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Task-Agnostic Assistance via Centroidal Momentum Shaping:

Preliminary Validations on a Hip Exoskeleton
Miao Yu1, Student Member, IEEE, Jesse Dean2, and Ge Lv1, Member, IEEE

Abstract—Model-based control paradigms for lower-limb ex-
oskeletons may encounter challenges in securing solutions for
high-dimensional, underactuated human-exoskeleton systems and
often rely on task-specific reference kinematics that restrict vol-
untary motion. Recent learning-based methods can accommodate
voluntary motion but typically require extensive data for training,
and their ability to generalize beyond the training tasks remains
unclear. In this paper, we propose a novel control paradigm that
regulates an individual’s Centroidal Momentum, i.e., the sum of
projected limb momenta onto the Center of Mass, by tracking
a virtual reference model’s Centroidal Momentum to provide
task-agnostic assistance. The reference model is defined from
each user’s real-time gaits with scaled limb inertial parameters,
rather than pre-defined reference kinematics. To accommodate
voluntary motion, we propose a nonlinear disturbance observer
to estimate human joint torques and incorporate it into the
control design. We provide proofs for ultimate boundedness of
the observer’s estimation error and the closed-loop Centroidal
Momentum tracking error with an exponentially decaying tran-
sient. Preliminary experiments with six non-disabled participants
wearing a bilateral hip exoskeleton demonstrate the effectiveness
of the proposed approach across treadmill walking, ground-stair
transitions, and sit-to-stand tasks. Ensemble-averaged muscle
efforts showed an average 22% reduction with assistance and
a 21% increase with resistance, indicating the potential of the
proposed control paradigm for task-agnostic assistance.

Index Terms—Prosthetics and exoskeletons, wearable robotics,
optimization and optimal control.

I. INTRODUCTION

EMERGING powered lower-limb exoskeletons have shown
great potential in assisting human locomotion across

diverse activities [1], such as load carriage [2], metabolic
cost reduction [3], and restoration of normative gait patterns
[4]. Exoskeleton control paradigms can be broadly grouped
into reference kinematics-based and reference kinematics-free
approaches [1]. Reference kinematics-based methods track
pre-defined torque profiles [5] or enforce joint trajectories
[1] via torque controllers. While this strategy is simple and
accurate [6], it can constrain voluntary motion and reduce
interaction friendliness [7]. In addition, many such controllers
are task-specific (e.g., sit-to-stand [8] and stair climbing [9]),
requiring reliable transition detection for daily use [10]. By
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contrast, reference kinematics-free, task-agnostic approaches
do not prescribe fixed gait patterns and are better suited to
assist voluntary motion across locomotor tasks.

Recent task-agnostic control studies have explored intent-
driven and model-based strategies. Human-in-the-loop methods
adapt assistance using user responses (e.g., metabolic cost,
EMG, and gait metrics) [11]. Their main limitation lies in
practicality, e.g., lengthy user-specific tuning and repeated
evaluations, and the resulting parameters may transfer poorly
across users, sessions, and daily tasks. Alternatively, predictive
control schemes infer future gait patterns from sensory feedback
such as plantar forces [12] to generate adaptive assistance
that minimizes reliance on reference kinematics. However,
these methods rely critically on prediction accuracy and are
vulnerable to model mismatch [6]. Learning-based approaches
further relax kinematic constraints by directly estimating and
compensating for biological joint torques [13], but typically
require large datasets for training [14] and may not generalize
well to continuously varying tasks.

Task-agnostic control has also been achieved through en-
ergetic approaches. Energy shaping [15] provides consistent
assistance across tasks by reducing users’ perceived body
weight. Notably, Lin et al. developed a velocity-dependent, task-
agnostic controller through shaping the Hamiltonian dynamics
into a desired form [16] and further improved the control perfor-
mance for varying tasks via a modular, data-driven optimization
framework [17]. Despite promising outcomes, these approaches
require solving matching conditions, a set of nonlinear partial
differential equations that determine the feasible form of closed-
loop dynamics, which remains challenging for high-dimensional
systems with varying degrees of underactuation, especially with
limited computational capability of wearable hardware. A key
open challenge is the development of a task-agnostic control
paradigm that is both computationally tractable and adaptable
to voluntary human motion in diverse locomotion scenarios.

Centroidal Momentum (CM), defined as the sum of the
projected segmental momenta onto a rigid body’s Center of
Mass (CoM) [18], provides a compact, fixed-dimensional repre-
sentation of whole-body dynamics. CM has been widely used in
locomotion analysis and control for bipeds, with its normalized
anteroposterior linear and mediolateral angular components
shown to correlate strongly with balance performance during
walking [19]. The fact that CM is fixed-dimensional in 3D
space and remains well-defined across gait patterns and tasks
makes it a natural candidate to alter to achieve task-agnostic
control. As long as the available exoskeleton actuators exceed
the CM’s dimensionality in all three planes, a control law can
be obtained to regulate all components of an individual’s CM,
even in underactuated systems. These properties demonstrate
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the potential for designing a task-agnostic control paradigm
by altering an individual’s CM as it eliminates the need for
joint-specific reference kinematics.

In this paper, we propose a CM shaping paradigm for lower-
limb exoskeletons that provides task-agnostic assistance while
preserving voluntary motion. Compared with prior work [20],
which introduced the concept and showed simulation-level feasi-
bility, this work makes three substantive advances: 1) a rigorous
closed-loop analysis proving ultimate boundedness of both the
nonlinear disturbance observer (NDO) estimation error and the
CM tracking error with an exponentially decaying transient; 2)
real-time implementation on a bilateral hip exoskeleton (Fig. 1);
and 3) human-subject validation across multiple locomotor
contexts, where the x-axis CM component is shaped in six non-
disabled subjects during treadmill walking at different speeds
and inclines, ground-stair transitions, and sit-to-stand tasks.
The shaping law tracks the CM of a virtual reference model
built from each user’s real-time, self-selected gaits, eliminating
the need to enforce pre-defined joint references. To explicitly
account for human contribution, we further introduce an NDO
that estimates human joint torques online and embeds them in
the control law. Experimental results demonstrate effective
modulation of muscular effort, with an average reduction
of 22% with assistance and an average increase of 21%
under resistance across both steady-state locomotion and task
transitions, with a unified set of control parameters.

Raspberry Pi
SportsMate 5

IMUs

Hip actuators

22.2V

25.2V 2A

General Data

Actuator Data

Battery Data

Dimensions 442.4*562.52*229.1 mm

Actuator Number 2

3200mAh

Voltage

Charging

SportsMate6 Developper Version

3.2 kg

1:25

7.5Nm

22.5Nm within 0.5s

14 bit single-trun absolute magnetic encoder

Product Name

Weight

Transmisson Ratio

Actuator Nominal Output

Actuator Maximum Output

Capacity

Hardware Information

Bluetooth BLE  5.2

Driver ER-Driver

Main Controller ER-MCU

Encoder

No. 301, Plant 11, Industrial zone 228, Silian community, Henggang street,
Shenzhen Enhanced Power Technology Co., Ltd.

Datasheet

Tel: 0755-28716643

Fig. 1. The SportsMate 5 exoskeleton (left, Enhanced Power Technology Co.,
Ltd., Shenzhen, China) equipped with two highly backdrivable hip actuators,
worn by a subject with externally mounted inertial measurement units (IMUs)
and a Raspberry Pi (right).

The remainder of the paper is organized as follows. Sec. II
presents the human-exoskeleton dynamics, CM shaping strategy,
and NDO properties. Sec. III describes the bilateral hip
exoskeleton and the reference-CM case study. Sec. IV details
the experimental model and protocol. Sec. V reports the results,
and Sec. VI concludes the paper.

II. DYNAMICS AND CONTROL DESIGN

This section models the human-exoskeleton system as a
biped, presents a CM shaping strategy with a guaranteed control
solution, and introduces a novel NDO for human joint torque
estimation. The overall control structure is shown in Fig. 2,
with each component detailed later.

A. Dynamics of the Human-Exoskeleton System
We model a human wearing an exoskeleton as one whole

biped and express its Euler-Lagrange dynamics as [21]

Mq̈ + Cq̇ +N +ATλ = τ, (1)
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Fig. 2. Overall structure of the exoskeleton control system.

where q = (x, y, ϕ, qTs )
T ∈ Rn is the generalized coordinate

vector, n is the number of degrees of freedom (DoFs),
(x, y) are the Cartesian coordinates in the inertial reference
frame (IRF), ϕ is the absolute angle with respect to the
vertical axis, and qs denotes relative joint angles. The matrix
M ∈ Rn×n is the positive definite inertia matrix, C ∈ Rn×n

is the Coriolis/centrifugal matrix, and N ∈ Rn denotes the
gravitational force vector. The constraint matrix A, defined
as the gradient of holonomic constraint functions, maps the
ground reaction force vector λ = λ̂ + λ̌τ into the overall
dynamics, where λ̂ = S(Ȧq̇−AM−1N), S = (AM−1AT )−1,
and λ̌ = SAM−1 [21]. All inertial parameters in these
matrices combine the human and exoskeleton values, thus
no separate detailed human neuromusculoskeletal model is
needed. The overall torque τ sums up the human joint torque
vector τhum and the exoskeleton torque vector τexo = Bu,
where B = (0p×(n−p), Ip×p)

T ∈ Rn×p is the mapping matrix
for exoskeleton torques from p actuators.

B. Centroidal Momentum of the Human-Exoskeleton System
For a multi-link biped, the velocity vector vG of each biped

link with respect to its body frame is given as

vG = JGq̇ ∈ R6j, JG = [JT
1 , JT

2 , · · · , JT
j ]T , (2)

where JG ∈ R6j×n is the system Jacobian matrix composed
of body Jacobian matrices Ji ∈ R6×n, i ∈ {1, 2, · · · , j} for
all j links [21]. The body momentum vector hbody ∈ R6j that
contains the body momentum of each link is then given as

hbody = IGvG, IG = diag{IG1, IG2, · · · , IGj}, (3)

where IG ∈ R6j×6j is composed of inertia tensor matrices
IGi = diag{mi · I3×3, Ii · I3×3} ∈ R6×6, i ∈ {1, 2, · · · , j}
with mi and Ii being the mass and moment of inertia of
the i-th link, respectively. Finally, we project hbody onto the
biped’s CoM by left-multiplying the adjoint transformation
matrix XG ∈ R6j×6 to obtain the CM as

hG = XT
GIGJGq̇ := AGq̇, (4)

where AG = XT
GIGJG ∈ R6×n is the CM matrix [18].

Remark 1: The CM in (4) contains both linear and angular
momenta, each with three elements. If we assume the human
ambulates in the sagittal plane (the x− o− y plane in Fig. 5),
the linear momentum along z axis and the angular momenta
about x and y axes are zero, i.e., AG only contains three non-
zero rows. Moreover, during each continuous phase of a gait
cycle, hG is differentiable with ḣG = AGq̈ + ȦGq̇ [18].
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C. Centroidal Momentum Shaping Controller Design
We now introduce the control strategy to alter a user’s CM

based on a reference profile. Given a differentiable reference
href
G and its time derivative ḣref

G , we can track href
G by satisfying

the following relationship:

ḣref
G − ḣG +Kp(h

ref
G − hG) = 0, (5)

where Kp ∈ R6×6 is a diagonal, positive definite matrix. This
formulation drives ḣG to follow ḣref

G , while the proportional
gain Kp reduces the error between hG and href

G (Fig. 3).
Substituting ḣG in (5) with AGq̈ + ȦGq̇, we obtain

AGq̈ = ḣref
G − ȦGq̇ +Kp(h

ref
G −AGq̇). (6)

Substituting q̈ from (1) and plugging it into (6), we have

AGM
−1Bλu = H + ḣref

G − ȦGq̇ +Kp(h
ref
G −AGq̇), (7)

where Bλ = B − AT λ̌B, H = AGM
−1(Cq̇ +N + AT λ̂)−

AGM
−1(I −AT λ̌)τhum. Therefore, choosing u to satisfy (7)

ensures the tracking behavior in (6).
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Fig. 3. Conceptual illustration of CM tracking via (5).

From Remark 1, the matrix AG has only three non-zero
rows for a sagittal-plane model, which simplifies (7) into three
equivalent equations with u as the unknown. This implies
that when an exoskeleton has more than three actuators in
the sagittal plane, there are infinitely many solutions for the
control law u. To specify one solution from these candidates,
we employ an optimization procedure to determine u as

min
u

uTWu (8)

s.t. AGM
−1Bλu = g(q, q̇),

ulower bound ≤ ||u||2 ≤ uupper bound,

where W ∈ Rp×p is a diagonal, positive semi-definite weight
matrix that can be adjusted to tailor control allocation at
specific joints, g(q, q̇) denotes the right-hand side of (7). We
select uTWu as the objective function to minimize torques
exerted by exoskeleton actuators for a possible energy-efficient
solution. Applying the Lagrange multiplier method [22], we
can analytically solve (8) as:

u∗ = W−1DT (DW−1DT )−1g(q, q̇), (9)

D = AGM
−1Bλ.

Solving (8) and (9) requires knowledge of human joint torques
τhum, whose estimation will be achieved via an NDO in
Sec. II-D. Furthermore, because the proposed control strategy
provides partial assistance for non-disabled users, they retain
primary control of their gait stability.

D. Human Joint Torque Estimation via NDO
The proposed control strategy requires knowledge of human

joint torques τhum, which can be challenging to measure
directly in practice. To address this, we propose a novel
NDO [23] to estimate a modified form of the human input
M−1(I −AT λ̌)τhum in (9) based on human joint kinematics.
It is worth noting that we estimate this term instead of τhum
directly to mitigate the effects of possible small eigenvalues
from M .

Left multiplying M−1 on both sides of (1) yields

q̈ +M−1(Cq̇ +N +AT λ̂) = M−1Bλu
∗ + z. (10)

Here, z = M−1(I − AT λ̌)τhum represents the “disturbance”
term to be estimated. Equation (10) can be rewritten as

z = q̈ +M−1Cq̇ +M−1N +M−1AT λ̂−M−1Bλu
∗. (11)

Defining ẑ to be the estimate of z, we have:

˙̂z = L(z − ẑ)

= −Lẑ + L[q̈ +M−1(Cq̇ +N +AT λ̂−Bλu
∗)], (12)

where L ∈ Rn×n is a diagonal, positive definite matrix to
be designed. In practice, we update ẑ as ẑk+1 = ẑk + ∆t ·
l(ẑk, q, q̇, q̈, u

∗), where ∆t is the sampling period and l(·)
denotes the right-hand side of (12) at the current state and
input. The estimation error eN = z − ẑ is governed by

ėN = ż − ˙̂z = ż − LeN . (13)

Assuming that ż is bounded, the estimation error eN is
uniformly ultimately bounded, as shown in the following
theorem.

Theorem 1: For dynamics in (1), if ∥ż∥2 ≤ β ∈ R+

and θ ∈ (0, 1), then the estimation error eN in (13) is
uniformly ultimately bounded by 2βPmax/(θQmin), where
(·)min and (·)max denote minimum and maximum eigenvalues,
respectively, and P and Q satisfy the Lyapunov equation
PL+ LTP = Q [24].

Proof: Since L is positive definite, for any positive definite
matrix Q, there exists a unique positive definite matrix P
such that PL + LTP = Q (Theorem 4.6, [24]). Choosing
V (eN ) = eTNPeN as a Lyapunov function, we have

V̇ = ėTNPeN + eTNP ėN

= (ż − LeN )TPeN + eTNP (ż − LeN )

= 2żTPeN − eTNQeN

≤ 2żTPeN −Qmin||eN ||2. (14)

Assuming ż is bounded by β ∈ R+, we have

żTPeN ≤ ||ż|| · ||PeN || ≤ β||PeN || ≤βPmax||eN ||

for żTPeN in (14), therefore

V̇ ≤ 2βPmax||eN || −Qmin||eN ||2

= 2βPmax||eN || − (1− θ)Qmin||eN ||2 − θQmin||eN ||2

≤− (1− θ)Qmin||eN ||2, ∀||eN || ≥ 2βPmax/(θQmin),

where θ ∈ (0, 1). Therefore, with α1(eN ) = α2(eN ) =
eTNPeN and W3(eN ) = (1 − θ)Qmin||eN ||2, the estimation
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error is uniformly ultimately bounded by 2βPmax/(θQmin)
(Theorem 4.18, [24]).

Remark 2: The assumption ∥ż∥ ≤ β for some β ∈ R+

can be verified numerically from experimental data and is not
overly restrictive. Since ż depends on joint angles, τ̃hum, and
their time derivatives, and these quantities remain bounded
during locomotion [25], assuming bounded ∥ż∥ is reasonable.

Using the NDO-estimated ẑ, the closed-loop CM tracking
error is uniformly ultimately bounded with an exponentially
decaying transient, as formalized in the theorem below.

Theorem 2: For a differentiable reference href
G and bounded

eN (Theorem 1), the control law (9) with the NDO estimate ẑ
ensures that the CM tracking error e = href

G −AGq̇ is uniformly
ultimately bounded by ∥AG∥

(Kp)min
· 2βPmax

θQmin
. Moreover, e converges

exponentially during each continuous phase.
Proof: Taking the time derivative of e = href

G −AGq̇ yields

ė = ḣref
G − ȦGq̇ −AGq̈. (15)

Substituting q̈ from (1) and M−1(I−AT λ̌)τhum with z yields

AGq̈ =AGM
−1(−Cq̇ −N −A⊤λ+ τ)

=−AGM
−1(Cq̇ +N +A⊤λ̂−Bλu

∗) +AGz. (16)

Since u∗ is the optimal solution of (8), replacing AGM
−1Bλu

∗

with (7) and z with ẑ, we have

AGq̈ =
((((((((((((
−AGM

−1(Cq̇ +N +AT λ̂) +AGz+

[(
((((((((((((
AGM

−1(Cq̇ +N +AT λ̂)−AGẑ + ḣref
G − ȦGq̇+

Kp(h
ref
G −AGq̇)]

=AGeN + ḣref
G − ȦGq̇ +Kpe. (17)

Plugging (17) into (15) yields

ė =�
�ḣref
G −���HHHȦGq̇ − (AGeN +�

�ḣref
G −���HHHȦGq̇ +Kpe)

= −Kpe−AGeN . (18)

Therefore, e follows an exponentially stable linear system
driven by the NDO estimation error eN . Solving for e yields

e = e−Kpte(0)−
∫ t

0

e−Kp(t−s)AGeN (s) ds. (19)

Therefore,

∥e∥ ≤ e−(Kp)min·t∥e(0)∥

+

∫ t

0

e−(Kp)min·(t−s)∥AG∥ ∥eN (s)∥ ds.

Since eN is uniformly ultimately bounded by 2βPmax/(θQmin)
(Theorem 1), ∃ T > 0 such that for all t ≥ T ,

∥e∥ ≤ e−(Kp)min·(t−T )∥e(T )∥

+
∥AG∥

(Kp)min
· 2βPmax

θQmin

(
1− e−(Kp)min·(t−T )

)
,

which implies

lim
t→∞

sup ∥e∥ ≤ ∥AG∥
(Kp)min

· 2βPmax

θQmin
. (20)

Therefore, e is uniformly ultimately bounded, and converges
to a neighborhood of the origin exponentially fast between
impacts within a gait cycle.

III. BILATERAL HIP EXOSKELETON SYSTEM

We implemented the CM shaping controller in (9) on
SportsMate 5, selected for the central role of hip musculature
in gait propulsion [25], its low mass (3.2 kg) and high
backdrivability to preserve voluntary motion. This section
outlines the overall system architecture in Fig. 2.

A. SportsMate 5 Exoskeleton
SportsMate 5 is equipped with two brushless DC motors (ER-

Motor 5008). Each compact motor (50 × 18 mm) provides high
torque density (21.4 Nm/kg), low rotor inertia (0.09 kg·cm2),
and overload capacity, delivering 7.5 Nm rated and 22.5
Nm peak torque. A quasi-direct-drive transmission (planetary
gears and belt, 25:1) reduces damping and friction, yielding a
backdrivability ratio of 78.4 and low backdrive torque (0.096
Nm) to support voluntary motion. Torque is regulated at 400
Hz using a GD32F303RE microprocessor (ARM Cortex-M4,
120 MHz, 512 kB ROM, 64 kB RAM), two 14-bit single-turn
absolute magnetic encoders, and current sensors. All onboard
electronics are powered by a 3200 mAh lithium battery. Bench-
top tests (Table I, Fig. 4) showed reliable torque tracking: both
actuators had sub-1 Nm RMSE and about 0.4 s settling time for
4 and 6 Nm steps, with gains above 0.91 for 2 Nm sinusoids
across all tested frequencies.
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Fig. 4. Step responses (left) and sinusoidal torque tracking gain and phase
lag (right) of SportsMate 5’s actuators.

TABLE I
BENCH-TOP CHARACTERIZATION OF SPORTSMATE 5.

Side Step RMSE Settling Gain Lag Gain Lag
(Nm) (ms) @1Hz @1Hz (◦) @2Hz @2Hz (◦)

Left 0.909 411.0 0.936 23.21 0.927 46.11
Right 0.975 426.3 0.927 23.25 0.926 46.26

B. Human Kinematics Measurements
We utilized IMUs (NGIMU, x-io Technologies Ltd., Bristol,

UK) to measure human joint kinematics (Fig. 1, right) for the
configuration vector of the experimental model (to be specified
in Sec. IV-A). The IMUs applied manufacturer-provided
onboard calibration to the raw inertial measurements and an
Attitude and Heading Reference System fusion algorithm [26]
to smooth the output data. For each subject, the IMUs were
first initialized in the upright posture, and data collection began
after the first 20 samples once signals stabilized. The angular
information of human lower extremities was then transmitted
to a Raspberry Pi 4B (8GB LPDDR4-3200 SDRAM, Cortex-
A72 64-bit SoC, 1.8 GHz) via UART protocol. We computed
numerical derivatives to determine the corresponding angular
velocities and applied a moving average filter with a 71-sample
window to reduce noise in the acceleration.
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C. Control Architecture
The overall control architecture includes two loops: a high-

level loop for computing u∗ in (9) based on the IMU-measured
joint kinematics and NDO-estimated human joint input in (12),
and a low-level loop for its realization. We added a Raspberry
Pi to interface with IMUs and compute the torque command
in C at a real-time frequency of approximately 150 Hz (a
similar frequency was achieved in [27]). The torque command
is sent via UART to SportsMate 5’s microprocessor, where the
embedded ER-Driver regulates actuator current to track the
desired torque (torque constant: 0.083 Nm/A). Although the
Raspberry Pi controller can run at 550 Hz, we set the update
rate to match SportsMate 5’s communication frequency.

IV. EXPERIMENTAL STUDY

In this section, we introduce the experimental model, present
a special case of reference CM design, and outline the
associated experimental protocols and procedures.

−""

!#

!$

!

"$"
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Fig. 5. Human-exoskeleton models for experimental implementation (4-DoF,
red) and NDO evaluation (8-DoF, red + green).

A. Experimental Model
With two actuators designated to assist hip flexion/extension,

SportsMate 5 is unlikely to have a direct impact on the ankle
joints. We therefore adopted a 4-DoF point-feet biped model
(Fig. 5) [28] to derive u∗ for experiments given its reasonable
fidelity in representing angular CM [29] and the computational
capability of the onboard Raspberry Pi. Although SportsMate 5
applies torque only at the hips, the commanded exoskeleton
torques are derived from a whole-body dynamic objective (i.e.,
the CM), rather than from joint-level pre-defined reference
trajectories.

The model’s generalized coordinates are given as qexp =
(ϕ, θk, θh, θsk)

T ∈ R4 (Fig. 5, red), where k, h, and sk denote
the stance knee, hip, and swing knee, respectively. Each
subject’s joint angles are measured in real time using four IMUs
on both thighs and shanks, and the model is individualized using
each subject’s measured limb lengths and estimated inertial
parameters from [30]. The experimental model is defined based
on an IRF located at an individual’s stance foot. To address
the IRF changes during stance leg transitions, we employed
two identical 4-DoF models anchored to each foot. During
experiments, the model associated with the current stance
leg was used to compute u∗ and then sent to the ipsilateral
hip actuator. We also assumed that the control command
u∗ was distributed equally between the two actuators with
opposite signs, since left and right hip torques are approximately

symmetric throughout the gait cycle [30]. To ensure safety, we
saturated actuator torques to ±10 Nm. Since the 4-DoF model
assumes no sliding of the stance foot, we can eliminate λ in
(9) and thus Bλ = B [28].

B. Case Study: Reference Centroidal Momentum Design
Tracking CM profiles based on pre-defined joint kinematics is

incompatible with task-agnostic control. We propose to design a
real-time reference CM as a case study that adapts dynamically
to an individual’s voluntary motion without constraining their
gaits. In this case, we track the CM of a virtual reference
model that has identical gaits to the individual, but with scaled
limb inertial parameters, i.e., its dynamics are given as

Mref q̈virtual + Cref q̇ +Nref +ATλref = τhum, (21)

where the configuration vector q and its time derivative q̇ are
the same as in (1), i.e., identical kinematics to an individual’s
self-selected gait patterns. The matrices Mref , Cref , Nref , and
λref in (21) are defined similarly to those in (1), but with
scaled limb inertial parameters. Therefore, the reference CM
is not a template shared across tasks. Instead, it is generated
online from each user’s real-time, self-selected motion with
modified limb inertial parameters. Task agnosticism comes
from applying one CM shaping framework across locomotor
tasks, not from assuming similar CM trajectories. In this paper,
we scale human mass and inertia via a parameter ki, i.e.,

mref
i = ki ·mi, Irefi = ki · Ii,

where ki > 0 is the scaling factor. When ki > 1, the
exoskeleton produces torques to mimic a reference model
heavier than the individual, and we define this mode as the
resistive mode (“R”). Conversely, when ki < 1, the exoskeleton
is considered to be in assistive mode (“A”) because the reference
CM is defined based on reduced inertial parameters. Based on
(21), its reference CM is given as

href
G = Aref

G q̇, ḣref
G = Ȧref

G q̇ +Aref
G q̈virtual, (22)

where q̈virtual can be substituted from (21) as

q̈virtual = M−1
ref (−Cref q̇ −Nref −ATλref + τhum). (23)

Substituting the above href
G and ḣref

G into g(q, q̇) in (9) con-
structs the control law, which tracks the desired CM instead of
joint-level kinematics. Combined with the exoskeleton’s highly
backdrivable actuation system, it should enhance flexibility
for users when interacting with the exoskeleton. The desired
CM can take forms other than scaled inertial parameters,
and alternative definitions will be explored in future studies.
Nevertheless, we observe benefits of the shaping strategy based
on this particular reference CM in Sec. V.

C. Experiment Protocol
Overall, six non-disabled subjects (s1-s6, age: 25.7 ±

3.7, mass: 70.6 ± 11.3 kg, height: 1.76 ± 0.07 m) were
recruited for the experiments, where a similar sample size is
considered acceptable in other exoskeleton studies [31]. The
experimental protocol was approved by the Institutional Review
Board (IRB2022-0322), and subject consent was obtained
prior to the start of all experiments. The subjects participated
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ki = 1.20
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Fig. 6. Summary of experimental sets and the associated conditions.

in two sets of experiments wearing SportsMate 5, with the
conditions and task acronyms summarized in Fig. 6. For
comparison during treadmill walking, we implemented the
Delayed Output Feedback Controller (DOFC, s5-s6) [32]
and the Hip-Phase-Based Torque Profile Controller (HPT, s6)
[5]. We selected DOFC as a representative task-agnostic hip-
exoskeleton controller and complementary baseline to CM
shaping. We included HPT as a secondary baseline because it
is a representative kinematics-based adaptive torque controller
using a reference torque profile. Key hardware and control
differences among methods are summarized in Table II.

For all experiments, we set Kp = 10 · I6×6 (pilot tuned) to
produce comfortable hip torques, and L = 100 · I4×4 in the
NDO for rapid convergence to Winter’s hip torque profile [30]
in simulation [20]. We kept ki fixed within the A and R modes
to test whether unified parameters can provide task-agnostic
assistance. Because SportsMate 5 has only two hip actuators, (9)
can shape only one sagittal-plane CM component. We therefore
shaped the x-axis linear component (walking direction), which
contains most of the walking momentum [33]. From pilot
tuning, ki was set to 0.85 for A and 1.20 for R to provide
beneficial torques without excessive magnitude.

TABLE II
COMPARISON OF CM SHAPING AND OTHER CONTROLLERS.

Controller Platform Inputs Reference

CM shaping SportsMate 5;
3.2 kg; 7.5/22.5 Nm

Kinematics +
NDO

Real-time CM from user gait

DOFC [32] GEMS; 2.1 kg;
N/A/12 Nm

Hip angles Delayed hip feedback

HPT [5] e-Walk V1; 5 kg;
13/35 Nm

Hip angles +
phase variable

Pre-defined phase-based torque
profile

During experiments, subjects were not informed of the
underlying control modes. All recorded data were segmented
into gait cycles using heel strikes from two instrumented
treadmill force plates (Set 1) or hip velocities from onboard
IMUs (Set 2). We recorded EMG from Rectus Femoris (RF),
Biceps Femoris (BF), and Gluteus Medius (GM) using Trigno
Avanti sensors (Delsys Inc., MA, USA), where RF is a hip
flexor, BF a hip extensor, and GM a primary hip abductor
and secondary hip extensor [25]. EMG signals were bandpass
filtered (20–500 Hz), rectified, and low-pass filtered at 6
Hz. They were then normalized to the maximum ensemble-
average peak across repetitions and trials, yielding values as a
percentage of peak filtered EMG.

V. RESULTS & DISCUSSION

We present estimated human joint torques, exoskeleton
torques, EMG results, and CM in Figs. 7 to 11. In all figures, 0%
of the gait cycle represents heel strike, while 100% represents
the next heel strike of the same leg, and positive/negative
torques denote hip extension/flexion, respectively.

A. Nonlinear Disturbance Observer
The estimated human hip torques using the proposed NDO

are shown in Fig. 7. In the left panel, both the shape and
magnitude of the estimated torques are comparable to those
in Winter’s dataset [30], indicating that the proposed NDO is
sufficiently accurate to estimate τhum to compute u∗, even with
the simplified 4-DoF model (Fig. 5, red). To further assess the
NDO’s performance, we used human joint kinematics from
[34] to estimate hip torques based on an 8-DoF model (Fig. 5,
red + green) and compared them with those from [34].

To further evaluate robustness to model mismatch, we added
10% parametric uncertainty into the estimation process for the
8-DoF model. Estimated hip torques remained close to the
actual torques (Fig. 7, right), with small errors over most of
the gait cycle. Spikes near 50% of the gait cycle coincide with
stance-leg transition and the associated IRF change. For the
8-DoF model, RMSE ranged from 0.20 to 0.24 Nm/kg and R2

ranged from 0.60 to 0.84, indicating reasonable performance
comparable to existing methods [13].
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Fig. 7. Mean ± 1·SD of NDO-estimated hip torques: comparison with Winter’s
dataset (left) and dataset [34] under random parameter uncertainties (right).

B. Muscle Activities
Figs. 8 and 9 show ensemble-averaged EMG for Set 1 exper-

iments (averaged over subjects and trials). Overall, A reduces
muscle activation by offloading work, whereas R increases
demand because users must overcome added resistance. The
effect size varies with walking speed, since muscle force and
work scale with speed [35]. Among the measured muscles, BF
shows the largest change relative to P mode.
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Fig. 8. Mean ± 1 · SD EMG averaged across incline conditions and subjects
in Set 1 experiments.
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In A mode, assistive hip extension during stance (Fig. 10,
left) reduces BF demand and lowers BF EMG [25]. BF activity
also decreases in late swing because extension torque helps
decelerate the leg and reduces braking demand. RF shows
modest reductions in pre-swing and early swing, consistent with
assistive flexion torque. In contrast, GM changes little across
conditions because sagittal-plane assistance does not directly
support its frontal-plane stabilization role as a hip abductor
[25]. Overall, A selectively offloads targeted hip flexor/extensor
muscles while preserving lateral-stability strategy, as indicated
by similar GM patterns across P, A, and R modes.

In contrast, R mode generally increased muscle activation
because users had to overcome added resistance. As shown
in Fig. 8, both hip extensor and flexor EMG were higher in
R than in P. During stance, resistive flexion torque opposed
hip extension, increasing BF demand. This interpretation is
consistent with Fig. 10 (right), where z-axis angular CM is
lower in R than in A during treadmill walking, indicating slower
leg motion under similar voluntary input. Results from other
subjects and CM components are similar and are not presented.

C. Muscular Efforts
For each subject, muscle effort was first normalized to the

maximum peak EMG value of each muscle across all trials,
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and then averaged across all muscles and trials over a full gait
cycle to enable consistent comparison across subjects, i.e.,

Muscle Effort =
1

6

1

ncond

∑
t

∑
i

iEMGi,t

EMGmax,i
, (24)

where ncond is the number of trials within a walking con-
dition, iEMGi,t is the integrated EMG of muscle i in trial
t, i ∈ {RFL,R,BFL,R,GML,R}, and EMGmax,i denotes the
maximum EMG value of muscle i across all trials. Note that
the muscle efforts for LA and DL encompass the level-ground
walking phase, the stair ascent/descent phase, and the transitions
between these two phases, respectively. To further assess
muscular effort across subjects, we computed the ensemble
average, i.e., the mean individual muscle efforts across subjects:

Ensemble Effort =
1

nsubject

∑
k

Muscle Effortk, (25)

where nsubject is the number of subjects in Set 1 or 2,
and k ∈ {s1, s2, s3, s4} or {s5, s6} depending on the task.
In Fig. 11, for Set 1 experiments, A/R modes significantly
reduced/increased muscle effort compared to the P mode,
consistent with the observations in Sec. V-B. Quantitatively, A
reduced ensemble-averaged muscle effort (25) by 19%, 22%,
and 25% at 0.8, 1.0, and 1.2 m/s, respectively, whereas R mode
increased effort by 22%, 20%, and 20% at the same speeds.
Compared with DOFC, CM shaping achieved lower muscle
effort across all walking conditions, with the largest gap at
1.2 m/s. This may be because DOFC tracks user motion less
accurately at higher speeds, resulting in less timely assistive
torques and higher muscular demand. Compared with HPT, CM
shaping reduced muscle effort at 0.8 and 1.0 m/s and performed
similarly at 1.2 m/s, indicating more consistent performance
across walking conditions. During LA and DL, both A and R
reduced effort, likely because the imposed torques provided
stabilizing support and reduced balance-related co-contraction,
similar to handrail assistance [36]. During STS, A reduced
effort by 37%, whereas R increased it by 33% relative to P.

VI. CONCLUSION

This paper presented a task-agnostic CM shaping paradigm
for hip exoskeleton assistance that does not prescribe joint
trajectories. The controller tracks a virtual reference model
defined based on each individual’s gaits and integrates an
NDO for real-time human torque estimation. We proved
ultimate boundedness of the NDO estimation error and the
closed-loop CM tracking error with an exponentially decaying
transient. Experiments with six non-disabled subjects across
treadmill walking (various speeds and inclinations), ground-
stair transitions, and sit-to-stand showed consistent modulation
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Fig. 11. Muscular efforts comparison for Set 1 and Set 2 experiments.

of muscular effort, including an average 22% reduction in
assistance mode and a 21% increase in resistance mode. These
results demonstrate that CM shaping is a practical trajectory-
free strategy for cross-task augmentation while preserving
voluntary motion. Future work includes shaping additional
CM components, customizing assistance through optimization,
and validating performance in clinical populations.
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