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Proactive Stability Augmentation for Voluntary Human Motion:

Validations on a Hip Exoskeleton in Leaning and Slip Perturbations

Abstract—Ensuring gait stability is crucial for safe and effec-
tive human locomotion. However, the vast majority of control
paradigms for lower-limb exoskeletons are developed and val-
idated under steady, nominal walking, and their performance
under unstable gait conditions or external perturbations remains
unclear. In addition, many existing gait stability augmentation
approaches are task-specific or rely on pre-defined reference
kinematics, which can limit their generalizability and constrain
the user’s voluntary motion. In this paper, we present a con-
trol framework for gait stability augmentation in lower-limb
exoskeletons that improves locomotion stability while preserving
voluntary motion. The proposed framework defines a center
of mass-based stability indicator, and employs control barrier
functions to enforce safety constraints on its state, which is
characterized by CoM position and velocity, without prescribing
reference Kinematics. Assistance is generated when the system
state approaches the boundary of the safety set, thereby en-
abling proactive intervention to preserve stability. To account for
voluntary human motion, we propose a nonlinear disturbance
observer to estimate human joint torques, and their estimates
are incorporated into the control design. Experiments were
conducted with four non-disabled subjects wearing a bilateral hip
exoskeleton performing leaning tasks as well as treadmill walking
with randomly timed slip perturbations. Ensemble-averaged
muscle efforts showed average reductions of 41% (leaning) and
21% (slipping), along with reductions in peak-to-peak whole-
body angular momentum and shorter recovery time, indicating
the effectiveness of the proposed approach in augmenting gait
stability across locomotion tasks and perturbation conditions.

Index Terms—Prosthetics & exoskeletons, wearable robotics, op-
timization & optimal control, human performance augmentation.

I. INTRODUCTION

ALLS and falls-related injuries constitute a major public
health concern across all age groups. Globally, falls
account for more than 600,000 deaths each year [1]. Beyond
mortality, falls frequently lead to severe health consequences,
for instance, unintentional falls account for nearly half of
nonfatal traumatic brain injury-related hospitalizations [2]. In
particular, slip-related events comprise 40% of outdoor falls
in elderly individuals and can result in serious injuries such
as hip fracture [3]. These statistics highlight the importance
of developing assistive technologies capable of improving gait
stability and reducing fall risk during locomotion.
Conventional assistive devices, such as canes and walkers,
ankle-foot orthoses, and hip protectors, primarily provide
passive assistance to increase the base of support, constrain
joint motion, or mitigate injury after a fall [4], [5]. However,
these devices are generally not designed to actively assist
users in destabilizing events, which are a major contributor
to fall-related injuries. Their effectiveness and adaptability
remain limited in practice. For instance, canes and walkers

require continuous grasping, which restricts the users’ upper-
limb motion and thus hinders their mobility. While passive
ankle-foot orthoses can improve certain gait stability metrics
in clinical populations, they cannot provide active assistance to
restore missing functions of impaired limbs [6]. Devices such
as hip protectors can reduce the risk of hip fracture, but do
not directly contribute to preventing falls [S]. These limitations
motivate the development of active assistive technologies
capable of supporting users during destabilizing locomotion.

Emerging powered lower-limb exoskeletons have demon-
strated strong potential in assisting human users during both
steady-state [7] and perturbed conditions [8]. A variety of
assistive strategies have been proposed to enhance locomotion
safety and stability, yet limitations persist. Reactive strategies
provide assistance in response to detected perturbations. For
example, the “help-when-needed” control paradigm enables an
exoskeleton to assist balance recovery with minimal subject-
specific customization once a perturbation such as a slip is
detected [8]. However, the pre-defined assistive torques used in
such approaches typically do not account for users’ voluntary
responses during destabilizing events. In contrast, bio-inspired
approaches attempt to replicate human neuromuscular re-
sponses to perturbations. For instance, Afschrift et al. proposed
an ankle exoskeleton controller that estimates and compensates
for muscle-like ankle torques to assist balance recovery during
perturbed walking [9]. While such approaches can reproduce
aspects of human reactive behaviors, human responses to
perturbations are not always optimal, since psychological
factors such as fear of falling may lead to transient reactions
that increase fall risk [10]. Moreover, since reactive assistance
occurs only after instability develops, proactive strategies that
anticipate or constrain unstable motion may provide more
effective fall protection [11]. Learning-based techniques have
also been explored. For instance, Luo et al. trained a neural
network policy using deep reinforcement learning to assist
walking while providing balance support [12]. However, such
approaches require extensive and unbiased training data cover-
ing diverse perturbation scenarios, which are difficult to obtain
for perturbed walking where unstable gait patterns are highly
variable. Designing exoskeleton controllers that provide proac-
tive stability assistance while encouraging voluntary motion
under diverse perturbations remains a key challenge.

As a complementary direction that does not rely on exhaus-
tive datasets, model-based control methods can deliver timely
assistance during the brief intervals in which perturbations
occur. Capture point theory has been employed to design
balance control strategies under large perturbations [13]. For
instance, it has been applied to correct unsafe leaning move-
ments and avoid falls [14]. Zhu et al. further developed a
control strategy based on slip recoverability regions to help
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users regain balance after unexpected foot slips [15]. Despite
their effectiveness in the targeted scenarios, these approaches
often rely on pre-defined reference trajectories or equilibrium
joint angles, which may not generalize across scenarios and
can overly constrain a user’s voluntary motion.

Alternative approaches have attempted to characterize bal-
ance using dynamic metrics. For example, Vallinas et al. pro-
posed a momentum-based controller that generates assistance
by minimizing changes in whole-body momentum subject to
model and dynamic constraints via a quadratic program (QP)
[16]. Without explicitly enforcing reference kinematics, the ap-
proach is promising in encouraging voluntary human motion,
yet the standing-specific constraints limit its application on
other tasks. Similarly, the extrapolated center of mass (XCoM)
has been widely used for control design to provide balance
assistance by enforcing an individual’s CoM within the support
polygon [17]. However, most XCoM relies on the linear
inverted pendulum approximation with fixed eigenfrequency
and approximately constant CoM height, assumptions that may
be violated under larger perturbations. More recently, as a
tool for safety-critical control, CBFs have gained increasing
attention as a computationally efficient framework for enforc-
ing safety constraints in real-time control systems [18], with
applications ranging from dynamic balancing on a Segway-
type robot [19] to achieving real-time stable walking for
bipedal robots [20]. In particular, CBF has also been applied to
improve gait safety by limiting the user’s motion within a pre-
defined range [21]. However, since the range was determined
by pre-defined trajectories, translating the control strategy to
different individuals and tasks becomes challenging. Overall, a
key challenge is to design exoskeleton stability augmentation
strategies that can assist humans across diverse perturbations
without prescribing reference kinematics, while preserving the
user’s voluntary motion.

In this paper, we propose a stability augmentation controller
(SAC) for lower-limb exoskeletons to augment gait stability
without prescribing reference kinematics or overly constrain-
ing the user’s voluntary motion. The approach defines a CoM-
based stability indicator, which characterizes stable locomotion
as the CoM and its velocity remaining within a prescribed safe
region relative to the stance and swing foot locations. Stability
augmentation is formulated as a safety-critical control prob-
lem, where the CoM state is constrained within this safe region
using CBFs. Because the CoM represents the weighted sum
of all body segments, regulating it allows users to maintain
stability through self-selected gaits while preserving voluntary
motion. Furthermore, the SAC acts as a torque filter that min-
imally modifies the nominal human torque to satisfy stability
constraints, a CBF-based stability augmentation controller can
minimally interfere with the user’s voluntary motion during
steady-state locomotion while providing rapid assistance when
instability is detected. We further introduce relaxation terms in
the stability indicator to preserve natural user responses under
mild instability. By incorporating both position and velocity of
the stability indicator into the CBF formulation, the proposed
SAC can also provide assistance before unstable postures
fully develop when stability is deteriorating rapidly to enable
more proactive assistance, which is beneficial in assisting

users during balance recovery [11]. To explicitly account
for human input, we propose a novel nonlinear disturbance
observer (NDO) for online estimation of human joint torques
and incorporate them into control design. We implemented the
proposed control strategy and conducted experiments on four
non-disabled subjects wearing a powered hip exoskeleton dur-
ing quasi-static leaning tasks and walking tasks with randomly
timed slip perturbations. Treadmill-induced slip perturbations
provided precise and repeatable control of perturbation timing
and intensity, while still allowing voluntary user responses to
the perturbation. Experimental results show average reductions
of 41% (leaning) and 21% (slipping) in ensemble-averaged
muscle efforts, along with a 9% decrease in peak-to-peak
WBAM and shorter recovery time during slip perturbations.
Together, these results highlight the SAC’s efficacy in provid-
ing partial assistance to restore balance for individual users.
The main contributions of the paper are summarized as:

o We introduce a CBF-driven SAC that directly enforces
a CoM position-velocity safety set to provide proactive,
minimal-intervention assistance under unstable locomo-
tion without prescribing reference kinematics, thereby
preserving voluntary human motion.

e We develop a NDO that estimates perturbation-varying
human joint torques in real time and integrates these
estimates into the SAC design, explicitly embedding
human intent into safety-critical control.

o« We implement the proposed SAC on a bilateral hip
exoskeleton and validate it through human-subject exper-
iments in leaning and randomly timed treadmill-induced
slip perturbations, demonstrating reduced muscular effort,
reduced WBAM deviations, and faster recovery.

The rest of the paper is organized as follows: In Sec. II,
we introduce dynamics of the human-exoskeleton system,
and briefly review the concept of control barrier functions.
We then derive the control framework using a CoM-based
control barrier function and human joint input estimation using
the nonlinear disturbance observer in Sec. III. The exoskele-
ton system used for experimental validations is presented
in Sec. IV, followed by the experimental model, protocol,
and data collection procedure in Sec. V. We demonstrate
experimental results in Sec. VI. Finally, conclusions are drawn
in Sec. VIL

II. PRELIMINARIES
A. Dynamics of the Human-Exoskeleton System

We model a human walking with an exoskeleton as one
biped with its dynamics can be expressed as [22]

M(j+cq+N+AT)\:T"’JTFperturba (1)

where ¢ € R" represents the configuration vector with n
being the degrees of freedom (DoFs), M € R"*™ denotes the
inertia matrix, C € R"*" is the Coriolis/centrifugal matrix,
and N € R" represents the gravitational force vector. The
constraint matrix A, which is the gradient of holonomic con-
straint functions, maps the ground reaction forces A\ = A A7
into the overall dynamics, where A = W (Aj — AM~IN),
W = (AM~'AT)"!, and A = WAM~' [22]. In (1),
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all inertial parameters are the combined values of human
and exoskeleton. The overall internal torque 7 combines the
human torque vector 7y, and the exoskeleton torque vector
Texo = Bu, where B = (0% (n—p), Lxp)" € R™P maps
the exoskeleton torque u € RP into the system. To explicitly
account for potential external perturbations, we include a
wrench term Flerourh € RS and map it into the dynamics
via a Jacobian matrix J € R6*%,

B. Review of Control Barrier Functions
The general form of a nonlinear system can be written as

&= f(x) +9(x)u, )

where © € D C R™ represents the state vector, f(-) and
g(-) are locally Lipschitz functions with the control input
u € U C R™ [23]. Choosing = = [¢,¢']" € R?, (1)
can be formulated in the form of (2) as

t=f(z) +g(zx)u= [Mng] + {M(_)lB} u, 3)

where Q = —CC] - N - AT)\ + Thum + JTFperturb-

A safe set C = {x € D C R* : h(z) > 0} is a closed
set that consists of all admissible safe states defined by a
continuously differentiable barrier function h(z) : D — R.
With this definition, the system can be considered safe if
the set C is asymptotically stable and forward-invariant in D.
Assume h (with x omitted hereafter) has relative degree one,
then it is a CBF if there exists an extended class K, function
« such that for (2) and for all z € D,

sup[Lsh + Lghu] > —a(h), 4)
uelU
where Lyh and Lgh denote Lie derivatives [23]. Any Lipschitz
continuous controller u chosen from the set

Kepi(z) ={u el : Lyh+ Lyhu+a(h) >0}  (5)

ensures the set C forward-invariant and asymptotically stable
in D, thereby guaranteeing safety [23].

III. CONTROL DESIGN

In this section, we design a CBF-based SAC to augment
human walking stability under unstable postures or perturba-
tions. Different from conventional reference kinematics based
methods, this control paradigm aims to provide assistance
based on the relative position of an individual’s CoM to foot
positions without prescribing to reference trajectories while
accounting for the user’s voluntary motion.

A. CoM-Based Control Barrier Function

To design a CBF for stability augmentation, we need a met-
ric to continuously quantify gait stability. The XCoM is widely
used for gait analysis and stability-oriented control design [17].
For example, the margin of stability (MoS) [24] measures
gait stability as the signed distance between the XCoM and
the boundary of an individual’s base of support (BoS), where
positive values indicate stable walking. However, conventional
XCoM is derived from a simplified inverted pendulum model

and typically assumes an approximately constant CoM height,
which can be violated under large perturbations. Motivated
by the BoS-margin interpretation of MoS, we instead define
a CoM-based CBF that incorporates tolerance for natural gait
variability and user-specific stabilization strategies. First, we
define a stability indicator

s = [CoM, — (z— — 01)][(z4 + 02) — CoMy],  (6)
T = min(pstance,ampswing,x)»

T4 = mmax (pstance,m s Pswing,x ) )

where CoM, denotes the horizontal position of CoM, and
z_ and x4 denote the horizontal positions of posterior and
anterior foot boundaries, respectively. The quantities psiance,»
and Pgwing, denote the horizontal outer boundaries of the
stance and swing feet, respectively. In (6), 61,52 > 0 are re-
laxation terms that can be tuned to expand the stability margin
to tolerate natural gait variability and individual stabilization
strategies. Additionally, these terms are also used to approx-
imate the anterior/posterior foot positions for the simplified
point-feet model used during experiments (to be specified in
Sec. V-A). The proposed stability indicator treats the gait
stability as the swing leg’s ability to catch an unstable body
(see Fig. 1 for illustration), since during steady locomotion
the swing leg is positioned to arrest a developing fall at the
next foot contact [25]. Finally, we define a relative-degree one
CBF that considers both s and its derivative, i.e.,

h=y1s+ 78 +c, (7N

where 71,2 > 0 control the contribution of s and $ to h [26],
¢ > 0 is a relaxation term that allows the user to approach
or slightly exceed the safe set and thus provide flexibility to
user-specific stabilization strategies. We can see from (6) and
(7) that h has a similar form to XCoM, which is expressed
as CoM, + CoM, Jwp with wy being the eigenfrequency
[27], but we modify it by replacing the raw CoM term with
a CoM-based stability indicator and adding small, tunable
margins to reduce sensitivity to normal gait variability and
avoid unnecessary corrective actions that may interfere with
the user’s voluntary motion.

Fig. 1. Illustration of the safety indicator in (6). The green/yellow areas
represent the stability-safe/unstable ranges of the indicator, and the red dot
denotes the CoM position.

With the CBF defined in (7), we incorporate it into an
quadratic programming (QP) to determine SAC control law
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as
min u' Wu
S.t. @Q‘i‘@M_l(_cq_N_ATA_'_Thum"rBu
dq 0q

+ JTFperturb) 2 —a(h), (8)

where W is a diagonal, positive definite weight matrix, and
a(+) is an extended class K, function. Note that the proposed
control strategy not only considers the geometric relations
between CoM and foot positions, it also incorporates system
dynamics with the user’s voluntary motion T, Whose esti-
mation will be introduced in Sec. III-B.

B. Human Joint Torque Estimation via NDO

Solving (8) requires the knowledge of human joint torque
Thum, Which can be hard to measure directly in practice. To
address this, we propose a novel NDO [28] to estimate a
modified term of human input M ~1(I — ATj\)Thum based
on human joint kinematics through the Euler-Lagrange dy-
namics (1). Rather than estimating 7y, directly, we estimate
this modified form because it appears explicitly in (8) and
avoids sensitivity to potential small eigenvalues from M. Left
multiplying by M ~! on both sides of (1) yields

G+M Y CG+N+A"N) =M 'Byu+ = )

Here, z = M _1(1 — ATj\)Thum represents the “disturbance”
term to be estimated, and By = (I — AT;\)B. Note that when
an external perturbation is present, this term would consist of
both human input and the external perturbation forces, i.e.,
z=M"1[(I - ATS\)’Thum + JTFpermrb]. Rewriting (9) as

2=+ M Ci+M T 'N+MTATA— M 'Bwu (10)
and defining Z to be the estimate of z, we have:
2=L(z—3)

=L+ LG+ MY (Cj+ N+ ATA— Byw)], (1)

where L € R"*" is a diagonal, positive definite matrix to
be designed. During implementation, Z can be numerically
updated as 241 = 2 + Atl(2k, 4,4, ,u), where At is the
sampling period and (2, q, ¢, ¢, u) represents the right-hand-
side of (11) evaluated at the current states and control input.
Assuming the changing rate of modified human input Z is
bounded [25], we can guarantee that the estimation error e =
z — % is uniformly ultimately bounded [29].

Remark 1. Building on the NDO formulation in (9), we
rewrite (1) by separating the nominal dynamics, control input,
and NDO-estimated disturbance terms:

T = 1 s 0 u+ 0
T =M Y CG+ N+ AT M~'B, Zte

4 + 0 u+d+d
~M~YCqg+ N+ ATN) M~1B,
where e = z — 2 is the NDO estimation error; d = (07 ,27)T,
and de;y = (07,e")T. Therefore, the time derivative of h
becomes

h = Lsh+ Lyhu+ Lgh + Lq,,, h.

err

12)

The QP in (8) enforces the nominal CBF condition

Lih+ Lyhu+ Lgh > —a(h), (13)
while the actual closed-loop dynamics satisfy
L¢h+ Lghu + Lgh + La,, . h > —a(h) + La, b~ (14)

Since h depends on CoM position and velocity, %Z is bounded.

For sufficiently large time,
on on] |0
La,.h = [a*q 07;} M

Oh T -
:<8qa 6> > _hq'ea

where € is e’s ultimate bound. Substituting (15) into (14) yields

Lyh+ Lghu+ Lgh + Lq, . h > —a(h) — hg-e. (16)

15)

err

Therefore, the bounded NDQO error introduces a bounded
slack term in the CBF condition. As a result, exact forward
invariance of the original safe set is not guaranteed under
the true closed-loop dynamics [23], but the deviation from the
nominal condition remains bounded. The relaxation term c in
(7) can be tuned to enforce earlier intervention before the true
boundary is reached, improving robustness to estimation error.
A detailed invariance analysis is left for future work.

IV. BILATERAL HIP EXOSKELETON SYSTEM

To evaluate the performance of our proposed SAC, we
conducted human-subject experiments on a bilateral, powered
hip exoskeleton (SportsMate 5, Enhanced Power Technology
Co., Ltd., Shenzhen, China, Fig. 2, left) equipped with ex-
ternally mounted inertial measurement units (IMUs) and a
Raspberry Pi board (Fig. 2, right). We selected SportsMate
5 for experiments because the hip joint plays a key role in
recovering from destabilizing events such as slips [30], making
hip assistance particularly relevant for restoring gait stability.
At the same time, the lightweight design and highly back-
drivable actuators of the exoskeleton align with our control
objective of providing stability augmentation while preserving
voluntary human responses. In this section, we present the
exoskeleton hardware, the external sensors used for kinematics
measurements, and the overall control architecture.

A. SportsMate 5 Exoskeleton

SportsMate 5 has two brushless DC motors (ER-Motor
5008, Enhanced Power Technology Co., Ltd., Shenzhen,
China). Each motor is designed for high backdrivability in a
compact size (50 x 18 mm), with a high torque density of 21.4
Nm/kg, and a low rotor inertia of 0.09 kg-cm?. Each motor
can deliver 7.5 Nm rated torque and 22.5 Nm peak torque.
The torque is transmitted through a quasi-direct drivetrain
that combines planetary gears and belts (25:1 gear ratio) that
reduces mechanical damping and friction. The system achieves
a low backdrive torque of 0.096 Nm, with a backdrivability
ratio (ratio of rated torque to backdrive torque) of 78.4 to
encourage voluntary human movements. The actuator system
enables current regulation at 400 Hz through a GD32F303RE
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microprocessor (ARM Cortex-M4, 120 MHz, 512 kB ROM,
64 kB RAM) along with two 14-bit single-turn absolute
magnetic joint encoders and current sensors. The system is
powered by a 3200 mAh onboard lithium battery.

SportsMate 5
Raspberry Pi

Hip actuators

IMUs

Fig. 2. Left: The SportsMate 5 exoskeleton. Right: A subject wearing
SportsMate 5 with externally mounted IMUs and a Raspberry Pi.

B. Human Kinematics Measurements

We measured joint kinematics via four IMUs (NGIMU, x-
io Technologies Ltd., Bristol, UK) placed at the individual’s
thighs and shanks to collect ankle, knee and hip orientations
at 200 Hz. The IMUs used the built-in Attitude and Heading
Reference System fusion algorithm [31] for signal smoothing.
The measurements were then transmitted to a Raspberry Pi 4B
(8GB LPDDR4-3200 SDRAM, Cortex-A72 64-bit SoC, 1.8
GHz) over UART. Finally, we used these joint angles along
with their numerical derivatives for NDO and SAC calculation.
During calculation, we smoothed the acceleration with a 71-
sample moving average filter [32].

C. Control Architecture

The overall control structure consists of two loops: a
high-level loop that handles communication and real-time
computation, and a low-level loop that implements torque
control (Fig. 3). We used a Raspberry Pi to communicate with
the IMUs and the SportsMate 5, perform real-time human
input estimation using an NDO, and compute the control
input in (8) using an open-source, lightweight solver Operator
Splitting Quadratic Program (OSQP) [33]. The resulting torque
command is transmitted to the SportsMate 5 via UART, where
the embedded motor driver (ER-Driver) regulates actuator
current to realize the desired torque through a torque controller
with a torque constant of 0.083 Nm/A. Although the control
algorithm can run at 300 Hz on the Raspberry Pi, the update
rate was limited to 150 Hz during experiments to match the
SportsMate 5 communication frequency.

V. EXPERIMENTAL STUDY
A. Experimental Model

Given that ankle joints are relatively less dominant during
stability recovery [30] and that the SportsMate 5 does not
directly assist the ankle joints, we adopted a simplified 4-
DoF biped model in the experiments (Fig. 4) to realize

Self-Selected v_»l 9 I . - |
& IMUs
Gaits UART Differentiation & Filters

Exoskeleton
Torques

Encoder
ER-Motor 4
5008 /]
Current Sensor|

Fig. 3. Overall structure of the exoskeleton control system.

u | UART

GD32F303RE

Current

]

a manageable computational burden on the Raspberry Pi.
The configuration vector of this model is selected as ¢ =
(¢, 0, 0, 05) T € R*, where ¢ represents the global orienta-
tion of stance shank, and 6;, i € {k,h,sk} denote the relative
angles of stance knee, hip, and swing knee, respectively. All
inertial parameters are estimated using the methods in [34].
The experimental model is established based on an inertial
reference frame (IRF) fixed at the user’s stance foot. To
accommodate the IRF shifts during stance leg switching, we
maintained two identical 4-DoF models, each anchored to
one foot. During experiments, the model corresponding to the
current stance leg is used to compute u, which is then applied
to the ipsilateral hip actuator. We split u equally between
the two actuators, motivated by the approximately symmetric
hip torque profiles observed during steady-state walking [34]
and evidence that recovery strategies are largely invariant to
perturbation side [35]. Our experimental results further show
that this equal torque distribution helps stabilize the stance leg
while advancing the swing leg during perturbations to reduce
their muscle activities. During experiments, we saturated the
actuator torques at =15 Nm to avoid excessive torques.

Since the model assumes no-slip stance-foot contact, the
constraint force A can be eliminated in (1), yielding By = B
in (9) [36]. During perturbed situations such as slips, this
assumption is transiently violated. Since such violation is
brief, we retained this simplified model for control calculation
and treated the foot slip as transient unmodeled disturbances,
which can be estimated via the NDO.

Fig. 4. A representative backward slipping configuration of a subject and
the corresponding 4-DoF biped model used for the experiments, where the
upper-body and hip are lumped into a single point mass.
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B. Experimental Protocol

Four non-disabled subjects (4 males, sl-s4, age: 26.8 &
5.9, mass: 804 + 15.6 kg, height: 1.82 £ 0.09 m) were
recruited for the experiments, where a similar sample size
can be found in previous studies [37]. The experimental
protocol was approved by the Institutional Review Board of
the author’s affiliated institution, and written informed consent
was obtained prior to experiments. At the beginning of the
experiments, the subjects were asked to walk on the treadmill
at various speeds (0.8, 1.0, 1.2 m/s) for 30 s under passive
mode (PAS, exoskeleton worn with actuators off) for data
collection and subject-specific parameter tuning (d1, d2, 1,
~2, and c) for SAC. Parameters were tuned during steady-state
walking so that the controller remained effectively inactive and
kept unchanged for the remainder of experiments.

After level-ground walking trials, each subject completed
two sessions, i.e., forward leaning (FL)/backward leaning
(BL), and forward slipping (FS)/backward slipping (BS),
where their conditions are summarized in Fig. 5. For leaning
trials, the subject stood still while the treadmill started to
slowly move to induce a gradual forward (FL) or backward
(BL) lean. The subject was instructed to keep their feet in
place until a corrective response had to be made when stability
was compromised. To ensure consistency across subjects and
trials, subjects were instructed to initiate the recovery step
with their right legs. For slipping trials, we approximated slip-
like perturbations by triggering a sudden anteroposterior tread-
mill belt acceleration/deceleration during early stance after a
pseudo-random number of steady-state steps [38]. The detailed
perturbation information can be found in Fig. 5. Note that we
used two perturbation parameter settings (belt accelerations
and durations) for BS trials to accommodate between-subject
differences in body size, generating noticeable gait changes
while avoiding excessive instability to ensure subject safety.
The order of all slip trials was pseudo-randomized to prevent
anticipation and user adaptation.

Throughout experiments, we chose a(h) = 0.1h% from
pilot trials, aiming to generate rapid control input response
for unstable postures, set W as an identity matrix, and
L = 100 - I4x4 in the NDO to ensure rapid tracking of
Winter’s hip torque profile [34] from simulation studies [29].
During slipping trials, we additionally implemented a whole-
body angular momentum regulation controller (MRC) [29] for
comparison with the proposed SAC assistance. We selected
MRC parameters to enable continuous regulation of whole-
body angular momentum of individuals, which is a common
gait stability metric, to mitigate perturbation-induced gait devi-
ations. Throughout experiments, the subjects wore an overhead
harness to ensure safety without obstructing data collection.

For the leaning trials, we define the perturbation interval
from the moment the subjects started the reactive stepping
motion, i.e., moving their legs in response to the unstable
posture, to the subsequent foot strike of the stepping foot,
at which a stable configuration is re-established. For slipping
trials, we define the perturbation interval as the period from
the heel strike right before the treadmill acceleration, to the
moment of the second heel strike of the same foot following

the acceleration, by which time stable gait is re-established as
indicated by the WBAM analysis.

C. Muscle Activities and Kinematics

To evaluate the performance of the proposed control
strategy, we measured the subjects’ muscle activities via
electromyographic (EMG) sensors (Trigno Sensor, Delsys
Inc., MA, USA). We recorded Rectus Femoris (RF), Biceps
Femoris (BF), Gluteus Medius (GMed), Gluteus Maximus
(GMax), Tibialis Anterior (TA), and Soleus (SOL) at 2000
Hz, where RF primarily acts as a hip flexor, BF as a pri-
mary hip extensor, GMed as the primary hip abductor with
a secondary role in hip extension/stabilization, GMax as a
major hip extensor, TA as an ankle dorsiflexor, and SOL as a
primary ankle plantarflexor [39]. EMG data was first filtered
by a 4th-order band-pass filter with a 20-500 Hz passband
and rectified, and then filtered by a low-pass filter with 6
Hz cutoff frequency. The EMG data was then normalized
with respect to the maximum peak EMG values throughout
steady-state walking trials, thereby converting the signals to a
percentage of the peak filtered EMG values. We also recorded
the subjects’ body movements via a motion capture system
(Vicon, Oxford, UK). We applied a modified Plug-in-Gait Full
Body model [40] with a total of 30 retroreflective markers.
The 3D marker trajectories were collected at 100 Hz and used
to calculate the human joint kinematics in OpenSim with a
scaled musculoskeletal model (22 rigid bodies, 37 DoFs [41]).
Finally, we calculated the subjects’ WBAM with the resulting
kinematic data.

VI. RESULTS & DISCUSSION

In this section, we present estimated human joint torques,
exoskeleton torques, stability indicator values, muscle activa-
tion, and WBAM results in Figs. 6 to 10. In all figures, 0%
of the gait cycle represents the onset of stance leg heel strike,
and 100% represents the next heel strike of the same leg. For
leaning trials, 0% and 100% denote the start and end of the
perturbation intervals, respectively. Positive/negative values of
torques denote hip extension/flexion, respectively. A total of
10 leaning and 12 slipping trials were collected with SAC.
For analysis, fixed subsets (5 leaning, 6 slipping) meeting
pre-defined quality criteria (complete EMG/marker data and
correct actuator execution) were selected to balance sample
sizes. The same criteria were applied across all subjects and
conditions and did not affect the reported trends.

A. Nonlinear Disturbance Observer

We demonstrate the performance of the proposed NDO on
hip torque estimation in Fig. 6. As shown in the left graph,
the estimated hip torque closely matches the waveform and
magnitude reported in Winter’s normative gait dataset [34],
showcasing the feasibility of the proposed NDO, even with
the simplified 4-DoF experimental model (Fig. 4).

To further evaluate the NDO, we estimated joint torques
from the kinematics in [42] using an 8-DoF human-
exoskeleton model (see [29] for details) and compared them
with the biological torques reported in [42]. Subject-specific
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Fig. 5. Summary of experimental setup and conditions.

limb length, segment mass, and moments of inertia were
approximated using the scaling procedures in [34]. Also, to
account for parametric mismatch in the human-exoskeleton
model, we introduced a 10% parametric uncertainty during
torque estimation. Even under these uncertainties, the esti-
mated hip torques remain close to the reference torques (Fig. 6,
right), with estimation errors staying within an acceptable
range throughout most of the gait cycle. The discontinuity
near 50% gait corresponds to the stance-leg transition, during
which the IRF changes.

"NDO
Extension ~Winter data

NDO with uncertainty|
7\ NDO with uncertainty —Actual Torque

/ 8-DoF model:
Walking at 1.2 m/s
100- 0 20 40 60 80 100
Gait Cycle (%)

Flexion

4-DoF model:
s1, walking at 1.0 m/s
1
0 20 40 60 80

Gait Cycle (%)

Fig. 6. Mean £ 1 - SD of NDO estimated hip torques compared with Winter’s
dataset (left) and the biological hip torques from [42] in the presence of
random, 10% parameter uncertainties (right).

In Fig. 6 (right), the estimation yielded a root-mean-square
error (RMSE) ranging from 0.20 to 0.24 Nm/kg, and the
coefficient of determination (R?) ranging from 0.60 to 0.84,
which are consistent with the accuracy reported by existing
estimation methods [43], suggesting that the NDO can estimate
hip torques with reasonable accuracy.

B. Exoskeleton Torques & Stability Indicator

Sample exoskeleton torques along with the corresponding
s values are shown in Fig. 7. The torques remained near
zero during stable postures and increased rapidly following
the onset of instability caused by excessive leaning angles or
the onset of slip perturbations, which are successfully detected
by the proposed stability indicator (with s approaching zero
or becoming negative) in all scenarios. Notably, the proposed
controller generated distinct torque profiles and directions
across perturbation conditions without pre-specifying torque
waveforms, suggesting good adaptability to different pertur-
bation scenarios.

During leaning trials, the delay between exoskeleton torque
onset and the unstable postures (s < 0, highlighted by the

blue box in Fig. 7) arises from the relaxation term in (7),
which keeps h positive under mildly unstable conditions. This
allows small deviations from the nominal safe set, allowing
voluntary responses and user-specific stabilization strategies.
In contrast, during slipping trials, the exoskeleton torque was
activated before s became negative, as highlighted by the
green box in Fig. 7. This earlier onset is due to two features
of the CBF design. First, s in (7) captures the evolution of
stability, so rapid perturbations can drive the system toward
an unsafe condition even before s becomes negative. Second,
the selected «e(h) in (8) allows h to be slightly negative when
h is positive but close to zero. As a result, when human
effort alone is insufficient during large slip perturbations, the
controller provides torques preemptively to prevent potential
gait instability. Together, these mechanisms enable SAC to
assist before an unstable posture fully develops, which is often
required as shown in previous studies [11].

C. EMG & Muscular Efforts

The ensemble-averaged normalized EMG patterns for lean-
ing trials are shown in Fig. 8. Overall, all recorded muscles
show consistently lower activities with SAC compared to PAS,
indicating that the proposed control can effectively offload
the subjects’ muscle activities during recovery. Specifically,
during FL trials, the subject flexed the right hip joint (swing
side) and thus moved the right leg forward to complete a step
and catch the forward-falling body. Accordingly, the right RF,
a hip flexor, became highly active, and the right-hip flexion
exoskeleton torque (Fig. 7) reduced the biological hip flexion
demand, thereby offloading the right RF activation [39]. In
the meantime, flexion exoskeleton torque could accelerate the
swing leg and reduce the urgency in toe-clearance and foot-
placement corrections, and thus decreased the muscle activity
of right TA [44]. In contrast, the corresponding left-hip (stance
side) extension exoskeleton torques helped prevent the pelvis
and trunk from pitching forward to reduce the required stance
hip extensor effort, leading to a large decrease in the left
GMax. Moreover, according to subjects’ feedback, the left-hip
extension exoskeleton torque helped to stabilize their stance
legs, and thus could result in reduced demand of stabilization
with GMed and SOL [45], [46]. Similarly, during BL trials,
the right-hip extension exoskeleton torque reduced the need for
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right hip extensor during recovery step, resulting in reduced
activation of right RF, BF, and GMax compared with PAS.

For slipping trials, subjects exhibited varying stability recov-
ery strategies, leading to trial- and subject-specific variations in
EMG waveforms. To better quantify the effect of the proposed
control on muscle activities, we present the average normalized
integrated EMG (iEMG) across subjects and trials in Fig. 9.
Overall, compared with PAS and MRC modes, SAC yielded
lower iIEMG values in almost all recorded muscles during F'S
and BS trials, suggesting that SAC can effectively offload
the subjects’ muscle activities during slip perturbations. In
particular, SAC reduced iEMG in hip extensors and flexors
(RF, GMax, and BF), indicating direct offloading of the
hip demands needed for transient rapid stability recovery.
The reduced GMed activity further highlights decreased hip
stabilization effort [45].

Moreover, similar to leaning trials, the reduced TA and SOL
iEMG could indicate reduced reliance on ankle-based stabi-

lization compensation during perturbations [47]. In contrast,
MRC generally increased iEMG across muscles, indicating
that this control strategy designed for stable walking may not
be able to naturally translate to effective stability recovery
under perturbations. Therefore, these results suggest that SAC
not only directly reduces activities of hip-related muscles, but
could also have indirect benefits on the distal muscles such as
TA and SOL.

Quantitatively, we defined the subject muscular effort as the
average normalized iEMG over the perturbation interval of all
recorded muscles across all trials [48]. We then calculated the
ensemble—averaged muscle effort across all 4 subjects, i.e.,

Z Z Z IEMGZ ok
EMGmax i,k ’
where 1,04 denotes the number of trials within a control
mode, iIEMG; ;1 is the iEMG of muscle ¢ for subject £ in
trial ¢, with ¢ € {RF, BF, GMed, GMax, TA, SOL} for both
legs, and EMGyax s 1 denotes the maximum EMG value of
subject k’s muscle ¢ during steady-state walking. The results
are shown in Figs. 9 and 8. On average, compared to PAS, SAC
reduced subjects’ muscle efforts by 32.16%, 49.34%, 9.41%,
and 31.85% in FL, BL, F'S, and BS trials, respectively. Overall,
these results indicate that SAC can consistently offload muscle

activities during stability recovery under both quasi-static
(leaning) and dynamic (slip) perturbations.

Effort = 4 I (17)

Nmode

D. Whole-Body Angular Momentum

WBAM is often used to quantify gait stability [49] during
locomotion. Unstable or perturbed gaits tend to result in larger
WBAM deviations compared to steady-state walking [50].
Therefore, we report the individual and ensemble-averaged
sagittal-plane WBAM of all subjects in Figs. 10 and 11,
respectively. Across all subjects, slip perturbations resulted in
noticeable WBAM deviations relative to steady-state walking,
followed by a recovery toward steady oscillations. Compared
with PAS and MRC, SAC consistently reduced the maximum
WBAM deviations in both FS and BS trials, indicating that
SAC effectively improves gait stability during perturbed walk-
ing. Quantitatively, compared with PAS, SAC reduced the
peak-to-peak WBAM by 6.43% and 11.69% on average during
FS and BS trials, respectively (Fig. 11). The larger reduction
observed in BS trials could reflect SAC’s effectiveness under
more challenging and demanding conditions based on sub-
jects’ feedback. In contrast, PAS and MRC tended to result in
larger WBAM peaks or prolonged deviations during the post-
perturbation phase, suggesting less effective stability recovery
performance compared with SAC.

To further evaluate the proposed control strategy in gait sta-
bility recovery, we computed the mean WBAM-based recovery
time (Fig. 10), following the general “return-to-baseline and
remain” concept in [51]. For each subject, we first identified
the time of the peak WBAM and constructed a steady-state
recovery band from the final portion of the perturbation
interval using its median and a robust variability estimate.
Specifically, we computed a median absolute deviation from
the median (MAD)-based robust standard deviation SD,, =
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4+ 1.4826 - MAD. The recovery time was defined as the
earliest time after the peak at which WBAM re-entered the
recovery band (median + 2.5 - SD,.},) and remained within
this range through the end of the interval, allowing only
rare, brief out-of-band deviations. In general, shorter recovery
time represents faster recovery to steady-state walking after

perturbation. In Fig. 10, SAC reduced the mean recovery time
in most conditions. The MRC, however, reduced the mean
recovery time in some conditions, but showed less consistent
stability recovery performance across metrics. Together with
peak-to-peak WBAM and muscle activity, benefits of MRC
seem more condition-dependent.

VII. CONCLUSION

This paper presents an SAC to augment gait stability
under unstable gaits or external perturbations. The proposed
approach first defines a CoM-based stability indicator, and
enforces it to remain within a safe range defined over posi-
tion and velocity using CBFs. The proposed approach does
not prescribe reference kinematics, and assistance is only
triggered when gait stability is approaching or exceeding
the safe range, thus allowing human voluntary motion while
providing proactive assistance. Moreover, to explicitly account
for human input, we propose an NDO to estimate human
joint torques in real time. Experimental results with four
non-disabled subjects performing quasi-static leaning tasks
and steady-state walking under slip perturbations validate the
effectiveness of the proposed method in reducing muscular
efforts, lowering perturbation-induced peak-to-peak WBAM,
and shortening the mean recovery time. Future work will
integrate SAC with existing controllers for steady, nominal
walking to provide seamless assistance across both stable and
unstable gait conditions.
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