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An Intention-Aware Robust Safety Framework for
Robot Teleoperation: Unifying Object
Interaction and Obstacle Avoidance

Zhitao Gao , Chen Chen , Fangyu Peng, Yukui Zhang , Wenke Zhou, Chengao Jiang, Rong Yan,
Xiaowei Tang , and Yu Wang

Abstract—Control barrier functions (CBFs) have proven to be
effective for obstacle avoidance in robot teleoperation systems.
However, for classical CBF, model uncertainties and external dis-
turbances can significantly degrade the robustness of safety control.
Moreover, the fixed safety boundary lacks adaptability to dynamic
switching on operational intentions. To address these limitations,
this paper presents a hierarchical safety teleoperation framework
that separates the safety layer from the leader-follower teleopera-
tion layers. On this basis, a virtual proxy is introduced to construct a
robust control-affine system decoupled from physical robot uncer-
tainties and external disturbances. Building upon this, we propose
an intention-aware adaptive control barrier function (IA-ACBF),
which consists of two modules: intention detection and intention
quantification. The intention detection module determines the op-
erator’s transient intention, which belongs to object interaction
or obstacle avoidance. The intention quantification module then
maps this to the adaptation of safety boundaries. Finally, the per-
formance of the proposed method is validated through simulations
and experiments with the physical robot.

Index Terms—Telerobotics and teleoperation, robot safety,
control barrier function, intention recognition.

I. INTRODUCTION

T ELEOPERATION is widely used to handle complex inter-
active tasks [1], [2], where excellent compliance strate-

gies and accurate environmental awareness can significantly
improve operational safety [3], [4]. Guided by dynamic operator
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intentions, teleoperated systems can achieve excellent task
adaptability. However, the operator may not always be aware
of the obstacles during teleoperation, leading to unexpected
collisions and equipment damage. Consequently, it is essential
to apply strict safety constraints to obstacle avoidance while
adapting to the dynamic operator intentions.

Among the existing obstacle avoidance methods for tele-
operation, haptic feedback is a simple but effective method
that provides haptic force to the operator when approaching
obstacles [5]. The haptic force is commonly associated with the
obstacle distance [6], collision risk [7], and approaching velocity
[8]. Although haptic feedback can alert the obstacle location
while preserving original operator intention, this method lacks
strict safety constraints, which limits its ability to completely
eliminate collisions. The artificial potential field (APF) method
achieves strict obstacle avoidance guarantees by constructing
repulsive fields [9], [10]. Conversely, the repulsive fields can
distort the original trajectory, such as deviating from the in-
tention trajectory in crowded environments. Recently, control
barrier function (CBF) has developed as an effective obstacle
avoidance method [11]. Compared to haptic feedback and APF
methods, CBF enforces strict safety constraints on obstacle
avoidance as well as minimal adjustments to the intention
trajectory.

CBF has been successfully applied to relatively simple tele-
operation tasks with structured environments. In [12], CBF is
used to impose predefined constraints on robot joint angles,
velocities, and accelerations to avoid kinematic singularities.
Similarly, [13] utilizes a zeroing CBF to impose fixed visibility
constraints for surgical robots. In [14], CBF is integrated with
haptic feedback to achieve collision-free teleoperation for virtual
experiment exploration. Despite the formal guarantees for the
safety constraints, these classical CBF based frameworks are
established on fully known control affine models. Moreover,
these methods using fixed safety boundaries to perform the pre-
defined obstacle avoidance function. Therefore, the following
challenges arise when dealing with complex tasks with dynamic
operator intention.

The first challenge is to achieve robust safety control un-
der model uncertainties and external disturbances. In complex
teleoperation tasks, it is difficult to obtain an accurate dynamic
model of the physical robot due to frictions and nonlinearities.
Meanwhile, external disturbances can seriously degrade the
accuracy of the safety trajectory. Although some studies have
enhanced the robustness safety control through uncertainty es-
timation [15], [16], they introduce additional computations and
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Fig. 1. The proposed hierarchical safety teleoperation framework consists of the leader layer, the safety layer, and the follower layer.

increase control conservatism, which can significantly degrade
the transparency of real-time teleoperation.

The second challenge is to adapt the safety boundary to
dynamic operator intentions, achieving unified object interaction
and obstacle avoidance. Specifically, due to random environ-
mental configurations, the operator may have two opposite po-
tential intentions, “object interaction” or “obstacle avoidance”.
The fixed safety boundary of the classical CBF lacks the adapt-
ability to such switching intentions, which may even lead to task
failure.

To address these challenges, we propose a hierarchical teleop-
eration framework with virtual proxy based robust safety control,
as well as an intention-aware adaptive control barrier function
(IA-ACBF) method. Unlike existing ACBF methods that aim to
improving solvability or increase conservatism [17], [18], our
method focuses on the detecting and quantifying of the operator
intentions. This knowledge then guides the adaptation of safety
boundaries, unifying object interaction and obstacle avoidance.
The main contributions of this paper are as follows:
� A hierarchical safety teleoperation framework is proposed

that isolates the safety layer from the leader-follower layer,
allowing them to be designed independently.

� A virtual proxy is introduced to construct a model-free
control-affine system for safety control, enhancing the
robustness to physical robot uncertainties and external
disturbances.

� An IA-ACBF method with intention detection and quan-
tification modules is proposed to unify object interaction
and obstacle avoidance.

II. FRAMEWORK CONSTRUCTION

As shown in Fig. 1, the proposed hierarchical safety tele-
operation framework (denoted as the hierarchical framework)
contains three main components:

1) Leader layer: This layer obtains the operator’s trajectory
via a haptic interface and calculates the nominal control
input required for leader-follower synchronization.

2) Safety layer: This layer first performs object detection
using an RGB-D camera. Then, a virtual proxy is intro-
duced to prevent the safety control from physical robot
uncertainties and external disturbances. Finally, an IA-
ACBF method is proposed to achieve the safety boundary
adaptation through intention detection and quantification
modules.

3) Follower layer: In this layer, a Franka robot is driven by
the trajectory tracking controller to perform tasks along
the virtual proxy trajectory.

The working logic of the whole hierarchical framework is
briefly described as follows: Firstly, the virtual proxy located in
the safety layer constructs a robust control affine system that is
independent of model uncertainties and external disturbances.
Subsequently, the proposed IA-ACBF method is introduced into
the control affine system to achieve intention aware adaptation
for safety boundaries. Specifically, the operator transient inten-
tions are first determined by intention detection module, which
are divided into “object interaction” or “obstacle avoidance”.
Next, the transient intentions are further normalized and mapped
to the adaptation of safety boundaries by the intention quantifica-
tion module. Finally, the unifying object interaction and obstacle
avoidance is achieved.

III. VIRTUAL PROXY FOR ROBUST SAFETY CONTROL

A. Introduction of Virtual Proxy in Safety Layer

Consider the following control affine system:

ẋ = f(x) + g(x)u, (1)

where x ∈ X ⊆ Rn is the state of the system, u ∈ Rm is the
control input, f : X → Rn is the drift term, and g : X → Rn×m

is the control influence term. Here, a safe set S is defined as
the 0-superlevel set of a continuously differentiable function
h : X → R.

S = {x ∈ X : h(x) ≥ 0}. (2)

The goal of a CBF is to render the safe set forward invariant,
that is, x0 ∈ S ⇒ x(t) ∈ S, ∀x0 ∈ X .

Definition 1 (Control Barrier Function): The function h(x)
is a CBF for the system (1) if there exists a class-K function
α ∈ K such that ∀x ∈ X , satisfying [11]:

sup
u∈Rm

ḣ(x, u) ≥ −α(h(x)), (3)

ḣ(x, u) = Lfh(x) + Lgh(x)u, (4)

where ḣ is the Lie derivative of the h along the system (1).
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The safe control input us is derived by modifying the nominal
controller uno through solving a quadratic program:

us = argmin
u∈Rm

1

2
‖u− uno‖2

s.t.ḣ(x, u) ≥ −α(h(x)). (5)

On this basis, we analyze the limitations of the classic CBF
method, which uses the following physical robot model:

Mf (qf )q̈f + Cf (q̇f , qf )q̇f +Gf (qf ) = τf + JTFext, (6)

where Mf , Cf , Gf are the inertia matrix, Coriolis matrix, and
gravity vector of the follower robot. qf is the joint position
vector. τf is the control torque, Fext is the external force, and J
is the Jacobi.

Rewriting (6) as control-affine form for safety control:

d

dt

[
qf
q̇f

]
︸ ︷︷ ︸

ẋ

=

[
q̇f

M−1
f (−Cf q̇f −Gf + JTFext)

]
︸ ︷︷ ︸

f(x)

+

[
0

M−1
f

]
︸ ︷︷ ︸

g(x)

τc︸︷︷︸
u

.

(7)
The frictions and nonlinearities cause uncertainties in Mf ,

Cf , Gf , while Fext introduces external disturbances, which
degrades control robustness. Referring to [19], [20], our solution
replaces the physical dynamics with a virtual proxy:

Mp(pp)p̈p + Cp(ṗp, pp)ṗp +Gp(pp) = up, (8)

where Mp, Cp, Gp are the inertia matrix, Coriolis matrix and
gravity vector of the proxy, pp, up are the Cartesian position and
the control input of the proxy. For simplicity, we set the proxy
to a prime point, which reduces (8) to:

d

dt

[
pp
ṗp

]
︸ ︷︷ ︸

ẋ

=

[
ṗp
03

]
︸︷︷︸
f(x)

+

[
03×3

M−1
p

]
︸ ︷︷ ︸

g(x)

up︸︷︷︸
u

. (9)

Comparing (9) with (7), the introduction of the virtual proxy
makes the f(x) and g(x) independent of the physical robot
dynamics. Meanwhile, it also isolates the f(x) from Fext and
enhances the robustness to external disturbances.

B. Trajectory Tracking Control in Leader-Follower Layer

After the design of safety layer, we use a nominal PD con-
troller in leader layer to obtain the nominal input required for
the proxy to track the operator’s reference trajectory:

uno = Mpp̈p +Dp(ṗr − ṗp) +Kp(pr − pp), (10)

where Dp and Kp are damping and stiffness matrices of the
nominal controller, respectively. ph is the operator trajectory.

Meanwhile, in follower layer, pp is transformed into the joint
space trajectory qp by inverse kinematics, then a trajectory
tracking controller is used to obtain the desired input required
for the follower to track the virtual proxy:

τf = Kf (qp − qf ) +Df q̇f , (11)

where Kf , Df are proportional and damped gain matrices.

IV. IA-ACBF FOR BOUNDARY ADAPTATION

The hierarchical framework with virtual proxy has enhanced
the robustness of the safety control. Furthermore, we deal with

the problem of fixed safety boundaries for dynamic intention
adaptation. To overcome this limitation, we first introduce an
ACBF h̃ with a variable boundary set S̃:

S̃ =
{
x
∣∣∣h̃(x) ≥ 0

}
, (12)

h̃(x) = h(x) + Δh, (13)

where Δh is the compensation term that dynamically adjusts
the safety boundaries. On this basis, we propose the IA-ACBF
method, which consists of intention detection and quantification
modules. These two modules adjust the Δh, adaptively switch
between object interaction and obstacle avoidance within a
unified framework.

A. Intention Detection

This module determines the operator’s transient intentions
through an event-triggered algorithm. The event-triggering con-
ditions are defined as follows:

1) Event 1: The virtual proxy and the follower robot are
synchronized.

‖pp − pf‖2 ≤ pref . (14)

where pref is a tracking error threshold that can be determined
by performing a pre-experiment and referring to the maximum
error during the smooth teleoperation. In this paper, pref is set
to 0.02 m.

2) Event 2: System states approach the safety boundary.

h̃(x) ≤ href . (15)

where href is a safety boundary threshold. In this paper, href is
set to 0.0025 m, which is 10% of the initial safety boundary.

3) Event 3: Detection of a sufficiently large control input.

abs(uno) ≥ uref1 . (16)

whereuref1 is an effective input threshold.uref1 must be greater
than the unexpected control jitter caused by sensor noise to avoid
false-active activation. Considering the input noise of the leader
device, uref1 is set to 0.5 N in this paper.

4) Event 4: Effective safety constraints on nominal inputs.

up/uno ≤ uref2 . (17)

where uref2 is a constraint input threshold. Compared with
quickly passing over obstacles, inputs that continuously ap-
proach obstacles will be more strongly constrained. The former
may be the obstacle avoidance intention, while the latter is the
interaction intention. Users can adjust the sensitivity of this
intention judgment mechanism through the value of uref2 . In
this paper, uref2 is set to 0.4.

Remark 1: Since the safety constraints are first imposed
directly on the virtual proxy, and then synchronized to the
follower robot by tight trajectory tracking. Event 1 ensures that
this indirect safety mechanism works and provides the basis for
reliable intention detection.

Remark 2: The triggering of Events 2-4 under Event 1 indi-
cates that the control inputs are still valid despite proximity to
safety boundaries and historical input constraints, which means
that the transient intention of the operator is object interaction.
Otherwise, it is obstacle avoidance.
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TABLE I
CONFIGURATIONS OF CASES IN SIMULATION 1

Fig. 2. Numerical results of the simulation 1. (a) 2D trajectory. (b) Comparison
of obstacle penetration distances.

B. Intention Quantification

Immediate safety boundary adjustments upon intention detec-
tion can cause control instability due to the sensor error and the
operational jitter. Therefore, we further quantify the intention
through temporal persistence analysis. Referring to time based
resource sharing (TBRS) theory [21], human operators exhibit
progressive intention reinforcement for a sudden situation as
its duration increases. Thus, we proposed the confidence ct for
intention quantification. ct is a duration-dependent normalized
metric in [0, 1], where 0 represents complete distrust and 1
represents full credibility. Based on ct, the module can be divided
into two phases:

1) Confidence Growth Phase: After continuous detection
of the object interaction intention, the confidence follows an
exponential growth law:

ct = (1− c0) · (1− e−rt) + c0, (18)

where t is the current phase duration, c0 is the remaining con-
fidence from the previous phase, and r is a growth rate that
governs the speed of safety boundary adaptation.

2) Confidence Decay Phase: After continuous detection of
the obstacle avoidance intention, the confidence decays expo-
nentially:

ct = c0 · e−Dt, (19)

where D is the decay rate. Note that t should be reset when the
phase switches.

The quantified confidence drives safety boundary adaptation
through the iterative learning:

Δh =

⎧⎨
⎩
Δh+ k, if ct ≥ c2

Δh, if c1 < ct < c2

Δh− k, if ct ≤ c1

, (20)

Fig. 3. Two simulation scenarios. (a) Simulation 2: crowded obstacles.
(b) Simulation 3: separated obstacles.

Algorithm: IA-ACBF With Intention Detection and Quan-
tification.
Input: Events 1- 4, Δt, k
Variable: Δh, t, c0, ct
Initialize: Δh = 0, t = 0, c0 = 0

// Intention detection
1: if Events 1- 4 are activated
2: Transient intention = = Object interaction;
3: else
4: Transient intention = = Obstacle avoidance;
5: end
// Intention quantification

6: if (Transient intention = = Object interaction)
7: Solve (18), t = t+Δt;
8: else
9: Solve (19), t = 0;

10: end
// Safety boundary adaptation:

11: Update Δh via (20); Apply saturation (21)
Output: Δh

with a saturation function:

Sat(Δh) =

⎧⎨
⎩
Δhmin, if Δh ≤ Δhmin

Δhmax, if Δh ≥ Δhmax

Δh, otherwise
, (21)

where k is the learning gain, c1 and c2are user-defined trigger
thresholds, Δhmax and Δhmin are the upper and lower satu-
rations, which prevent the dangerous over-expansion of safety
boundaries.

To summarize, the pseudo-code of the IA-ACBF algorithm is
shown below:

V. SIMULATION STUDIES

Three simulation studies are carried out to verify the proposed
framework, including: robustness verification of the virtual
proxy (Simulation 1), and boundary adaptation of the IA-ACBF
method (Simulation 2 and 3). The simulation environment is
Matlab/Simulink and visualized by Pybullet, and the simulation
details can be found in the attached video.

A. Simulation 1: Robustness Test of the Virtual Proxy

This test validates the robustness of the proposed hierarchical
framework with virtual proxy using a 2D double-integrator
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Fig. 4. Trajectory comparison for simulation 2 with obstacles in close proximity. (a) 3D trajectory. (b) X-Y plane projection. (c) Trajectory errors. (d) Detail
view of the obstacle area.

Fig. 5. Trajectory comparison for Simulation 2 with widely separated obstacles. (a) 3D trajectory. (b) X-Y plane projection. (c) Trajectory errors. (d) Detail view
of the obstacle area.

system [19]:

ẍ =
1

m
uno + fext, (22)

m = m̄+Δm, (23)

where x, uno and fext denote robot position, nominal input and
disturbances. The real mass m combines nominal mass m̄ = 1
and the uncertainty Δm. The control objective is to navigate the
robot from the initial position x0 to a desired position xd while
avoiding circular obstacles using CBF:

h(x) = (ẋ− ẋc) + (x− xc)− r, (24)

where r is the radius of the obstacle withxc as its central position.
Three comparative cases are designed with the configurations

shown in Table I.
As shown in Fig. 2(a), compared to the classical CBF method,

the proposed hierarchical framework has better trajectory robust-
ness, reducing the average error from the baseline trajectory by
37.8% (0.145 m vs. 0.233 m). Fig. 2(b) shows the comparison
of obstacle penetration distances, where our method maintains a
positive safety margin throughout the entire test, while the clas-
sical CBF has two unsafe obstacle penetrations. In summary, the

Fig. 6. (a) Real-word robustness experiment setup. (b) Variation of the distur-
bance force.

proposed method can enhance the robustness of safety control
under uncertainties and disturbances.

B. Simulation 2 and 3: Boundary Adaptation of the IA-ACBF
Method

Simulations 2, 3 test the obstacle avoidance performance
using the proposed IA-ACBF method. The follower in simu-
lations is a virtual Franka robot whose model parameters are
taken from [22]. The operator intention is to perform a linear
trajectory from start pointP0 = [0.4,−0.15, 0.2]m to goal point
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Fig. 7. Trajectory comparison for experiment 1, set 1.

Fig. 8. Trajectory comparison for experiment 1, set 2. (a) Global 3D trajectory
of obstacle avoidance. (b) Detail view of the trajectory for the comparison of
motion smoothness.

Fig. 9. Robot teleoperation balls classification experiment. (a) Hardware
system setup. (b) Task objective: Balls within each half area should be same
after teleoperation.

Fig. 10. Experimental snapshots of balls classification task. The details of the
procedure can be found in the attached video.

Pg = [0.4, 0.15, 0.2] m. The workspace contains two rectan-
gular obstacles with the size of 0.08× 0.02× 0.08 m, which
are surrounded by spherical safety boundaries with radius r =
0.06 m.

The configuration of the obstacles is shown in Fig. 3,
Simulation 2 has crowded obstacles with centers at
o1 = [0.38,−0.05, 0.2] m and o2 = [0.45, 0.02, 0.2]m, while
Simulation 3 has separated obstacles with centers at o1 =
[0.38,−0.06, 0.2] m and o2 = [0.45, 0.06, 0.2] m. Each simu-
lation carries out a comparison of the obstacle avoidance per-
formance using three methods: the classical CBF, the APF and
the proposed IA-ACBF methods.

As shown in Fig. 4, for crowded obstacles in Simulation
2, the classical CBF method fails to complete the task due to
trapping in local minima. The APF method achieves obstacle
avoidance but deviates significantly from the intended trajec-
tory. In contrast, the proposed IA-ACBF method dynamically
adapts safety boundaries to accommodate both the operator’s
straight-line motion intention and obstacle avoidance. By tem-
porarily tightening the safety boundaries, the proposed method
successfully navigates through the crowded obstacle region with
minimal trajectory error. As shown in Fig. 4(c), the maximum
trajectory error of the proposed method is 0.049 m, achiev-
ing error reductions of 48.4% compared to the classical APF
(0.095 m) and 74.1% compared to the CBF (0.189 m) methods,
respectively.

For separated obstacles in Simulation 3, as shown in Fig. 5,
while all three methods successfully complete the task, the
proposed method has the best obstacle avoidance trajectory
performance. Referring to Fig. 5(c), its maximum trajectory
error is 0.041 m, which is 14.6% lower compared to the CBF
method (0.048 m) and 41.4% lower compared to the APF method
(0.070 m).

VI. EXPERIMENTAL RESULTS

We further carry out two real-world experiments to verify
the comprehensive performance of the proposed hierarchical
framework with the IA-ACBF method. The control system runs
on a desktop computer with an AMD 5800x CPU at 4.7 GHz
and 32 GB of memory. Considering the single-step solution time
(4.54 μm) and control-loop latency (0.76 ms) of the proposed
method, the system control period is set to 500 Hz.

A. Experiment 1: Real-World Robustness Test With
Unmodelled Payload and Different Proxy Parameters

This experiment is to verify the robustness of the proposed hi-
erarchical framework with the unmodelled payload and different
proxy parameters. The experimental setup is shown in Fig. 6(a).
The robot needs to follow the operator’s trajectory and avoid
the obstacle (a red ball with r = 0.03m) in the path. Since an
unfixed, unmodeled payload is attached to the end of the robot,
unknown disturbance forces will be generated during the robot’s
movement, which is shown in Fig. 6(b). Subsequently, two sets
with four comparative cases are designed with the configurations
shown in Table II. Among them, case 1 tests the performance
in the most ideal condition (without payload), which serves as a
baseline for comparison.

The set 1 consists of case 1, 2, and 3 is used to verify
the robustness of the proposed hierarchical framework under
unmodeled payload. As shown in Fig. 7, the trajectory of case 1
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Fig. 11. Performance of the ball classification experiment using the proposed method. (a) 3D trajectory. (b) Detail view of the trajectory arounds the objects and
obstacles. (c) TBRS values. (d) Adaptation of the safety boundaries.

TABLE II
CONFIGURATIONS OF CASES IN EXPRIMENT 1

is the ideal obstacle avoidance trajectory without payload inter-
ference and serves as the comparison baseline. Compared with
the case 2 with CBF method, the case 3 with proposed hierarchi-
cal framework has better robustness in real-world experiments,
reducing the average error from the baseline trajectory by 65.3%
(0.0134 m vs. 0.0386 m).

Meanwhile, the set 2 consists of case 1, 3, and 4 is used to
quantitatively analyze the influence of proxy parameters on the
trajectory tracking performance. As shown in Fig. 8(a), the proxy
in case 3 has a smaller inertia parameter and is more tightly
constrained by the safety controller. The average error between
case 3 and baseline trajectory is 0.0134 m, while the minimum
distance from the obstacle boundary is 0.055 m; For comparison,
the proxy in case 4 has a larger inertia parameter. The average
error between case 4 and baseline trajectory is 0.0238 m, which
is 77.6% higher than case 3. Meanwhile, the minimum distance
from the proxy to the obstacle decreases to 0.005 m, significantly
increasing the risk of collision.

Although increasing inertia parameter of the proxy decreases
safety control performance, it also has positive aspects. As
shown the local view in Fig. 8(b), the trajectory of case 4 is
smoother than that of case 3. In summary, selecting the proxy
parameter involves a trade-off between trajectory smoothness
and safety constraint performance. To obtain a relatively smooth
trajectory while meeting safety constraints, one approach is to
increase the safety constraint gain as the proxy inertia parameter
increases.

B. Experiment 2: Intention-Aware Safety Control Test With
Ball Classification Task

This experiment is used to test the intention-aware adaptive
safety control performance of the proposed IA-ACBF method
under random environment configurations. The experimental
setup is shown in Fig. 9(a), where the leader is the Haption
V6DT device and the follower is the physical Franka robot. The

positions of the balls are collected by an Intel D435 camera using
YOLO_v5 detection algorithm [23]. To account for detection
errors and random ball radii (r ∈ [0.02, 0.03]m), we establish
relatively conservative spherical initial boundaries around each
ball with radius r0 = 0.05 m. As shown in Fig. 9(b), balls of
two colors are randomly placed in a rectangular workspace.
The task requires that the balls within each half area should
be same after teleoperation. This random configuration requires
the real-time intention recognition, so that the control framework
adjusts safety boundaries for dynamic obstacle avoidance and
object interaction.

The experimental snapshots are shown in Fig. 10, the robot
first picks up a red ball (object 1) from the lower-left area,
avoids a pink ball (obstacle 1), and places it in the upper-right
area. Subsequently, the robot picks up the pink ball (object 2)
located in the lower-right area, avoids a red ball (obstacle 2),
and ultimately places it in the lower-left area.

The global experimental trajectory using the proposed method
is shown in Fig. 11(a), where the follower tightly tracks the
leader and successfully avoids obstacles. As detailed views
shown in Fig. 11(b), for object balls, the robot breaks initial
safety boundaries and successfully pick up them. Conversely,
for obstacle balls, the robot exhibits robust collision avoid-
ance even when the leader’s trajectory transiently penetrates
safety boundaries, thereby validating the unified capacity of
both obstacle avoidance and object interaction. This unique
performance arises from the different activation patterns of the
intention detection and quantification modules. As shown in
Fig. 11(c), the leader trajectory maintains the proximity intention
to object balls for a certain time, which leads to a significant
activation of the TBRS, resulting a shrinking of the safety
boundaries in Fig. 11(d). In contrast, when the leader trajectory
only transiently passes over the obstacle balls, the TBRS value
in Fig. 11(c) does not reach the threshold, so that the safety
boundaries in Fig. 11(d) remain constant to perform obstacle
avoidance.

As a comparison, we also give the experimental trajectory us-
ing a classical CBF method, whose limitations become obvious
with such a complex teleoperation task. As shown in Fig. 12(a),
although the operator attempts to adjust the trajectory to pick
up the object ball, a conservative fixed safety boundary makes
this impossible. Conversely, when manually shrinking safety
boundaries to overcome the object pickup problem, the problem
arises instead with the obstacle ball, resulting the failure of
obstacle avoidance in Fig. 12(b).
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Fig. 12. Performance of the ball classification experiment using the classical
CBF method with a fixed safety boundary. (a) Detail view of the trajectory
arounds the object 1 with a safety boundary r0 = 0.05 m. (b) Detail view of the
trajectory arounds the obstacle 2 by manually shrinking the safety boundary to
r0 = 0.02 m.

VII. CONCLUSION

To deal with the intention-aware robust safety control problem
under complex teleoperation tasks, we propose a hierarchical
safety teleoperation framework that unifies object interaction
and obstacle avoidance. In this framework, the safety layer is
decoupled from the leader-follower layers by introducing the
virtual proxy. Meanwhile, this design enhances the robustness
of the safety control against physical robot uncertainties and
external disturbances. On this basis, an IA-ACBF method is pro-
posed to enable real-time intention detection and quantification,
achieving dynamic adaptation of safety boundaries. Simulations
and the experiment show that the proposed method achieves
a trade-off between object interaction and obstacle avoidance.
Compared with the classical CBF and APF methods, the pro-
posed method avoids falling into local minima while signifi-
cantly reducing the error of the obstacle avoidance trajectory.
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