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 Time-dependent human cognitive and physical conditions should be 

considered in adaptive autonomy in collaborative robotics to ensure safety, 

performance, and operator comfort. But most of the current methods depend 

on heuristic levels of workload or individual physiological measures and fail 

to combine human-state estimation with the control structure. This paper 

suggests a human state digital twin (HSDT) framework of physiological-

constrained adaptive robotic autonomy. This framework is a combination of 

multimodal physiological measures of electrocardiography-based heart-rate 

variability, electromyography, electrodermal activity, and task context to 

predict latent human states such as cognitive workload, fatigue, and stress. 

These estimates are included in a twin-constrained adaptive autonomy 

controller, which varies the control authority of the robot in real time. The 

simulated collaborative manipulation situation is tested in the proposed 

framework in different workload and fatigue conditions. It has demonstrated 

better tracking performance, less torque ripple, reduced operator stress 

indicators and less torque ripple. The paper presents a controlled and 

reconfigurable physiology-aware adaptive autonomy control architecture and 

a robotics-based digital twin control design framework of human-aware 

control design. 
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1. INTRODUCTION 

The new needs of collaborative robotics demand control architectures, which are able to cope with 

the changing cognitive, physical and physiological conditions of the human operator in real time. Fatigue, 

stress, workload, and task complexity have a major impact on human performance in industrial, assistive, and 

shared-workspace applications that directly impact the safety, efficiency, and the quality of interaction of a 

system. Conventional approaches to human-robot teaming are often based on the classic approaches of fixed 

safety margins, heuristic workload limits or pre-established levels of assistance, which do not work well in 

managing nonlinear and time-varying human factors. Recent developments in physiological sensing have 

shown that it is possible to improve the awareness between operators and states in their interaction [1]. Also, 

explainable and adaptive artificial intelligence is advancing with the focus on the need to have structured 

https://creativecommons.org/licenses/by-sa/4.0/
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state-aware decision systems, but little has been done on how to directly incorporate them into robotic control 

laws [2]. Besides, recent control oriented embedded architectures emphasize the importance of having 

closely coupled estimation and control systems as opposed to viewing them as independent processes [3]. 

The paper proposes a human state digital twin (HSDT) implemented into the adaptive robotic control. 

Earlier studies have done research on multimodal signal processing and data-driven modeling 

systems which are human centric systems [4]. Distributed intelligence methods have also been able to deal 

with issues involving dealing with heterogeneous physiological data [5]. The multimodal sensing techniques 

used jointly also illustrate the ability to garner meaningful information out of the complex signals [6]. Higher 

levels of physiological modelling have also been suggested in enhancing accuracy of human-state estimations 

[7]. But these are more of an approach to analyze data and to infer rather than integrate real-time control. The 

most important aspect in robotics is not where meaningful features are extracted out of physiological signals 

but rather how this information can be directly incorporated into control architectures which directly affect 

the behavior of the system. Recently, a new technology has been developed that is called digital twin and 

could become the new promising paradigm of modeling dynamic interactions between physical systems, 

human operators and environments. Specifically, human digital twins offer well-structured computationally 

represented operator behavior and physiological state, which can be used to enhance safety and ergonomics 

of collaborative systems [8]. Meanwhile, the trend of smart system design is toward transparency, reliability, 

and interpretability of the decision-making process in the context of human-related data [9]. Intelligent 

human-centered systems have also emphasized the significance of developing a robust and trust-aware 

system design [10]. The adaptive and context-aware systems of robotics are developing towards autonomy 

systems that not only react to the task demands, but also react to the condition of the operator [11]. 

One of the biggest shortcomings of current methods is that physiological sensing is generally 

utilized as a monitoring tool or to conduct offline analysis instead of being a part of closed-loop control 

systems. Even though developed learning structures have proved to be very robust in patterns that can be 

identified in the intricate physiological data [13], such models are hardly ever employed as inputs to control 

laws. A few studies have considered multimodal physiological learning [14], whereas others considered data-

based human-state modelling [15]. Besides, physiological monitoring systems have also been created based 

on real-time signal interpretation systems [16]. Nevertheless, these methods do not directly incorporate 

physiological estimates in the adaptive control processes, which means that they cannot be conveniently 

applied in real-time robots. 

Recent advances in human digital twin models accentuate continuous representation of operator 

condition and contextual interaction model [17]. The design of knowledge-based systems also emphasizes the 

need to make decisions in an organized manner in adaptive systems [18]. Responsive and human-aware 

control mechanisms have also been shown to be beneficial in adaptive automation approaches in robotics 

[19]. Secondly, the studies on system coordination and distributed intelligence emphasize that there has to be 

stable and interpretable decision-making structures [20]. Trust modeling techniques also help give the 

concept of reliability in human-centric systems greater weight [21]. Such adaptive architectures have also 

been proposed to have benchmarking methodologies [22]. The research on the spatiotemporal modeling and 

dynamic behavior analysis points to the significance of time-varying human movement, as well as 

physiological variability [23]. This is especially applicable in collaborative robotics where fatigue, stress and 

motor intent directly impact the quality of interactions and system safety. The studies of human-conscious 

control and soft robotic interaction also emphasize the necessity of the adaptive control mechanisms taking 

into consideration human comfort and physical state [24]. Also, systems based on robotics with human focus 

are becoming more in need of models which can be adjusted to the variations of the operator performance 

[25]. The fact that sensitivity-aware and fairness-aware modeling approaches suggest the relevance of 

responsiveness to the changes in human-state information also speaks in favor of the importance of the latter 

[26]. In addition, real-time processing of physiological signals is made possible by low-latency 

computational frameworks and this is essential in adaptive autonomy to dynamic environments [27]. The 

real-time processing architectures are also efficient to add the concept of physiological sensing into the 

control systems [28]. Recent studies in human-robot collaboration also confirms that workload, autonomy, 

robot speed, and complexity of the environment all impact the quality, safety, and comfort of the interaction 

[29], [30]. Human-centric digital twin studies also demonstrate that digital twins of humans can enable more 

context-aware and adaptive human-machine collaboration [31]. Further, reinforcement learning and task-load 

adjustment methods have been shown to enhance human-robot collaboration by adapting robot actions based 

on physiological and performance measures [32]. The most recent review of mental workload in 

collaborative tasks stresses that workload assessment is a critical aspect of cobot systems [33]. However, 

research on robotic teleoperation also demonstrates that physiological measures could be insufficient and 

need to be complemented by performance measures for reliable workload prediction [34]. Human-in-the-loop 

optimization also underlines the need for an adaptive robotic system which learns from the particular 
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responses of the human user as opposed to the fixed controller tuning [35]. These recent advances highlight 

the need for the proposed HSDT-based TCAA approach, where physiological estimation and monitoring is 

not considered as a stand-alone output but is integrated with autonomy allocation and robotic control. 

Although these developments are made, there are still a number of research gaps. To begin with, there are 

few formal parametric models of human physiological state that are directly incorporated into the control 

laws of robots. Second, in closed-loop systems real-time estimates of the physiological state are rarely 

applied as dynamic constraints in the allocation of autonomy. Third, unity of assessment schemes of 

physiology-constrained adaptive autonomy is lacking especially in measurement of performance tracking, 

seamless change of authority and safety conscious control behavior. To overcome the difficulties, this paper 

suggests a human state digital twin (HSDT)-inspired twin-constrained adaptive autonomy (TCAA) model, 

where multimodal physiological cues are directly incorporated into the control of a robot. The proposed 

framework makes use of electromyography (EMG), electrodermal activity (EDA) and heart-rate variability 

(HRV) to predict in real-time latent human states including cognitive workload, fatigue, and stress. These 

estimates are integrated into an autonomy allocation mechanism which is a closed-loop and dynamically 

modulates the control authority between the human operator and the robot. The research problem that is to be 

discussed in this work is to ascertain whether direct application of the real-time estimation of latent human 

physiological states can be directly integrated into the control laws of robots with the aim of enhancing the 

safety, tracking performance and smoothness of the interaction in collaborative systems. The main 

contributions of this paper are as follows: 

- A coordinated HSDT system of real-time multimodal estimation of the cognitive workload, fatigue, and 

stress.  

- A physiology-constrained adaptive autonomy control architecture that provides estimates of human-state 

directly into control authority allocation.  

- A TCAA model that allows easy and interpretable based transitions between human and robot control.  

- A validation framework based on simulation showing enhancement of the accuracy tracking, smoothness 

of the torque and stability at different workload conditions.  

The proposed method will further take the field of adaptive autonomy a step beyond monitoring-

based systems by adding physiological state estimation to closed-loop control, bringing the concept of the 

next-generation collaborative robotics to a completely unified human-aware control paradigm. The suggested 

framework is specifically applicable in industry collaborative robots, assistive, and human-focused 

automation landscapes. 

 

 

2. PROPOSED METHOD  

2.1.   Overall system architecture 

The proposed design is based on TCAA architecture, according to which HSDT constantly adjusts 

the robot control authority assignment. The general system architecture is shown in Figure 1.  

 

 

 
 

Figure 1. Overall architecture of the twin-constrained adaptive autonomy framework 

 

 

The framework consists of five basic modules, namely: i) multimodal physiological sensing,  

ii) human state estimation, iii) autonomy blending controller, iv) robot dynamic control layer and  
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v) bidirectional feedback. Physiologic indicators such as electromyography (EMG), electrodermal activity 

(EDA), and heart-rate variability (HRV) are measured with a frequency 𝑓𝑠. Such signals are preprocessed and 

transformed into a latent human state vector 𝑥ℎ ∈ ℝ𝑛, which is a cognitive workload, fatigue, and stress. The 

state-space dynamic of the robot plant is provided as: 

 

𝑥̇𝑟 = 𝑓(𝑥𝑟 , 𝑢), 𝑦 = ℎ(𝑥𝑟) 

 

In this case, 𝑥𝑟 ∈ ℝ𝑛 represents the state of the robot, 𝑢 ∈ ℝ𝑚 denotes the control input, and 𝑦 ∈ ℝ𝑝  

represents the observable output. A, B and C are the state, input and output matrices of linearized 

representation of the robot dynamics. The input of the human operator 𝑢ℎ  is added to the autonomous 

controller input 𝑢𝑎 with an adaptive autonomy coefficient 𝛼 ∈ [0,1] such that: 

 

𝑢 = 𝛼(𝑥ℎ)𝑢𝑎 + (1 − 𝛼(𝑥ℎ))𝑢ℎ 

 

This shared-control formulation 𝑢ℎ represents the human command input, 𝑢𝑎 represents the 

autonomous controller output and 𝛼  is the degree of control authority allocated to each. The larger the value 

of α the greater the power given to the autonomous controller; the smaller the value of α, the larger the 

portion of control left in the hands of the human operator. Dynamic computation of the coefficient of 

blending is: 

 

𝛼(𝑥ℎ) = 𝜎(𝑊𝑇𝑥ℎ + 𝑏) 
 

In this 𝑊 is a learned weighting vector, 𝑏 is a scalar bias value, and 𝜎(⋅)  is a constrained sigmoid activation 

function that thwarts smooth and continuous switches between low and high autonomy levels. 

 

 

3. METHOD 

3.1.   Human state digital twin modeling 

HSDT modeling pipeline as shown in Figure 2 is a transformation of physiological measurements to 

a dynamically estimated human-state latent state to be used in adaptive robotic control. The HSDT is 

intended to give a mathematically consistent and real time model of cognitive load, fatigue, and stress 

computationally, using multimodal bio signal representations, and resilient to measurement noise and 

nonlinear physiological processes. Physiological measurements in the proposed framework are represented as 

multimodal cues EMG, EDA and photoplethysmography/electrocardiography (PPG/ECG)-measured heart-

rate-variability (HRV) features. A band-pass filter of 20-450 Hz was used to filter the EMG signals in order 

to eliminate motion artifacts and high-frequency noise. To maintain slow sympathetic response components 

linked with stress and arousal, EDA signals were low-pass filtered. The extract of HRV features based on the 

ECG/PPG-derived inter-beat intervals was performed through conventional time-domain and frequency-

domain measures. The estimator was run at 100 Hz and the robot control loop was run at 1 kHz to guarantee 

compatibility between physiological estimation and control execution in real-time. 

These signals represent variations in operator state under changing workload conditions, and are 

processed in the framework. Digital band-pass filter is used to eliminate motion artifacts, baseline drift and 

high frequency noise. The standard difference equation is the means to obtain the filtered signal: 
 

𝑥𝑓[𝑘] = ∑ 𝑎𝑖

𝑁

𝑖=0

𝑥[𝑘 − 𝑖] − ∑ 𝑏𝑗

𝑀

𝑗=1

𝑦[𝑘 − 𝑗] 

 

In this case, 𝑥[𝑘] is the input signal, 𝑥𝑓[𝑘] is the filtered output, 𝑎𝑖 and 𝑏𝑗 are filter coefficients and 𝑁 and 𝑀 

are the feedforward and feedback order of the filter respectively. The filter parameters are chosen depending 

on physiological signal bandwidths (e.g. 20-450 Hz of EMG and 0.04-0.4 Hz of HRV components). The  

z-domain stability and causality is provided by normal pole-zero analysis. After the signal conditioning we 

extract features so as to come up with the meaningful physiological descriptors of latent human states. The 

features that are extracted are root-mean-square (RMS) EMG amplitude (symbolizing muscular effort), skin 

conductance level (SCL) (symbolizing sympathetic nervous activity) and HRV spectral components, i.e. low-

frequency (LF) and high-frequency (HF) power. These characteristics are put together into an observation 

vector: 

 

𝑧[𝑘] = [RMS𝐸𝑀𝐺 ,SCL, HRV𝐿𝐹 , HRV𝐻𝐹 , …  ]𝑇 
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A nonlinear representation of fatigue and internal cognitive states which the observation vector can 

provide is partially observable. The latent state cannot be measured as physiological processes are nonlinear 

and correlated over time and therefore cannot be determined directly as a result of instantaneous 

measurements. Thus, a recursive state estimation model is used. A Kalman filter that is extended (EKF) is 

taken to predict the latent human state vector 𝑥ොℎ, that can be a cognitive load index, fatigue level, stress 

index, and neuromuscular activation state. The nonlinear state-space model is a discrete-time model in the 

form: 

 

𝑥ℎ[𝑘 + 1] = 𝐹𝑥ℎ[𝑘] + 𝑤[𝑘] 
𝑧[𝑘] = 𝐻𝑥ℎ[𝑘] + 𝑣[𝑘] 

 

The observation-latent human states relationship is nonlinear and partially observable. As there are no 

instantaneous indicators of cognitive load, fatigue, and stress, a recursive state estimation method is 

employed. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Human state digital twin signal processing and estimation framework 

 

 

The estimation of the latent human state vector 𝑥ොℎ that reflects cognitive workload, fatigue level, 

stress index, and neuromuscular activation is done through the use of an Extended Kalman filter (EKF). The 

EKF is chosen since the latent human state is nonlinear, partially observable and recursively evolves based 

on noisy physiological measurements. EKF is less computationally complex than particle filters, so it can be 

used in real-time autonomy modulation. Compared to a standard Kalman filter, the EKF is an effective way 

to model nonlinear dependencies between physiological variables and latent variables like workload, fatigue 

and stress. The nonlinear state space model can be put in discrete-time terms as: 

 

𝑥ℎ[𝑘 + 1] = 𝐹𝑥ℎ[𝑘] + 𝑤[𝑘] 
𝑧[𝑘] = 𝐻𝑥ℎ[𝑘] + 𝑣[𝑘] 

 

In this case, F denotes the state transition matrix, H is the observation matrix, 𝑤[𝑘] ∼ 𝒩(0, 𝑄), and 𝑣[𝑘] ∼
𝒩(0, 𝑅) denote process and measurement noise respectively with covariance matrices Q and R respectively. 

EKF takes place in two recursions. In the prediction step: 
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𝑥ොℎ
− = 𝐹𝑥ොℎ 

𝑃− = 𝐹𝑃𝐹𝑇 + 𝑄 

 

where 𝑃 is the state covariance matrix which is the uncertainty in estimation. In update step Kalman gain is 

calculated as: 

 

𝐾 = 𝑃−𝐻𝑇(𝐻𝑃−𝐻𝑇 + 𝑅)−1 

 

The state estimate is given by: 

 

𝑥ොℎ = 𝑥ොℎ
− + 𝐾(𝑧 − 𝐻𝑥ොℎ

−) 

 

and the covariance update is given as: 

 

𝑃 = (𝐼 − 𝐾𝐻)𝑃− 

 

This recursive estimation makes it possible to keep on updating the latent human state with the availability of 

new observations. The covariance matrix 𝑃 can be used to give a measure of the confidence of estimations, 

which can be included in safety-conscious autonomy constraints. The observability matrix will be assessed 

as: 

 

𝑂 = [

𝐻
𝐻𝐹

𝐻𝐹2

⋮

] 

 

To make a tradeoff between responsiveness and noise suppression additional tuning methods like 

expectation-maximization (EM) or innovation covariance matching can be used. The autonomy blending 

coefficient is directly modulated using the estimation of the latent state 𝑥ොℎ. The autonomy modulation is 

determined as: 

 

𝛼[𝑘] = 𝛼𝑚𝑖𝑛 + (𝛼𝑚𝑎𝑥 − 𝛼𝑚𝑖𝑛) 𝜎(𝛽𝑇𝑥ොℎ[𝑘]) 

 

The bounded sigmoid mapping provides that 0 ≤ α(t) ≤ 1, and avoids discontinuous human and robot control. 

The derivative of the sigmoid function is limited, so the rate of change of autonomy is smooth, thus 

minimizing sudden changes in torques and enhancing the stability of closed-loop interaction. In this 𝜎(⋅) a 

bounded sigmoid function and 𝛽 is a learned weighting vector that is used to map human conditions to levels 

of autonomy. The autonomy coefficient is found to be high under high cognitive load or fatigue and allows 

increased robotic assistance. In more loose conditions, authority of human control is underlined. HSDT 

modeling framework offers the following main properties: i) continuous estimation of human state over time, 

ii) robustness to sensor noise and signal variability, iii) mathematically consistent state-space representation, 

and iv) direct integration into closed-loop adaptive control. 

The HSDT is tested in a simulation-based framework with the variations of workload and noise 

conditions that are representative. Validation issues consist of the accuracy of the estimation (e.g. RMSE), 

convergence of the EKF, computational latency and stability in different conditions of the signal. In general, 

the HSDT is an interactive model of computation of physiological and cognitive state of an operator, and 

allows structured and interpretable physiology-constrained adaptive autonomy of collaborative robotic 

systems, as shown in Figure 2. 

 

3.2.  Twin constrained adaptive control law 

The adaptive control architecture places the human state estimation with the control authority 

allocation mechanism. The conceptual summary of the entire blending loop is represented in Figure 3.  

The controller is made up of three layers that are connected: i) robot dynamic control, ii) human 

state estimation through the HSDT, and iii) physiological state autonomy allocation. A feedback linearization 

structure is obtained based on which the autonomous control action is obtained as: 

 

𝑢𝑎 = 𝐾𝑝𝑒 + 𝐾𝑑𝑒̇ 

 

where 
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𝑒 = 𝑥𝑟
𝑟𝑒𝑓

− 𝑥𝑟 

 

It is the tracking error between the reference trajectory 𝑥𝑟
𝑟𝑒𝑓

 and the measured robot state 𝑥𝑟 , and 𝐾𝑝, 

𝐾𝑑 are proportional and derivative gain respectively. This building provides critically damped response and 

quick convergence even when operating in nominal conditions. In order to ensure safe actuation, actuator 

saturation and mechanical limits are placed directly via a clipping function: 

 

𝑢𝑠𝑎𝑓𝑒 = clip(𝑢, 𝑢𝑚𝑖𝑛 , 𝑢𝑚𝑎𝑥) 

 

where 𝑢𝑚𝑖𝑛 and 𝑢𝑚𝑎𝑥 are limits in terms of torque/force set by hardware and safety standards. The originality 

of the structure is that the autonomy blending mechanism balances control power depending on the estimated 

human state. The blending factor 𝛼 ∈ [0,1] is calculated as: 

 

𝛼 = 𝜎(𝑊𝑇𝑥ℎ + 𝑏) 

 

where 

- 𝑥ℎ is the attempt of the human state (fatigue index, stress level, indicators of labor) which is estimated, 

- 𝑊 is an acquired weighting vector, 

- 𝑏 is a bias term, 

- 𝜎(⋅) is bounded sigmoid activation which provides smooth changes. 

 

 

 
 

Figure 3. Twin constrained autonomy blending control loop 

 

 

The ultimate blended control command will be: 

 

𝑢 = 𝛼𝑢𝑎 + (1 − 𝛼)𝑢ℎ 
 

where 𝑢ℎ is the command input provided by humans. This structure ensures: 

- Big autonomy in case of high fatigue index (large α) 

- Increased human control at low cognitive load (small𝛼). 

- Continuous torque-transitions will be desired. 

The system ensures that sudden mode changes do not occur and stability is ensured in response to 

time-varying human conditions by integrating autonomy within the closed-loop control law instead of it 

being an external switching system. 

 

3.3.  Experimental and simulation setup 

The proposed framework was tested in a simulated controlled setting aimed at the analysis of the 

interaction of human-state estimation and adaptive autonomy allocation under repeatable conditions. The 

simulations were executed in a numerical computing system (e.g., MATLAB/Simulink or a similar system) 

to test the proposed control system in different workload conditions. No physical human subject experiment 

is indicated in the research, but instead, variations in physiological states and collaborative task requirements 
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were simulated to test the closed-loop behavior of the controller. A multi-degree-of-freedom robotic 

manipulator model, which is generic, was taken into consideration in a collaborative manipulation and 

trajectory-tracking task where the robot followed a reference trajectory and accommodated time-varying 

human input and approximated operator state. The control loop of the robot flowed with the frequency of  

1 kHz, human-state estimator with 100 Hz, and the autonomy blending coefficient with 50 Hz. The 

simulation was done with sensor noise, workload transition and fatigue-related variations to assess the 

robustness, transition smoothness, and stability of the proposed architecture. The simulation scenarios will be 

configured to simulate increasing levels of operator workload and fatigue through a manipulation of the 

features of physiological signals. Simulated low, moderate and high workload conditions are used to assess 

system adaptability. The noise-robustness measure is determined through injection of a controlled Gaussian 

noise in physiological signals, and allows assessing estimator stability and control behavior to realistic 

sensing disturbances. The framework involving simulation involved physiological sensing, signal 

preprocessing, feature extraction, EKF-based state estimation, adaptive autonomy blending and adaptive 

safety-constrained robot actuation. All of the experiments were parameterized in the same way so that a fair 

comparison could be made of manual control versus fixed autonomy and the proposed TCAA framework. 

The EKF based estimation model is as follows: 

 

Prediction: 𝑥ොℎ,𝑘∣𝑘−1 = 𝐴𝑥ොℎ,𝑘−1∣𝑘−1 

Update:    𝑥ොℎ,𝑘∣𝑘 = 𝑥ොℎ,𝑘∣𝑘−1 + 𝐾𝑘(𝑦𝑘 − 𝐻𝑥ොℎ,𝑘∣𝑘−1) 

 

where 

- 𝑦𝑘  is the measurement vector of extracted physiological features, 

- 𝐾𝑘  is the Kalman gain, 

- 𝐴 and 𝐻 are system matrices. 

Figure 4 shows the experimental and simulation model to test the proposed TCAA framework, while 

Table 1 summarizes key parameters that were used in all experiments. Parameters of the system in the TCAA 

framework. 

 

 

 
 

Figure 4. Experimental and simulation setup of the twin constrained adaptive autonomy system 

 

 

Table 1. System parameters 
Parameter Symbol Value 

Control sampling time 𝑇𝑠 1 ms 

Human state update rate 𝑓ℎ 100 Hz 

Autonomy update rate 𝑓𝑎 50 Hz 

Maximum torque 𝜏𝑚𝑎𝑥 12 Nm 

EMG filter bandwidth — 20–450 Hz 

 

 

The same parameterization is used in all experiments so that a fair comparison could be made 

between manual control, fixed autonomy, and the proposed twin-constrained adaptive autonomy framework. 

The entire control loop is carried out in the given sequence at the designated rates of sampling, as shown in 

Physiological Sensing 

Human State Estimation (HSDT / EKF) 

Autonomy Allocation (α) 

Control System (Controller + Safety) 

Robotic Plant 

Human Input 𝑢ℎ 

Reference 𝑥𝑟
𝑟𝑒𝑓

 

autonomy coefficient 𝛼(𝑡) 

feedback state 𝑥𝑟 control input 𝑢 
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the equations above. The combination of estimation, autonomy blending and safety enforcement makes the 

adaptive control framework stable and physiologically based. The proposed approach is a modification of the 

traditional adaptive controllers which use only the performance feedback, but which use human state to 

modulate the control authority, allowing human-robot interaction to be safer and more context-aware. 

Multiple simulation scenarios were tested at different workloads and noise levels to make sure that the trends 

were consistent. 

 

 

4. RESULTS AND DISCUSSION 

The results provided in the paper are based on the comparative analysis of three control modes by 

simulation, namely manual control, fixed autonomy, and the suggested TCAA structure. The evaluation of 

performance was carried out through estimation accuracy, tracking error, torque ripple, autonomy transition 

behavior and stability trends when different simulated workload and fatigue conditions were applied. To 

provide the robustness of the trends in performance observed, the simulations were tested in different noisy 

conditions and in different workload transition conditions. The reported findings stipulate consistency of 

behavior under these conditions. 

 

4.1.  Human state digital twin estimation accuracy and robustness 

The root mean square error (RMSE) is used to measure the human state digital twin (HSDT) 

estimation accuracy between the actual human-state variable and the estimate: 

 

𝑅𝑀𝑆𝐸 = √
1

𝑇
∫ (𝑥ℎ−𝑥ොℎ)2

𝑇

0

 𝑑𝑡 

 

In all the tested operating regimes, the estimator is found to be in a stable convergence with a 

limited error despite high sensor noise and temporary disturbances. The estimation performance was also 

consistent across a variety of simulated operating conditions with only slight differences shown with higher 

noise levels. The estimator performance can however be influenced in extreme high noisy situations or when 

physiological measurements are delayed. The EKF offers the benefits of being robust to moderate noise, 

although large sensor error or latencies might affect the quality of estimations. Such constraints emphasize 

the importance of powerful sensing devices and subsequent testing on real-life physiological data. This result 

shows that the proposed estimator is stable and robust in different signal conditions. Specifically, there is low 

error in the estimation in high-dynamics phases (generation of new workloads), which suggests that the 

observer is adequately attentive to trace time-varying cognitive/physiological load, without causing 

estimation lag. This strength is necessary since the autonomy allocator directly relies on the HSDT output; 

biased or delayed estimation of human-state would be translated into the unwarranted autonomy changes that 

might compromise safety or performance. 

In Figure 5 the adaptive autonomy coefficient 𝛼(𝑡) is modulated by operator condition estimated. 

When cognitive stress and fatigue conditions are high, α(t) is higher and more power is vested in the 

autonomous controller. Under relaxed conditions, α(t) goes down, and human higher authority is reinstated. 

Notably the autonomy modulation is not abrupt but smooth, which prevents the discontinuities in the control 

command that is blended. The mean autonomy changes during fatigue state changes by 42% quantitatively, 

which proves the reallocation of authority in the system is not trivial and occurs when the operator state 

requires extra assistance. 
 
 

 
 

Figure 5. Adaptive autonomy coefficient variation under workload conditions 
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4.2.  Autonomy adaptation mechanism and transition smoothness 

Autonomy allocator uses the HSDT estimate to modify the human-robot authority in real time. The 

key observation is not that α(t) varies in trend in the desired direction, but continuously, and this eliminates 

sharp transitions in commanded torque/force that may add ripple, trigger resonances, and make collaborative 

systems less comfortable. 

Figure 6 includes the mapping of the workload indicators converted by using HSDT and the 

autonomy coefficient α obtained. There are three interpretable regions that can be identified by the plot 

namely: i) low workload where human control commands the highest level of control, ii) transition region 

where shared autonomy is most prolific, and iii) high workload where robot autonomy commands the highest 

level of control. This figure explains how the suggested TCAA relates the physiological state to control 

authority in a constrained and understandable form. 
 

 

 
 

Figure 6. State–autonomy coupling map and operating regions 
 

 

4.3.  Tracking performance and authority-dependent control quality 

Control performance is evaluated using the RMS position tracking error: 

 

𝑒𝑟𝑚𝑠 = √
1

𝑇
∫ (𝑥𝑟

𝑟𝑒𝑓
−𝑥𝑟)

2
𝑇

0

 𝑑𝑡 

 

The adaptive authority mechanism improves the tracking accuracy by minimizing the effect of 

inconsistent or slow human feedback in periods of high workload. The allocator is enhanced by fatigue/stress 

state of operators, which permits the robot controller to keep the tighter tracking. In the case of a stable 

operator, the allocator minimizes autonomy in order to maintain the intent of collaboration and natural 

interaction. 

The results of the trajectory tracking performance are depicted in Figure 7, including the manual 

control, the fixed autonomy, and the suggested TCAA framework. Minor variation of the reference trajectory 

is seen in the proposed method especially when the workload experiences rapid changes meaning that the 

tracking accuracy is superior when the workload varies. 
 

 

 
 

Figure 7. Position tracking performance under varying workload conditions 
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The most important conclusion is that reduction of torque Ripple is not only a tuning effect, it is also 

a result of smooth transitions between authority and autonomous commands without rapid switching between 

human and autonomous commands. The blending is continuous; therefore, the commanded torque does not 

have discontinuities that otherwise would appear as ripple and oscillatory characteristics.  Figure 8 presents 

the comparison of the torque ripple among the control strategies. The suggested TCAA offers the least ripple, 

which evidences that bounded continuous smooth autonomy integrates actuation demand. In general, the 

suggested structure leads to a 36% torque ripple reduction over fixed autonomy, which will prove its 

superiority in safety-critical and comfort sensitive systems (collaborative manipulation, assistive robotics, 

and rehabilitation). 

 

 

 
 

Figure 8. Comparative torque Ripple under different autonomy strategies 

 

 

4.5.  Consolidated comparative metrics 

Table 2 shows the relative performances of manual control, fixed autonomy and the suggested 

TCAA structure regarding RMS tracking error, torque ripple and human intervention. The comparison 

reveals the influence of the allocation of physiology-constrained autonomy at the system level. Besides such 

baselines, the presented framework is conceptually compared to sophisticated adaptive control techniques 

like gain-scheduled and impedance-based shared control. In contrast to these methods, which take into 

account performance feedback or preset rules, the suggested TCAA directly includes the estimation of the 

physiological state into the autonomy allocation, allowing the context-dependent adjustment to the operator 

state. 

The proposed TCAA, as illustrated in Table 2, lowers the RMS tracking error by about 35 percent as 

compared to fixed autonomy and also lowers the torque ripple. Human intervention is not binary but rather 

adaptive and thus the system can maintain the intent of the humans even in normal operation conditions and 

become more autonomous under fatigue or stress. The reported values are a representation of scenario wise 

performance comparisons since the evaluation is done in a simulated framework. The proposed approach 

proved to be robust, as the similar performance trends were identified in various workload and noise 

conditions. These findings not only confirm the framework on the level of simulation but also provide a hint 

on the possibility of its real-time implementation with real physiological sensing devices. 
 

 

Table 2. Comparative control performance metrics 
Controller RMS Error Torque Ripple Human Intervention 

Manual 0.085 18% 100% 
Fixed autonomy 0.063 14% 0% 

Gain-scheduled shared control — — Adaptive 

Impedance-based shared control — — Adaptive 
Proposed TCAA 0.041 9% Adaptive 

Note: Gain-scheduled and impedance-based shared control techniques are provided to 

conceptually compare, using established literature. The simulation only implemented and 
tested the manual control, fixed autonomy, and suggested TCAA frameworks. 

 

 

4.6.  Stability and safety assessment under time-varying autonomy 

Stability of the closed-loop of proposed TCAA framework is analyzed through a Lyapunov-based 

analysis. Consider the tracking error defined as 𝑒 = 𝑥𝑟
𝑟𝑒𝑓

− 𝑥𝑟. The Lyapunov candidate function is a 

quadratic and is chosen as: 
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By the suggested law of control blended, 𝑢 = 𝛼(𝑡)𝑢𝑎 + (1 − 𝛼(𝑡))𝑢ℎ  with the autonomy coefficient, 𝛼(𝑡) ∈
[0,1], a continuously differentiable, but bounded, value, the closed-loop system is negatively semi-definite 

decreasing.  

Due to the smoothness and boundedness of the blending function, there are no discontinuities in the 

control input due to autonomy modulation. The tracking error is hence limited and approaches zero 

(asymptotically) in the nominal working conditions. Notably, the time-dependent characteristics of 𝛼(𝑡) do 

not stabilize the system as the authority change is achieved in a gradual manner based on a sigmoid mapping 

of the estimated human state. The safety clipping also ensures a limited actuation that is within the hardware 

torque limits to eliminate the instability caused by saturation effects. Figure 9 depicts that tracking error 

converges with different autonomy levels 𝛼(𝑡). The monotonic reduction is used to establish the fact that 

time-varying authority blending does not cause oscillation or drift when switching autonomy. 

 

 

 
 

Figure 9. Stability and convergence under adaptive autonomy transitions 

 

 

4.7.  Multi-metric performance improvement and implications 

The suggested framework provides equal benefits: enhanced tracking, limited ripple, less workload 

on the manual in the cases of high workload, and stability. 

A normalized performance summary on the main metrics (tracking error, torque ripple, intervention 

demand, and stability margin indicators) is shown in Figure 10. The suggested TCAA invariably prevails 

over fixed autonomy and manual control and shows that implementing the HSDT within the autonomy 

allocator produces comprehensive advances instead of enhancing an erratic metric to the detriment of others. 
 

 

 
 

Figure 10. Normalized multi-metric performance comparison across control schemes 

 

 

4.8.  Interpretation, novelty, and practical relevance 

The findings prove that incorporating HSDT into the direct control loop allows organized, 

physiology-sensitive autonomy distribution. Compared to fixed autonomy or adaptive autonomy that is 

controlled strictly by performance, the offered TCAA framework connects the control authority and the 

estimated operator state via a restricted and interpretable mapping. This combination enhances the tracking 

accuracy, minimizes the torque ripple and maintains stability when the autonomy varies with time without 

affecting the collaborative purpose. Due to its observer structure and explicit law of blending, the framework 

is scaled and can be used in the field of collaborative robotics, assistive systems, and human-in-the-loop 
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automation whereby safety, comfort, and performance are required to be held constant within the variable 

conditions of human workload. This shows that what is new in the proposed framework is the fact that it 

directly introduces the estimation of physiological states within the control loop and thus allows adaptive 

decisions of autonomy, which can be interpreted as well as responsive to human condition, unlike the 

traditional performance-based approaches to control. 

 

4.9.  Discussion summary 

The study investigates whether it is possible to estimate the latent human physiological states in real 

time and directly insert them in robotic control laws to enhance the safety, tracking quality and smoothness of 

human interaction in collaborative robotics. The most important finding is that the presented HSDT-based 

TCAA system allows the efficient modulation of autonomy to be performed smoothly and interpretably, 

tracking performance is enhanced, and torque ripple is lower in comparison to the control based on manual 

and fixed-autonomy. The result are based on simulation data and comprises of comparing the estimation 

behavior, autonomy transitions, trajectory tracking performance, torque ripple, and closed-loop stability. The 

importance of the findings is in that it shows the mathematically organized way of the physiological state 

estimation to adaptive autonomy allocation in the context of collaborative robotics. In a broader sense, the 

work will lead to human conscious design of industrial, assistive and rehabilitation-based robotic systems. A 

major shortcoming is that the current validation has been simulation based and future research will need real 

time wearable sensing and physical robot trials to determine sensing reliability, latency tolerance and user 

adaptation in real-life environments.  The current research has a limitation of the evaluation being carried out 

through simulations. Despite the fact that simulation allows the controlled testing, repeatability and the safe 

analysis of the workload-dependent control behavior, all the uncertainties related to real-life sensing, user 

variability, actuator delays, and task-specific interaction dynamics are not completely presented in the 

simulation. The presented framework is thus supposed to be seen as tested control architecture in the 

simulation level as opposed to an accomplished real-world implementation. It is necessary to mention that the 

formal statistical significance testing was not applied, since the assessment is made on the deterministic 

simulation framework. Nevertheless, the results of the trends are reliable due to the regular performance 

increases that have been observed in various simulated conditions. 

 

 

5. CONCLUSION 

In this paper, a TCAA-based collaborative robotics was introduced, based on HSDT. The suggested 

method incorporates multimodal physiological measurements, such as EMG, EDA, and HRV-based 

measures, in a parametric state estimation model to learn latent human states, which are cognitive workload, 

fatigue and stress. It is these estimated states that are directly added to a constrained autonomy that is a 

combination of law, and allows a continuous and adaptive control of authority over the control to be 

maintained between the human operator and the robotic system. 

The evaluation through simulation proves that the suggested framework enhances performance of 

tracking, minimizes the torque ripple, and allows stable and seamless transitions in the control authority in 

comparison with the manual and fixed-autonomy baselines. The findings demonstrate that the inclusion of 

human-state estimation in the control loop is a more reactive and interpretable method compared to heuristic 

or performance-based adaptive control methods. The key value of this work is the formal system of 

physiological states estimation, adaptive distribution of autonomy, and the closed-loop control are integrated 

into a complete and repeatable robotics system. The strategy will further human-conscious control system 

development, and will offer a systematic framework through which operator state may be integrated into real-

time autonomy choices in teamwork. Current validation is, however, only limited to a simulation-based 

framework. Although this enables controlled assessment and reproducibility, it cannot fully represent 

uncertainties in the real world (e.g. sensor variation, subject variation, and hardware limitations). Thus, the 

future directions in work will be real-time human-in-the-loop experiments, the combination of sensing 

systems with wearables, and validation on physical robotic platforms. Other comparison with other adaptive 

control strategies will also be considered like the gain-scheduled and impedance-based shared control as a 

further evaluation of the generality and robustness of the proposed approach. Altogether, the recommended 

HSDT-based TCAA framework offers a mathematically-based and practically-scalable framework of the 

next generation human-robot collaboration systems that need safety, versatility and context-sensitive 

autonomy. 
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