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Abstract. Exoskeleton-assisted passive rehabilitation provides a personalized, 

intensive and task-specific training with a reduced need for therapist supervision. 

This method leads to significantly improved functionality and reduced spasticity 

for post-stroke patients compared to traditional rehabilitation. However, the ap-

proach for position control of the exoskeleton in such a case often relies on sim-

plified decoupled models that controls each joint separately to simplify the con-

trol problem. Consequently, even robust control strategies like Active Disturb-

ance Rejection Control (ADRC) face limitations due to significant time-varying 

and user-specific parameter variations, leading to reduced tracking accuracy. To 

address these challenges, while maintaining simplicity in the control design pro-

cess, an adaptive control strategy based on ADRC was proposed that dynamically 

estimates system parameters with Kalman filter. This strategy actively estimates 

system parameters online using Kalman filter, enhancing the robustness capabil-

ities of the ADRC by providing up-to-date estimated model parameters. The ef-

fectiveness of the proposed method was demonstrated through simulated experi-

ments on a 5-degree-of-freedom (DOF) upper limb exoskeleton model.  

Keywords: upper limb exoskeleton, ADRC, passive rehabilitation, Kalman fil-

ter. 

1 Introduction 

Motor impairments are the most common consequence of stroke, significantly reducing 

the ability of patients to perform their daily tasks [1]. Such limitations might reduce 

post-stroke patient's quality of life and increase the risk of developing social isolation, 

depression, and other mental health disorders. In the acute phase, the early post-stroke 

stage when patients lack muscle strength to perform movements, intervention through 

repetitive and high-intensity rehabilitation has been shown to effectively accelerate mo-

tor recovery [2]. This form of passive rehabilitation serves as a critical initial step in a 

comprehensive rehabilitation process, particularly beneficial in enhancing limb flexi-

bility and reducing muscular atrophy.  

 



 

 

However, Conventional passive rehabilitation requires an excessive amount of time, 

expertise, and effort as therapist have to monitor each patient's progress and perform 

individualized adjustments accordingly. Oppositely, exoskeleton-assisted rehabilita-

tion offer solution to overcome these limitations. These wearable robots are precisely 

engineered to meet the needs and abilities of each patient, delivering repetitive, task-

specific training while minimizing intensive therapist supervision [3].  

 

In the case of upper limb passive rehabilitation, exoskeletons are specifically de-

signed to replicate the complex motions of the human arm, involving movements of the 

shoulder and elbow joints. This design approach ensures that patients benefit from a 

therapy that is both highly efficient and closely mirrors natural arm movements, but at 

the compromise of a complicated mechanical structure with high number of degrees of 

freedom (DoFs). Consequently, controlling such a structure for precise trajectory track-

ing necessitates an accurate model that incorporates the resulted cross-coupling be-

tween joints, non-linearities, and the dynamic interactions exoskeleton-patient. Achiev-

ing this level of precision in modeling is often challenging and impractical  

 

From a control perspective, simplifying the design process while ensuring system 

robustness to dynamic changes is a key goal. Thus, the approach involves developing 

an approximated model that captures the critical dynamics of each joint individually 

while compensating the resulting uncertainties, cross-coupling, and external disturb-

ances with a robust control strategy. Various control strategies have been explored by 

researchers, for instance, Sliding Mode Control (SMC). It has been widely used in ex-

oskeleton control due its robustness to nonlinearities and uncertainties. Several varia-

tions of SMC have been proposed including linear/nonlinear SMC [4], [5], [6],  Termi-

nal SMC (TSMC) and Fast Terminal SMC (FTSM) [7] for finite time convergence, 

along with Integral TSMC (ITSMC) [8] designed to eliminate singularities. While SMC 

strategies have been successful in achieving highly precise tracking even with uncertain 

model parameters, they often encounter the chattering phenomenon. This can induce 

high-frequency oscillations in control signals, placing excessive stress on actuators and 

potentially reduces their lifespan and reliability. Higher order sliding mode, designed 

to eliminate the chattering, has achieved a good results in reducing it, however, the 

problem is not completely solved. 

 

On the other hand, Active Disturbance Rejection Control (ADRC) has emerged as a 

highly effective control strategy, particularly due to its exceptional robustness against 

parameter uncertainties and external disturbances, coupled with a simplified controller 

design. Originally applied for lower limb rehabilitation [9], [10], [11], its application 

has been extended to upper limb rehabilitation, showcasing its versatility in different 

scenarios. In [12], it was successfully implemented on a wearable robot for flexion and 

extension of the fingers, while it was used in [13] to control a 2DOF upper limb exo-

skeleton for trajectory tracking, which achieved better performance than PID. Further, 

an improved ADRC was proposed in [14] to control the motion of the shoulder and 

elbow in the sagittal plane. The ADRC achieved a good tracking accuracy even with 

±20% model parameters variation and constant external disturbance. 



 

 

 

As the above overview of selected works indicates, the use of ADRC in passive 

upper limb rehabilitation has primarily been based on deriving a control law using only 

an approximated model of the exoskeleton, while treating patient interaction as a dis-

turbance. This methodology, although effective in scenarios involving exoskeletons 

with a low number of DoFs and patients with similar muscular characteristics, this 

methodology does not fully address the wide range of muscular and neurological char-

acteristics among patients undergoing rehabilitation. Therefore, complexity introduced 

by high cross-coupling, which increases with the number of DoFs, and the variability 

in patient-specific physical characteristics, can deteriorate the tracking accuracy of 

ADRC. Based on this, the contributions of this paper are as follows: 

1. An ADRC based control was designed for trajectory tracking of a 5 DoFs upper limb 

exoskeleton. Each active joint is individually controlled with a dedicated ADRC. 

2. An ADRC-based adaptive control is proposed to overcome the high variation in the 

model parameters of the exoskeleton-patient model in order to increase the tracking 

accuracy. This approach estimates the system parameters required for the ADRC 

online using a Kalman filter. The results were gathered through simulations on a 

virtual group of patients. 

The rest of the paper is organized as follows. Next section, Sect. 2, discuss the mod-

eling process of the exoskeleton, including deriving the dynamic model. In Sect. 3, both 

the ADRC and adaptive ADRC based controllers were designed. Sect. 4 shows the ef-

fectiveness of the proposed method over the conventional ADRC through simulations. 

Finally, Sect. 5 concludes the work. 

2 Upper limb exoskeleton modeling 

The 5 DoFs exoskeleton from [15], intended for right upper limb rehabilitation, features 

a complex design that effectively captures the movements of the human arm. As illus-

trated in Error! Reference source not found., this exoskeleton comprises a serial 

structure for the arm, forearm, and elbow, along with a parallel structure for the shoul-

der, allowing a close mimicry of natural human arm movements. The shoulder's move-

ment is facilitated through a combination of three active joints (active joints 1,2 and 3) 

and two passive joints, while the elbow's movement is enabled by two additional active 

joints (active joints 4 and 5). Altogether, this configuration includes five active joints 

and three passive joints. 

 

This sophisticated mechanical arrangement, however, introduces significant control 

challenges due to the high degree of coupling between the joints. The interaction be-

tween the active and passive elements, especially in the shoulder's parallel structure, 

requires precise coordination to ensure smooth and naturalistic movement patterns. 



 

 

 

Fig. 1. Structure of the 5 DoFs upper limb exoskeleton. 

2.1 Exoskeleton-patient model 

Due to the complexities of deriving mathematically the exact model which capture the 

dynamics of the exoskeleton and also the interaction with the patient, the alternative 

approach used in this paper involves the physical modeling of the exoskeleton using 

the Simscape toolbox in Matlab/Simulink. The 3D prototype of the exoskeleton de-

signed and validated under SolidWorks 3D Computer Aided Design (CAD) software 

from [15] is imported to Matlab/Simulink. Using Simscape toolbox the 3D prototype 

was transformed to a simulated model adding the patient with different characteristics 

such as upper limb mass, the damping and stiffness coefficients for joints and muscle 

groups as well as the resisting forces in the muscles resulting from the interaction of 

the patient with the exoskeleton.    

 

Therefore, the designed model reflects the real system, incorporating cross-coupling 

and nonlinearities. It is used to develop and validate control algorithms in a simulated 

environment that closely mirrors the behavior of the physical exoskeleton. 

 

2.2 Exoskeleton dynamical model and parameters identification 

Using Euler-Lagrange method, the coupled non-linear differential equations of motion 

for the exoskeleton can be expressed in compact form as [6]:   

 𝑀(𝑞)𝑞̈  +  𝐻(𝑞, 𝑞̇) +  𝐺(𝑞) + 𝐹𝑒𝑥𝑡  =  𝜏 (1) 



 

 

with q,𝜏 ∈ ℝ5 denotes the joint's angular position vector and control torque vector re-

spectively. 𝑀(𝑞) ∈ ℝ5×5 is the inertia matrix. The vector 𝐻(𝑞, 𝑞̇) ∈ ℝ5 represents the 

Coriolis /Centrifugal forces, 𝐺(𝑞) ∈ ℝ5 is the gravity force vector and  𝐹𝑒𝑥𝑡 ∈ ℝ5 rep-

resents the unmodeled dynamics and external disturbances. 

 

To simplify the modeling process, the dynamic model will be derived by considering 

the exoskeleton as the sum of five linear decoupled Single Input Single Output (SISO) 

models. Thus, (1) could be reformulated as follows: 

 𝑞̈ =  𝐴1𝑞̇ +  𝐴2𝑞 + 𝐵𝑢  (2) 

𝐴1 = [
𝑎11 0 0
0 ⋱ 0
0 0 𝑎15

] ; 𝐴2 =  [
𝑎21 0 0
0 ⋱ 0
0 0 𝑎25

] ; 𝑞 = [

𝑞1

𝑞2

⋮
𝑞5

] ; 𝐵 = [

𝑏1

𝑏2

⋮
𝑏5

] ;  𝑢 = [

𝑞1

𝑞2

⋮
𝑞5

]   

where 𝑎1𝑖 , 𝑎2𝑖 and 𝑏𝑖 are the model parameters of the i-th joint, 𝑢𝑖 and 𝑞𝑖 are the asso-

ciated torque and angular position, respectively. 

  

The system parameters 𝑎1𝑖 , 𝑎2𝑖 and 𝑏𝑖 are determined through an identification pro-

cess using the System Identification Toolbox/Matlab. Identification was carried out on 

the exoskeleton model mentioned in Sect.2.1 by recording the input/output signals of 

each actuated joint in simulation while holding the other joint fixed. The parameter 

values 𝑎1𝑖 , 𝑎2𝑖 , 𝑏𝑖 corresponds to the i-th active joint are given in Table 1. 

Table 1. Identified model parameters 

Parameter Joint 1 Joint 2 Joint 3  Join 4 Joint 5 

𝑎1𝑖 57.88    46.82   139.60    70.13    84.51 

𝑎2𝑖 21.27 20.81 0.66 53.56 7.76 

𝑏𝑖 19.80 16.67 24.84 4.67 18.46 

3 Controllers design 

3.1 Active disturbance rejection Controller (ADRC) 

The exoskeleton model (2) could be written in the following form, taking into consid-

eration the external disturbance, model uncertainty and measurement noise: 

 𝑞̈𝑖  =  𝑎1𝑖𝑞̇𝑖 +  𝑎2𝑖𝑞𝑖  + 𝑏𝑖𝑢𝑖 +  𝑑𝑖  +  𝑛𝑖 ,    𝑖 ∈ {1, … ,5} (3) 

The control objective is to force the output 𝑞𝑖 of the i-th system (3) to follow a reference 

signal 𝑟𝑖 despite the presence of external disturbance 𝑑𝑖, model uncertainties related to 

𝑎1𝑖 , 𝑎2𝑖 and ∆𝑏𝑖 as well as high-frequency noise 𝑛𝑖 corrupting the system output. Also, 

the following practical assumptions were taking into consideration: 

1. The reference signal 𝑟𝑖 and its derivatives are bounded. 



 

 

2. Neither 𝑟𝑖 nor its derivatives are known in advance. 

3. The external disturbance 𝑑𝑖 is bounded. 

To achieve the above control objective, (3) could be expressed in the ADRC frame-

work in a compact form: 

 𝑞̈𝑖 =  𝑓𝑖 +  𝑏0𝑖𝑢𝑖 (4) 

where 𝑓𝑖 =  𝑎1𝑖𝑞̇𝑖 + 𝑎2𝑖𝑞 +  ∆𝑏𝑖𝑢𝑖 +  𝑑𝑖  +  𝑛𝑖  denotes the so-called total disturbance, 

aggregating both the internal and external disturbances.  

 

Due to the absence of any prior information on the reference signal 𝑟𝑖 except its 

boundness (as mentioned above in the assumptions), we use the error-based version of 

ADRC [16]. Thus, (3) could be reformulated in error domain as follows: 

 𝑒̈𝑖 =  𝑓𝑖
∗ −  𝑏0𝑖𝑢𝑖 (5) 

where 𝑒𝑖 ≜  𝑟𝑖 −  𝑞𝑖 is the tracking error and 𝑓𝑖
∗ =  𝑟̈𝑖 −  𝑓𝑖  is now the total disturbance 

in error domain. The desired closed-loop performance could be achieved by applying 

the following control law: 

 𝑢𝑖 =  
(𝑢𝑖0+ 𝑓̂𝑖

∗)

𝑏0𝑖
=  

(𝑘0𝑖𝑒̂𝑖+𝑘0𝑖𝑒̂̇𝑖+ 𝑓̂𝑖
∗)

𝑏0𝑖
 (6) 

where [𝑘0𝑖 𝑘1𝑖]
⊺ =  [𝜔𝑐𝑖

2 2𝜔𝑐𝑖]⊺ are the controller gains calculated by placing the 

poles of the closed-loop error dynamics at −𝜔𝑐𝑖  (controller bandwidth), which helps 

simplifying the tuning process. The term 𝑘0𝑖𝑒̂𝑖 + 𝑘0𝑖 𝑒̂̇𝑖 is a simple proportional-integral 

feedback control and the required estimates 𝑒̂𝑖, 𝑒̂̇𝑖, 𝑓𝑖
∗ are estimated using an extended 

state observer (ESO). 

 

By considering 𝑓𝑖
∗ as an additional state variable, a state vector 𝑥𝑖 = [𝑒𝑖 𝑒̇𝑖 𝑓𝑖

∗]⊺ 

could be then estimated using ESO as follows: 

 {
𝑥̇̂𝑖 = 𝐴𝑥̂𝑖 + 𝐸𝑢𝑖 + 𝐿𝑖(𝑒 − 𝐶⊺𝑥̂𝑖)

𝑒̂𝑖 = 𝐶⊺𝑥̂𝑖

 (7) 

 

𝐴 = [
0 1 0
0 0 1
0 0 0

] ,    𝐸 = [
0

−𝑏𝑜𝑖

0
],    𝐶 = [

1
0
0

],   𝐿𝑖 = [

3𝜔𝑜𝑖

3𝜔𝑜𝑖
2

𝜔𝑜𝑖
3

] 

where 𝐿𝑖 is the observer gains vector calculated by placing the poles at −𝜔𝑜𝑖  (observer 

bandwidth).  

3.2 Adaptive ADRC with online parameter estimation 

Although ADRC is robust to model uncertainty, the control laws (6) generated in 

Sect.3.1 are not ideally suited for scenarios involving patient-exoskeleton interaction. 

The reason is that the parameters model exoskeleton-patient varying significantly due 



 

 

to patient physical characteristics and the complexity of the rehabilitation motion, caus-

ing a significant decrease in tracking accuracy.  

 

To overcome this issue, the system parameters 𝑏𝑖 , 𝑖 ∈ {1, … ,5}  required for the con-

trol are estimated online as shown in Fig. 2. This is achieved with an infinite-history 

recursive estimation strategy. Using a Kalman filter, these parameters are continuously 

estimated using all the data collected (‘infinite-history’) since the initiation of the sim-

ulation. The preprocessing block in Fig. 2 includes saturation mechanisms to ensure 

that the variation in the estimated parameters remains within an acceptable range, 

aligned with the controller tuning. Otherwise, a re-tuning of the controllers is manda-

tory to achieve a good performance. 

 

 

Fig. 2. The adaptive ADRC scheme for the i-th active joint. 

To establish a suitable form for parameters estimation, let’s  

𝑦𝑖 =  𝑞̈𝑖 − 𝑎1𝑖𝑞̇𝑖 − 𝑎2𝑖𝑞 be the observed output and 𝜃𝑖 =  𝑏𝑖  be the parameter to be 

estimated. Thus, a linear regression form of the system (3) is then derived as: 

 {
𝑦𝑖  =  𝜓𝑖(𝑡)𝜃0𝑖(𝑡) + 𝜈𝑖(𝑡)

𝜃0𝑖(𝑡) =  𝜃0𝑖(𝑡 − 1) +  𝜂𝑖(𝑡)
 (8) 

where 𝜃0𝑖 is the true values of the estimated parameter 𝜃𝑖, assumed to be described by 

a random walk. 𝜂𝑖(𝑡) is Gaussian white noise with a covariance matrix 𝑅1𝑖.The term 

𝜓𝑖(𝑡) =
𝜕𝑦̂𝑖(𝑡|𝜃)

𝜕𝜃𝑖
 represents the gradient of the predicted output 𝑦̂𝑖(𝑡|𝜃) with respect to 

the parameter 𝜃𝑖. The noise source 𝜈𝑖(𝑡) is assumed to be also white noise with a vari-

ance of 𝑅2. Consequently, The Kalman filter estimates the parameters 𝜃𝑖(𝑡) using the 

following recursive equations:  

1. Predict the output 𝑦̂𝑖(𝑡) using the current estimate 𝜃̂𝑖(𝑡 − 1): 

 𝑦̂(𝑡) = 𝜓(𝑡)𝜃(𝑡 − 1) (9) 

2. Update the measurement 𝑦𝑖(𝑡): 

 𝑦𝑖 =  𝑞̈𝑖 − 𝑎1𝑖𝑞̇𝑖 − 𝑎2𝑖𝑞𝑖 (10) 



 

 

3. Calculate the Kalman gain 𝐾𝑖(𝑡), with 𝑃𝑖(𝑡) denotes the covariance matrix, associ-

ated with the estimation of the parameter: 

 𝐾𝑖(𝑡) =
𝑃𝑖(𝑡−1)𝜓𝑖(𝑡)

𝑅2i+𝜓𝑖
2(𝑡)𝑃𝑖(𝑡−1)

 (11) 

4. Update the parameter estimate 𝜃̂(𝑡): 

 𝜃̂𝑖(𝑡) =  𝜃̂𝑖(𝑡 − 1) + 𝐾𝑖(𝑡)(𝑦(𝑡) − 𝑦̂(𝑡)) (12) 

5. Update the covariance matrix: 

 𝑃𝑖(𝑡) = 𝑃𝑖(𝑡 − 1) + 𝑅1i −  𝐾𝑖(𝑡)𝜓𝑖(𝑡)𝑃𝑖(𝑡 − 1) (13) 

  

Finally, the estimated parameters 𝜃̂𝑖(𝑡) at time 𝑡 is used in the control law of the ADRC 

as follow: 

 𝑢𝑖(𝑡) =  
(𝑘0𝑖𝑒̂𝑖(𝑡)+𝑘0𝑖 𝑒̂̇𝑖(𝑡)+ 𝑓̂𝑖

∗(𝑡))

𝜃̂𝑖(𝑡)
, 𝑖 ∈ {1, … ,5} (14) 

4 Simulation results 

4.1 Scenarios setup 

The objective is to verify whether the performance of the proposed control approach 

holds under different scenarios. Given that, the simulation is performed on a population 

of 4 distinct virtual patients, with specific physical characteristics, to mimic as much as 

possible the conditions in a rehabilitation therapy: 

1. Healthy user: The is a model that represents a healthy user, with normal physical 

characteristics. It serves as a baseline for comparison. 

2. Patient 1: represents a patient with Clasp-Knife Response of the muscles. This is a 

specific type of response observed during the passive movement of a spastic limb. 

The patient exhibits a sudden decrease in resistance during passive movement, ini-

tially resisting the movement and then abruptly relaxing. 

3. Patient 2: represents a patient that suffers from an increased muscle tone compared 

to the healthy user. 

4. Patient 3: represents a patient suffers from a velocity-dependent resistance of the 

muscles, i.e. the muscles develop a resistance proportional to the movement. This 

resistance is equivalent to a time-varying disturbance.  

The simulations involving the identified patients were divided into two parts. In the 

first simulation (S1), all patients were subjected to simple upper limb motions within 

the sagittal plane, (active joints 2 and 5). The second simulation (S2) aimed to examine 

more complex movements that engage all five active joints. 

 



 

 

For the quantitative evaluation of the controller’s performance, two integral criteria 

are introduced to evaluate overall tracking accuracy 𝜉𝑖 in the joint space and energy 

usage 𝛾𝑖 of the i-th controller. 

 

𝜉𝑖 = ∫ |𝑒𝑖(𝑡)|𝑑𝑡
𝑇

0

,   𝛾𝑖 = ∫ 𝑢𝑖
2(𝑡)𝑑𝑡

𝑇

0

, 𝑖 ∈ {1, … ,5} 

 

The first criterion 𝜉𝑖 involves analyzing how effectively the controller minimizes 

deviations from the desired trajectory, providing insights into the system's accuracy. 

While 𝛾𝑖 assesses the controller's ability to generate smooth and energy-efficient con-

trol signals. 

 

For the sake of establishing a fair and equitable comparison, the adaptive ADRC was 

tuned to the same degree as the conventional ADRC. Specifically, the control band-

width 𝜔𝑐𝑖  and the observer bandwidth 𝜔𝑜𝑖  for each active joint of the exoskeleton were 

chosen the same and set according to Table 2. The sampling frequency for the Kalman 

filter was set to 𝑇𝑠 = 100Hz. 

Table 2. Parameters tuning of the controllers. 

Parameter Joint 1 Joint 2 Joint 3  Join 4 Joint 5 

𝜔𝑐𝑖  16.2 13.4 15 24 80 

𝜔0𝑖 48.7 40.2 45 408 2000 

4.2 Results Discussion 

From the results presented in Table 3 and  

Table 4, for both simulations, the performance of each control method varies between 

different patients. This illustrates the impact of individual patient characteristics on the 

effectiveness of control strategies.  

 

In the first simulation (S1), focused on simple movement of the upper extremities in 

the sagittal plane, the adaptive ADRC outperforms the conventional ADRC across var-

ious patient profiles. For the healthy user and patient 1, adaptive ADRC achieves about 

a 25% reduction in tracking error and a 6% reduction in energy consumption. For pa-

tients with more complex conditions (patients 2 and 3), adaptive ADRC still maintains 

a lower tracking error, approximately 23% less, however, with a minor increase in en-

ergy usage. As shown in Fig. 3, the parameters are estimated online during the simula-

tion and therefore the control is adapted accordingly. 

 

Considering the second simulation (S2), with a more complex upper limb movement 

engaging all five active joints, a significant improvement in performance is noticed 

within adaptive ADRC. For the healthy user, adaptive ADRC achieves a substantial 

40% decrease in tracking error and a 6% reduction in energy consumption. This 



 

 

improvement is even more pronounced in the challenging patient scenarios (patients 1, 

2, and 3), where adaptive ADRC achieves at least a 43% and 14% decrease in tracking 

error and energy consumption respectively. 

 

The complex movement in the second simulation (S2) introduces a significant cross-

coupling and non-linearities, leading to high variations in model parameters. Although 

conventional ADRC is known for its robustness to model uncertainties, its performance 

is compromised in the face of substantial parameters variations encountered during 

complex movement. This results in lower tracking accuracy and high energy consump-

tion as ADRC struggles to achieve the control objective. In contrast, from Fig. 4, adap-

tive ADRC showcases exceptional adaptability by precisely estimating system param-

eters online, even with parameter variations exceeding ±40%. 

 

Although the adaptive ADRC shows higher tolerance to model parameter uncertainties 

compared to conventional ADRC, it's crucial to acknowledge its limitations. Excessive 

deviations in system parameters beyond a certain point without controller's re-tuning 

can challenge the adaptive controller's capability, potentially leading to a significant 

decrease in performance or even instability. Furthermore, Kalman filter adds more 

computation to the control algorithm, requiring more hardware resource for implemen-

tation. 

Table 3. Performance assessment using criteria 𝜉𝑖 

Sim. Patients Control-

lers 

Joint 

1  

Joint 

2 

Joint 

3 

Joint 

4 

Joint 

5 

Total Decr. 

% 

S1 healthy ADRC 0.37  3.85  2.68  5.48  2.80  15.18   

 ad. ADRC 0.14  3.44  1.33  5.79  0.59  11.28  25.70 

Pat. 1 ADRC 0.37  3.85  2.68  5.48  2.80  15.18   

 ad. ADRC 0.14  3.44  1.33  5.79  0.59  11.28  25.70 

Pat. 2 ADRC 1.86  3.60  4.87  6.61  2.89  19.83   

 ad. ADRC 1.11  2.76  2.97  7.59  0.66  15.10  23.84 

Pat. 3 ADRC 1.86  3.63  4.82  6.72  2.85  19.88   

 ad. ADRC 1.12  2.84  2.94  7.66  0.66  15.22  23.46 

S2 healthy ADRC 2.25  4.42  4.94  7.17  1.94  20.72   

 ad. ADRC 0.50  3.62  1.67  5.96  0.57  12.31  40.56 

Pat. 1 ADRC 2.25  4.42  4.94  7.17  1.94  20.71   

 ad. ADRC 0.47  3.31  1.67  5.17  0.56  11.18  46.03 

Pat. 2 ADRC 3.75  4.16  7.19  6.41  1.84  23.35   

 ad. ADRC 1.36  2.83  3.31  4.88  0.53  12.91  44.72 

Pat. 3 ADRC 3.53  4.12  7.14  5.98  1.83  22.59   

 ad. ADRC 1.34  2.89  3.27  4.80  0.53  12.83  43.20 



 

 

 

Table 4. Performance assessment using criteria 𝛾𝑖 

Sim Pa-

tients 

Control-

lers 

Joint 

1  

Joint 

2 

Joint 

3 

Joint 

4 

Joint 

5 

Total Decr. 

% 

S1 healthy ADRC 0.01  3.35  1.78  15.80  15.13  36.07  

 ad. 

ADRC 

0.01  4.84  2.08  11.56  15.16  33.66 6.68 

Pat. 1 ADRC 0.01  3.35  1.78  15.76  15.13  36.03  

 ad. 

ADRC 

0.01  4.85  2.09  11.56  15.16  33.66 6.58 

Pat. 2 ADRC 0.03  3.52  2.31  38.09  15.64  59.59  

 ad. 

ADRC 

0.04  4.25  3.76  37.20  15.75  60.00 -2.37 

Pat. 3 ADRC 0.04  2.96  2.21  39.01  14.80  59.02  

 ad. 

ADRC 

0.04  3.73  3.60  38.27  14.91  60.55 -2.59 

S2 healthy ADRC 3.67  4.44  9.27  30.72  4.06   52.15   

 ad. 

ADRC 

4.43  5.82  9.19  25.58  3.97   48.99  6.06  

Pat. 1 ADRC 3.67  4.47  9.28  30.68  4.06   52.12   

 ad. 

ADRC 

3.92  5.20  9.69  7.48  3.98    30.27   41.93 

Pat. 2 ADRC 3.89  4.81  10.01 14.31  4.07   37.09  

 ad. 

ADRC 

4.53  5.36  11.25 4.55  4.00    29.68  19.97 

Pat. 3 ADRC 3.33  3.83  9.70  10.70  3.99   31.55   

 ad. 

ADRC 

3.81  4.45  10.94  3.95  3.94   27.09  14.15 



 

 

 

Fig. 3.  Online estimated parameter 𝑏̂𝑖 for the first simulation (S1). 

 

Fig. 4. Online estimated parameters 𝑏̂𝑖 for the second simulation (S2). 



 

 

5 Conclusions 

The simulation results unequivocally demonstrate the advantages of using an adaptive 

mechanism into ADRC for the control of upper limb exoskeletons in passive rehabili-

tation settings. By enabling real-time adjustment of control parameters in response to 

patient-specific and time-varying disturbances, the adaptive ADRC significantly im-

proves the flexibility and effectiveness of the control system. This adaptability is par-

ticularly crucial for patients with complex rehabilitation needs, such as those exhibiting 

velocity-dependent resistance or Clasp-Knife Response, where conventional control 

strategies may fall short.  
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