation were randomly
determined before the session. Perturbations were triggered
via a Lab View interface (National Instruments Corp., Austin,
TX, USA) allowing to modify the belt speed at a given
instant of the gait cycle. Occurrence was defined at the instant
the perturbed foot made contact with the ground. At that
point, a target speed signal of —70% of the initial speed (0.36
m/s) [35] was sent to the treadmill. Acceleration rates were
set in the treadmill control software at 3 m/s?. Perturbation
duration was set at 500 ms.

3) Data processing: Pre-processing was done by applying
the same 4"M-order Butterworth low-pass filter at 6 Hz for
motion capture data and at 10 Hz force plates analog data,
respectively. Static poses were used to establish a per-
sonalized reference full-body model [36], [37]. Kinematics
data, including body segment orientation and reconstructed
markers’ position through time, was acquired using inverse
kinematics with rigid body motion constraints. The body
CoM position was calculated as the mass-weighted average

position of all segment CoM positions. These data are then
used to estimate mechanical descriptors of interest.

C. Computation of mechanical descriptors

1) Distance between the Center of Mass to the Minimal
Moment Axis (dCaM-MMA)" dcom-mma Was formulated and
calculated as in [19], [2], [20].

F ext X M CoM
dcov-Mma [Fol? )]
where F'oy is the resultant force, and M gy is the resultant
moment expressed at the body’s center of mass (CoM).

2) Whole-Body Angular Momentum ( Lwg or WBAM): For
the robot, the WBAM was equivalent to the centroid angular
momentum given by the state estimator and encoders. For
humans, it was calculated using the following formula:

=N
Iw; + i — Pcom) X M;(V; — Uco
i=1

where p; , PcoM, Vi » Ucom are the position and velocity
vectors at the center of mass (CoM) of the i segment
and the body respectively, m;, I;, w; are the segment mass,
their matrix of inertia and their angular velocity respectively.
WBAM was normalized by (M -V - H) of their respective
subjects where M is the total participant’s or the robot’s
mass in kg, V is the average gait speed of the respective
gait cycle, and H is the total height of each participant or the
robot. Time rate of change of the WBAM was also computed
as LWB = dLWB/dt.

3) Margin of Stability (MoS): It is defined as the distance
from the extrapolated center of mass (XCoM) to the nearest
edge of the base of support (BoS).

b=+ mln(\ |p€BOS - pXCoM‘ |) (3)



where pxcoy Was calculated as equal to pogy + Veom \/%
Pcom 18 the vector position of the CoM respectively, [ is the
vertical height of the CoM position and g is the gravitational
acceleration. A sign convention is used for b. A positive
MoS indicates that XCoM is within the BoS. Conversely,
a negative MoS means the XCoM is outside the BoS. The
BOS was represented by the set of hull points of all foot
vertices in contact with the ground. For RHP-Friends, four
corner vertices of each foot were used. For humans, all four
markers on each foot segment were used.

D. Statistical Analysis

Normallity and homogeneity of variances was assessed
with Kolmogorov-Smirnov and Levene’s tests to determine
appropriate statistical tests for comparative analyses. In order
to confront biped robot and humans normal walking without
perturbations, comparative analysis was done for dcom-mma-
Four data groups were selected for the analysis, including
human (first group experiment) walking without perturbation
at 1.2 m/s and 0.3 m/s, RHP Friends walking at 0.3 m/s
and 0.15 m/s. In order to quantify the performance of
the different mechanical descriptors during walking under
perturbations, four comparative analyses were performed on
all four mechanical descriptors. Seven groups of data were
selected, including human (second group experiment) normal
and perturbed walking at 1.2 m/s and all four levels of RHP
Friends perturbed walking and normal walking at 0.15 m/s.

For each comparative analysis, the input data was arranged
as two matrices, M and A. M is a matrix having each
column containing a time series of a selected descriptor
value for each gait cycle. This input matrix has a size of
Y x N where Y is the resolution of the gait cycle(s), and
N is the number of different gait cycles. While Matrix A
contains group labels, size 1 x N. Then, the input data
was used for Spatial Parametric Mapping (SPM) using two-
tailed one-way ANOVA (or Levene’s test for non-parametric
data), followed by post-hoc analysis using two-tailed t-test,
paired when comparing the same participants and unpaired
when comparing humans and robots, (or Wilcoxon Signed
Rank test for non-parametric data) on all possible pairs
with corrected Bonferroni alpha level. All statistical tests
had the null hypothesis, as no significant difference existed
between the groups or the pairs. Initial alpha levels were
set at 0.05. To distinguish whether significant differences in
descriptor values were from gait variability or the induced
perturbations, cross-comparisons were conducted during the
post-hoc analysis. This result was taken into account for the
statistical interpretations to ensure that the observed effects
were primarily attributable to the perturbations rather than
inherent subject variability. Statistics were performed on
MATLAB 2023b using custom code, Statistics and Machine
Learning Toolbox, and spmld package.

III. RESULTS & DISCUSSION

A. Normal gait profile in humans and biped robot

As shown in Fig. 1, humans and RHP Friends were
subjected to similar range of external actions during baseline

walking, despite the robot exhibited more jerk and bounce
at ground contact due to its non-compliance feet. During
baseline walking, humans at 0.3 m/s and RHP Friends,
at 0.3 m/s and 0.15 m/s, demonstrated similar %double
and %stance with respect to their gait cycle duration at
34.81 — 37.29 + 2.73 — 3.98% and 65.80 — 68.76 + 1.43 —
2.88% for %double stance phase and %stance, respectively.
When walking at normal speed (1.2 m/s), humans showed
23.73 + 1.89% of double stance and 62.25 + 1.06% for
stance phase. At 0.3 m/s, the the robot showed the gait cycle
duration of 2.22 4+ 0.02 s and step lengths of 33.64 & 2.28
cm. Humans showed shorter gait cycle duration and step
length with higher degree of standard deviations (2.054+0.14
s for gait cycle duration, and for 34.77 + 5.86 cm step
lengths). At higher gait speeds, humans and RHPS Friends
use different strategies. RHPS Friends increased step length
to to 56.34 +5.24 cm, at gait speed 0.3 m/s, with a constant
gait cycle duration. In contrast, humans achieved 1.2 m/s
using both shorter gait cycles (1.08 £ 0.02 s) and longer
steps (62.45 £ 2.64 cm).
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Fig. 2. Gait characteristics during normal walking showing three dimen-

sional external force (N) and moment at the CoM (Nm), and gait profile
including % double stance vs % stance, step length (cm) vs gait cycle
duration (s). Color legends: — human 1.2 m/s, — human 0.3 m/s, — RHP
Friends 0.3 m/s, — RHP Friends 0.15 m/s; Gait cycle (horizontal bars):
stance phase of — dominant side, — non-dominant side.

B. Behavior of dcoy-mma during normal walking

The behavior of the dcom-mma during baseline walking in
humans and RHP Friends are shown in Fig. 2. In humans,
when walking at normal speed of 1.2 m/s, the average size of
dcommma Was 3.81£1.30 cm. deom.mma amplitudes had an
increasing trend and reached a maximum during the single
stance phase. The pattern was slightly shifted forward when
walked at slow speed, while the range of amplitudes was also
decreased (2.71 £ 0.39 cm). For RHP Friends, the average
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sizes of dcomvmma Were at 4.22+1.99 cm and 3.51£1.78 cm
for 0.3 m/s and 0.15 m/s walk, respectively. Each component
average value can be found on TABLE I.

TABLE I
AVERAGE LENGTH OF dcom-MMa DURING BASELINE WALKING

Group - Speed Norm (cm) AP (cm) ML (cm)
Human @1.2 m/s 3.81+£1.30 254+£1.24 243+£1.07
Human @0.3 m/s 2.71+£0.39 2.024+0.51 1.37+0.44

RHP Friends @0.3 m/s 422+199 262+1.73 274+145
RHP Friends @0.15 m/s 3.51£1.78 2.10+1.37 2.404+1.55

In Fig. 2, cross-correlation analysis revealed significant
(p < 0.001) and strong internal correlations (R = 0.78 —
0.88), with in-phase evolution (0-1% lags), in the distances
observed among RHP Friends across total size, antero-
posterior (AP), and medio-lateral (ML) components. For
humans, similar correlations were only found in AP (3% lags,
R = 0.82, p < 0.001) and ML components (0% lags, R =
0.88, p<0.001), but not the norms. In terms of correlation
between humans and RHP Friends, there were significant
(p < 0.001) and with varying degree of correlation (R =
0.33 — 0.78) in both AP and ML components; however,
these relationships were absent for the norm. The timing of
patterns in humans were shifted forwarded in %gait cycles
compared to RHP Friends as suggested by the %lags of
13 to 15% from the cross-correlation analysis. The SPM
ANOVA and pair-wise post-hoc analysis, showed multiple
small clusters (1 to 7% of the gait cycle) of significant

differences between human and RHP Friends, including all
possible human-robot pairs, scattered throughout the cycle.
These small clusters were not relevant to gait cycle events
or phases. These differences signify that the waveform
shape of dcom.mma in RHP Friends and humans were not
homogeneous, confirming the observation that, despite in-
phase trends of changes throughout the gait cycle, dcom-mma
in RHP Friends showed a more noisy behavior. These dif-
ferences in dcom.mma Observed between humans and biped
robots may be attributed to the dynamic control of the gait.
As shown in Fig. 1, humans and RHP Friends exhibit distinct
patterns in the net external moment expressed at CoM. Hu-
mans typically show smoother and more consistent changes
in this moment, reflecting their natural ability to adapt and
maintain stability during walking. In contrast, RHP Friends
demonstrates a more abrupt and noisy pattern, likely due
to differences in mechanical properties and controls of the
biped robot compared to human musculoskeletal dynamics.

C. Behavior of dcoy-mma under perturbations

In Fig. 3, the dcommma Were converted to dimensionless
form by dividing by the robot’s/subjects’ respective heights.
Regardless, upon analysis with original unit, not shown here,
the same final statistical conclusions were reached. During
the perturbed stance phase, the norm of the dcommma Were
consistently increased in both RHP Friends and humans.
Consistent fluctuations were observed in both the AP and ML
components. Mean dcommma curves at each perturbation
level suggested a positive correlation between perturbation
intensity and the magnitude of dcommma fluctuations (Table
ID). In trials not leading to a fall, all dcommma COmponents
returned to their baseline values within the following gait
cycle. In contrast, during falls, the three dimentional distance
continued to exponentially increase as the fall progressed.

The results from SPM ANOVA and post-hoc pair-wise
t-tests revealed significant differences in the total size of
dcom-mma between fall and all non-fall gait cycles, and in
the AP component between fall and non-fall cycles under
the level 3 perturbations. These differences were obvious for
the gait cycle following the perturbed cycle. Other signif-
icant clusters were small and did not contain meaningful
interpretation regarding either the perturbations or falls. The
cross-correlation studies shows that the evolution pattern
under perturbations of human and robot were correlated
(R = 0.25 — 0.45 for the norms, R = 0.34 — 0.46 for AP
component, and R = 0.65 — 0.69 for the ML component)
regardless of the levels and methods of the perturbations.
This result suggests that, despite differences in the pertur-
bation methods (trip v.s. step-over) and agents’ dynamics
(humans v.s. biped robot), similar patterns of evolution of
dcommma emerged. For the negative statistical results at %
gait cycles where the mean curves of dcom.mma Seemed
to be different among different levels of perturbations and
agents, they can be explained by the large degree of standard
deviations which decreased the level of statistical power and
confidence, especially with limited amount of samples.
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Fig. 4. Left) The distance between the center of mass to the minimal moment axis during walking under different levels of perturbations : norms, AP
component, and ML component. Color legends: RHP Friends ——— without perturbation, with perturbations — level 1, — level 2, , — level 4;
Humans ——- without perturbation, — with trip perturbations; Gait cycle: stance phase of — dominant side, , and ——— perturbed
stance; Statistics: — indicating regions of %gait cycle with significant differences of dcom-mma. Right) Cross-correlation matrix showing correlation

coefficient with respect to time lags. The maximum correlation and the time lag value which it occurred were shown as text. Abbreviations: hg - human
without perturbation, A7 - human trip trials (no fall), ro - RHP Friends without perturbation, r1_3 - under perturbation levels 1-3 (no fall), r - fall trials.

TABLE II
AVERAGE LENGTH OF dcom-MMma (CM) DURING PERTURBED WALKING

Gr Norm AP component ML component
oup Pre Event Post Pre Event Post Pre Event Post
Hg 3.80 4+ 0.62 3.80 4+ 0.66 3.83+0.73 2.55 + 0.41 2.52 4+ 0.39 2.56 4+ 0.47 2.41 4+ 0.79 2.43 + 0.81 2.45 + 0.79
Hp 3.83 + 0.73 5.50 & 1.41* 4.67 + 1.32 2.56 + 0.47 4.06 + 1.20" 3.06 &+ 1.02 2.45 4+ 0.79 2.91 + 1.06™ 3.03 + 1.21
Ro 3.52 + 0.08 3.53 + 0.07 3.53 + 0.07 2.14 £ 0.16 2.12 +£0.19 2.08 £0.16 2.40 £ 0.13 2.41 £0.14 2.43 +0.12
Ry 4.32 + 0.59 4.44 + 0.52 3.99 + 0.26 2.36 + 0.26 2.45 +0.29 2.31+0.16 3.07 £ 0.57 3.17 + 0.64 2.80 + 0.25
Ro 4.11 +0.34 5.93 + 0.95* 3.70 +0.11 2.16 + 0.11 3.04 + 0.60* 2.26 + 0.07 3.04 £+ 0.42 4.49 + 0.91* 2.474+0.16
R3 4.01 + 0.38 6.56 + 1.45™ 3.94 + 0.32 2.39 + 0.07 3.58 +0.74" 2.30 + 0.15 2.72 4+ 0.44 4.60 + 1.60™ 2.73 + 0.54
Rp 3.88 + 0.32 13.73 + 3.57" 48.23 + 2.82% 2.43 + 0.30 9.01 + 1.68* 35.40 £ 12.20" 2.58 £ 0.07 9.41 4+ 3.08™ 23.61 + 21.68™

Legends - Pre: normal gait cycles, Event: perturbed gait cycles, Post: post-perturbation gait cycles, Hp: Human baseline at 1.2 m/s. H7: human trip at 1.2
m/s, Rp: robot baseline at 0.15 m/s, R1 — R3: robot under perturbation levels 1-3, Rp: robot with falls; *: significant differences from normal cycles.

the baseline patterns of MoS reached a maximum during
early double support, and decreased to a minimum at the
end of single support phase. For both humans and RHP
Friends, perturbations decreased the norm of MoS during

D. Other descriptors

Figure 4 shows the behavior of the WBAM norms, its
time rate of change, and the MoS norms during normal
and perturbed walking. Consistent with prior studies [38],
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Fig. 5. Behavior of other descriptors during normal walking (baseline) and
under perturbations, including: normalized WBAM, the rate of change of
normalized WBAM, and the margin of stability (MoS). Left) RHP Friends,
Right) Humans. Color legends: — baseline, with perturbations — non-falls,
— falls; Gait cycle: stance phase of — dominant side, ,
and ——- perturbed stance; Statistics: — indicating regions of %gait cycle
with significant differences. Abbreviations: ho - Human baseline, hp - trip
trials; 7o - robot baseline, ry, - perturbed trials (not fall), »r - fall trials.

the swing phase of perturbed leg. In non-fall trials, the MoS
recovered to normal with a gait cycle, while it remained
lower during falls, as observed in [39]. For WBAM, there
were significant increases under perturbation in humans
from mid-stance through the swing phase, similar to [40],
whereas the robot only showed increases during the pre-
swing and swing phases. The time rate of change of WBAM
in humans showed a large positive change during the stance
of perturbed cycle, however, this pattern was not visible in
the robot. The observed increases in humans during trips
were likely due to forward rotation of the upper body under
initial imbalance as previously demonstrated in [41]. The
differences in descriptor behaviors between humans and
the robot are expected as the dynamics, control strategies,
and perturbation methods were different. Regardless, these
findings highlight that these descriptors are highly sensitive
to many gait variability factors. While all metrics demon-
strated observable differences in the degree of fluctuations
depending on the level of perturbations, they were less
obvious, and lacked clear coherent patterns of fluctuation
even under the same perturbation method. Only fall trials in
the robot showed clear differences in descriptors’ value with
respect to non-fall trials; however, these differences were
at the post perturbation gait cycle and were not observable
during perturbed stances. This suggests that these descriptors
might have limited capability to detect an imminent fall early.
According to SPM ANOVA and post-hoc analysis, WBAM

and MoS showed meaningful significant differences between
the baseline and under trip condition in humans. In the robot,
despite visible differences in mean curves, large variability
among trials resulted in only small, scattered clusters of
differences across all descriptors and were not significant
enough to represent perturbation events or falls.

E. Considerations, Limitations & Future Research

Scaling by height or CoM height can standardize sta-
bility measurements across different subjects, but it does
not account for variations in body mass distribution and
joint configurations, especially between humans and robots.
Normalizing by dynamic gait parameters (e.g., characteristic
length) instead of static height may be more robust, as
these are directly linked to locomotion dynamics and could
enhance a descriptor’s sensitivity to stability changes.

In this study, normalizing dcom-mma by height did not
significantly affect the results, likely because the robot and
human subjects had similar height ranges and CoM posi-
tions. However, since stability is more closely linked to gait
dynamics (e.g., speed, step frequency, and CoM velocity),
normalizing descriptors with such dynamic parameters could
provide a more accurate stability assessment.

One limitation of our experiment was the safety lifter
needed to protect the robot during falls. To avoid entangle-
ment with the lifter’s ropes, we used manually placed soft
mats for perturbations instead of fixed obstacles. While this
introduced variability, it allowed us to test our stability crite-
rion across a broader range of scenarios, such as stepping on
a mat’s edge, thereby testing the generality of our findings.

Future research should investigate how different fall types,
timings, and recovery strategies affect stability. Exploring
varied perturbations (e.g., lateral pushes) is crucial for under-
standing fall dynamics and the differences in human versus
robot recovery. These insights can inform the design of
more effective fall prevention systems, advanced robots, and
exoskeletons.

IV. CONCLUSIONS

This study validates the stability metric dcom.mma for both
humans and biped robots, showing that it is predictive of the
instability level and fall. Due to their similarity in observed
behaviors, dcommma Shows promise as a universal descrip-
tor for stability. Future work should investigate the metric
integration into advanced robotic and clinical systems, e.g.,
exoskeleton control and fall detection devices, to enhance
safety and mobility for both humans and robots.
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