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Abstract

Safe human-to-humanoid motion imitation is crucial for shared environments, where direct
motion retargeting may induce self-collision or human–humanoid collision due to embodi-
ment mismatch, kinematic limits, perception uncertainty, and human proximity. This paper
presents an online vision-aided safe human-to-humanoid motion imitation framework that
integrates skeleton-based upper-body pose estimation, joint-space retargeting, and capsule-
based Control Barrier Function Quadratic Program (CBF-QP) safety filtering. Human
skeletal observations are mapped to a reduced eight-degree-of-freedom (8-DoF) humanoid
upper-body command, while the CBF-QP layer computes a safety-corrected target that
minimally modifies the nominal imitation command subject to robot self-collision and
human–humanoid collision constraints. The framework is evaluated via simulation and
hardware experiments under representative self-collision and human–humanoid inter-
action episodes, complemented by a comparative benchmark against velocity damping
and potential field baselines. Furthermore, this work introduces an evaluation proto-
col combining geometric safety, command deviation, and local-link similarity metrics to
systematically characterize the safety–imitation trade-off governed by CBF parameters.
The results demonstrate that, within the tested moderate-speed regime, the proposed
framework substantially reduces geometric collision violations while balancing imitation
fidelity with online computational feasibility, thereby providing a viable foundation for
safe human-guided humanoid motion deployment.

Keywords: humanoid robots; human–robot interaction; motion imitation; control barrier
functions; collision avoidance; safety-critical control

1. Introduction
Humanoid robots are increasingly expected to operate in environments originally

designed for humans, including domestic assistance, healthcare support, industrial col-
laboration, disaster response, and service robotics. Their anthropomorphic morphology
allows them to use human-oriented tools, move through human workspaces, and inter-
act with people in a physically intuitive manner [1]. However, programming humanoid
robots for diverse real-world tasks remains challenging because of their high-dimensional
kinematics, complex dynamics, and strong dependence on task context [2,3]. Human-to-
humanoid imitation and teleoperation provide a practical route for transferring human
motion intent to humanoid platforms, enabling intuitive command generation without
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requiring task-specific low-level programming [4,5]. This direction is also closely related to
broader developments in human–robot interaction and safe deployment in human-centered
environments [6,7].

A substantial body of work has investigated how human motion can be mapped
to humanoid robots. Geometric and kinematic retargeting methods typically construct
correspondences between human body segments and robot links, and then solve inverse
kinematics, quadratic programming, or optimization problems to generate feasible robot
references [8–10]. More recent vision-based approaches have explored monocular, RGB-D,
and skeleton-based perception for human motion retargeting, where estimated human
motion is converted into humanoid joint commands for real-time teleoperation [11,12].
In parallel, learning-based imitation and teleoperation methods have improved the ex-
pressiveness and robustness of humanoid motion generation by combining large-scale
motion data, retargeting, reinforcement learning (RL), behavior cloning, and sim-to-real
transfer [13–16]. These studies have significantly advanced human-to-humanoid motion
transfer, but they primarily focus on motion feasibility, tracking quality, naturalness, and
teleoperation performance.

Despite these advances, accurate imitation alone is not sufficient for deploying hu-
manoid robots in shared environments. Human motions may be natural for the demonstra-
tor but unsafe for the robot because of embodiment mismatch, different limb proportions,
joint limits, actuator constraints, perception latency, and the presence of nearby humans [17].
For example, crossing arms, reaching across the torso, or moving close to another person
can induce robot self-collision or human–humanoid collision after retargeting. These risks
are particularly relevant in physical human–robot interaction and collaborative workspaces,
where safety is not only a control requirement but also a prerequisite for practical deploy-
ment [18,19]. Existing safety studies in human–robot collaboration emphasize collision
modeling, separation monitoring, speed limitation, and verification of safe interaction
conditions. However, most human-to-humanoid imitation studies do not explicitly address
the safety risks induced by the imitation process itself.

Control barrier functions (CBFs) provide a principled framework for enforcing safety
constraints in real time. The CBF-QP formulation introduced by Ames et al. unifies safety
conditions, expressed as forward-invariant sets, with performance objectives through
quadratic programming [20]. A key advantage of CBF-QP methods is that they can
minimally modify a nominal control input while enforcing state-dependent safety con-
straints [21,22]. This property is well suited to imitation control: the nominal retargeted
command represents the desired human-like motion, while the CBF constraints provide
a systematic mechanism for preventing unsafe configurations. Thus, the safety layer can
be interpreted as an online filter that preserves imitation as much as possible, subject to
formally specified safety inequalities.

Recent advances in safety-control methods have extended CBF-based and other re-
lated approaches to collision avoidance and interaction safety constraints in robotic sys-
tems [23–27]. To position the present work within the broader literature, Table 1 sum-
marizes representative works in terms of their task focus, platform, imitation capability,
self-collision safety, human–robot safety, and safety mechanism. These studies provide
important foundations, but they primarily focus on their respective task settings, such
as humanoid teleoperation, robot-internal safety control, human–robot separation, gen-
eral collision avoidance, or contact-safe robot behavior, rather than on safety filtering
within a real-time human-to-humanoid imitation pipeline. Moreover, the trade-off between
safety enforcement and imitation fidelity introduced by such filtering has received limited
systematic attention.
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Table 1. A brief comparison of representative related works (not comprehensive).

Category Works Platform Motion
Imitation/Retargeting

Self-Collision
Safety

Human–Robot
Safety Safety Mechanism Key Focus/Distinction

Humanoid teleoperation
and retargeting [13–15] Humanoid Yes Partial No

Retargeting, constrained IK,
joint-limit handling, or
feasibility checking

Focuses on motion transfer quality and
teleoperation feasibility, without explicit
safety filtering.

Humanoid self-collision
safety control [28–30] Humanoid/

legged robots No Yes No
CBF constraints, Riemannian
Motion Policy (RMP), or
MPC-based collision handling

Focuses on robot self-collision or
whole-body collision handling, without
addressing vision-based imitation in
shared space.

CBF-based safety control for
HRC/HRI [31–33] Manipulators/

cobots No No/varies Yes
CBF-QP constraints, speed
regulation, and ISO-inspired
separation monitoring

Focuses on enforcing human–robot
safety in collaborative tasks, rather than
preserving retargeted humanoid
imitation behavior.

Reactive collision avoidance
(Non-CBF) [34–37] Manipulators/

mobile robots No Varies Varies
Safe sets, velocity damping,
potential field, or predictive
collision avoidance

Provides general collision-avoidance
tools for navigation or manipulation,
rather than a safety layer for humanoid
imitation.

Soft-robot contact safety
control [38,39] Soft robots No Partial Contact safety CBF-based contact, force, or

material safety constraints

Addresses contact safety for compliant
or deformable robots, differing from
collision avoidance in rigid humanoid
imitation.

This work – Humanoid Yes Yes Yes Capsule-based CBF-QP filtering

Integrates vision-based imitation,
self-collision avoidance, and
human–humanoid collision avoidance in
one online humanoid framework.
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This paper addresses the above gap by developing a safety-aware online human-to-
humanoid upper-body imitation framework, as shown in Figure 1. The framework maps
camera-observed human skeletal motion to an eight-degree-of-freedom (8-DoF) humanoid
upper-body representation, generates nominal robot joint commands through retargeting,
and applies a capsule-based CBF-QP safety filter before execution. By placing the safety
layer between nominal retargeting and robot execution, the framework explicitly separates
the nominal imitation command from the CBF-corrected command, making it possible
to analyze how geometric safety enforcement affects imitation behavior. The evaluation
therefore combines geometric safety metrics, including minimum clearance, violation
time, and collision count, with imitation metrics based on joint-space deviation and local-
link direction similarity after temporal alignment. These metrics are used to assess how
effectively the framework reduces self-collision and human–humanoid proximity violations
while preserving the structure of the demonstrated motion. They also provide a common
basis for comparing the proposed CBF-QP with alternative safety filters (velocity-damping
and potential-field baselines), and for analyzing how CBF margins and gains shape different
safety–imitation operating regimes.

Figure 1. Overview of the proposed safe human-to-humanoid motion imitation framework.

The main contributions of this paper are summarized as follows:

• A complete online safe-imitation problem formulation is presented for vision-based
human-to-humanoid motion imitation. Unlike studies that treat retargeting, self-
collision avoidance, and human–humanoid separation separately, this work considers
them within a single modular pipeline, from camera-observed human motion to safe
humanoid execution. This modular structure also provides a baseline framework that
can be extended to richer perception modules or higher-DoF humanoid platforms.

• A task-specific safety layer is developed for human-to-humanoid imitation by adapting
capsule-based CBF-QP filtering to nominal retargeted joint commands. The safety
layer enables the humanoid robot to avoid both self-collision and human–humanoid
collision while preserving the qualitative structure of the imitated human motion.
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• The proposed pipeline is evaluated through matched simulation and online hard-
ware experiments in representative self-collision and human–humanoid interaction
episodes. The results show that the CBF-QP safety layer substantially reduces un-
safe behavior and enables safety-aware imitation in both simulation and real robot
execution. A supplementary simulation comparison against alternative safety-filter
baselines is also included to contextualize the CBF-QP behavior.

• A systematic safety–imitation evaluation protocol is introduced for CBF parameter
analysis. By comparing nominal and CBF-filtered commands through complementary
safety, imitation, and feasibility metrics, this protocol quantifies the safety–imitation
trade-off and provides empirical guidance for selecting CBF margins and gains in safe
imitation tasks.

The remainder of this paper is organized as follows. Section 2 presents the proposed
safety-aware human-to-humanoid imitation framework. Specifically, Section 2.1 describes
the vision-based upper-body motion representation and retargeting pipeline, Section 2.2
formulates the CBF-QP safety filter, and Section 2.3 defines the safety and imitation metrics
used for quantitative evaluation. The simulation and hardware results are reported in
Section 3, together with a safety–imitation trade-off analysis under different CBF parame-
ters. Section 4 discusses the implications and limitations of the proposed framework, and
finally, we conclude this work in Section 5.

2. Materials and Methods
2.1. Human-to-Humanoid Motion Retargeting
2.1.1. Vision-Based Pose Angle Estimation

This work estimates a reduced set of human upper-body joint variables from vision-
based skeleton observations. Rather than solving a full inverse kinematics problem from
noisy 3D keypoints, we directly extract an 8-DoF upper-body representation from camera-
estimated 3D body-skeleton keypoints. The reduced representation captures the dominant
torso and arm motions required for humanoid upper-body retargeting while remaining
compact, interpretable, and structurally less sensitive to coordinate fluctuations.

Let θ =
[
θto

roll θto
pitch θsh,L

pitch θsh,L
roll θel,L

pitch θsh,R
pitch θsh,R

roll θel,R
pitch

]T
∈ R8 denote the

reduced human upper-body pose. The first two components, (θto
roll, θto

pitch), describe torso
inclination, while the remaining six components describe shoulder and elbow motion for
the left and right arms, (θsh,i

pitch, θsh,i
roll , θel,i

pitch), with i ∈ {L, R}. This representation separates
global upper-body orientation from local arm articulation and provides the input variables
used by the subsequent robot-side retargeting map.

Human keypoints are represented in the camera global frame FZ, which is used as the
working world frame of the perception system. A local torso frame FT is then constructed
online from the pelvis and bilateral shoulder keypoints. This body-centered frame is
used to express upper-arm motion relative to the human trunk. The torso frame FT is
constructed from three skeleton landmarks: pelvis, left shoulder, and right shoulder. Its
origin is placed at the pelvis. The upward axis is defined from the pelvis to the shoulder
center, the lateral axis is obtained from the shoulder line after orthogonalization with
respect to the upward axis, and the remaining axis is computed by a right-handed cross
product. This construction yields an orthonormal local frame that adapts to the current
trunk orientation. The torso roll and pitch angles are computed from the orientation of
the torso frame relative to the global vertical direction. The shoulder angles are computed
from the upper-arm vectors expressed in FT , so that arm motion is measured relative to the
trunk rather than the external world. The elbow-pitch angles are computed from the angle
between the corresponding upper-arm and forearm segments. Accordingly, the full 8-DoF
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representation is estimated directly from the seven keypoints {P, LS, RS, LE, RE, LW, RW}.
Note that before retargeting, several preprocessing and filtering steps are applied to reduce
the effect of noisy or invalid keypoint observations, including confidence-based rejection,
validity checks, temporal smoothing, and rate limiting. A compact sensitivity analysis is
provided in Appendix A.4.

The final quantities used in this work are the following:

θto
roll = atan2

(
−(ZeT,y)

T(Zk × ZeT,z), (Zk)T ZeT,z

)
,

θto
pitch = atan2

(
−(ZeT,x)

T(Zk × ZeT,z), (Zk)T ZeT,z

)
,

θsh,L
pitch = atan2

(
uT

L,y,−uT
L,z

)
, θsh,R

pitch = atan2
(

uT
R,y,−uT

R,z

)
,

θsh,L
roll = atan2

(
−uT

L,x,−uT
L,z

)
, θsh,R

roll = atan2
(

uT
R,x,−uT

R,z

)
,

θel,L
pitch = arccos

(
(ZuL)

T ZfL

∥ZuL∥ ∥ZfL∥

)
, θel,R

pitch = arccos
(

(ZuR)
T ZfR

∥ZuR∥ ∥ZfR∥

)
.

(1)

where Zk = [0 0 1]T is the global upward unit vector; ZeT,x, ZeT,y, and ZeT,z are the
torso-frame axes expressed in FZ; and ZuL, ZuR, ZfL, and ZfR denote the left/right upper-
arm and forearm vectors expressed in FZ. The terms uT

L,x, uT
L,y, uT

L,z, uT
R,x, uT

R,y, and uT
R,z

are the components of the left/right upper-arm vectors expressed in FT . This reduced
pose vector is used as the input to the human-to-humanoid retargeting module. Detailed
coordinate-frame definitions and implementation details are provided in Appendix A.

2.1.2. Joint-Space Retargeting

The humanoid upper-body imitation space is defined as

q =
[
qwr qwp qL

sp qL
sr qL

ep qR
sp qR

sr qR
ep

]T
∈ R8, (2)

where qwr and qwp denote waist roll and pitch, respectively, and qL/R
sp , qL/R

sr , and qL/R
ep

denote the left/right shoulder-pitch, shoulder-roll, and elbow-pitch joints. Let θhome

denote the calibrated neutral human pose and qhome denote the robot home configuration.
The nominal retargeting map is defined as

qnom = clip
(

qhome + S ⊙ (θ− θhome) + b, qmin, qmax

)
(3)

where S ∈ R8 is an element-wise retargeting vector accounting for both joint-axis alignment
and range scaling. Its entries have unit magnitude, with signs selected to match the robot
and human coordinate conventions. The offset vector b ∈ R8 is set to zero, and the home
configuration qhome is chosen as the neutral upper-body posture used by the controller to
provide a repeatable robot-side baseline. At system startup, the user-specific neutral pose
θhome is automatically established by averaging the measured human joint angles over
a brief initialization window while the operator holds a relaxed posture. Consequently,
the online retargeting mapping relies on the relative displacement θ− θhome, reducing
sensitivity to variations in the absolute standing posture across operators. The resulting
qnom is the nominal imitation command before safety filtering and is forwarded to the CBF
module as the unfiltered upper-body joint command.

2.2. CBF-QP Safety Control
2.2.1. Capsule-Based Collision Model

To obtain a compact differentiable collision representation, the active CBF collision
model represents both the robot and the human using seven main capsules: B{robot,human} =
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{torso, L/R upper arm, L/R forearm/hand, L/R thigh}. Each capsule is parameter-
ized by two endpoints and a radius, as detailed in Table 2. All capsule endpoints are
expressed in the robot reference frame before distance evaluation. Robot endpoints are
updated via forward kinematics, whereas human capsule lengths vary with the observed
user skeleton keypoints. The capsule radii are fixed, with the configurable parameters
chosen slightly conservatively in this study to provide a robust safety buffer across various
user statures. Additional human primitives, such as the shins and a head sphere, are main-
tained for geometric completeness but are excluded from the active CBF pair list because
they are not involved in the targeted upper-body interaction episodes. The monitored
human–humanoid pairs focus on the dominant safety-critical proximities in this study,
including robot arm–human arm, robot arm–human torso, robot torso–human arm, robot
arm–human thigh, and torso–torso proximity. This targeted pair selection keeps the online
QP compact while covering the collision modes evaluated in the experiments.

Table 2. Geometric parameters of the collision capsules.

Body Segment Endpoint Definition Human Radius Robot Radius

Torso pelvis–neck 0.15 m 0.10 m
Upper arm shoulder–elbow 0.06 m 0.065 m
Forearm/hand elbow–extended wrist 0.05 m 0.065 m
Thigh hip–knee 0.08 m 0.065 m

2.2.2. Collision-Avoidance CBF Constraints

Consider a capsule pair A and B, with radii rA and rB, endpoints (aA, bA) and
(aB, bB), and closest points pA and pB. The closest-point distance is defined as
dAB(xAB) = ∥pA − pB∥2, where xAB := [a⊤A , b⊤

A , a⊤B , b⊤
B ]

⊤ collects the capsule endpoint
positions. The corresponding capsule pair barrier function is defined as

hAB(xAB) = d2
AB(xAB)− (rA + rB + ϕs)

2, (4)

where ϕs > 0 is the prescribed safety-distance margin. Therefore, hAB > 0 indicates that the
capsule pair satisfies the prescribed safety boundary, hAB = 0 corresponds to the boundary,
and hAB < 0 indicates violation of the safety-distance margin.

The first-order CBF condition is imposed as

ḣAB + γhAB ≥ 0, (5)

where γ > 0 is the CBF gain. In this work, the pair-type parameters (ϕrr
s , γrr) and (ϕhr

s , γhr)

are used for robot–robot self-collision pairs and human–humanoid pairs, respectively. The
CBF condition constrains the evolution of hAB: it permits approach when the pair remains
safely separated, restricts further decrease near the safety boundary, and induces recovery
when the prescribed margin is violated. For velocity-level safety filtering, Equation (5) is
written as a constraint on the robot joint velocity u := q̇. By the chain rule, the barrier
derivative is

ḣAB =
∂hAB
∂xAB

ẋAB, (6)

where the endpoint velocity ẋAB is determined by the capsule pair type, as detailed in the
following two cases.
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(1) Robot self-collision. For a robot–robot pair, both capsules are attached to the
robot; hence, all capsule endpoint velocities are induced by the robot joint velocity u. The
endpoint velocity vector is defined as

ẋAB = JAB(q)u, (7)

where the stacked endpoint Jacobian is JAB(q) =
[
J⊤aA

J⊤bA
J⊤aB

J⊤bB

]⊤
. Substituting

Equation (7) into Equation (6) yields

ḣAB =
∂hAB
∂xAB

JAB(q)u = AAB(q)u, (8)

where AAB(q) = ∂hAB
∂aA

JaA + ∂hAB
∂bA

JbA + ∂hAB
∂aB

JaB + ∂hAB
∂bB

JbB . Thus, robot self-collision con-
straints take the velocity-level CBF form, with the barrier derivative linear in u.

(2) Human–humanoid collision. For a human–humanoid pair, the same barrier func-
tion is used, but only the robot capsule is controlled by u. Let R denote the robot capsule
and H denote the human capsule, and define xRH := [a⊤R , b⊤

R , a⊤H , b⊤
H ]

⊤. The robot end-
point velocities are induced by u, whereas the human endpoint velocities vaH and vbH are
estimated from consecutive observed capsule endpoints. The endpoint velocity vector is
therefore written as

ẋRH =
[
J⊤aR

J⊤bR
0⊤ 0⊤

]⊤
u +

[
0⊤ 0⊤ v⊤

aH
v⊤

bH

]⊤
. (9)

Substituting Equation (9) into Equation (6) gives

ḣRH = ARH(q)u + ηRH , (10)

where the robot-controlled term is defined as ARH(q) = ∂hRH
∂aR

JaR + ∂hRH
∂bR

JbR , and the
observed-human-motion term is defined as

ηRH =
∂hRH
∂aH

vaH +
∂hRH
∂bH

vbH . (11)

The term ηRH represents the instantaneous change in the barrier value caused by the
observed motion of the human capsule. This term shifts the admissible robot velocity set
according to the measured human motion, thereby accounting for moving human obstacles
without introducing human joint variables or increasing the QP decision dimension.

Combining the two cases, each active CBF constraint can be written as

Ai(q)u ≥ −γihi(q)− ηi, (12)

where i indexes the active constraints constructed from the monitored capsule pair set, and

ηi =


0, robot self-collision,
∂hi
∂aH

vaH +
∂hi

∂bH
vbH , human–humanoid collision.

(13)

Thus, robot self-collision constraints correspond to ηi = 0, whereas human–humanoid
constraints include the measured human endpoint-velocity contribution. Both cases remain
linear in the robot joint velocity u and can therefore be incorporated directly into the
CBF-QP safety filter.
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2.2.3. CBF-QP Safety Filter

The retargeting module provides a nominal joint-position command qnom ∈ R8. The
safety filter maintains an internal safe target qcbf ∈ R8, which is updated at the velocity
level. At each update, a nominal reference velocity is generated as

uref = K(qnom − qcbf), (14)

where K > 0 is a proportional gain. This velocity drives the safe target toward the nominal
retargeted command in the absence of active safety constraints.

To improve feasibility under constraint conflicts—such as during sudden human
movements or when perception yields noisy skeleton estimates—the safe joint velocity is
obtained by solving a soft-constrained CBF-QP as follows:

u⋆, ξ⋆ = arg min
u,ξ

1
2
∥u − uref∥2

W +
ρ

2
∥ξ∥2

2

s.t. Ai(q)u + ξi ≥ −γihi(q)− ηi, i = 1, . . . , Nc,

ξi ≥ 0, i = 1, . . . , Nc,

umin ≤ u ≤ umax,

(15)

where W ≻ 0 weights deviation from the nominal reference velocity, Nc is the number of
active CBF constraints, and umin, umax are joint-velocity limits. The non-negative slack
variables ξ ∈ RNc

≥0 are heavily penalized by ρ > 0 and are used only when the hard CBF
inequalities conflict with the joint-velocity bounds, allowing the QP to return a penalized
least-violating command. As a system-level safeguard against severe anomalies (e.g., total
perception loss or solver timeout), the controller rejects the new command and holds
the previous safe target (u⋆ = 0). Additionally, the skeleton endpoint velocities in ηi are
low-pass filtered to suppress measurement jitter in practical deployment. Nevertheless,
it is worth noting that the proposed CBF-QP layer should be interpreted as a geometric
separation filter rather than a complete physical safety certification, as it does not directly
model impact dynamics, torque saturation, actuator power limits, or whole-body balance.

The internal safe target is then integrated as

q+
cbf = qcbf + ∆t u⋆, (16)

and q+
cbf is sent to the downstream position controller. Notably, for all experiments reported

in this paper, the hard CBF constraints were feasible across all evaluated windows; thus,
ξ⋆ = 0 holds throughout, meaning that no constraint relaxation was required for the
reported trajectories.

2.3. Evaluation Metrics for Safety and Imitation

To quantitatively evaluate the proposed safety filter, we define two groups of metrics.
The safety metrics quantify the collision-avoidance performance of the generated motion
with respect to all monitored capsule pairs, whereas the imitation metrics characterize the
similarity between the generated robot motion and the intended imitation behavior. Let T
denote the number of sampled time steps and let P denote the set of monitored capsule
pairs. We distinguish the safety-distance margins used in the CBF controller from the
geometric quantity used for offline evaluation. The CBF-QP uses ϕrr

s and ϕhr
s as control-side

safety-distance margins to enforce conservative separation. In contrast, the offline safety
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metrics are computed with respect to the physical collision boundary. For each monitored
capsule pair i ∈ P , we define the collision clearance margin as

mi(t) = di(t)−
(
rAi + rBi

)
, (17)

where di(t) is the closest-point distance between the two capsule centerlines, and rAi and
rBi are the corresponding capsule radii. Thus, mi(t) > 0 indicates positive surface clearance,
mi(t) = 0 indicates contact, and mi(t) < 0 indicates geometric collision.

2.3.1. Safety Metrics

Three complementary safety metrics are used: minimum collision clearance margin,
collision-time ratio, and collision count.

(1) Minimum collision clearance margin. The minimum collision clearance margin is
defined as the global minimum of the collision clearance margin over all monitored pairs
and all time steps:

Mclear = min
t=1,...,T

min
i∈P

mi(t). (18)

This metric captures the worst-case geometric separation along the trajectory. A larger
Mclear indicates greater clearance from physical contact, whereas Mclear < 0 indicates that
at least one monitored capsule pair entered geometric collision.

(2) Collision-time ratio. The collision indicator at time t is defined as Iunsafe(t) =

I[∃i ∈ P , mi(t) < 0]. The collision-time ratio is then calculated as

Mctr =
1
T

T

∑
t=1

Iunsafe(t). (19)

This metric measures the fraction of the trajectory during which at least one monitored
capsule pair is in geometric collision. Therefore, smaller values indicate safer behavior.

(3) Collision count. A collision event is counted when the trajectory enters a collision
episode from a previously collision-free state. The collision count is defined as

Mcc =
T

∑
t=2

I[Iunsafe(t) = 1 ∧ Iunsafe(t − 1) = 0]. (20)

This metric measures how many separate collision episodes occur over the trajectory. It
complements the collision-time ratio by distinguishing repeated short collisions from one
continuous collision interval. Smaller values indicate fewer collision occurrences.

To support quantitative comparison across evaluated runs, the raw safety metrics
are first converted into direction-consistent normalized scores. Let R denote the set of
evaluated runs in a given comparison, and let ϵ > 0 be a small constant used to avoid
division by zero. For a metric value xρ from run ρ, the min–max normalization over R is
defined as

N (xρ) =
xρ − minρ′∈R xρ′

maxρ′∈R xρ′ − minρ′∈R xρ′ + ϵ
. (21)

Since larger values of Mclear indicate safer behavior, its normalized safety contribution
is M̂clear = N (Mclear). For the collision-time ratio Mctr and collision count Mcc, smaller
values indicate safer behavior. Their normalized safety contributions are therefore obtained
by reversing the min–max normalization: M̂ctr = 1−N (Mctr) and M̂cc = 1−N (Mcc). The
composite safety score Ssafe ∈ [0, 1] is then a normalized, higher-is-better metric defined as

Ssafe = w1M̂clear + w2M̂ctr + w3M̂cc, w1 + w2 + w3 = 1, w1,2,3 ≥ 0. (22)
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2.3.2. Imitation Metrics

Two complementary imitation metrics are used to evaluate different aspects of motion
similarity. The first metric is a zero-lag joint-space measure that quantifies how much the
CBF-QP modifies the nominal retargeted command at the command level. This metric
directly reflects the intervention magnitude of the safety layer. The second metric is a
local-link direction metric with temporal alignment. It evaluates whether the resulting
upper-body motion remains geometrically similar to the human motion after allowing for
time-warping effects caused by velocity-level safety filtering. These two metrics therefore
answer different questions: RMSE0

q measures how much the safety layer changes the
nominal robot command, whereas nDTWlink measures how similar the local upper-limb
geometry remains to the human motion after temporal misalignment is accounted for.

(1) Joint-space RMSE. Let qnom(t) denote the nominal retargeted joint command before
safety filtering, and let qtarget(t) denote the safe joint target generated by the CBF-QP. The
joint-space RMSE is defined as

RMSE0
q =

√√√√ 1
TNq

T

∑
t=1

∥∥qtarget(t)− qnom(t)
∥∥2

2, (23)

where Nq = 8 is the dimension of the upper-body joint space. This metric quantifies the
direct command-level correction introduced by the safety layer at the same time instant. It
intentionally does not compensate for temporal misalignment. A larger value therefore in-
dicates that the CBF-QP had to deviate more strongly from the nominal imitation command
to satisfy the safety constraints.

(2) Local-link direction nDTW. This metric follows the idea that imitation quality
should not be evaluated only by global pose error or joint-space deviation. In human-
to-robot motion imitation, local limb relationships are often more informative because
the human and robot have different morphologies and limb lengths. Local-link-focused
similarity measures have been used to compare human and humanoid motions at the body
segment level [40]. In addition, dynamic time warping has been widely used to compare
motion trajectories with nonuniform temporal alignment, including human–humanoid
imitation evaluation [41,42]. We therefore combine these two ideas by applying DTW to
trajectories of local upper-limb direction vectors. This produces a morphology-aware and
timing-tolerant measure of geometric imitation quality.

For the human motion, four unit link-direction vectors are constructed at each frame:[
ûh

L(i), f̂h
L(i), ûh

R(i), f̂h
R(i)

]
, corresponding to the left upper arm, left forearm, right

upper arm, and right forearm. For the robot motion, the corresponding unit link directions
are obtained from forward kinematics:

[
ûr

L(j), f̂r
L(j), ûr

R(j), f̂r
R(j)

]
. Using unit direc-

tion vectors makes the comparison focus on local limb orientation rather than absolute
link length, which is important because the human and humanoid have different body
proportions. The frame-to-frame local geometric cost between human frame i and robot
frame j is computed as

c(i, j) = ∑
ℓ∈{Lu,L f ,Ru,R f }

arccos
(

clip
(

v̂h
ℓ (i)

Tv̂r
ℓ(j),−1, 1

))
, (24)

where the clipping operation is used for numerical robustness. The cost c(i, j) is the sum of
angular discrepancies between corresponding local upper-limb directions. Thus, it is small
when the human and robot upper arms and forearms point in similar directions in their
respective local body frames. The DTW-link distance is DDTW-link = minπ ∑(i,j)∈π c(i, j),
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where π is a valid monotonic DTW alignment path. The normalized local-link DTW metric
is then defined as

nDTWlink =
1

|π⋆| ∑
(i,j)∈π⋆

c(i, j), (25)

where π⋆ is the optimal DTW path. A smaller value indicates better time-aligned local
geometric similarity.

Since both RMSE0
q and nDTWlink are smaller-is-better imitation-error metrics, their

normalized error scores are R̃MSE
0
q = N

(
RMSE0

q

)
and ñDTWlink = N (nDTWlink). The

composite imitation score Simit ∈ [0, 1] is then a normalized, higher-is-better metric de-
fined as

Simit = 1 −
(

α1R̃MSE
0
q + α2ñDTWlink

)
, α1 + α2 = 1, α1,2 ≥ 0. (26)

3. Results
The proposed framework is evaluated from two complementary perspectives: first,

verifying the ability of the CBF-QP layer to prevent unsafe motions in representative self-
collision and human–humanoid interaction scenarios; and second, quantifying how CBF
parameters govern the safety–imitation trade-off via the metrics defined in Section 2.3.
Throughout this evaluation, qnom denotes the nominal retargeted joint command before
safety filtering, and qcbf represents the safe target produced by the CBF-QP layer. Both eval-
uation scenarios were initially recorded during live hardware executions of the complete
pipeline, where the camera streamed human skeleton observations in real time to feed the
online retargeting, CBF-QP filtering, and robot-command layers.

The resulting camera-captured skeleton sequences and their original timestamps were
subsequently utilized as replay inputs for simulation experiments (including baseline
comparisons) and extensive CBF parameter sweeps. This protocol preserves the exact
human-motion profile observed during live experiments, thereby enabling strictly matched
simulation analysis and repeatable parameter investigations under identical input condi-
tions; as such, the replay mechanism is employed solely for controlled evaluation, while the
hardware episodes themselves stem from genuine live online executions (see Video S1 and
Video S2 in the Supplementary Materials). For technical reproducibility, the source code
and experimental data are publicly available as specified in the Data Availability Statement,
while supplementary computational benchmarks validating the capsule-based modeling
choice are provided in Appendix B.

3.1. Safety in Motion Imitation
3.1.1. Simulation Studies

We first evaluated the proposed safety layer in simulation using the recorded skele-
ton streams from the two live hardware episodes described above. The snapshots in
Figures 2 and 3 show representative moments within these episodes and the yellow seg-
ments indicate selected active capsule pairs through their closest-point connections.

In the self-collision episode, the nominal retargeted command drives the humanoid
arms across the torso and produces repeated violations of the physical collision boundary.
As shown in Figure 2, the nominal global minimum clearance reaches Mclear = −0.128 m,
with a collision-time ratio of 77.6% and eight collision episodes. After CBF-QP filtering,
the minimum clearance is improved to approximately −0.002 m, the collision-time ratio is
reduced to 0.4%, and the collision count decreases to one. This indicates that the CBF-QP
substantially suppresses persistent self-collision while preserving the qualitative structure
of the retargeted arm motion. The corresponding imitation metrics show the expected cost
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of safety filtering: the joint-space error is RMSE0
q = 9.6◦, and the time-aligned local-link

error increases from 17.2◦ for the nominal motion to 20.2◦ for the CBF-filtered motion.

(a) (b)

Figure 2. Simulation self-collision avoidance with and without CBF-QP. (a) Representative moments
from the self-collision episode, including a nominal cross-arm motion that produces unsafe robot
self-contact. The ghost robot visualizes the nominal retargeted command, whereas the colored robot
shows the CBF-filtered target. Yellow segments indicate selected monitored CBF constraint pairs.
(b) Representative target joint trajectories and global minimum collision clearance margin. The
CBF-QP strongly reduces the duration and number of self-collision episodes while preserving the
main retargeted motion pattern.

(a) (b)

Figure 3. Simulation of human–humanoid collision avoidance with and without CBF-QP. (a) Rep-
resentative moments from the human–humanoid interaction episode, including human-obstructed
arm-raising and arm-crossing configurations. Yellow segments indicate selected monitored human–
humanoid CBF constraint pairs. (b) Representative target joint trajectories and global minimum
collision clearance margin. The CBF-QP reduces both the collision-time ratio and the number of
collision episodes while retaining the main imitation behavior.

The human–humanoid interaction episode exhibits a different type of safety risk.
Here, the nominal robot motion is kinematically plausible for imitation, but it intersects the
nearby human capsule model during the arm-raising and -crossing portions of the episode.
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As shown in Figure 3, the nominal command reaches Mclear = −0.112 m, with Mctr = 17.3%
and six collision episodes. With the CBF-QP enabled, the minimum clearance improves to
−0.010 m, while the collision-time ratio decreases to 0.2% and the collision count decreases
to one. Thus, the CBF-QP does not merely reduce the worst-case penetration; it also
substantially shortens the duration over which any monitored pair remains in collision.
The filtered trajectory introduces an RMSE0

q of 10.0◦, and nDTWlink changes from 14.6◦ to
19.2◦, reflecting the safety-induced geometric deformation of the imitated arm motion.

These simulation results demonstrate two important properties of the proposed formu-
lation. First, the same capsule-based CBF-QP structure can handle both robot self-collision
and human–humanoid collision constraints. Second, the safety layer acts as a local defor-
mation of the nominal imitation command rather than as a complete replacement of the
retargeted motion. This motivates the hardware experiments and parameter analysis below,
where the same command-level comparison between qnom and qcbf is used to quantify
safety and imitation.

3.1.2. Hardware Experiments

Hardware experiments were conducted as live online executions of the complete
perception–retargeting–CBF pipeline on the humanoid robot. During these runs, the
camera streamed human skeleton observations in real time, and the proposed framework
generated upper-body commands online. The robot lower body was controlled using the
manufacturer-provided balance controller, while the proposed framework commanded
the upper-body joints. The CBF parameters used in the hardware experiments were
selected beforehand as a reasonable operating point based on prior tuning experience
and preliminary observations, so that the experiments could provide a representative
comparison between nominal imitation and CBF-filtered execution. The camera-captured
skeleton sequences and command logs from these runs were recorded for the matched
simulation and parameter-sweep analyses, as described at the beginning of this section.

Figure 4 shows the real-robot self-collision episode. The sequence includes standing,
arm-lifting, arm-crossing, and recovery phases. Figure 5 reports the corresponding target
joint trajectories, global minimum clearance, and runtime statistics. With ϕrr

s = 0.03 m and
γrr = 2.0, the CBF-QP successfully modifies the nominal self-collision-prone target so that
the CBF-filtered target remains close to the physical contact boundary without producing
the long collision intervals observed in the nominal command. Over the evaluation window,
the CBF node runs at 12.9 Hz, the QP solve time is 1.11/4.56 ms for median/p95, and the
QP success rate is 100%. These results indicate that the optimization layer itself remains
reliable on hardware for the monitored self-collision constraints.

Figure 6 shows the hardware human–humanoid interaction episode. For qualitative
illustration, the snapshots are taken from the complete safety configuration with both robot
self-collision and human–humanoid collision constraints enabled. To isolate the effect of
the human–humanoid CBF component, Figure 7 reports the corresponding hardware result
with only the human–humanoid CBF constraints enabled. In this experiment, the human–
humanoid CBF constraints are enabled to modify the upper-body target when the human
body obstructs the nominal arm motion. The setting ϕhr

s = 0.15 m and γhr = 3.0 yields
stable operation with a CBF rate of 15.3 Hz, QP median/p95 solve time of 0.94/4.20 ms,
and 100% QP success. Compared with the nominal command, the filtered target maintains
greater separation from the human capsule model while preserving the main raising and
crossing structure of the demonstrated motion. This confirms that the dynamic human CBF
term in Equation (11) can be deployed in the real perception loop without increasing the
QP decision dimension.
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Figure 4. Hardware self-collision avoidance episode. The numbered snapshots show the temporal
progression of the live online upper-body motion on the real robot: (1) neutral standing, with the
robot maintaining a slightly abducted arm posture to avoid thigh contact; (2) bilateral arm abduction;
(3, 4) arm motions; (5, 6) right and left torso-leaning motions, during which the robot tracks the
demonstrated posture while maintaining arm–body separation; and (7, 8) arm-crossing motions,
where the CBF-QP prevents robot self-collision between the upper limbs.

Settings

ϕrr
s 0.03 m

γrr 2.0
dhr (standstill) 1.2 m
Ctrl. rate 100 Hz
kp−arm 50.0
kd−arm 2.0
kp−waist 100.0
kd−waist 20.0

CBF runtime

CBF rate 12.9 Hz
QP med/p95 1.11/4.56 ms
Tick med/p95 73.0/97.1 ms
Cons. med/max 5/5
QP success 100%

Figure 5. Hardware self-collision avoidance result. The left table summarizes controller settings and
CBF runtime statistics over the evaluation window. The right plot shows target joint trajectories and
the global minimum collision clearance margin for the nominal and CBF-filtered commands.

Finally, Figure 8 evaluates the complete safety configuration with both robot self-
collision and human–humanoid collision constraints enabled. Because both constraint
families are active, the number of monitored active constraints increases to a median/max
of 10/13. While the full tick time increases to 117.13/160.50 ms for median/p95 (effective
rate of ≈ 8.3 Hz), the core QP solve time remains low at 1.14/4.59 ms with a 100% success
rate. This contrast indicates that the primary runtime cost stems from the perception,
capsule generation, constraint construction, and callback pipeline rather than from the
optimization itself. This integration latency introduces a delay-induced margin, where the
p95 full tick time (τ = 0.1605 s) would incur an additional buffer of 0.161 m at 1.0 m/s and
0.321 m at 2.0 m/s. Thus, while effective for the tested moderate-speed interactions, scaling
to fast motions necessitates larger safety margins, higher-rate sensing, and predictive
human-capsule construction.
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Figure 6. Hardware human–humanoid interaction episode with both robot–robot and human–robot
CBF constraints enabled. The numbered snapshots show the temporal progression of the live online
shared-space interaction: (1) close standing configuration; (2–4) the human raises the right arm
near the robot, and the robot laterally leans away while tracking the motion to maintain separation;
(5) recovery to nominal following; (6, 7) the human raises the left arm while standing close to the
robot, causing the robot to initially limit its arm elevation and then (8, 9) resume a larger arm raise as
the human moves away; and (10–14) close human–robot arm interaction, where the robot follows the
demonstrated motion while avoiding contact with the human.

Settings

ϕhr
s 0.15 m

γhr 3.0
dhr (standstill) 0.8 m
Ctrl. rate 100 Hz
kp−arm 50.0
kd−arm 2.0
kp−waist 100.0
kd−waist 20.0

CBF runtime

CBF rate 15.3 Hz
QP med/p95 0.94/4.20 ms
Tick med/p95 61.14/98.81 ms
Cons. med/max 5/9
QP success 100%

Figure 7. Hardware human–humanoid collision avoidance result with human–robot CBF constraints
enabled. The left table summarizes the controller settings and CBF runtime statistics. The right plot
shows the target joint trajectories and the global minimum human–humanoid clearance margin for
the nominal and CBF-filtered commands.
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Settings

ϕrr
s 0.03 m

γrr 2.0
ϕhr

s 0.15 m
γhr 3.0
dhr (standstill) 0.85 m
Ctrl. rate 100 Hz
kp−arm 50.0
kd−arm 2.0
kp−waist 100.0
kd−waist 20.0

CBF runtime

CBF rate 8.3 Hz
QP med/p95 1.14/4.59 ms
Tick med/p95 117.13/160.50 ms
Cons. med/max 10/13
QP success 100%

Figure 8. Hardware complete safety experiment with both robot–robot and human–humanoid CBF
constraints enabled. The left table summarizes the controller settings and runtime statistics. The right
plot shows target joint trajectories and the merged global minimum collision clearance margin over
all monitored self-collision and human–humanoid pairs.

3.1.3. Quantitative Summary and Baseline Comparison

Table 3 summarizes the key quantitative metrics across all evaluated simulation and
hardware scenarios, providing a centralized comparison between the nominal and CBF-
filtered trajectories. As demonstrated, the CBF filter substantially reduces the collision-time
ratio and collision count while increasing the minimum clearance toward the safe bounds.
This safety enhancement incurs an expected decrease in imitation fidelity, reflected by the
increased RMSE0

q and nDTWlink values. Furthermore, the hardware logs show a median QP
solve time below 1.15 ms and a 100% success rate. While the complete tick time currently
limits deployment under high-speed interactions, these results validate the core efficacy
and online feasibility of the safety filter within the tested moderate-speed regime.

To further contextualize the CBF-QP filter against representative non-CBF safety filters,
we implement two classical reactive safety mechanisms for a benchmarking comparison:
critical-pair velocity damping and repulsive potential fields. Crucially, both baselines are evalu-
ated using the same recorded skeleton streams, capsule models, and evaluation metrics as
the proposed CBF-QP method. The comparison is performed in replay-based simulation
rather than on hardware, because these reactive baselines may generate non-smooth or
insufficiently safe commands without extensive hardware tuning. The replay setting pro-
vides a controlled comparison under identical human motion, timing, and perception-noise
conditions. Let qb denote the baseline rollout state and νref = K(qnom − qb) the nominal
tracking velocity. For capsule pair j, the surface clearance is χj = dj − (rAj + rBj), with gra-
dient gj = ∂χj/∂qb. The velocity-damping baseline projects νref onto the half-space defined
by the currently closest pair j⋆ = arg minj χj, using a distance-dependent lower bound
on the allowed approach velocity. The potential-field baseline instead adds a saturated
sum of repulsive velocity corrections from all capsule pairs within the influence region.
Both baselines use final joint-velocity clipping and the same safety threshold and influence
distance for the corresponding capsule pairs.
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Table 3. Summary results for nominal and CBF-filtered trajectories in simulation and hardware.

Scenario Case Mclear (m) Mctr (%) Mcc
RMSE0

q
(deg)

nDTWlink
(deg)

Runtime
(ms) ∗

Active
Const. †

Simulation Results (QP Success Rate: 100% for CBF-filtered runs)

Self-collision Nominal −0.128 77.57 8 0.00 17.18 — —
CBF-QP −0.002 0.43 1 9.61 20.24 0.74/38.22 5/5

Human–humanoid Nominal −0.112 17.35 6 0.00 14.59 — —
CBF-QP −0.010 0.19 1 10.05 19.23 0.68/44.56 5/9

Hardware Results (QP Success Rate: 100% for CBF-filtered runs)

Self-collision Nominal −0.128 77.67 8 0.00 17.22 — —
CBF-QP 0.028 0.00 0 10.72 20.94 1.11/73.02 5/5

Human–humanoid Nominal −0.115 20.42 11 0.00 14.63 — —
CBF-QP −0.011 0.73 2 12.27 20.62 0.94/61.14 5/9

Both (merged) Nominal −0.125 90.92 6 0.00 14.79 — —
CBF-QP −0.001 0.23 2 15.86 26.94 1.14/117.13 10/13

∗ Runtime reports the median QP solve time/median total CBF loop time in milliseconds, computed from the
CBF diagnostics topic. Runtime is not applicable to nominal rows because no QP is solved. † Constraints report
the median/maximum number of active CBF constraints during CBF-filtered execution.

As shown in Table 4, the reactive baselines improve some safety metrics but do
not provide the same consistency as the CBF-QP filter under the tested multi-capsule
constraints. The critical-pair velocity damper is effective in the human–humanoid episode,
reducing Mctr from 17.35% to 0.62%, but still leaves negative clearance and five collision
episodes. In the self-collision episode, because it only reacts to the current closest pair,
switching among competing capsule pairs leads to repeated short boundary crossings and
increases the collision count to 59; this metric should therefore be interpreted together
with collision-time ratio and minimum clearance. The potential-field baseline preserves
imitation more closely than CBF-QP, but its safety improvement is limited, especially in
the self-collision episode, where Mctr remains 53.62%. In contrast, the CBF-QP achieves
the strongest and most consistent geometric safety improvement among the tested filters,
reducing Mctr to 0.43% for self-collision and 0.19% for human–humanoid collision, with
only one fleeting collision episode in each case. This improvement comes at the cost of
larger imitation errors, so the comparison does not imply universal superiority over all
possible safety filters or parameterizations. Nevertheless, under the same motion inputs,
capsule model, and metrics, the results show that the CBF-QP formulation provides a clear
advantage for safety-critical imitation: it coordinates multiple simultaneous geometric
constraints within one optimization problem while yielding the feasible velocity closest to
the nominal command.

Table 4. Simulation comparison with alternative non-CBF safety filters.

Scenario Method Mclear (m) Mctr (%) Mcc RMSE0
q (deg) nDTWlink (deg)

Self-collision Nominal (joint-limit) −0.128 77.57 8 0.00 17.18
Velocity damping −0.129 64.62 59 1.31 17.35
Potential field −0.117 53.62 7 2.11 17.49
CBF-QP −0.002 0.43 1 9.61 20.24

Human–humanoid Nominal (joint-limit) −0.112 17.35 6 0.00 14.59
Velocity damping −0.052 0.62 5 3.98 16.58
Potential field −0.067 11.23 6 1.57 15.20
CBF-QP −0.010 0.19 1 10.05 19.23
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3.2. Safety–Imitation Trade-Off Analysis

The preceding experiments show that the CBF-QP layer can suppress unsafe nominal
imitation commands, but this safety improvement is achieved by modifying qnom, so differ-
ent CBF parameters may lead to different levels of imitation degradation. To characterize
this safety–imitation trade-off, we performed hardware replay sweeps using the human–
humanoid interaction episode with both robot self-collision and human–humanoid CBF
constraints enabled. Each parameter setting was repeated three times, and each heatmap
cell reports the mean over the repeated runs. Two sweeps are considered: the margin sweep
varies ϕrr

s and ϕhr
s while fixing γrr = 2.0 and γhr = 3.0, whereas the gain sweep varies γrr

and γhr while fixing ϕrr
s = 0.03 m and ϕhr

s = 0.15 m.

3.2.1. Effects of Safety-Distance Margins

The safety-distance margins directly shift the CBF safety boundary in Equation (5).
Larger margins cause the safety filter to intervene earlier with respect to the physical
collision boundary. Figure 9 reports the parameter-sweep results for different pairs of safety-
distance margins (ϕrr

s , ϕhr
s ). In each heatmap, the color gradient encodes the corresponding

metric value, and the number in each cell gives the averaged value over repeated trials.
The figure shows that the human–humanoid margin ϕhr

s is the dominant factor in this
interaction episode. When ϕhr

s ∈ [0.09, 0.12] m, the minimum clearance remains negative
across all tested ϕrr

s values, and the collision-time ratio remains approximately 0.8%–1.1%.
Increasing ϕhr

s to 0.15 m produces a clear transition: the minimum clearance becomes
positive for all tested ϕrr

s , and the collision-time ratio is reduced to zero in the repeated
trials. Further increasing ϕhr

s to ≥ 0.17 m does not produce an equivalent improvement
in all safety metrics because the merged metric is already near the collision-free regime.
Instead, the main effect becomes an increase in imitation error. Both RMSE0

q and nDTWlink

increase with larger ϕhr
s , indicating stronger deformation of the nominal command. For

example, the local-link nDTW error increases from approximately 19◦–20◦ at the smallest
human–humanoid margins to approximately 24◦–27◦ at the largest margins. The joint-space
RMSE follows the same trend, increasing from approximately 10◦–12◦ to approximately
14◦–16◦. This pattern confirms that larger safety margins improve collision robustness
primarily by sacrificing imitation fidelity.

The effect of ϕrr
s is weaker than that of ϕhr

s in this episode. This is expected because
the replayed motion is a human–humanoid interaction episode in which the dominant
unsafe behavior is induced by human proximity. Nevertheless, ϕrr

s remains relevant in
the complete system: at very small robot–robot margins, short residual collision episodes
can still occur even when the human–humanoid margin is large enough. This illustrates
why the complete safety metric must consider both self-collision and human–humanoid
collision pairs jointly. The hardware operating point (ϕrr

s , ϕhr
s ) = (0.03, 0.15) m, marked

by the diamond, lies immediately after the observed safety transition, achieving a zero
collision-time ratio without the larger imitation degradation seen at ϕhr

s ≥ 0.17 m.

3.2.2. Effects of CBF Gains

The CBF gains γrr and γhr regulate the barrier-value dynamics in Equation (5).
Figure 10 reports the parameter-sweep results for different pairs of CBF gains (γrr, γhr)

with the safety-distance margins fixed at the selected values. In each heatmap, the color
gradient encodes the corresponding metric value, and the number in each cell gives the
averaged value over repeated trials. This figure shows substantially weaker variation in
safety than the margin sweep. Most parameter settings achieve a zero collision-time ratio,
and the only remaining nonzero value is below 0.1%. This indicates that ϕrr

s = 0.03 m and
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ϕhr
s = 0.15 m already define a sufficiently safe operating region for the evaluated episode,

so the gains mainly affect how the safe target recovers toward the nominal command.

Figure 9. Effect of the safety-distance margins ϕrr
s and ϕhr

s on safety and imitation metrics in the
complete hardware configuration. Both robot–robot and human–robot CBF constraints are enabled.
Each cell reports the mean over three repeated replay trials with γrr = 2.0 and γhr = 3.0. Across all
configurations, the trial variability remains bounded, with maximum standard deviations of 0.01 m
for clearance, 0.18% for collision ratio, 1.71◦ for RMSE, and 0.94◦ for nDTW-link. The color gradient
represents the value of the corresponding metric, and the numerical value is shown in each cell. The
diamond marks the operating point used in the hardware experiments, whereas the star marks the
preferred margin setting identified from the sweep results.

The imitation metrics reveal a clearer dependence on γrr. Very small robot–robot gains,
especially γrr = 0.5, produce the largest joint-space and local-link errors. As γrr increases
to 2.0, 3.0, and 3.5, both RMSE0

q and nDTWlink decrease. This behavior is consistent with
the velocity-level formulation in Equations (14)–(16): a small gain enforces slower recovery
of the barrier dynamics and can keep qcbf farther from qnom for longer periods, whereas
moderate gains allow the safe target to follow the nominal command more closely when
the motion remains safe. The influence of γhr is comparatively weaker in this fixed-margin
setting, suggesting that the human–humanoid safety boundary is already sufficiently
conservative and that the gain mainly fine-tunes the recovery behavior.

Together, the margin and gain sweeps show that ϕhr
s determines the primary transition

from unsafe to safe behavior in the evaluated human–humanoid interaction episode,
whereas γrr and γhr mainly tune the deformation and recovery characteristics once the
safety margins are adequate. This separation of roles is useful for parameter selection:
margins should first be chosen to eliminate collision episodes, and gains can then be
adjusted to improve imitation fidelity without reintroducing significant collision time.
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Figure 10. Effect of the CBF gains γrr and γhr on safety and imitation metrics in the complete
hardware configuration. Both robot–robot and human–robot CBF constraints are enabled. Each cell
reports the mean over three repeated replay trials with ϕrr

s = 0.03 m and ϕhr
s = 0.15 m. Across all

configurations, the trial variability remains bounded, with maximum standard deviations of 0.01 m
for clearance, 0.04% for collision ratio, 1.41◦ for RMSE, and 1.04◦ for nDTW-link. The color gradient
represents the value of the corresponding metric, and the numerical value is shown in each cell. The
diamond marks the operating point used in the hardware experiments, whereas the star marks the
preferred gain setting identified from the sweep results.

3.2.3. Safety–Imitation Trade-Off

To summarize the overall effect of the four CBF parameters, Figure 11 plots the com-
posite safety score Ssafe against the composite imitation score Simit. Each point represents
one complete parameter setting (ϕrr

s , ϕhr
s , γrr, γhr), and the plotted location corresponds

to the mean over repeated replay trials. The color encodes the human–humanoid safety-
distance margin ϕhr

s , while the marker size encodes the robot–robot CBF gain γrr. The
empirical Pareto front is obtained from the non-dominated settings in the (Simit, Ssafe)

plane, where larger values are preferred for both scores. Specifically, these composite scores
are computed using weights (0.45, 0.45, 0.10) for Ssafe and (0.5, 0.5) for Simit, reflecting the
physical significance of each underlying metric. While these scores provide a relative
ranking within this specific sweep campaign, a sensitivity check across six alternative
weighting perturbations confirms that the top parameter selections remain unchanged,
ensuring the robustness of the observed Pareto trends.

The resulting distribution reveals a clear trade-off structure. Settings with small human–
humanoid margins tend to preserve imitation better but yield lower safety scores, consistent
with the residual collision-time ratios observed in the margin sweep. Conversely, larger ϕhr

s
values move the operating point toward higher safety scores, but excessive margins also
reduce imitation fidelity because the CBF-QP must deform the nominal target more strongly.
This trend is consistent with Figure 9, where increasing ϕhr

s beyond the safety transition
improves or maintains clearance but increases both RMSE0

q and nDTWlink. The marker size
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variation further shows that the gain parameters mainly refine the recovery behavior within
the feasible region, rather than producing the dominant unsafe-to-safe transition.

Figure 11. Composite safety–imitation trade-off under CBF parameter variation. Each point represents
one complete parameter setting (ϕrr

s , ϕhr
s , γrr, γhr) and shows the mean over three repeated replay trials.

Across all samples, the trial variability remains bounded, with maximum standard deviations of 0.102
for Simit and 0.111 for Ssafe. The color encodes the human–humanoid safety-distance margin ϕhr

s , and the
marker size encodes the robot–robot CBF gain γrr. The dashed curve connects the empirical Pareto-efficient
settings, and the solid curve provides a visual trend of the Pareto front. The diamond denotes the selected
operating point (0.03, 0.15, 2.0, 3.0) used in the hardware experiments, the star denotes the Pareto knee
point (0.01, 0.15, 3.0, 4.0) closest to the utopia point (Simit, Ssafe) = (1, 1), and the circled marker denotes
an intentionally selected failure-regime point (0.03, 0.19, 2.0, 4.5). Composite scores are computed using
w = (0.45, 0.45, 0.10) for Mclear, Mctr, and Mcc, and α = (0.5, 0.5) for RMSE0

q and nDTWlink.

The diamond marks the selected operating point (0.03, 0.15, 2.0, 3.0) used in the
main hardware experiments. It is not claimed to be globally optimal; rather, it lies in
a high-safety and high-imitation region and provides a conservative operating choice for
real-robot execution. The star marks the Pareto knee point (0.01, 0.15, 3.0, 4.0), defined
as the Pareto-efficient setting with the smallest Euclidean distance to the utopia point
(Simit, Ssafe) = (1, 1), and therefore represents the strongest empirical compromise within
the sampled parameter set. The circled marker denotes an intentionally selected failure-
regime point (0.03, 0.19, 2.0, 4.5), illustrating that poorly balanced or extreme parameter
combinations can degrade both objectives simultaneously, producing neither reliable safety
nor faithful imitation. It helps identify unsuitable regions of the parameter space but does
not affect the empirical Pareto front. Overall, the Pareto analysis provides a descriptive
summary consistent with the heatmap trends: the safety margins should first be chosen to
mitigate collision episodes, especially through ϕhr

s , and the CBF gains can then be adjusted
to improve imitation fidelity without incurring substantial collision time.

To make the Pareto analysis directly actionable, Table 5 reports three representative
operating regimes selected from the sampled parameter space: an imitation-prioritized
setting, a balanced setting near the Pareto knee, and a safety-prioritized setting. The
imitation-prioritized regime preserves the nominal motion most closely, as reflected by the
lowest RMSE0

q and nDTWlink, but retains a negative minimum clearance and a nonzero
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collision-time ratio. In contrast, the safety-prioritized regime achieves the largest minimum
clearance and eliminates collision episodes, but at the cost of substantially increased imita-
tion error. The balanced/Pareto-knee regime removes collision episodes while maintaining
moderate imitation error, providing the strongest compromise among the three reported
operating levels. Taken together, Table 5 shows that the composite scores are consistent
with the raw geometric safety metrics: increasing safety improves clearance and removes
collision episodes, while progressively increasing joint-space and local-link imitation errors.
This supports the balanced/Pareto-knee setting as a practical operating choice when both
collision avoidance and motion fidelity are required.

Table 5. Representative operating regimes selected from the CBF parameter sweep. Safety metrics
are evaluated over combined robot–robot and human–robot pairs.

Regime ϕrr
s ϕhr

s γrr γhr Mclear [m] Mctr [%] Mcc RMSE0
q [deg] nDTWlink [deg] Ssafe Simit

Imitation-prioritized 0.005 0.090 2.0 3.0 −0.0367 1.10 1.00 10.39 19.00 0.483 0.991
Balanced/Pareto knee 0.010 0.150 3.0 4.0 0.0110 0.00 0.00 11.92 22.10 0.862 0.756
Safety-prioritized 0.040 0.190 2.0 3.0 0.0389 0.00 0.00 15.66 27.21 0.981 0.293

4. Discussion
The results show that, in the evaluated episodes, safety-aware human-to-humanoid

imitation can be achieved without replacing the nominal retargeting pipeline by a mono-
lithic controller. Instead, the proposed framework separates perception, retargeting, and
safety filtering into interpretable modules. This modularity is important because it allows
the nominal command qnom and the CBF-filtered target qcbf to be compared directly, making
the effect of safety enforcement measurable rather than only visually observable. In both
simulation and hardware experiments, the CBF-QP layer substantially reduces persistent
unsafe behaviors during self-collision and human–humanoid proximity episodes. In the
simulation self-collision scenario, the collision-time ratio decreases from 77.6% to 0.4%,
while in the human–humanoid interaction case, it decreases from 17.3% to 0.2%. Hardware
experiments further demonstrate that the same formulation is computationally feasible
to operate within an online perception–control loop, achieving a 100% QP success rate
across all evaluated intervals. Finally, the simulation comparison with velocity damping
and potential-field baselines reveals that the CBF-QP filter provides more consistent multi-
constraint safety improvements. The two motion episodes used in the experiments were
recorded from complete online hardware runs and reused as replay inputs for simulation
reproduction and CBF parameter sweeps. This replay procedure serves as a standard-
ization protocol for fair comparison, rather than a replacement for online execution. By
using identical recorded input motions, the effects of different CBF parameters can be
isolated without introducing trial-to-trial variations in human demonstration timing or
posture. Within these representative scenarios, these findings suggest that CBF-QP filtering
is a practical mechanism for adding explicit collision-avoidance behavior to vision-aided
humanoid imitation while preserving the qualitative structure of the demonstrated motion.
It is worth noting that although this study evaluates the method on an 8-DoF upper-body
humanoid, the method is compatible with higher-DoF platforms. Extending it to such plat-
forms would mainly require richer perception, retargeting of the additional joint motions,
and a higher-dimensional CBF-QP with the corresponding safety constraints.

The safety–imitation analysis also clarifies the role of the CBF parameters. The safety-
distance margins ϕrr

s and ϕhr
s determine when the safety layer begins to intervene relative

to the physical collision boundary, whereas the gains γrr and γhr mainly shape the re-
covery dynamics once the safety boundary is active. In the hardware parameter sweeps,
the human–humanoid margin ϕhr

s was the dominant factor for the evaluated interaction
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episode: increasing it to approximately 0.15 m produced the transition to a zero collision-
time ratio across repeated trials, while larger values mainly increased imitation error. This
behavior is consistent with the composite Pareto analysis and the representative operating
regimes in Table 5. The imitation-prioritized setting preserved the nominal motion most
closely but retained residual collision, whereas the safety-prioritized setting maximized
clearance at the cost of a larger RMSE0

q and nDTWlink. The balanced/Pareto-knee setting
removed collision episodes while maintaining moderate imitation error, indicating that
the proposed metrics can support practical parameter selection rather than only post hoc
performance reporting.

Several limitations remain. First, the current framework focuses on 8-DoF upper-body
imitation. The robot lower body is handled by the manufacturer-provided balance controller,
while the upper-body command generation uses only a simple waist-balance compensation
strategy. Therefore, the system does not yet address full-body locomotion, coordinated whole-
body balance, high-speed dynamic motions, or contact-rich task execution. These extensions
would require tighter integration between upper-body imitation, lower-limb coordination, and
balance recovery. Second, the current quantitative evaluation is limited to two representative
skeleton-motion episodes recorded from a single human subject. Although these sequences
were specifically selected as representative stress tests to cover core safety-critical scenarios,
they do not constitute an exhaustive validation over different users, motion classes, approach
distances, motion speeds, or environmental conditions. Extending the evaluation to these
broader operational scenarios remains an important direction, primarily requiring richer multi-
object perception, careful calibration, and scalable real-time optimization. Third, the present
quantitative evaluation primarily isolates the behavior of the CBF-QP geometric safety-filtering
layer by comparing qnom and qcbf. This choice is appropriate for analyzing the geometric
safety–imitation trade-off introduced by the CBF parameters, but it does not fully characterize
downstream physical safety factors such as actuator tracking error, low-level controller dynamics,
communication delay, torque or force limits, contact dynamics, or hardware compliance. In
particular, a target trajectory that is safe in the capsule-distance model may still require additional
execution-level verification when the robot operates at higher speed, under larger payload
variation, or in more dynamic human–humanoid interaction. A further limitation is that the
present imitation space does not include detailed hand and finger motion. This simplification
is appropriate for evaluating upper-body safety filtering, but hands are important in human–
humanoid interaction, especially for manipulation, handover, and gestural communication.
Extending the framework to hand motion would require more robust fine-scale perception
and retargeting, as well as finer collision models beyond the current capsule-level upper-
body representation.

Future work will extend the framework in three directions. The first direction is
to move from upper-body imitation to learning-enhanced whole-body safe imitation in
order to better support high-speed and dynamically coupled motions. Ongoing work
comprises upgrading the system to a multi-camera perception setup processed on a high-
performance computing node to reduce skeleton-estimation latency and improve tracking
continuity. For faster interaction, the safety layer should also use predictive human cap-
sules or Kalman/model-based predictors, so that CBF constraints are evaluated against
anticipated human positions rather than only the current measured skeleton. On the control
side, RL policies are being developed for lower-body balance control and learning-based
upper-body tracking with improved gravity compensation and dynamic response. These
components are expected to help coordinate the torso, waist, and lower body with arm imi-
tation, thereby integrating safety filtering with whole-body stability. The second direction is
to close the gap between target-level geometric safety filtering and execution-level physical
behavior. This includes incorporating actuator tracking models, latency compensation,
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measured joint feedback, and possibly force or contact sensing into the evaluation and
control loop. These additions would allow the safety layer to account for physical hardware
behavior more explicitly, rather than relying only on geometric clearance at the command
level. The third direction is to extend the imitation representation to include hand motion
and task-level interaction primitives. Learning-based perception and retargeting methods
may be particularly useful for this extension, since hand motion involves fine-scale artic-
ulation, frequent occlusion, and strong task dependence. In such settings, the proposed
safety–imitation metrics could be used not only for offline analysis but also for adaptive
parameter tuning, where ϕrr

s , ϕhr
s , γrr, and γhr are adjusted online according to the current

task, human proximity, and desired imitation fidelity.

5. Conclusions
This paper presented a vision-aided safe human-to-humanoid motion imitation frame-

work that couples skeleton-based retargeting with a capsule-based CBF-QP safety filter.
By inserting an interpretable optimization layer between nominal imitation and execution,
the proposed formulation enforces robot self-collision and human–humanoid proximity
constraints while preserving the qualitative structure of the demonstrated motion. Within
the evaluated episodes, simulation and hardware results, along with the baseline compar-
ison with alternative safety filters, demonstrate that the framework effectively reduces
geometric collision violations and validates the feasibility of online operation within the
perception–control loop. Furthermore, the parameter-sweep analysis formalizes the under-
lying safety–fidelity trade-off, making it quantitatively tunable via safety-distance margins
and CBF gains to enable systematic selection of desired operating regimes.

While demonstrating the viability of modular and interpretable safety filtering, the
current implementation operates within certain practical boundaries. The control frame-
work is currently focused on upper-body kinematics and geometric proximity constraints
rather than full physical safety certification, and its real-time performance remains bounded
by end-to-end processing latency and the quality of vision-based skeleton tracking. More-
over, while the live hardware interactions support real-world feasibility, the evaluation
remains a representative proof-of-concept restricted to a limited number of users and
motion sequences, rather than an exhaustive validation across diverse statures, speeds, and
environmental conditions. Rather than diminishing the core methodology, these limitations
outline direct pathways for future research. This perspective provides a scalable foundation
for extending the framework toward learning-enhanced whole-body dynamic balancing,
multi-object perception under sensor noise, and high-rate, hand-aware human–humanoid
interaction integrated with execution-level safety verification.
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Appendix A. Supplementary Details on Human Pose Angle Estimation
This appendix provides supplementary details on the coordinate frames, skeleton

keypoints, and implementation steps used to compute the reduced human upper-body
angles from the ZED-camera [43] skeleton observations. The notation ZpA denotes the
position of keypoint A expressed in the ZED global frame FZ, and a leading superscript
indicates the coordinate frame in which a vector is represented.

Appendix A.1. Coordinate Frames and Keypoints

The ZED global frame FZ is configured as a right-handed frame with +xZ forward,
+yZ left, and +zZ upward. A human torso frame FT is constructed online from the
pelvis and shoulder keypoints and is used to express arm motion relative to the trunk.
The seven skeleton keypoints are K = {P, LS, RS, LE, RE, LW, RW}, corresponding to the
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pelvis, left/right shoulders, left/right elbows, and left/right wrists. The shoulder center
and limb vectors are defined as

ZpSC =
1
2

(
ZpLS +

ZpRS

)
,

ZuL = ZpLE − ZpLS, ZuR = ZpRE − ZpRS,
ZfL = ZpLW − ZpLE, ZfR = ZpRW − ZpRE.

Appendix A.2. Torso Frame Construction

The torso frame FT is constructed from the pelvis and shoulder keypoints. Its origin
is placed at the pelvis, and its vertical axis follows the pelvis–shoulder-center direction:

ZpOT = ZpP, ZeT,z =
ZpSC − ZpP

∥ZpSC − ZpP∥
.

The lateral axis is computed from the shoulder line s = ZpRS − ZpLS after removing its
component along the vertical axis:

ZẽT,x = s − (sT ZeT,z)
ZeT,z, ZeT,x =

ZẽT,x

∥ZẽT,x∥
.

The third axis completes the right-handed frame, ZeT,y = ZeT,z × ZeT,x, yielding

ZRT = [ZeT,x
ZeT,y

ZeT,z], TRZ = (ZRT)
T .

Thus, any vector Zv is expressed in the torso frame by Tv = TRZ
Zv.

Appendix A.3. Angle Computation Details

The reduced human upper-body angle vector θ ∈ R8 and its analytical definitions are
provided in Section 2.1.1. This subsection records the additional vector transformations
and numerical treatments used for the angle computation. The upper-arm vectors used
for shoulder-angle estimation are first expressed in the torso frame as TuL = TRZ

ZuL and
TuR = TRZ

ZuR. The components of these vectors are denoted by

TuL =
[
uT

L,x uT
L,y uT

L,z

]T
, TuR =

[
uT

R,x uT
R,y uT

R,z

]T
.

These torso-frame components are used in the shoulder-pitch and shoulder-roll definitions
in Section 2.1.1. The elbow-pitch angles are computed from the inter-segment angles
between the corresponding upper-arm and forearm vectors. For numerical robustness, all
direction vectors are normalized before angular computations, and the arccos(·) arguments
are clipped to [−1, 1]. Frames with missing keypoints or degenerate vectors with near-zero
norms are excluded from offline metric computation or replaced by the latest valid estimate
during online execution.

Appendix A.4. Perception-Side Sensitivity Analysis

A compact sensitivity analysis is conducted by perturbing the recorded skeleton streams
before pose angle extraction. As summarized in Table A1, the implemented filtering, rate-
limiting, and neutral-pose calibration reduce the effects of moderate keypoint noise, jitter, and
calibration offsets, while invalid occlusion frames are conservatively rejected.
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Table A1. Perception-side sensitivity analysis under representative perturbations.

Perturbation Type Perturbation Level Mean Angle
Error

Peak Angle
Error

Rejected
Frames Notes

Gaussian keypoint noise σ = 1.5 cm 2.2◦ 5.8◦ 0% geometric vector estimation
and EMA smoothing

Gaussian keypoint noise σ = 4.0 cm 4.9◦ 11.3◦ 0% stable angle estimates, but
with increased variance

Single joint keypoint
occlusion

one elbow/wrist missing 6.1◦ 12.7◦ 20% invalid frames are
conservatively discarded

Skeleton jitter 5◦ high-frequency jitter 1.8◦ 8.2◦ 0% rate limiting suppresses
short-term spikes

Calibration offset ±3 cm/±3◦ 3.1◦ 7.9◦ 0% neutral-pose calibration
reduces fixed biases

Appendix B. CBF Geometry Benchmarks
To motivate the use of capsule collision geometry, the performance is compared with

other commonly used models, including spheres and bounding boxes, in the human–
humanoid simulation environment. Table A2 shows the performance results of various
collider geometries. For sphere decomposition, the center-to-center squared distance is
used, implemented via [44]. For capsules, the signed distance between sphere-swept vol-
umes method is used and implemented via [45]. For boxes, the convex polytope proximity
method is used, implemented via [46]. These methods all provide differential proximity
measurements that CBF can utilize. Benchmarks are performed on a computer with an
Intel Core Ultra 9 275HX CPU and an NVIDIA RTX 5080 Laptop GPU. A visualization of
these collision models is shown in Figure A1.

Figure A1. Benchmarked collision geometry. From left to right: Sphere decomposition with no
subsampling, sphere decomposition with one subsampling, bounding box decomposition, capsule
decomposition. Lines represent CBF constraints.

The computational performance of different implementation backends is also bench-
marked. As shown in Table A2, utilizing the GPU results in significant performance uplift
due to the number of parallel constraints. Differentiable kinematics are implemented in
the CPU via Pinocchio [47], while the GPU methods utilize JAX [48]. The best overall
performance was demonstrated by capsule geometry on the GPU, demonstrating both low
solve time and minimal constraint blow-up.
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Table A2. CBF benchmark statistics for various collision geometries.

CPU

Metric Spheres (k = 0) Spheres (k = 1) Boxes Capsule

Rate (Hz) 10.02 8.5 10.424 4.113
# Constraints 705 1988 72 72
Initial Compile Time (s) 0.02 0.05 0.4 0.7
Solve Time (s) 0.100 0.118 0.096 0.243

GPU

Metric Spheres (k = 0) Spheres (k = 1) Boxes Capsule

Rate (Hz) 30.5 11.549 3.937 33.084
# Constraints 705 1988 72 72
Initial Compile Time (s) 29.4 184.8 36.7 29.4
Solve Time (s) 0.033 0.087 0.254 0.030
Note: k denotes the degree of spherical subsampling used to approximate capsule geometry. All benchmarks
use a QP solver with a maximum of 100 iterations and a solution tolerance of 10−3. Results are reported for a
worst-case setting in which CBF constraints are imposed between all external colliders and all other internal
colliders, highlighting computational differences across geometry models.
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