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Abstract
Ensuring safe shared control in human - robot collaboration remains challenging due to un-
certain human inputs and time-varying operator cognitive states. Existing methods primar-
ily address either physical-interaction safety or authority allocation, but rarely provide a
unified framework that simultaneously enables cognition-aware authority adaptation and
formal safety guarantees. To address this issue, this paper proposes a robust coupled cog-
nitive - physical shared-control framework for human - robot collaboration. First, an aug-
mented state-space model is established by integrating robot dynamics with operator cog-
nitive states, where the human control input is explicitly treated as a bounded disturbance.
Based on this model, multiple robust control barrier functions are constructed to enforce
obstacle avoidance, velocity limits, and lower bounds of cognitive safety levels via an online
quadratic-programming-based controller. Furthermore, a cognition-driven dynamic author-
ity allocation mechanism and a hierarchical intervention strategy are introduced to enable
adaptive transitions between human-dominant and robot-dominant modes. The proposed
framework guarantees forward invariance of the safe set and bounded closed-loop signals.
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Simulation results under uncertain human input and cognitive degradation scenarios demon-strate improved safety,
adaptability, and collaboration compared with conventional methods.

1. INTRODUCTION

As human–robot collaboration (HRC) systems are increasingly deployed in industrial manufacturing, rehabili-
tation assistance, intelligent transportation, and service robotics, ensuring safe and efficient interaction between
human operators and robotic systems has become a critical research issue [1–5]. In many emerging applications,
robots are no longer isolated automated devices but collaborative agents that physically or cognitively interact
with humans in shared workspaces. Typical examples include robot-assisted rehabilitation, semi-autonomous
manipulation, intelligent vehicles, and cooperative industrial assembly, where both productivity and operator
safety must be guaranteed simultaneously. Shared control provides an effective paradigm in which human
decision-making capacity and robotic autonomy are combined to perform collaborative tasks with improved
flexibility, robustness, and task performance [6,7]. By preserving human strategic judgment while exploiting
machine precision and computational capabilities, shared control is considered a promising framework for
next-generation HRC systems. However, unlike conventional automated systems, HRC environments involve
uncertain human inputs, time-varying intentions, nonlinear robot dynamics, actuator nonlinearities commonly
encountered in practical systems, and physical constraints that are critical to safety. Human actions may devi-
ate from expected commands due to fatigue, delayed reaction, distraction, or imperfect situational awareness,
significantly increasing the complexity of controller design. Existing methods mainly focus on the safety of
physical-layer interaction, while the influence of operator cognitive states on the collaborative control process
is still not adequately considered.

Existing shared-control approaches commonly rely on fixed blend weights, policy fusion, haptic authority tran-
sition, heuristic allocation mechanisms, or optimization-based teleoperation coordination frameworks [8–12].
These methods typically combine human commands and autonomous actions through predefined weighting
rules or mode-switching strategies to improve operability and reduce workload. More recent studies have intro-
duced adaptive authority regulation based on driving intention, environmental context, or task feasibility [13–18].
Such strategies demonstrate that dynamic authority adjustment can improve collaboration quality compared
with static allocation. Compared with the impedance-learning-based shared control method for human-guided
robots in contact-rich environments, which mainly focuses on adaptive impedance regulation and force inter-
action modeling [19], the proposed method emphasizes cognition-aware shared control with explicit modeling
of operator attention and trust under a robust control barrier function (CBF) framework. Although these meth-
ods improve cooperation performance in structured scenarios, they typically regulate authority according to task
variables or predefined rules rather than the operator’s current cognitive state. In practical human-in-the-loop
systems, operator capability may vary substantially over time due to stress, workload accumulation, vigilance
decline, or trust fluctuation. Human factor studies have shown that attention degradation, trust miscalibration,
and reduced situational awareness can significantly affect takeover quality, response speed, and collaboration
reliability [20–27]. If such cognitive variations are ignored, the shared-control systemmay intervene too late when
human performance degrades, or over-intervene during normal operation. This can lead to reduced usability
and lower user acceptance. Consequently, existing shared-control methods still lack a principled mechanism
for adapting cognition-aware authority to dynamically varying operator conditions.

In addition to authority-allocation strategies, rapid-convergence nonlinear control methods, such as fixed-time
and prescribed-time stabilization, have demonstrated strong robustness and disturbance-rejection capability
for uncertain nonlinear systems [28,29]. These properties are desirable for HRC, where unsafe deviations must
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be corrected promptly. However, such methods mainly focus on stability and tracking performance, while ex-
plicit safety constraint satisfaction remains insufficiently addressed. To enforce safety constraints in real time,
CBFs have become an important tool for safety-critical control [30,31]. Compared with conventional constraint-
handling methods, CBFs provide a systematic way to transform state safety requirements into inequality con-
straints on control inputs, enabling online safety filtering while preserving nominal control objectives. Due to
this advantage, CBF-based methods have been successfully applied to obstacle avoidance, constrained motion
regulation, multi-agent coordination, and safe human–robot interaction [32–37]. Recent work has also incorpo-
rated uncertainty prediction into barrier-function design to improve interaction safety under stochastic human
motion or environmental uncertainty [38], and cooperative control with haptic shared autonomy has also been
explored [39]. These developments demonstrate the strong potential of CBFs for real-time safety assurance in col-
laborative systems. However, most existing CBF frameworks assume accurate models or simplified. Uncertain
human control inputs are rarely explicitly modeled as bounded disturbances. In addition, current constraints
mainly address physical risks such as collision-avoidance, actuator limits, or velocity limits, with limited con-
sideration of cognition-related safety degradation, such as delayed reaction or loss of attention. Moreover, the
coupling between human authority variation and safety constraint activation is rarely explicitly studied. There-
fore, existing CBF methods are difficult to apply directly to cognition-involved shared-control systems.

Based on the above observations, a fundamental challenge remains unresolved: how to establish a unified shared-
control framework that simultaneously captures the evolution of operator cognitive states, handles uncertain
human inputs, guarantees safety subject to physical constraints, and adaptively regulates human–robot authority.

To address this issue, this paper proposes a robust cognitive–physical coupled shared-control framework for
HRC. The human input torque is modeled as a bounded disturbance in an augmented state-space model that
integrates robot dynamics and operator cognitive states. Based on the estimated cognitive condition, a dynamic
authority allocation and hierarchical intervention mechanism are developed to enable the adaptive transition
between human-dominant and robot-dominant modes. In addition, multiple robust CBFs are constructed to
simultaneously ensure obstacle avoidance, velocity constraints, and minimum cognitive safety requirements
during the shared-control process.

The main contributions of this paper are summarized as follows:

(1) A unified cognitive–physical system model is developed by integrating robot dynamics with the operator’s
cognitive-state evolution. An augmented state-space representation is established to jointly characterize the
robot motion states and the operator’s internal states, including attention and trust. Within this framework, the
human control input is explicitly modeled as a bounded external disturbance, enabling a systematic description
of uncertain human interaction and providing a rigorous basis for subsequent robust controller design.

(2) A cognition-driven dynamic authority allocation and hierarchical intervention mechanism is designed to
balance safety and collaboration performance through adaptive human–robot role transitions. A comprehensive
performance index, constructed from cognitive states and task-tracking performance, is introduced to assess
the real-time collaboration status. Based on the proposed index, control authority is continuously adjusted
according to operator capability, while a hierarchical intervention policy progressively reduces human authority
or triggers robot-dominant safety intervention under severely degraded conditions.

(3) A robust CBF-based safety controller is proposed to simultaneously enforce spatial, kinematic, and cogni-
tive safety constraints under uncertain human interactions. For the cognitive–physical coupled system subject
to bounded disturbances, robust CBF conditions are established to guarantee constraint satisfaction despite
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uncertainty. Multiple safety requirements, including obstacle avoidance, velocity limitation, and minimum cog-
nitive safety requirements, are integrated into an online Quadratic Programming (QP) framework to generate
real-time safe control actions.

The remainder of this paper is organized as follows. Section 2 constructs a cognitive-physical coupled model
for the human-robot collaborative system, comprising robot dynamics, a cognitive state model describing the
evolution of the operator’s attention and trust, and a unified state-space model that couples them and account
for bounded human input disturbances. Section 3 details the proposed method: first, based on robust CBF
theory, multiple constraints are designed to ensure spatial obstacle avoidance, velocity limits and cognitive-level
safety for the perturbed system, and safety control is implemented by solving an online QP problem; second,
a cognitive state-driven dynamic control authority allocation mechanism is proposed; finally, a hierarchical
dynamic intervention strategy is constructed based on cognitive performance assessment. Section 4 validates the
effectiveness and superiority of the proposed framework through a series of simulations across various scenarios,
including the presence of disturbances in human input and fluctuations in the cognitive state of the operator.
Finally, Section 5 summarizes the work and outlines the directions for future research.

2. MODELING AND FORMULATION

In human-robot collaborative systems, the dynamic response capability of the robot and the cognitive state of
the human operator are critical factors that influence safety and performance. To achieve effective human-robot
shared control, this paper integrates robot dynamics with a model of the human cognitive state, constructing
a unified HRC model. This integration aims to optimize the human-robot interaction process while ensuring
operational safety and efficiency.

2.1. System model
The robot dynamic model considered in this paper describes the manipulator’s motion in the task space. The
state variables include the joint angles 𝒒, the joint velocities ¤𝒒, and the applied external forces. The dynamic
equation is given by

𝑴 (𝒒) ¥𝒒 + 𝑪 (𝒒, ¤𝒒) ¤𝒒 + 𝑮 (𝒒) = 𝛼(𝑡) 𝝉ℎ +
[1 − 𝛼(𝑡)

]
𝝉𝑟 , (1)

where 𝑴 (𝒒), 𝑪 (𝒒, ¤𝒒), and 𝑮 (𝒒) are the inertia, Coriolis–centrifugal, and gravitational matrices, respectively; 𝝉𝑟 and
𝝉ℎ denote the autonomous and human control inputs; and 𝛼(𝑡) ∈ [0,1] is the dynamic control authority, with 𝛼(𝑡)
representing human authority and 1 − 𝛼(𝑡) representing robot authority.

Remark 1 In a human-robot collaborative system, the overall control inputs comprise three distinct components.
First, the human input 𝝉ℎ is treated as an unknown but bounded disturbance satisfying ‖𝝉ℎ ‖2 ≤ 𝜏ℎ,max, where 𝜏ℎ,max

denotes the upper bound of the Euclidean norm of the human input disturbance vector, enabling robust safety
constraints via CBFs. Second, the autonomous robot input 𝝉𝑟 is computed by a QP-based CBF controller to ensure
safety and tracking performance. Third, the cognitive regulation input 𝑢𝐴 modulates the operator’s cognitive state
through interventions such as prompts or alarms. In practice, the disturbance bound 𝜏ℎ,max can be estimated from
operator calibration trials, biomechanical torque limits, or historical interaction data. To accommodate occasional
transient violations caused by startle responses or unexpected physical effort, the controller additionally employs
robust CBF margins, residual autonomous authority, and QP slack variables, which together provide a practical
safety buffer beyond the nominal disturbance model.

The cognitive state of the operator is characterized by two variables that vary over time: the level of attention 𝐴(𝑡)
and the level of trust 𝑇 (𝑡). Attention 𝐴(𝑡) can be considered a state variable whose dynamic evolution is primarily
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influenced by four factors: (1) natural decay; (2) themodulating effect of task complexity; (3) external regulatory
input; and (4) the gain from the trust level. The dynamic equation describing the evolution of attention 𝐴(𝑡) is
constructed as follows:

¤𝐴(𝑡) = − (𝜆0 + 𝜇𝐶 (𝑡)) 𝐴(𝑡) + 𝑢𝐴(𝑡) + 𝛾𝑇 (𝑡)(1 − 𝐴(𝑡)) (2)

where 𝜆0 > 0 denotes the base attention decay rate, whose value is determined by reference [40]; 𝜇 > 0 is a pro-
portional coefficient that modulates the influence of task complexity, also determined by reference [40]; and
𝐶 (𝑡) ∈ [0,1] denotes the normalized task complexity at time 𝑡. A higher value of 𝐶 (𝑡) corresponds to a more com-
plex task, increasing the effective decay rate 𝜆 = 𝜆0 + 𝜇𝐶 (𝑡), thereby accelerating the natural decay of attention.
The input 𝑢A (𝑡) denotes the regulatory input to modulate the attention level. In this formulation, we consider
two distinct operational conditions: with and without external disturbances. The detailed formulation of 𝑢A (𝑡)
under these conditions is provided in Section 3.1. The parameter 𝛾 represents the influence coefficient of trust
on attention, quantifying the strength of the coupling between the trust level 𝑇 (𝑡) and the dynamics of attention.

The trust level 𝑇 (𝑡) can be treated as a state variable. Its dynamics are governed by three primary factors: (1)
regression to a baseline level; (2) a positive gain from the operator’s attention; and (3) suppression caused by
system failures. Consequently, the dynamic equation for trust can be formulated as follows:

¤𝑇 (𝑡) = −𝛽1
(
𝑇 − 𝑇base

)
+ 𝛽2𝐴(1 − 𝑇) − 𝛽3𝐹int (3)

where 𝛽1 > 0 is the trust decay rate, 𝑇base ∈ [0,1] denotes a baseline (or equilibrium) trust level, 𝛽2 > 0 is a positive
gain coefficient that captures the influence of attention on trust, and 𝛽3 > 0 is a scaling factor that quantifies the
suppressive effect of external disturbances including system-level faults and sudden environmental or cognitive
disruptions, 𝐹int denotes the composite disturbance. The parameters 𝛽1, 𝛽2, and 𝛽3 are introduced as tuning
gains to regulate the relative influence of trust decay, attention-driven reinforcement, and the suppressive effect
induced by faults and sudden disturbances. These parameters are selected empirically within bounded ranges
to ensure stable and physically meaningful evolution of the cognitive state variables.

Remark 2 The attention dynamics in Equation (2) are partially inspired by the cognitive dynamics model reported
in Ref. [40], Equation (3), particularly the attention decay term and the task-complexity-dependentmodulation term.
In this work, this baseline structure is further extended by introducing the nonlinear coupling term 𝛾𝑇 (1 − 𝐴), which
describes the reinforcing influence of trust on attention recovery. Moreover, Equation (3) is constructed to char-
acterize the trust evolution in HRC by incorporating baseline recovery, attention-dependent reinforcement, and
failure-induced suppression effects. Therefore, Equations (2) and (3) are not intended to propose a standalone psy-
chological model, but to provide a control-oriented cognitive-state representation that can be embedded into the
augmented control-affine system and integrated with the proposed robust CBF-based shared-control framework.

Both variables are defined as positive and bounded functions:

𝐴(𝑡), 𝑇 (𝑡) ∈ [0,1],

where 𝐴(𝑡) = 1 denotes a state of complete focus, 𝐴(𝑡) = 0 indicates complete distraction, 𝑇 (𝑡) = 1 indicates full trust
in the autonomous system, and 𝑇 (𝑡) = 0 represents a complete lack of trust.

Remark 3 Human cognitive states, such as attention and trust, are finite and decay over time. Their evolution is
modeled by ordinary differential equations that capture the resource‐limited nature of cognition. Attention can be
recovered or enhanced by external inputs (e.g., task challenges or alerts), which are incorporated as a control input
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𝑢𝐴(𝑡). According to attention allocation theory, attention decays approximately exponentially. A time‐varying task
complexity 𝐶 (𝑡) is introduced to reflect changing operational demands. The parameters 𝜇, 𝛾, and 𝛽3 are assumed
to be obtained through offline calibration before task execution. Such parameters can be estimated from experi-
mentally observed attention and trust trajectories using standard system-identification techniques or human-factor
assessment methods. Since the focus of this paper is safety-critical shared-control design rather than cognitive-model
learning, online parameter adaptation is not considered and is left for future investigation.

In human-robot collaborative control systems, the system’s dynamic evolution is determined not solely by the
mechanical plant, but is also significantly influenced by the operator’s cognitive state and their control actions.
Consequently, it is essential to construct amodel of a unified dynamic system that captures the intrinsic coupling
between cognitive and physical dynamics.

The integrated state of the collaborative human-robot system is defined by augmenting the robot’s physical states
with the operator’s cognitive states. The complete, unified system state is obtained by concatenating the physical
and cognitive states.

𝒙 =


𝒙𝑝

𝒙𝑐

 =


𝒒

¤𝒒
𝐴

𝑇


∈ R2𝑛+2 . (4)

where 𝒙𝑝 = [𝒒, ¤𝒒]> ∈ R2𝑛 and 𝒙𝑐 = [𝐴,𝑇]> ∈ [0,1]2.

The unified control input vector is defined as:

𝒖 =


𝝉𝑟

𝑢𝐴

 . (5)

Remark 4 Human input 𝝉ℎ is generated by the operator and is not directly controllable by the autonomous con-
troller. Therefore, in the control design framework, it is treated as an external disturbance. However, it is explicitly
taken into account in the shared control law through the dynamic authority variable 𝛼(𝑡). Unlike conventional ap-
proaches where the control authority is directly defined as a static function of cognitive states, this paper models
the control authority as a dynamic variable to ensure smooth and physically realizable transitions. Moreover, the
inertia matrix 𝑀 (𝑞) is assumed to be nonsingular in the operational workspace, which is a standard condition in
robotic manipulator modeling.

The integrated system is expressed in the standard control-affine form as follows:

¤𝒙 = 𝒇 (𝒙) + 𝒈(𝒙) 𝒖 + 𝒅(𝒙, 𝑡), (6)

where the state vector is 𝒙 = [𝒒, ¤𝒒, 𝐴, 𝑇]> ∈ R2𝑛+2, the control input is 𝒖 = [𝝉𝑟 , 𝑢𝐴]> ∈ R𝑛+1.

Assumption 1 The robot operates within a bounded workspace that avoids kinematic singularities. Consequently,
the inertia matrix 𝑀 (𝑞) remains symmetric positive definite over the admissible configuration set. As a result, 𝑀−1 (𝑞)
exists and is uniformly bounded in the operational region, ensuring the well-posedness of the robot dynamics and
the validity of the subsequent control design.



Yang et al. Intell. Robot. 2026, 6(3), 444-78 Page 450

Due to the presence of the human input, the system is subject to an external disturbance term 𝒅(𝒙, 𝑡) and the
functions 𝒇 (𝒙) and 𝒈(𝒙) are defined as follows.

𝒇 (𝒙) =



¤𝒒

𝑴−1 (𝒒)
[
−𝑪 (𝒒, ¤𝒒) ¤𝒒 − 𝑮 (𝒒)

]
− (𝜆0 + 𝜇𝐶)𝐴 + 𝛾𝑇 (1 − 𝐴)

− 𝛽1 (𝑇 − 𝑇base) + 𝛽2𝐴(1 − 𝑇) − 𝛽3𝐹fail


. (7)

𝒈(𝒙) =



0𝑛×𝑛 0𝑛×1

𝑴−1 (𝒒) (1 − 𝛼) 0𝑛×1

01×𝑛 1

01×𝑛 0


. (8)

The human input torque 𝝉ℎ is treated as a bounded disturbances. Specifically, we assume:

‖𝝉ℎ ‖2 ≤ 𝜏ℎ,max

𝒅(𝒙, 𝑡) =



0
𝑴−1 (𝒒)𝛼𝝉ℎ

0
0


, (9)

where 𝒅(𝒙, 𝑡) represents the perturbation induced by the human input, incorporated as an additive term in the
system dynamics. The only non-zero entry corresponds to the influence of the human control input 𝝉ℎ on the
robot’s acceleration, scaled by the control authority 𝛼 and the inverse inertiamatrix 𝑴−1 (𝒒). Thus, the disturbance
term is bounded such that

‖𝒅(𝒙, 𝑡)‖ ≤ 𝑑max,

where 𝑑max denotes a known uniform upper bound of the disturbance over the admissible safe set.

2.2. Performance index based on CBFs
In the human-robot collaborative system constructed, operational safety must be ensured in the presence of
external disturbances induced by human input. This can be achieved by constraining the state of the system to
remain within a predefined safe set. To this end, CBFs are introduced as safety performance indices.

Consider a continuously differentiable function ℎ : R𝑛 → R. The associated safe set is defined as:

S = {𝒙 ∈ R𝑛 | ℎ(𝒙) ≥ 0}, (10)

Here, ℎ(𝒙) = 0 defines the boundary of the safe set, while ℎ(𝒙) < 0 corresponds to the unsafe region.

The derivative of the safety function ℎ(𝒙) along the dynamics of the system is given by:

¤ℎ(𝒙, 𝒖) = ∇ℎ(𝒙) 𝒇 (𝒙) + ∇ℎ(𝒙) 𝒈(𝒙) 𝒖 + ∇ℎ(𝒙) 𝒅(𝒙, 𝑡). (11)
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Due to the presence of disturbances, an additional disturbance term appears in the derivative, where 𝒅(𝒙, 𝑡)
denotes an unknown but bounded disturbances.

To account for the bounded disturbances 𝒅(𝒙, 𝑡) induced by human input 𝝉ℎ, the standard CBF condition is
extended to a robust CBF condition. The safety condition for the system is given by the inequality

¤ℎ(𝒙, 𝒖) ≥ −𝛿ℎ , ∀𝒙 ∈ 𝜕𝑆,

where ℎ(𝒙) is a candidate for the CBF, ¤ℎ(𝒙, 𝒖) denotes its time derivative along closed-loop dynamics, 𝛿ℎ > 0 is a
robustness margin, and 𝜕𝑆 is the boundary of the safe set 𝑆 = {𝒙 | ℎ(𝒙) ≥ 0}.

Remark 5 Robust safety is achieved by introducing a robust margin 𝜹ℎ to counteract the worst-case disturbance,
thereby guaranteeing forward invariance of the safe set. To guarantee safety under bounded disturbances, a robust
margin 𝛿ℎ = ‖∇ℎ(𝒙)‖𝑑max is introduced, where 𝑑max is the upper bound of the disturbance satisfying ‖𝒅(𝒙, 𝑡)‖ ≤ 𝑑max,
and 𝑑max = ‖𝑴−1 (𝒒)𝛼‖𝜏ℎ,max. According to Nagumo’s theorem, a necessary condition for invariance of the safe set S is
that, on the boundary 𝜕S, the derivative is non-negative. Under disturbance, the invariance condition must account
for the worst-case effect of d(x,t).

To obtain a condition that can be enforced throughout the entire safe set, the notion of a CBF is introduced.
A continuously differentiable function ℎ(𝒙) is called a CBF for the system if there exists an extended class K∞

function 𝛼(·) such that for all 𝒙 ∈ S:

sup
𝑢

[
∇ℎ 𝑓 + ∇ℎ 𝑔 𝑢

]
≥ −𝛼(ℎ(𝑥)) + 𝛿ℎ

Equivalently, this condition requires the existence of a control input 𝒖 that satisfies the following:

∇ℎ(𝒙) 𝒇 (𝒙) + ∇ℎ(𝒙)𝒈(𝒙)𝒖 ≥ −𝛼
(
ℎ(𝒙)

)
+ 𝛿ℎ ,

Under the assumption of bounded disturbances and the robust CBF condition, the forward invariance of the
safe set S can be guaranteed, provided that a control input satisfying the constraint exists for all 𝒙 ∈ S. Three
categories of safety constraints are considered in this paper.

First, for spatial safety, the end effector of the manipulator must maintain a safe distance from obstacles even in
the presence of disturbances induced by human input. The corresponding safe set and associated safety function
are defined as follows:

Sobs =
{
𝒙 | ‖ 𝒑(𝒒) − 𝒑obs‖ ≥ 𝑑safe

}
.

ℎobs (𝒙) = ‖ 𝒑(𝒒) − 𝒑obs‖2 − 𝑑2
safe ≥ 0.

(12)

Second, to ensure safe motion, the joint velocities must not exceed a prescribed maximum magnitude under
possible disturbances; the corresponding safe set and associated safety function are defined as follows:

S𝑣 = {𝒙 | ‖ ¤𝒒‖ ≤ 𝑣max} .

ℎ𝑣 (𝒙) = 𝑣2
max − ‖ ¤𝒒‖2 ≥ 0.

(13)

Third, cognitive security requires that the attention level 𝐴 remain above a predefined minimum threshold to
ensure safe human participation in the control loop, the corresponding safe set and associated safety function
are defined as follows:
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S𝐴 = {𝒙 | 𝐴 ≥ 𝐴min}.

ℎ𝐴(𝒙) = 𝐴 − 𝐴min ≥ 0.
(14)

Remark 6 The threshold 𝐴min is treated as a user-defined design parameter that specifies the minimum acceptable
level of attention for safe human participation in the collaborative task. In practical applications, its value may vary
according to task characteristics, operational risk, and human-factor considerations. For example, safety-critical
tasks generally require a higher attention threshold than low-risk collaborative scenarios. The proposed control
framework and theoretical analysis remain applicable for any prescribed threshold satisfying 0 < 𝐴min < 1, since
changing 𝐴min onlymodifies the definition of the cognitive safe set without altering the controller designmethodology.
The above safety constraints collectively define the admissible safe sets of the system states. Due to human-induced
disturbances, these constraints cannot be guaranteed directly and are subsequently enforced through the proposed
robust CBF framework.

2.3. Problem formulation
To address the safety and performance requirements in HRC under human-induced disturbances, the control
problem is formulated as an optimal control framework. This framework aims to minimize a composite cost
function that includes trajectory tracking errors, control efforts, and deviations of the cognitive state from its
desired level, subject to the system dynamics, input constraints, and the robust safety conditions derived from
spatial, velocity, and cognitive barriers. The complete problem formulation is given as follows.

min
𝑢

𝐽 =
∫ 𝑇

0

[
‖𝒒 − 𝒒𝑑 ‖2 + ‖ ¤𝒒 − ¤𝒒𝑑 ‖2 + ‖𝝉𝑟 ‖2 + 𝑢2

A + (𝐴 − 𝐴𝑑)2
]
d𝑡

s.t. ¤𝒙 = 𝒇 (𝒙) + 𝒈(𝒙) 𝒖 + 𝒅(𝒙, 𝑡),

𝒙 ∈ X, 𝒖 ∈ U, 𝝉𝑟 ∈ T

ℎobs (𝒙) = ‖ 𝒑(𝒒) − 𝒑obs‖2 − 𝑑2
safe ≥ 0, 𝐿2

𝑓 ℎobs + 𝐿𝑔𝐿 𝑓 ℎobs 𝑢 ≥ −𝛼1 ( ¤ℎobs (𝒙)) − 𝛼2 (𝜓1 (𝒙)) + 𝛿obs

ℎ𝑣 (𝒙) = 𝑣2
max − ‖ ¤𝒒‖2 ≥ 0, 𝐿 𝑓 ℎ𝑣 + 𝐿𝑔ℎ𝑣 𝑢 ≥ −𝛼𝑣 (ℎ𝑣) + 𝛿𝑣

ℎ𝐴(𝒙) = 𝐴 − 𝐴min ≥ 0, 𝐿 𝑓 ℎ𝐴 + 𝐿𝑔ℎ𝐴 𝑢𝐴 ≥ −𝛼𝐴(ℎ𝐴)

‖𝝉ℎ ‖2 ≤ 𝜏ℎ,max,

(15)

where 𝒒𝑑 denotes the desired joint position, ¤𝒒𝑑is the desired joint velocity, and 𝐴𝑑 represents the desired attention
level. The sets X, U, and T denote the admissible state set, the input set, and the robot torque set, respectively.
The disturbance 𝒅(𝒙, 𝑡) is assumed to be bounded due to the physical limitations of human input.

3. METHOD DESIGN

3.1. Safety controller design based on robust CBF
The control input 𝑢𝐴 is designed to regulate attention, counteract accumulated fatigue and ambient disturbances
in the absence of external perturbations, and provide rapid compensation for attention deviations when a dis-
turbance occurs [40]. The specific form of this cognitive state regulator is given by:

𝑢𝐴(𝑡) =

𝑘1𝑅recov − 𝑘2𝐹fatig (𝑡) − 𝑘3𝐷distb (𝑡), No disturbance

−𝑘4Δ𝐴(𝑡), Disturbance occurs
(16)

Here, 𝑅recov denotes the recovery intervention, 𝐹fatig represents the level of fatigue of the operator, and 𝐷distb
represents persistent external disturbances of small amplitude. The term Δ𝐴(𝑡) is defined as the deviation of
attention induced by disturbances, i.e., Δ𝐴(𝑡) = (𝐴(𝑡) − 𝐴𝑑).
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Remark 7 From a control-theoretic perspective, attention variation exhibits two distinct time scales: a slow pro-
cess under normal conditions and a fast-varying (or abrupt) response under significant external disturbance. A
unified control law is insufficient to handle both regimes, necessitating a piecewise control strategy. In the absence
of disturbance, the control input 𝑢𝐴(𝑡) balances recovery effects, accumulated fatigue, and ambient disturbances to
regulate the operator’s attention. In contrast, when a substantial disturbance occurs, the controller provides fast
compensation proportional to the immediate attention deficit Δ𝐴(𝑡), acting as an emergency corrective input.

From an implementation perspective, the control law in Equation (16) defines a nominal cognitive regulation signal
that serves as the reference for the optimization-based controller. The actual implemented input is obtained through
the QP formulation in Equation (24), which ensures smooth and continuous control action. Although Equation
(16) is piecewise in design, the closed-loop control input remains continuous due to the QP-based optimization
framework, which guarantees smooth variation of the control solution with respect to system states.

In the absence of disturbance, a nominal control torque 𝝉nom is constructed to achieve trajectory tracking. A
standard computed-torque control law is adopted:

𝝉nom = 𝑴 (𝒒)
(
¥𝒒𝑑 − K𝑝𝒆 − K𝑑 ¤𝒆

)
+ 𝑪 (𝒒, ¤𝒒) ¤𝒒 + 𝑮 (𝒒) (17)

where 𝒆 = 𝒒 − 𝒒𝑑 is the position tracking error.

Since human input 𝝉ℎ is treated as an unknown disturbance, it cannot be used in control design. Therefore,
the nominal robot command is designed only based on the robot states and the available authority variable 𝛼.
Considering that the autonomous input enters the shared dynamics through the weighted term (1 − 𝛼)𝜏𝑟 , the
authority-compensated nominal robot command is defined as

𝜏𝑟 ,nom =
𝜏nom
1 − 𝛼

.

The compensation factor 1/(1 − 𝛼) compensates for the authority weighting of the autonomous input channel.
Since 𝛼 is available from the authority allocation mechanism, this modification does not require knowledge of
the unknown human input 𝜏ℎ.

The attention regulation input is defined in a piecewise manner based on the presence of external disturbances:

𝑢𝐴,nom =


𝑘1𝑅recov − 𝑘2𝐹fatig (𝑡) − 𝑘3𝐷distb (𝑡), No disturbance
−𝑘4Δ𝐴(𝑡), Disturbance occurs

Consequently, the nominal control input vector is defined as:

𝒖nom =


𝝉𝑟 ,nom

𝑢𝐴,nom

 .

Remark 8 When the CBF constraints are inactive and the human input disturbance is absent, the QP solution
satisfies 𝜏∗𝑟 = 𝜏𝑟 ,nom, and the closed-loop tracking error dynamics reduce to 𝑀 ¥𝑒 + 𝐶 ¤𝑒 + 𝐾𝑑 ¤𝑒 + 𝐾𝑝𝑒 = 0, which guarantees
convergence of the tracking error.
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The gradient of the obstacle avoidance safety function ℎobs with respect to the state vector 𝒙 = [𝒒, ¤𝒒, 𝐴, 𝑇]> is given
by:

∇ℎobs =

[
𝜕ℎobs
𝜕𝒒

,
𝜕ℎobs
𝜕 ¤𝒒 ,

𝜕ℎobs
𝜕𝐴

,
𝜕ℎobs
𝜕𝑇

]>
.

Since ℎobs depends only on the joint position 𝒒, we have the following.

𝜕ℎobs
𝜕𝒒

= 2
(
𝜕 𝒑

𝜕𝒒

)> (
𝒑(𝒒) − 𝒑obs

)
= 2𝑱(𝒒)> ( 𝒑(𝒒) − 𝒑obs

)
,

where 𝑱(𝒒) = 𝜕𝒑
𝜕𝒒 is the Jacobian matrix of the end-effector position, and

𝜕ℎobs
𝜕 ¤𝒒 = 0, 𝜕ℎobs

𝜕𝐴
= 0, 𝜕ℎobs

𝜕𝑇
= 0.

The Lie derivative of ℎobs along the drift vector field 𝒇 is:

𝐿 𝒇 ℎobs = ∇ℎobs · 𝒇 (𝒙) = 2( 𝒑(𝒒) − 𝒑obs
)>

𝑱(𝒒) ¤𝒒.

The Lie derivative along the control input matrix 𝒈 is:

𝐿𝒈ℎobs = ∇ℎobs · 𝒈(𝒙) =
𝜕ℎobs
𝜕𝒒

· 0 +
𝜕ℎobs
𝜕 ¤𝒒 ·

[
𝑴−1 (1 − 𝛼)

]
= 0.

Since the obstacle safety function ℎ𝑜𝑏𝑠 (𝑥) depends only on the configuration variable 𝑞, its first Lie derivative
along the input vector field satisfies 𝐿𝑔ℎ𝑜𝑏𝑠 (𝑥) = 0 which indicates that the control input does not explicitly appear
in the first derivative of the barrier function. Taking the derivative again yields

¥ℎ𝑜𝑏𝑠 (𝑥) = 𝐿2
𝑓 ℎ𝑜𝑏𝑠 (𝑥) + 𝐿𝑔𝐿 𝑓 ℎ𝑜𝑏𝑠 (𝑥)𝜏𝑟 + Δ𝑜𝑏𝑠 ,

where

𝐿𝑔𝐿 𝑓 ℎ𝑜𝑏𝑠 (𝑥) = 2(𝑝 − 𝑝𝑜𝑏𝑠)𝑇 𝐽 (𝑞)𝑀−1 (𝑞)(1 − 𝛼).

Under the authority constraint 𝛼(𝑡) ∈ [𝜀,1 − 𝜀], the autonomous control authority satisfies 1 − 𝛼(𝑡) ≥ 𝜀 > 0. Together
with the assumptions that the robot operates away from kinematic singularities and 𝑝(𝑞) ≠ 𝑝𝑜𝑏𝑠 on the safety
boundary, we have 𝐿𝑔𝐿 𝑓 ℎ𝑜𝑏𝑠 (𝑥) ≠ 0.

Therefore, the obstacle avoidance constraint has relative degree two with respect to the robot control input, and
a second-order (high-order) CBF is adopted. The high-order control barrier function (HOCBF) is defined as
follows.

𝜓1 (𝒙) = ¤ℎobs (𝒙) + 𝛼1
(
ℎobs (𝒙)

)
,

𝜓2 (𝒙) = ¤𝜓1 (𝒙) + 𝛼2
(
𝜓1 (𝒙)

)
≥ 0.

where 𝛼1 (·) and 𝛼2 (·) are class K functions.

The second-order derivative is given by:
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¥ℎobs = 2 ¤𝒒>𝑱>𝑝 𝑱𝑝 ¤𝒒 + 2( 𝒑 − 𝒑obs
)> ¤𝑱𝑝 ¤𝒒 + 2( 𝒑 − 𝒑obs

)>
𝑱𝑝 ¥𝒒.

Hence, the components of the second derivative are defined as follows:

𝐿2
𝒇 ℎobs = 2 ¤𝒒>𝑱>𝑱 ¤𝒒 + 2( 𝒑 − 𝒑obs

)> ¤𝑱 ¤𝒒 + 2( 𝒑 − 𝒑obs
)>

𝑱𝑴−1 (−𝑪 ¤𝒒 − 𝑮
)
.

𝐿𝒈𝐿 𝒇 ℎobs = 2( 𝒑 − 𝒑obs
)>

𝑱𝑴−1 (1 − 𝛼).
Δobs = 2( 𝒑 − 𝒑obs

)>
𝑱𝑴−1𝛼𝝉ℎ .

The disturbance term Δobs in the second derivative of the safety function can be bounded from below. Specifi-
cally, we have Δobs ≥ −𝛿obs, where the disturbance bound is given by 𝛿obs = ‖2( 𝒑 − 𝒑obs)>𝑱𝑴−1𝛼‖ 𝜏ℎ,max. The explicit
bound 𝛿𝑜𝑏𝑠 (𝑥) represents a state-dependent realization of the general robust margin. This bound quantifies the
worst‐case influence of the bounded human input on the rate of change of the safety constraint.

The condition 𝜓2 (𝒙) ≥ 0 can be expressed as a linear constraint with respect to 𝝉𝑟 . After substituting the above
expressions and simplifying, we obtain the following.

𝐿𝒈𝐿 𝒇 ℎobs (𝒙) 𝝉𝑟 ≥ −𝐿2
𝒇 ℎobs (𝒙) − 𝛼1 ( ¤ℎobs) − 𝛼2 (𝜓1) + 𝛿obs, (18)

Remark 9 To maintain nonzero authority for both the human operator and the autonomous controller during
HRC, the control authority variable is constrained as 𝛼(𝑡) ∈ [𝜀,1 − 𝜀],0 < 𝜀 < 0.5. Here, 𝛼(𝑡) denotes the human con-
trol authority, while 1 − 𝛼(𝑡) represents the autonomous robot authority. Therefore, the lower bound 𝜀 guarantees
that the human operator retains a minimum level of participation and that the autonomous controller preserves
a nonzero intervention capability. Consequently, the control channel remains effective under the robust CBF con-
straints, through the term 𝐿𝑔𝐿 𝑓 ℎ(𝑥), while avoiding complete dominance of either side. It should be noted that the
constraint 𝛼(𝑡) ∈ [𝜀,1−𝜀] only guarantees the existence of nonvanishing authority channels for both agents. It does not
by itself guarantee feasibility of the CBF-QP problem under arbitrary state and disturbance realizations. Feasibil-
ity additionally depends on the existence of admissible control inputs satisfying the safety constraints and actuator
limitations.

The Equation (18) can be written in the standard QP form as:

𝑨obs (𝒙) 𝝉𝑟 ≤ 𝒃obs (𝒙), (19)

with

𝐴obs (𝑥) = −𝐿𝑔𝐿 𝑓 ℎobs (𝑥),

𝑏obs (𝑥) = 𝐿2
𝑓 ℎobs (𝑥) + 𝛼1 ( ¤ℎobs (𝒙)) + 𝛼2 (𝜓1 (𝒙)) − 𝛿obs .

This linear constraint ensures that the second-order CBF condition is satisfied, thus guaranteeing forward in-
variance of the safe set defined by ℎobs (𝒙) ≥ 0.

Since ℎ𝑣 depends only on ¤𝒒, its gradient with respect to the full state 𝒙 = [𝒒, ¤𝒒, 𝐴, 𝑇]> is:



Yang et al. Intell. Robot. 2026, 6(3), 444-78 Page 456

∇ℎ𝑣 =

[
𝜕ℎ𝑣
𝜕𝒒

,
𝜕ℎ𝑣
𝜕 ¤𝒒 ,

𝜕ℎ𝑣
𝜕𝐴

,
𝜕ℎ𝑣
𝜕𝑇

]
=
[0, −2 ¤𝒒>, 0, 0] .

The Lie derivatives along the drift field 𝒇 (𝒙) and the control input matrix 𝒈(𝒙) are:

𝐿 𝒇 ℎ𝑣 = ∇ℎ𝑣 · 𝒇 (𝒙) = −2 ¤𝒒>𝑴−1 (−𝑪 ¤𝒒 − 𝑮)
]
,

𝐿𝒈ℎ𝑣 = ∇ℎ𝑣 · 𝒈(𝒙) = −2 ¤𝒒>𝑴−1 (𝒒) (1 − 𝛼).
Δ𝑣 = −2 ¤𝒒>𝑴−1𝛼𝝉ℎ

Δ𝑣 ≥ −𝛿𝑣

where

𝛿𝑣 =


2 ¤𝒒>𝑴−1𝛼



 𝜏ℎ,max .

The velocity safety constraint is enforced through the following robust CBF condition:

𝐿 𝑓 ℎ𝑣 + 𝐿𝑔ℎ𝑣 𝝉𝑟 ≥ −𝛼𝑣 (ℎ𝑣) + 𝛿𝑣 , (20)

where 𝛼𝑣 (·) is a class K function.

The above condition can be expressed in the following affine form:

𝐴𝑣 (𝑥)𝜏𝑟 ≤ 𝑏𝑣 (𝑥), (21)

where

𝐴𝑣 (𝑥) = −𝐿𝑔ℎ𝑣 ,

𝑏𝑣 (𝑥) = 𝐿 𝑓 ℎ𝑣 + 𝛼𝑣 (ℎ𝑣) − 𝛿𝑣 .

The attention safety function is defined as ℎ𝐴(𝒙) = 𝐴 − 𝐴min, which depends only on the level of attention 𝐴. Its
gradient with respect to the state vector 𝒙 = [𝒒, ¤𝒒, 𝐴, 𝑇]> is:

∇ℎ𝐴 =

[
𝜕ℎ𝐴
𝜕𝒒

,
𝜕ℎ𝐴
𝜕 ¤𝒒 ,

𝜕ℎ𝐴
𝜕𝐴

,
𝜕ℎ𝐴
𝜕𝑇

]
=
[0, 0, 1, 0] .

The Lie derivatives along the drift vector field 𝒇 (𝒙) and the control input matrix 𝒈(𝒙) are therefore:

𝐿 𝒇 ℎ𝐴 = ∇ℎ𝐴 · 𝒇 (𝒙) = 1 · 𝑓𝐴(𝒙) = −(𝜆0 + 𝜇𝐶)𝐴 + 𝛾𝑇 (1 − 𝐴),

𝐿𝒈ℎ𝐴 = ∇ℎ𝐴 · 𝒈(𝒙) = 1 · 𝑔𝐴(𝒙) = 1,

where 𝑓𝐴(𝒙) is the component of 𝒇 (𝒙) that corresponds to the dynamics of 𝐴, and 𝑔𝐴(𝒙) is the component of 𝒈(𝒙)
that multiplies the input to the attention regulation 𝑢𝐴.

The CBF condition for attention safety, ¤ℎ𝐴 ≥ −𝛼(ℎ𝐴), leads to the linear inequality:

𝐿 𝑓 ℎ𝐴 + 𝐿𝑔ℎ𝐴 𝑢𝐴 ≥ −𝛼(ℎ𝐴). (22)

This can be written in the standard linear inequality form for the quadratic-programming problem as follows:
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𝑨𝐴(𝒙) 𝒖A ≤ 𝑏𝐴(𝒙), (23)

where

𝐴𝐴(𝑥) = −𝐿𝑔ℎ𝐴 = −1,
𝑏𝐴(𝑥) = 𝐿 𝑓 ℎ𝐴 + 𝛼𝐴(ℎ𝐴).

To ensure the feasibility of the control optimization problem in complex environments, we adopt a controller
design framework based on QP [30]. The general QP problem that unifies all safety constraints is formulated as
follows:

min
𝒖

‖𝒖 − 𝒖nom‖2 + 𝜌𝑜𝑏𝑠𝑠2𝑜𝑏𝑠 + 𝜌𝑣 𝑠2𝑣 + 𝜌𝐴𝑠2𝐴

s.t. 𝑨obs (𝒙) 𝝉𝑟 ≤ 𝑏obs (𝒙) + 𝑠𝑜𝑏𝑠 ,

𝑨𝑣 (𝒙) 𝝉𝑟 ≤ 𝑏𝑣 (𝒙) + 𝑠𝑣 ,

𝑨𝐴(𝒙) 𝒖A ≤ 𝑏𝐴(𝒙) + 𝑠𝐴,

𝑠𝑜𝑏𝑠 , 𝑠𝑣 , 𝑠𝐴 ≥ 0.

(24)

where the optimization variable is the augmented vector [u>, s>]>, where u = [𝜏𝑟 , 𝑢𝐴]> and s = [𝑠obs, 𝑠𝑣 , 𝑠𝐴]
>. The

variables 𝑠obs, 𝑠𝑣 , and 𝑠𝐴 denote independent slack variables. The positive constants 𝜌obs, 𝜌𝑣 , and 𝜌𝐴 denote the
penalty weights associated with the obstacle avoidance, velocity regulation, and cognitive safety constraints,
respectively.

The QP is solved online at each sampling step, and its solution yields a continuous control input trajectory due
to the continuous dependence of the optimization problem on system states.

Remark 10 The proposed quadratic program employs independent slack variables for heterogeneous constraints,
which enables selective relaxation when exact feasibility cannot be guaranteed. Compared with a shared slack-
variable formulation, this design preserves the physical meaning of each constraint and avoids undesired coupling
between unrelated safety requirements. The penalty parameters are selected according to a hierarchical safety-critical
design principle, where obstacle avoidance constraints receive the highest penalty weight due to the risk of irreversible
physical collisions, velocity constraints are assigned intermediate priority to ensure dynamic feasibility, and cognitive
constraints are treated as soft performance-related constraints. This leads to the relation 𝜌𝑜𝑏𝑠 � 𝜌𝑣 � 𝜌𝐴 > 0, enforcing
an implicit priority structure among heterogeneous constraints. From an optimization perspective, the resulting
formulation can be interpreted as a relaxed hierarchical optimization problem, where the penalty coefficients act as
implicit Lagrange multipliers that encode the priority ordering among constraints.

This weighting structure does not affect the feasibility of the quadratic program, as the slack variables guarantee
constraint relaxation whenever necessary. Consequently, the proposed formulation ensures real-time solvability of
the optimization problem while preserving strict prioritization of safety-critical constraints in human–robot shared
control systems.

3.2. Dynamic authority allocation via cognitive mapping
The cognitive state of the operator provides the basis for determining the desired human–robot authority allo-
cation. Specifically, attention and trust states are first mapped into an unconstrained cognitive-based authority
command:
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𝛼𝑐𝑜𝑔 (𝐴,𝑇) =
1

1 + 𝑒−𝑘𝐴 (𝐴−𝐴0 ) · 1
1 + 𝑒−𝑘𝑇 (𝑇−𝑇0 ) , (25)

where 𝑘𝐴, 𝑘𝑇 > 0 are the sensitivity gains and 𝐴0, 𝑇0 ∈ [0,1] are the threshold values for attention and trust, respec-
tively.

The sigmoid functions provide a smooth nonlinear mapping from cognitive states to a preliminary human
authority command. However, this preliminary mapping does not explicitly consider performance degradation
and authority constraints, which are incorporated in the subsequent intervention mechanism.

3.3. Dynamic intervention mechanism
In human-robot collaborative control, the operator’s attention is critical for maintaining operational safety. This
section presents a dynamic interventionmechanismbased on a real-time attention performancemetric, 𝑃(𝑡). The
mechanism integrates 𝑃(𝑡) with the collaborative model to actively monitor the operator’s state. When attention
degrades, it triggers interventions ranging from warning generation to autonomous safe takeover, thereby en-
suring operational safety. This performance-driven authority adjustment is consistent with adaptive automation
principles, with the objective of optimizing efficacy and safety of the collaboration.

To quantify the overall cognitive state performance, a scalar performance function 𝑃(𝑡) is constructed as follows:

𝑃(𝑡) = 1 − 1
2

[��tanh (
𝑘𝑎𝑒𝐴(𝑡)

) �� + ��tanh (
𝑘𝑡 𝑒𝑇 (𝑡)

) ��] (26)

where 𝑘𝑎 , 𝑘𝑡 > 0 are the sensitivity coefficients, and the tracking errors of attention and trust are defined as:

𝑒𝐴(𝑡) = 𝐴(𝑡) − 𝐴𝑑 , (27)
𝑒𝑇 (𝑡) = 𝑇 (𝑡) − 𝑇𝑑 , (28)

where 𝐴𝑑 and 𝑇𝑑 denote the desired attention and trust levels.

Remark 11 The performance function 𝑃(𝑡) is bounded within the interval (0,1], with 𝑃(𝑡) = 1 indicating perfect
alignment of the cognitive state with its desired values. Although the absolute-value operations introduce isolated
non-differentiable points at 𝑒𝐴 = 0 and 𝑒𝑇 = 0, the performance function is used exclusively for authority scheduling
and intervention assessment. It does not appear in the optimization variables or constraints of the QP problem.
Consequently, the real-time QP solver operates on smooth affine constraints and is unaffected by the nonsmoothness
of 𝑃(𝑡). In practice, the first-order authority dynamics further smooth the resulting authority evolution, thereby
preventing abrupt switching or chattering near the target cognitive states.

To implement a graded response to changes in the operator’s cognitive state, two performance thresholds are
defined: 0 < 𝑃2 < 𝑃1 < 1. The performance index 𝑃(𝑡) is directly incorporated into the authority allocation mech-
anism through the modulation function 𝜎(𝑃), allowing the target human authority to be adjusted according to
real-time cognitive performance. These thresholds divide the range of the cognitive performance function 𝑃(𝑡)
into three distinct operational regions. In the normal region (𝑃 ≥ 𝑃1), where the cognitive state of the operator is
assessed as satisfactory, the dynamic control authority 𝛼(𝑡) can track the desired authority level 𝛼𝑑 (𝐴,𝑇, 𝑃), main-
taining a consistently high yet bounded value to ensure that the human operator retains primary control. In the
transition region (𝑃2 < 𝑃 < 𝑃1), which indicates mild cognitive degradation, 𝛼(𝑡) continues to follow 𝛼𝑑 (𝐴,𝑇, 𝑃) but
remains in a high bounded range, shifting the system to a balanced shared human-robot control mode. Finally,
in the intervention region (𝑃 ≤ 𝑃2), where cognitive performance is significantly degraded and poses a poten-
tial safety risk, the human authority 𝛼(𝑡) is driven toward its minimum admissible value 𝜀, resulting in robot-
dominant control while preserving residual human participation. This three-layer structure enables a smooth
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and continuous transition from human-dominant to robot-dominant control based on real-time assessment of
operator cognitive performance.

Remark 12 For practical deployment, the intervention thresholds can be adjusted online according to task com-
plexity to improve engineering adaptability in dynamic environments. Specifically, the thresholds are defined as:
𝑃1 (𝑡) = 𝑃1,0 + 𝑘 𝑝1𝐶 (𝑡), 𝑃2 (𝑡) = 𝑃2,0 + 𝑘 𝑝2𝐶 (𝑡), where 𝐶 (𝑡) denotes the normalized task complexity. As task complexity
increases, the system becomes more conservative, leading to earlier intervention to ensure safety under demanding
operational conditions.

Since 𝐶 (𝑡) is bounded in practical implementations, i.e., 𝐶 (𝑡) ∈ [0,1], the thresholds 𝑃1 (𝑡) and 𝑃2 (𝑡) remain bounded,
which guarantees that the intervention switching logic remains well-defined and does not affect the stability of the
overall closed-loop system.

An intervention modulation function couples the cognitive performance assessment with the authority alloca-
tion mechanism by dynamically adjusting the cognitive-based authority command according to the real-time
performance index 𝑃(𝑡). Specifically, the preliminary target human authority is obtained by scaling the cognitive-
based authority command 𝛼cog (𝐴,𝑇) with a performance modulation factor 𝜎(𝑃), yielding

𝛼𝑑 (𝐴,𝑇, 𝑃) = 𝛼𝑐𝑜𝑔 (𝐴,𝑇)𝜎(𝑃), (29)

where the modulation factor 𝜎(𝑃) is a piecewise-linear function of the performance index:

𝜎(𝑃) =



1, 𝑃 ≥ 𝑃1,

𝑃 − 𝑃2
𝑃1 − 𝑃2

, 𝑃2 < 𝑃 < 𝑃1,

0, 𝑃 ≤ 𝑃2 .

(30)

The thresholds 𝑃1 and 𝑃2 define three cognitive operating regions corresponding to normal, degraded, and
critical human cognitive states. The separation between 𝑃1 and 𝑃2 introduces a smooth transition region, which
avoids abrupt changes in authority allocation and enables gradual switching between human-dominant and
robot-dominant modes.

Although the performance-modulated authority command 𝛼𝑑 (𝐴,𝑇, 𝑃) provides a smooth adaptation mechanism
according to the operator’s cognitive condition, its value is not guaranteed to remain within the admissible
authority range required by the safety controller. In particular, severe cognitive degradation may cause 𝜎(𝑃) to
approach zero, resulting in an excessively small desired human authority and violating the prescribed authority
allocation constraint. To guarantee that both the human operator and the autonomous controller retain nonzero
control authority, the target authority is further constrained within the admissible interval [𝜀,1−𝜀] by introducing
a saturation operation:

𝛼𝑑 (𝐴,𝑇, 𝑃) = sat[𝜀,1−𝜀 ]
(
𝛼𝑑 (𝐴,𝑇, 𝑃)

)
,

sat[𝜀,1−𝜀 ] (𝑥) = min (1 − 𝜀, max(𝜀, 𝑥)
)

where 𝜀 > 0 denotes the minimum admissible authority reserved for each participant. This saturation operation
ensures that 𝛼𝑑 (𝐴,𝑇, 𝑃) ∈ [𝜀,1 − 𝜀], thereby preventing complete removal of human participation and preserving a
nonvanishing autonomous intervention capability for safety enforcement.
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After enforcing the admissible authority constraint, the resulting saturated target authority 𝛼𝑑 (𝐴,𝑇, 𝑃) is tracked
by the actual human control authority through a first-order dynamic system, ensuring smooth and continuous
authority transitions:

¤𝛼 = −𝑘𝛼
(
𝛼 − 𝛼𝑑 (𝐴,𝑇, 𝑃)

)
. (31)

Remark 13 The proposed authority mechanism establishes a closed-loop coupling among the operator’s cognitive
state, performance-based intervention, and safety-constrained control execution. Specifically, the saturated target
authority 𝛼𝑑 (𝐴,𝑇, 𝑃) integrates the cognitive mapping and performance modulation through 𝜎(𝑃) while satisfying
𝛼𝑑 (𝐴,𝑇, 𝑃) ∈ [𝜀,1−𝜀] .Theactual human control authority 𝛼(𝑡) evolves according to the first-order dynamics in Equation
(31). Therefore, if the initial authority satisfies 𝛼(0) ∈ [𝜀,1 − 𝜀], the admissible authority interval remains forward
invariant during the evolution of 𝛼(𝑡), ensuring that both the human operator and the autonomous controller retain
nonzero control authority.

Moreover, the first-order authority dynamics prevent abrupt switching caused by instantaneous cognitive varia-
tions and provide a smooth transition between different HRC modes. When the cognitive performance index falls
below the intervention threshold 𝑃2, the target authority is driven toward its lower admissible bound 𝜀, resulting in
robot-dominant intervention while preserving residual human participation. At the implementation level, the final
autonomous torque input 𝝉∗𝑟 is obtained by solving the safety-constrained QP problem, where the dynamically reg-
ulated authority allocation determines the human–robot input weighting while the CBF constraints enforce safety
under degraded cognitive conditions.

3.4. Performance evaluation metrics
To comprehensively evaluate the performance of the proposed human–robot shared control framework, a uni-
fied set of performance metrics is introduced. These metrics aim to quantify both physical control performance
and human–robot interaction quality, enabling a systematic evaluation of the inherent trade-off among safety,
tracking accuracy, and cognitive adaptability.

The primary performance index is defined as the composite safety-performance index (CSPI), which integrates
tracking accuracy, safety compliance, and control effort:

CSPI = 𝑤1𝐽𝑒 + 𝑤2𝐽𝑠 + 𝑤3𝐽𝑢

where 𝐽𝑒 represents the tracking error, 𝐽𝑠 denotes safety constraint violation, and 𝐽𝑢 measures the control effort.
The weights 𝑤1, 𝑤2, and 𝑤3 satisfy 𝑤1 + 𝑤2 + 𝑤3 = 1. And 𝐽𝑒 =

√
1
𝑁

∑𝑁
𝑘=1



q(𝑘) − q𝑑 (𝑘)


2, 𝐽𝑠 = 1

𝑁

∑𝑁
𝑘=1 max (0, −ℎobs (𝑘)

)
, 𝐽𝑢 =∫ 𝑇

0 ‖𝝉(𝑡)‖2 d𝑡, 𝐽𝑖 = 𝐽𝑖
max𝑚∈M 𝐽m

𝑖
, 𝑖 ∈ {𝑒, 𝑠, 𝑢}, let M denote the set of compared methods.

A lower CSPI indicates better overall system performance in terms of tracking accuracy, safety preservation, and
energy efficiency.

To further evaluate the quality of human–robot interaction, the human–robot adaptation index (HRAI) is in-
troduced to reflect the coordination efficiency between cognitive states and authority allocation.

𝐻𝑅𝐴𝐼 = 𝑤𝑎
˜AAE + 𝑤𝑐

˜CCI
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where the authority adaptation efficiency (AAE) is defined to quantify the temporal variation of control au-
thority: AAE = 1

𝑇

∫ 𝑇

0 | ¤𝛼(𝑡) | 𝑑𝑡, which reflects the responsiveness of authority adjustment over time. The cognition-
consistency index (CCI) is defined as: CCI = 1

𝑇

∑��𝛼(𝑡) − 𝛼∗ (𝐴,𝑇)��, where 𝛼∗ (𝐴,𝑇) denotes the cognition-driven opti-
mal authority allocation. A lower 𝐶𝐶𝐼 indicates stronger alignment between cognitive state and control authority.
And ˜AAE𝑖 =

AAEi
max𝑚∈M AAEm

𝑖

, ˜CCI𝑖 = 1 − CCIi
max𝑚∈M CCIm

𝑖

. To quantify the trade-off between physical performance and
human–robot interaction quality, a unified metric is defined as:

CSPIfinal = CSPI + (1 − HRAI)

where 𝐶𝑆𝑃𝐼 represents the normalized physical cost, and (1−𝐻𝑅𝐴𝐼) reflects the deficiency in human–robot adap-
tation. A lower 𝐶𝑆𝑃𝐼 𝑓 𝑖𝑛𝑎𝑙 indicates a better trade-off between physical performance and human–robot coordina-
tion efficiency.

The proposed metrics are used solely for performance evaluation and do not influence the control design.

Remark 14 Theweighting coefficients used in the proposed performance evaluation metrics are selected as 𝑤1 = 0.3,
𝑤2 = 0.5, 𝑤3 = 0.2 for CSPI, and 𝑤𝑎 = 𝑤𝑐 = 0.5 for HRAI. These values are chosen according to a safety-oriented design
principle in human–robot shared control systems. Specifically, obstacle avoidance is assigned the highest weight
due to its critical importance in preventing irreversible physical damage, while tracking performance is assigned a
moderate weight reflecting its role in task execution. Control effort is assigned a lower weight since it primarily
reflects energy consumption rather than safety-critical behavior. For the HRAI metric, AAE and CCI are assigned
equal weights as they capture complementary aspects of interaction quality, namely responsiveness and cognitive
alignment.

Theseweights are not tuned to improve specific experimental results but are determined based on general principles of
safety-critical control and human–robot interaction design. Furthermore, moderate variations in these coefficients
do not affect the relative ranking among different methods, indicating that the proposed evaluation framework is
robust to weight selection.

3.5. Stability analysis
This section presents a rigorous theoretical analysis of the proposed human–robot collaborative control frame-
work. The stability guarantees are developed hierarchically across four aspects. First, the dynamic authority allo-
cationmechanism is shown to be input-to-state stable (ISS) while remainingwithin its admissible range. Second,
the associated safe sets are proven to be forward invariant, ensuring persistent collision avoidance and safe-state
invariance. Third, all closed-loop signals, including physical states, cognitive states, and shared-control variables,
are shown to remain uniformly bounded. Finally, the tracking error dynamics are established to be uniformly
ultimately bounded under bounded human input disturbances.

We begin the theoretical analysis with the authority allocation dynamics, since the boundedness of the shared-
control ratio plays a fundamental role in the subsequent safety and closed-loop stability results.

Proposition 1 (ISS and Forward Invariance of the Authority Allocation Dynamics) .

Consider the authority allocation dynamics

¤𝛼(𝑡) = −𝑘𝛼
(
𝛼(𝑡) − 𝛼𝑑 (𝑡)

)
, 𝑘𝛼 > 0, (32)



Yang et al. Intell. Robot. 2026, 6(3), 444-78 Page 462

where the desired authority signal 𝛼𝑑 (𝑡) = 𝛼𝑑 (𝐴(𝑡), 𝑇 (𝑡), 𝑃(𝑡)) is piecewise-continuously differentiable and satisfies 𝛼𝑑 (𝑡) ∈
[𝜀,1 − 𝜀],∀𝑡 ≥ 0, for some constant 0 < 𝜀 < 1/2.

Then, for any initial condition 𝛼(0) ∈ [𝜀,1 − 𝜀], the following properties hold:

1. The tracking error 𝑒𝛼 (𝑡) = 𝛼(𝑡) − 𝛼𝑑 (𝑡) is ISS with respect to the input ¤𝛼𝑑 (𝑡).

2. If ¤𝛼𝑑 (𝑡) = 0, then the equilibrium 𝑒𝛼 = 0 is exponentially stable.

3. The interval [𝜀,1 − 𝜀] is forward invariant; namely, 𝛼(𝑡) ∈ [𝜀,1 − 𝜀],∀𝑡 ≥ 0.

Proof. Define the tracking error 𝑒𝛼 = 𝛼 − 𝛼𝑑 (𝑡). From the authority dynamics Equation (32), the error dynamics
are

¤𝑒𝛼 = ¤𝛼 − ¤𝛼𝑑 = −𝑘𝛼𝑒𝛼 − ¤𝛼𝑑 . (33)

Consider the Lyapunov function

𝑉𝛼 =
1
2 𝑒

2
𝛼 .

Its derivative along Equation (33) is

¤𝑉𝛼 = −𝑘𝛼𝑒2𝛼 − 𝑒𝛼 ¤𝛼𝑑 .

Using Young’s inequality, for any 𝜇 > 0,

|𝑒𝛼 ¤𝛼𝑑 | ≤
𝜇

2 𝑒
2
𝛼 + 1

2𝜇 ¤𝛼2
𝑑 .

Choosing 𝜇 = 𝑘𝛼, we obtain

¤𝑉𝛼 ≤ − 𝑘𝛼2 𝑒2𝛼 + 1
2𝑘𝛼

¤𝛼2
𝑑 .

Equivalently,

¤𝑉𝛼 ≤ −𝑘𝛼𝑉𝛼 + 1
2𝑘𝛼

¤𝛼2
𝑑 .

Hence, the error dynamics are ISS with respect to the input ¤𝛼𝑑 . In particular, if ¤𝛼𝑑 = 0, then 𝑒𝛼 = 0 is exponentially
stable.

Next, we prove forward invariance of Ω = [𝜀,1 − 𝜀] . At the lower boundary 𝛼 = 𝜀, we have ¤𝛼 = −𝑘𝛼 (𝜀 − 𝛼𝑑) ≥ 0, since
𝛼𝑑 ≥ 𝜀. At the upper boundary 𝛼 = 1 − 𝜀, we similarly have

¤𝛼 = −𝑘𝛼 ((1 − 𝜀) − 𝛼𝑑) ≤ 0, since 𝛼𝑑 ≤ 1 − 𝜀.

Therefore, the vector field points inward on both boundaries. By Nagumo’s theorem, the interval Ω is forward
invariant. Thus, for any initial condition 𝛼(0) ∈ Ω, we have
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𝛼(𝑡) ∈ Ω, ∀𝑡 ≥ 0.

This completes the proof.

Remark 15 Proposition 1 provides the theoretical basis for the proposed shared-control allocation law. The ISS
property ensures that the implemented authority ratio 𝛼(𝑡) smoothly follows the desired target 𝛼𝑑 (𝑡), thereby avoiding
abrupt switching and improving interaction robustness. The forward-invariance property guarantees that 𝛼(𝑡) ∈ [𝜀,1−
𝜀] for all time, so that both the human and robot always retain a nonzero level of authority. In particular, the lower
bound 𝜀 guarantees that the autonomous controller always retains a nonvanishing control channel. Consequently,
the control effectiveness term appearing in the robust CBF constraints remains nonzero, thereby preserving the robot’s
ability to influence the safety-critical dynamics. It should be emphasized that the forward invariance of the authority
interval does not, by itself, imply the feasibility of the associated safety-constrained QP for arbitrary values of 𝜀 or for
all possible disturbance realizations. The feasibility of the optimization problem additionally requires the existence
of admissible control inputs satisfying the imposed safety constraints and actuator limitations, which is a standard
assumption in CBF-based control frameworks. The admissibility of 𝛼𝑑 (𝑡) is ensured by construction through bounded
cognitive states and a saturated target-mapping function.

Next, we establish the forward invariance of the hard-constrained safe set under the proposed QP-based con-
troller.

The closed-loop system, given by Equation (6), is expressed as

¤𝒙 = 𝒇 (𝒙) + 𝒈(𝒙)𝒖∗ (𝒙) + 𝒅(𝒙, 𝑡), (34)

where 𝒖∗ (𝒙) is the optimal control input obtained from solving a QP problem, and 𝒅(𝒙, 𝑡) is the bounded distur-
bances due to human input, satisfying ‖𝒅(𝒙, 𝑡)‖ ≤ 𝑑max. The QP-based controller is defined as:

𝒖∗ (𝒙) = arg min
𝒖

‖𝒖 − 𝒖nom‖2 subject to the CBF constraints, (35)

ensuring that the applied control minimally deviates from the nominal input while satisfying all safety con-
straints derived from the CBFs.

Theorem 1 (Forward Invariance of the Physical Safe Set) . Consider the closed-loop system. Let the physical
safe set be defined as:

S𝑝 = {x | ℎ𝑜𝑏𝑠 (x) ≥ 0, ℎ𝑣 (x) ≥ 0}.

If the safety-constrained QP remains feasible for all x ∈ S𝑝, and the relaxation variables satisfy 𝑠𝑜𝑏𝑠 = 0, 𝑠𝑣 = 0, then
S𝑝 is forward invariant. That is, x(0) ∈ S𝑝 ⇒ x(𝑡) ∈ S𝑝 , ∀𝑡 ≥ 0.

Proof. For each physical safety function ℎ𝑖 (x) ∈ {ℎ𝑜𝑏𝑠 , ℎ𝑣}, the time derivative along the disturbed closed-loop
dynamics is

¤ℎ𝑖 (𝒙) = 𝐿 𝒇 ℎ𝑖 (𝒙) + 𝐿𝒈ℎ𝑖 (𝒙)𝒖∗ (𝒙) + 𝐿𝒅ℎ𝑖 (𝒙),
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where 𝐿𝒅ℎ𝑖 (𝒙) = ∇ℎ𝑖 (𝒙)𝒅(𝒙, 𝑡). Using the Cauchy–Schwarz inequality and the disturbance bound, we have

|𝐿𝒅ℎ𝑖 (𝒙) | ≤ ‖∇ℎ𝑖 (𝒙)‖‖𝒅(𝒙, 𝑡)‖ ≤ ‖∇ℎ𝑖 (𝒙)‖𝑑max = 𝛿𝑖 (𝒙).

Consequently,

𝐿𝒅ℎ𝑖 (𝒙) ≥ −𝛿𝑖 (𝒙).

Since 𝑠𝑖 = 0, the QP solution satisfies the exact robust barrier condition

𝐿 𝑓 ℎ𝑖 + 𝐿𝑔ℎ𝑖u∗ ≥ −𝛼𝑖 (ℎ𝑖) + 𝛿𝑖 (x).

Hence,

¤ℎ𝑖 ≥ −𝛼𝑖 (ℎ𝑖).

On the boundary ℎ𝑖 = 0, one has 𝛼𝑖 (0) = 0, thus

¤ℎ𝑖 ≥ 0.

By Nagumo’s theorem, trajectories cannot leave S𝑝 through the boundary. Since this holds for both physical
constraints, the intersection set S𝑝 remains forward invariant.

Remark 16 The robust CBF condition explicitly compensates for worst-case bounded disturbances through themar-
gin term 𝛿𝑖 (𝑥). By assigning zero slack variables to hard physical constraints, strict forward invariance of the physical
safe set is preserved. Soft constraints, such as cognitive-performance limits, may be temporarily relaxed through
their associated slack variables to maintain QP feasibility. This hard-soft decomposition guarantees safety while
improving the robustness and feasibility of the optimization-based controller.

Building upon the previous invariance results, we now analyze the boundedness of all closed-loop signals.

Theorem 2 (Uniform Boundedness of Closed-Loop Signals) . For any admissible initial condition satisfying
the hard safety constraints, all closed-loop signals, including robot states, cognitive states, and authority allocation
variables, remain uniformly bounded for all 𝑡 ≥ 0.

Proof. The proof proceeds in four steps: construction of a composite Lyapunov function, analysis of its time
derivative, bounding of the cross terms, and concluding global boundedness.

Construction of a composite Lyapunov function, define the tracking errors for the physical subsystem:

𝒆 = 𝒒 − 𝒒𝑑 , ¤𝒆 = ¤𝒒 − ¤𝒒𝑑 . (36)

Consider the following positive definite and radially unbounded Lyapunov function candidate:

𝑉 (𝒙) = 𝑉𝑝 (𝒆, ¤𝒆) +𝑉𝑐 (𝐴,𝑇), (37)
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where

𝑉𝑝 (𝒆, ¤𝒆) =
1
2 ¤𝒆>𝑴 (𝒒) ¤𝒆 + 1

2 𝒆>K𝑝𝒆, (38)

𝑉𝑐 (𝐴,𝑇) =
1
2 (𝐴 − 𝐴𝑑)2 + 1

2 (𝑇 − 𝑇𝑑)2 . (39)

The inertia matrix 𝑴 (𝒒) is known to be uniformly positive and definite and bounded for all 𝒒; that is, there exist
constants 𝑚1, 𝑚2 > 0 such that

𝑚1 𝑰 � 𝑴 (𝒒) � 𝑚2 𝑰.

Meanwhile, the gain matrix K𝑝 is designed to be positive definite. Denote by 𝜆min (K𝑝) and 𝜆max (K𝑝) the mini-
mum and maximum eigenvalues of K𝑝, respectively. For the state vector 𝒛 = [𝒆, ¤𝒆]>, the following inequality can
be derived:

1
2 min(𝑚1, 𝜆min (K𝑝)

)
‖𝒛‖2 ≤ 𝑉𝑝 (𝒆, ¤𝒆) ≤ 1

2 max(𝑚2, 𝜆max (K𝑝)
)
‖𝒛‖2 .

Consequently, there exist positive constants

𝑐1 =
1
2 min(𝑚1, 𝜆min (K𝑝)

)
, 𝑐2 =

1
2 max(𝑚2, 𝜆max (K𝑝)

)
,

such that

𝑐1‖𝒛‖2 ≤ 𝑉𝑝 ≤ 𝑐2‖𝒛‖2, ∀𝒛.

This shows that 𝑉𝑝 is positive definite and radially unbounded, and its upper and lower bounds can be expressed
explicitly in terms of the physical parameters of the system. Moreover, since attention and trust levels are
bounded by construction (𝐴,𝑇 ∈ [0,1]), the cognitive part satisfies 𝑉𝑐 ≤ 1.

Using robot dynamics 𝑴 (𝒒) ¥𝒒 + 𝑪 (𝒒, ¤𝒒) ¤𝒒 + 𝑮 (𝒒) = (1 − 𝛼)𝝉∗𝑟 + 𝛼𝝉ℎ, the error dynamics can be written as

𝑴 (𝒒) ¥𝒆 + 𝑪 (𝒒, ¤𝒒) ¤𝒆 + K𝑑 ¤𝒆 + K𝑝𝒆 = 𝚫, (40)

The disturbance term 𝚫 aggregates the correction of the autonomous control input and the effect of the human
operator’s input:

𝚫 = (1 − 𝛼) (𝝉∗𝑟 − 𝝉r,nom) + 𝛼𝝉ℎ . (41)

Here, (𝝉∗𝑟 − 𝝉r,nom) denotes the safety correction generated by the QP relative to the authority-compensated nom-
inal robot command.

Exploiting the skew-symmetry property ¤𝑴 − 2𝑪 and differentiating Equation (38) yields

¤𝑉𝑝 = −¤𝒆>K𝑑 ¤𝒆 + ¤𝒆>𝚫. (42)

The first term on the right-hand side, −¤𝒆>K𝑑 ¤𝒆 ≤ −𝜆min (K𝑑)‖ ¤𝒆‖2, is negative definite and therefore contributes to
stability. The second term, ¤𝒆>𝚫, represents the coupling between the disturbance and the error, and its bound-
edness must be analyzed.
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From Theorem 1, the hard physical safe set Sℎ is forward invariant. Hence, the physical states (𝑞, ¤𝑞) evolve in a
closed and bounded admissible region. Moreover, the cognitive variables satisfy 𝐴,𝑇 ∈ [0,1], and by Proposition
1, 𝛼(𝑡) ∈ [𝜀,1 − 𝜀]. Therefore, the closed-loop state remains in a compact operating domain Ω ⊂ R𝑛, on which both
𝑢∗ (𝑥) and 𝑢𝑛𝑜𝑚 (𝑥) are continuous. Hence there exists 𝑐𝑢 > 0 such that ‖𝑢∗ (𝑥) − 𝑢𝑛𝑜𝑚 (𝑥)‖ ≤ 𝑐𝑢,∀𝑥 ∈ Ω.. Together with the
bounded human input ‖𝝉ℎ ‖2 ≤ 𝜏ℎ,max, we obtain

‖𝚫‖ ≤ (1 − 𝛼)𝑐𝑢 + 𝛼𝜏ℎ,max ≤ 𝑐3, (43)

for some constant 𝑐3 > 0. Applying Young’s inequality to the cross term in Equation (42) gives, for any 𝜆 > 0,

¤𝒆>𝚫 ≤ 𝜆

2 ‖ ¤𝒆‖2 + 1
2𝜆 ‖𝚫‖

2 . (44)

Substituting Equation (44) into Equation (42) and using the positive definiteness of K𝑑 produces

¤𝑉𝑝 ≤ −𝜆min (K𝑑)‖ ¤𝒆‖2 + 𝜆

2 ‖ ¤𝒆‖2 + 1
2𝜆 𝑐

2
3

= −
(
𝜆min (K𝑑) −

𝜆

2
)
‖ ¤𝒆‖2 + 1

2𝜆 𝑐
2
3 .

Choosing 𝜆 = 𝜆min (K𝑑) > 0 and defining the positive constants

𝑐4 =
𝜆min (K𝑑)

2 , 𝑐5 =
𝑐23

2𝜆min (K𝑑)
,

we obtain the compact derivative inequality

¤𝑉𝑝 ≤ −𝑐4‖ ¤𝒆‖2 + 𝑐5 .

From the cognitive dynamics Equations (2) and (3) and the boundedness of the input to the regulation 𝑢𝐴

(forced by the QP constraints), the derivatives ¤𝐴 and ¤𝑇 are continuous and bounded on the compact set [0,1]2.
Consequently,

| ¤𝑉𝑐 | = | (𝐴 − 𝐴𝑑) ¤𝐴 + (𝑇 − 𝑇𝑑) ¤𝑇 | ≤ 𝑐6, (45)

for some constant 𝑐6 > 0.

Composite Lyapunov inequality and conclusion of boundedness, combining the bound on ¤𝑉𝑝 and the bound on
¤𝑉𝑐, the total derivative satisfies

¤𝑉 = ¤𝑉𝑝 + ¤𝑉𝑐 ≤ −𝑐4‖ ¤𝒆‖2 + 𝑐5 + 𝑐6 = −𝑐4‖ ¤𝒆‖2 + 𝑐, (46)

We have 𝑐1‖𝒛‖2 ≤ 𝑉𝑝 with 𝒛 = [𝒆, ¤𝒆]>. Since ‖ ¤𝒆‖2 ≤ ‖𝒛‖2, substituting this into Equation (46) yields

¤𝑉 ≤ − 𝑐4
𝑐1
𝑉𝑝 + 𝑐.

Recalling that 𝑉 = 𝑉𝑝 + 𝑉𝑐 and 𝑉𝑐 ≥ 0, it follows that 𝑉𝑝 ≤ 𝑉. Therefore, we obtain a differential inequality for the
composite Lyapunov function 𝑉:

¤𝑉 ≤ −𝜅𝑉 + 𝑐, where 𝜅 = 𝑐4
𝑐1

> 0. (47)
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Equation (47) is the standard form for the uniform ultimate boundedness (UUB). Applying the comparison
lemma gives the explicit upper bound for 𝑉 (𝑡):

𝑉 (𝑡) ≤ 𝑉 (0)𝑒−𝜅𝑡 + 𝑐

𝜅

(1 − 𝑒−𝜅𝑡
)
≤ 𝑉 (0) + 𝑐

𝜅
, ∀𝑡 ≥ 0.

The hard CBF constraints guarantee that the robot position remains inside the safe workspace and collision
avoidance conditions are preserved for all time. If the velocity constraint is treated as a hard constraint, then the
prescribed velocity bound is also maintained. Soft cognitive constraints may experience temporary bounded
relaxation through their associated slack variables, but the variables 𝐴,𝑇 ∈ [0,1] remain bounded by construction.
Furthermore, the authority allocation dynamics guarantee 𝛼(𝑡) ∈ [𝜀,1 − 𝜀]. Therefore, all closed-loop signals
remain uniformly bounded for all future time. This completes the proof of Theorem 2.

Finally, the tracking performance of the physical subsystem is characterized throughUUB of the tracking errors.

Theorem 3 (UUB of Tracking Errors) . Under bounded human input disturbances, the tracking error 𝒆 of the
system is ultimately uniformly bounded.

Proof. FromTheorem 2, all closed-loop signals are uniformly bounded, and the composite Lyapunov function
satisfies

¤𝑉 ≤ −𝜅𝑉 + 𝑐.

Since

𝑉 = 𝑉𝑝 +𝑉𝑐 , 𝑉𝑐 ≥ 0,

it follows that

𝑉𝑝 ≤ 𝑉.

Moreover, from the quadratic bounds of 𝑉𝑝,

𝑐1‖𝑧‖2 ≤ 𝑉𝑝 ≤ 𝑐2‖𝑧‖2, 𝑧 = [𝑒, ¤𝑒]> .

Therefore,

‖𝑧(𝑡)‖2 ≤ 1
𝑐1
𝑉 (𝑡) ≤ 1

𝑐1

(
𝑉 (0)𝑒−𝜅𝑡 + 𝑐

𝜅

)
.

Hence,

limsup
𝑡→∞

‖𝑧(𝑡)‖ ≤
√

𝑐

𝜅𝑐1
.

Thus, the tracking error state is uniformly ultimately bounded.

Remark 17 The task complexity 𝐶 (𝑡) introduces a time-varying effect into the cognitive dynamics and the authority
allocation mechanism through the attention evolution equation. Since 𝐶 (𝑡) is bounded, the term −𝜇𝐶 (𝑡)𝐴 can be
regarded as a uniformly bounded perturbation in the closed-loop system. Therefore, the overall system can be inter-
preted as a nonlinear system with a bounded time-varying disturbance. The Lyapunov function derivative derived
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in Theorem 2 remains valid, and the bounded perturbation induced by 𝐶 (𝑡) only affects the convergence rate but
does not alter the stability property. Consequently, the previously established ISS and UUB results still hold in the
presence of task-complexity variations.

Theorem 3 further shows that bounded human intervention and safety-driven control corrections do not compro-
mise closed-loop stability, but only enlarge the residual tracking error bound. In the nominal low-disturbance case,
the ultimate tracking radius becomes small, yielding high-accuracy motion tracking. This robustness property is par-
ticularly important for human-robot shared control systems subject to uncertain operator actions and time-varying
task complexity.

Collectively, the foregoing results establish the main theoretical properties of the proposed human–robot col-
laborative control framework. The authority-allocation dynamics remain stable and confined to the admissible
sharing interval, the hard-constrained safe set is forward invariant under theQP-based controller, all closed-loop
signals remain uniformly bounded, and the tracking errors are uniformly ultimately bounded in the presence
of bounded human disturbances. Therefore, the proposed scheme guarantees safety, stability, and robustness
of the overall human–robot system, providing a rigorous theoretical foundation for the simulation studies pre-
sented in the next section.

4. SIMULATION

This section presents simulations conducted on the MATLAB platform to validate the effectiveness of the pro-
posed robust CBF safety control framework and the cognitive performance-based dynamic intervention mech-
anism.

4.1. Comprehensive simulation
This experiment is designed to comprehensively validate the proposed integrated cognition–physical modeling
framework, the robust CBF-QP-based safety controller, and the cognitive-driven dynamic intervention mecha-
nism. The simulation considers a complete HRC scenario that incorporates robot dynamics, safety constraints,
operator cognitive evolution, external disturbances, and the proposed control architecture in a unified setting.
To evaluate the effectiveness of the proposed method, comparative simulations are conducted between the full
proposed framework and two baseline cases, including a fixed-weight CBF-based shared control strategy and a
nominal controller without CBF constraints, enabling a systematic assessment of safety, tracking performance,
and cognitive adaptability. Table 1 lists the relevant simulation parameters.

To evaluate the response of the proposed framework under time-varying disturbances, two prescribed distur-
bance intervals are introduced during the simulation, namely 𝑡 ∈ [8,10] s and 𝑡 ∈ [18,20] s. During these intervals,
external disturbances are applied to the cognitive system, resulting in temporary degradation of the operator’s
attention and trust states. The same disturbance intervals are used consistently across all related simulations
unless otherwise stated.

As shown in Figure 1, the proposed method successfully achieves collision-free trajectory tracking in the pres-
ence of environmental obstacles. Compared with the baseline method without CBF constraints, which exhibits
significant safety violations, the proposed controller ensures strict adherence to the safety boundary. The fixed-
weight CBF method also guarantees safety but produces overly conservative trajectories due to the lack of adap-
tive authority allocation. In contrast, the proposed cognition-aware robust CBF framework achieves a better
balance between safety and tracking performance by dynamically adjusting control authority based on human
cognitive state and task conditions.
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Table 1. Simulation parameters

Parameter Value Unit
Robot Physical Parameters
𝑚1, 𝑚2 1.0, 0.5 kg
𝑙1, 𝑙2 1.0, 0.7 m
𝑔 9.81 m/s2

Safety Parameters
𝒑obs [1.2; 0.3] m
𝑑safe 0.3 m
𝑣max 4.0 rad/s
𝐴min 0.4 -
𝜏ℎ,max 1 Nm

Cognitive Model Parameters
𝜆0 0.1 -
𝜇 0.05 -
𝛾 0.15 -
𝛽1 0.2 -
𝛽2 0.3 -
𝛽3 0.5 -
𝑇base 0.3 -
𝐴𝑑 0.85 -
𝑇𝑑 0.8 -

Control Authority Parameters
𝐴0 0.6 -
𝑇0 0.5 -
𝑘𝐴 10 -
𝑘𝑇 10 -
𝑘𝑎 1.0 -
𝑘𝑡 2.0 -
𝑘𝛼 3.0 -
𝜀 0.15 -

Dynamic InterventionThresholds
𝑃1 0.7 -
𝑃2 0.5 -

Cognitive Regulator Parameters
𝑘1 1.1 -
𝑘2 1.0 -
𝑘3 1.0 -
𝑘4 0.2 -

Simulation Time
Δ𝑡 0.01 s
𝑇total 30 s

The deviation of the experimental trajectory from the nominal circular reference, including the semi-circular
shape and the absence of full re-convergence after obstacle avoidance, is expected in the CBF-QP framework.
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Figure 1. Comparison of end-effector trajectories in the task space. CBF: Control barrier function.
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Figure 2. Bounded human input disturbance. The two joint torque components 𝜏ℎ1 and 𝜏ℎ2 are generated under the constraint ‖𝝉ℎ ‖2 ≤
𝜏ℎ,max = 1 N · m.

This is because safety constraints are enforced as hard constraints and become activewhen the system approaches
the obstacle boundary, temporarily overriding trajectory tracking objectives. After bypassing the obstacle, the
controller operates in a locally optimal safe regime rather than performing global trajectory re-planning, leading
to a safe but non-identical recovery path. In this work, task completion is defined as safe traversal along the
reference workspace rather than exact reproduction of the nominal geometric path.

Figure 2 illustrates the evolution of the human input disturbance 𝝉ℎ (𝑡) over a 30-second simulation period. The
simulation emulates the unexpected control inputs exerted by the human operator during a human-robot collab-
orative task. The two disturbance profiles exhibit bounded randomness, simulating the uncertain, time-varying,
and non-ideal nature of human operation in real HRC.This provides a physical basis for the subsequent design
of the robust CBF controller, which is required to guarantee system safety in the presence of bounded human
disturbances.

As shown in Figure 3, the proposed cognition-aware robust CBF framework ensures simultaneous satisfaction
of spatial, kinematic, and cognitive safety constraints under bounded human input disturbances. The spatial
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Figure 3. Security function.

barrier function ℎobs remains non-negative throughout the task, demonstrating strict obstacle avoidance. The
velocity barrier function ℎ𝑣 exhibits transient degradation during obstacle avoidance but recovers once safety
constraints are satisfied. The cognitive barrier function ℎ𝐴 represents the safetymargin of the operator’s attention
level relative to the prescribed minimum threshold. Although trust 𝑇 affects the attention dynamics through the
cognitive coupling term, it is not directly represented by ℎ𝐴. The non-negativity of ℎ𝐴 therefore confirms that
the attention safety requirement is maintained throughout the task.

The large initial fluctuation observed in all safety-related functions is attributed to transient controller initializa-
tion and active-set switching in the CBF-QP optimization process before convergence to a steady feasible region.
Furthermore, the sharp variations occurring in the intervals of 8-10 s and 18-20 s correspond to two external
disturbance events injected into the cognitive system, which temporarily affect attention and trust dynamics,
leading to momentary degradation in ℎ𝐴, ℎ𝑣 , and ℎobs. After each disturbance event, the proposed authority
allocation mechanism and robust CBF constraints restore system stability, ensuring recovery to a safe operating
regime.

The observed differences among the three methods can be attributed to their distinct control architectures. The
baseline method without CBF lacks explicit safety constraints, resulting in occasional violations under distur-
bances. The fixed-weight CBF approach enforces safety in a conservative manner due to constant authority
allocation, leading to reduced performance flexibility. In contrast, the proposed cognition-aware framework
adaptively adjusts control authority based on real-time cognitive states, enabling a better balance between safety
preservation and performance recovery under time-varying disturbances.

As shown in Figure 4, the proposed cognition-aware intervention mechanism dynamically adjusts control au-
thority based on the evolution of cognitive states. The permission assignment 𝛼(𝑡) exhibits clear adaptive switch-
ing behavior in response to variations in cognitive performance 𝑃(𝑡), with two distinct intervention phases ob-
served during the disturbance intervals of 8–10 s and 18–20 s. These abrupt variations are intentionally intro-
duced in the simulation as external disturbance events injected into the cognitive system to evaluate the robust-
ness of the proposed framework. During these periods, reductions in 𝑃(𝑡) trigger a decrease in 𝛼(𝑡), indicating
increased robot intervention to maintain task safety and performance.

The evolution of cognitive states further demonstrates the effectiveness of the proposed framework. Specifically,
the trust variable 𝑇 (𝑡) shows higher sensitivity to system failure events, exhibiting sharp declines followed by grad-
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ual recovery, while the attention state 𝐴(𝑡) evolves more smoothly under continuous workload and intervention
effects. This asymmetric response highlights the distinct roles of attention and trust in cognitive regulation.

Overall, the results confirm that the proposed method achieves a closed-loop interaction between cognitive
state evolution and authority allocation, enabling adaptive intervention under time-varying task conditions and
deliberately introduced disturbance scenarios.

As shown in Figure 5, the control inputs of both joints exhibit distinct behaviors under different methods. The
proposed method demonstrates higher control activity during the initial transient phase and disturbance in-
tervals, which is attributed to the active enforcement of safety constraints through the CBF-QP framework. In
particular, sharp variations in the control torques during the disturbance intervals of 8-10 s and 18-20 s cor-
respond to external disturbance events, requiring rapid reallocation of control authority to maintain system
safety. After these intervals, the control inputs gradually converge to smoother profiles as the system enters a
safe operating region.

Compared with the baseline without CBF constraints, which produces smoother but unsafe control signals, and
the fixed-weight CBF method, which exhibits conservative but less adaptive behavior, the proposed approach
achieves a balance between responsiveness and safety assurance under bounded human input disturbances.
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As shown in Figure 6, the joint position tracking error varies significantly among different control strategies.
The no-CBF method achieves the lowest tracking error due to the absence of safety constraints, allowing the
controller to strictly follow the nominal trajectory. However, this comes at the cost of safety violations in con-
strained environments. The fixed-weight CBF method introduces moderate tracking deviations, resulting from
the constant trade-off between safety enforcement and tracking performance.

In contrast, the proposed cognition-aware robust CBF framework exhibits larger tracking error, which is primar-
ily induced by the activation of safety constraints and adaptive authority allocation under cognitive disturbances.
In particular, the pronounced error peaks observed during the disturbance intervals of 8-10 s and 18-20 s corre-
spond to two external disturbance events injected into the system, during which the CBF-QP controller actively
reconfigures its control authority to maintain safety, leading to temporary degradation in tracking performance.
After each disturbance phase, the tracking error gradually decreases as the system returns to a safe and feasible
operating regime.

Despite increased tracking deviation, the proposed method ensures strict satisfaction of safety constraints and
bounded system behavior, highlighting the inherent trade-off between safety and tracking accuracy in con-
strained control systems.

The aforementioned simulation results were all obtained under scenarios involving two sudden disturbance
events. To further validate the effectiveness of the multi-factorial influence and intervention mechanism of
cognitive decline, the following two figures present the results obtained under a scenario where a system fault
occurs around 15 s.

As shown in Figure 7, the proposed cognition-aware intervention framework effectively responds to a system
fault injected at 𝑡 = 15 s. Prior to the fault, the human control authority 𝛼(𝑡) remains relatively high, indicating bal-
anced human–robot shared control. Once the system failure occurs, the cognitive performance 𝑃(𝑡) significantly
decreases, triggering a gradual reduction in 𝛼(𝑡), which corresponds to an increased level of robot intervention
authority. When 𝑃(𝑡) further drops below the critical threshold 𝑃2, the interventionmechanism is fully activated,
resulting in control authority being transferred to the robotic system to the maximum extent, where 𝛼(𝑡) is main-
tained at its minimum value to ensure safety and system stability. After the fault event, the system stabilizes in a
degraded but safe operating regime, with 𝛼(𝑡) remaining at a lower level to maintain robustness under persistent
uncertainty.
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Figure 7. Evolution of cognitive performance and dynamic authority allocation under fault-induced cognitive degradation.

Table 2. Sensitivity analysis under different 𝜏ℎ𝑚𝑎𝑥

𝜏ℎ𝑚𝑎𝑥 (Nm) 𝛿obs 𝛿obs𝑚𝑎𝑥
RMS error Safety violation count

0.2 0.65 2.91 1.27 0
0.5 1.41 6.69 1.95 0
1.0 2.01 10.24 2.39 0
1.5 2.83 11.95 2.43 0

RMS: Root mean square.

The evolution of cognitive states further confirms the effectiveness of the proposed mechanism. Specifically, the
trust variable 𝑇 (𝑡) exhibits a sharp collapse immediately after the fault occurrence, reflecting its high sensitivity
to system failures, while the attention state 𝐴(𝑡) decreases more gradually due to its inertia-driven dynamics.
Although partial recovery is observed in later stages, the cognitive system does not fully return to its initial state,
indicating a persistent impact of system failure on human–robot interaction dynamics. These results demon-
strate that the proposed framework can effectively capture and respond to fault-induced cognitive degradation
through adaptive authority reallocation.

4.2. Sensitivity analysis of robust margin
To evaluate the influence of the assumed upper bound of human-input disturbances on the proposed robust CBF
framework, a sensitivity analysis is conducted by varying the disturbance bound parameter 𝜏ℎ,max while keeping
all other controller parameters unchanged. Four cases are considered here, namely 𝜏ℎ,max = {0.2, 0.5, 1, 1.5}Nm.
As shown in Table 2, for each case, the root-mean-square tracking error, the number of safety violations, and
the average and maximum values of the robustness margin 𝛿obs are recorded.

It can be observed that both 𝛿obs and 𝛿obsmax increase monotonically with respect to 𝜏ℎ𝑚𝑎𝑥 , which is consistent
with the theoretical formulation that the robust CBF margin scales proportionally with the upper bound of the
human-input disturbance. Specifically, 𝛿obs increases from 0.65 to 2.83, while 𝛿obsmax increases from 2.91 to
11.95, indicating that the proposed method effectively enlarges the safety margin to compensate for stronger
external disturbances.

Meanwhile, the root mean square (RMS) tracking error shows a gradual increase from 1.27 to 2.43 as 𝜏ℎ𝑚𝑎𝑥

grows. This behavior is expected since a larger disturbance bound leads to more conservative safety constraints,
resulting in a slight reduction in tracking accuracy due to increased safety-oriented control effort. Notably, the
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Figure 8. Comparison of the safety-performance trade-off index. AAE: Authority adaptation efficiency; CCI: cognition-consistency index;
CBF: control barrier function; CSPI: composite safety-performance index.

growth of RMS error tends to saturate at higher disturbance levels, suggesting that the proposed framework
maintains stable tracking performance even under strong uncertainty.

Importantly, the safety violation count remains zero across all tested cases, demonstrating that the proposed
robust CBF-QP controller consistently preserves forward invariance of the safe set. Overall, these results verify
that the proposed method achieves a desirable trade-off between robustness, safety, and tracking performance
under increasing human-input uncertainty.

4.3. Comparison of performance evaluation metrics
To comprehensively evaluate the performance of the proposed method, this subsection presents a quantitative
comparison of the CSPI, AAE, and CCI metrics proposed in Section 3.4 under different control strategies. Be-
cause human–robot shared control inherently involves a trade-off between tracking performance and safety
constraints, a single metric is insufficient to assess the overall system behavior. Therefore, the composite index
CSPIfinal is introduced to provide a holistic evaluation of the safety–performance trade-off. The numerical val-
ues of the relevant metrics and the data comparison of the final CSPIfinal index are shown in the figure below.

Figure 8A illustrates the human–robot adaptation performance in terms of AAE and CCI under three control
strategies, including the proposed method, the no-CBF baseline, and the fixed-weight CBF method. It can
be observed that the proposed method achieves a balanced trade-off between AAE and cognition consistency.
Specifically, compared with the fixed-weight CBF method, the proposed approach slightly increases AAE but
significantly reduces CCI, indicating improved efficiency in maintaining cognition-consistent interaction while
preserving acceptable authority adaptation performance. In contrast, the fixed-weight CBF baseline achieves
lower AAE at the expense of substantially higher cognitive inconsistency, while the no-CBF method exhibits
moderate cognitive burden but weaker overall coordination stability. These results demonstrate the superiority
of the proposed adaptive strategy in balancing human–robot interaction performance.

Figure 8B presents the Safety–Performance Trade-off Index, which integrates tracking accuracy, safety viola-
tions, and control effort into a unified metric to evaluate the overall system performance across different control
strategies. As shown in the figure, the fixed-weight CBF method achieves the lowest trade-off index, indicating
that it provides strong safety enforcement with relatively low overall cost. However, this improvement is mainly
attributed to its conservative safety regulation, while the fixed authority allocation lacks the capability to adap-
tively adjust the human–robot control balance according to cognitive variations. The proposed method achieves
a slightly higher trade-off index than the fixed-weight CBF approach but significantly outperforms the no-CBF
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baseline, demonstrating its capability to achieve an effective balance between safety preservation and task per-
formance. More importantly, the proposed cognition-aware adaptive authority allocation provides enhanced
adaptability and cognitive-aware intervention capability, which enables dynamic adjustment of human–robot
interaction and avoids overly conservative behaviors, making it more suitable for long-term HRC scenarios.

Figure 8C presents the final CSPI, providing a unified metric for overall system evaluation across different con-
trol strategies. Results indicate that the proposed method achieves the lowest CSPI value, demonstrating the
best overall trade-off among tracking performance, safety assurance, and control effort. In contrast, the no-CBF
baseline and fixed-weight CBF method yield higher CSPI values, due to safety violations and overly conserva-
tive control behavior, respectively. These results further confirm the effectiveness of the proposed approach in
achieving balanced and efficient HRC.

Overall, the results in Figure 8A-C consistently demonstrate that the proposed method achieves a superior bal-
ance between human cognitive adaptation and robot safety control. By introducing a unified composite evalua-
tion framework, the proposed approach effectively quantifies the inherent trade-off between safety enforcement
and performance degradation, thereby providing greater interpretability and comparability compared with con-
ventional methods.

5. CONCLUSIONS

This paper investigated safety-critical HRC under uncertain human inputs and fluctuating operator cognition
by developing a unified cognitive-physical control framework. A robust CBF-QP controller was designed to
enforce obstacle avoidance, velocity limits, and cognitive-state safety constraints, while an adaptive authority
allocation mechanism enabled smooth transitions between shared control and autonomous intervention. The-
oretical analysis established stable, admissible authority allocation, forward invariance of the hard-constrained
safe set, uniform boundedness of all closed-loop signals, and uniformly ultimately bounded tracking errors un-
der bounded disturbances. Simulation studies verified the effectiveness of the proposed method in mitigating
cognitive risk and preserving safety and performance. Future work will consider multimodal cognitive sensing,
online adaptation, dynamic environments, multi-robot coordination, and real-world experimental validation.
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