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ABSTRACT: Rehabilitation is a process that aims to restore individuals to full functionality following an 

injury or illness that has compromised their ability to perform daily activities. A significant challenge in 

addressing these needs is the selection of robotic devices that can adequately respond to the complex 

requirements of rehabilitation. This study presents a simulation study for the position control of the wrist 

and fingers using Hierarchical Sliding Mode Control (HSMC) that is optimized via metaheuristic 

algorithms. A novel hierarchical approach is applied that is optimized with Particle Swarm Optimization 

(PSO) and Differential Evolution (DE) algorithms. The model was simulated under disturbances to track 

the desired trajectory. Simulation results are compared with Hierarchical PID controller results. The 

findings demonstrate that HSMC-based control effectively improve trajectory tracking, reducing mean 

absolute and normalized root mean square (NRMS) errors compared to HPID controllers. The proposed 

approach shows promising potential for real implementation, enhancing the efficiency of rehabilitation 

devices. 

 

Keywords: Rehabilitation Robot, Hierarchical Sliding Mode Control (HSMC), Hand Rehabilitation, Particle 

Swarm Optimization (PSO),  Differential Evolution (DE)  

1. INTRODUCTION 

The elderly population of the world is increasing, bringing new aids for their decreasing physical 

capabilities due to stroke or similar diseases. Additionally, injuries to the upper limbs, including the hands 

and arms, may occur after various accidents and natural disasters. These patients require prompt and 

comprehensive rehabilitation to regain their lost abilities and resume their normal daily activities. 

Advancements in engineering and robotic technology, particularly in the context of rehabilitation, have 

shown remarkable progress. However, the current state of these technologies are still in progress. The 

existing models, which are limited in their range of motion or depend on a single actuator type, represent 

only a fraction of the full scope of human hand and wrist capabilities. Systems with limited degrees of 

freedom are inadequate in replicating the full range of motion of a human hand and wrist. Research on 

rehabilitation techniques to enhance motor and cognitive function in patients with paralysis or muscle 

weakness is ongoing [1]. Rehabilitation methods vary based on the type of disease and patient 

characteristics [2, 3]. A patient-centred approach is prioritized over a disease-centred approach in 

rehabilitation, emphasizing personalized movement patterns. Consequently, the design of rehabilitation 

equipment and movement selection should involve physiotherapists and rehabilitation specialists[4, 5] 

Instead of focusing solely on time-based exercises, rehabilitation should prioritize achieving sufficient 

strength and mobility for each patient [6]. Experimental and clinical studies incorporate movement 

patterns and joint mobilization exercises prescribed by physiotherapists. Therapeutic exercises, tailored 

for disease-specific treatment, aim to enhance limb strength, endurance, and mobility. These exercises are 

categorized into passive, active, active-assisted, resistance, and isokinetic exercises. 

 Experimental and clinical studies incorporate movement patterns and joint mobilization exercises 

prescribed by physiotherapists. Therapeutic exercises, tailored for disease-specific treatment, aim to 
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enhance limb strength, endurance, and mobility. These exercises are categorized into passive, active, 

active-assisted, resistance, and isokinetic exercises. 

 Rehabilitation of the hand and wrist poses significant challenges due to the anatomical complexity of 

the region, characterized by its high degree of mobility. The wearable exoskeletons, with the support 

device offers compact design. To date, research has been conducted on the use of functional electrical 

stimulation (FES) based hand rehabilitation devices, virtual reality (VR)-based stroke rehabilitation and 

telerehabilitation, and finger function  [7]. Among functional movements, hand opening is the most 

frequently used, followed by grasping and wrist movement [8]. 

Hand rehabilitation is a process that consists of holding the hand in a fixed position (immobilization), 

improving the range of motion, stretching, and strengthening. Rehabilitation robots should have a design 

that the patient can use in their daily life during treatment, and in the period after treatment is completed. 

The design of rehabilitation robots must be comfortable, easy to assemble and disassemble, and cost 

effective [9, 10]. The mechanisms should also be adjustable and ergonomic [11]. They should follow a 

trajectory. For this reason, applications are often defined by a trajectory or a specific exercise [12, 13]. 

Different types of rehabilitation robots are given in the literature [14]. The classification process 

considers many parameters, such as design, type of motion, degrees of freedom, material, drive type, and 

drive train. A classification based on these characteristics is shown in Table 1. The first of these 

classifications is exoskeleton hand rehabilitation robots [15-28]. The second classification group consists 

of end-effector hand rehabilitation robots [29-46]. 

Robotic devices developed for hand rehabilitation still have shortcomings today. While the 

rehabilitation process with traditional rigid systems produces successful results for the individual user, 

the same mechanism may not produce successful results for different patients [47]. Clinical applications 

of the developed devices must be widespread [48].  

  In general, hand rehabilitation robots are built as independent, single actuator or partial examination 

of the hand to perform standardized hand movements. The existing devices either are heavy, bulky, or 

only accommodate a limited range of motions and maximum contact forces [15, 49-52]. There are a limited 

number of robot designs with multiple degrees of freedom.  The main reason is that it is too complex to 

precisely design and develop those systems. Moreover, nonlinear control techniques are needed, which 

are more difficult to apply [53]. 

There are mainly three different drive mechanisms for hand exoskeletons to deliver a compact and 

lightweight force that are linkage-based, cable-driven, and soft actuator. Each has advantages and 

disadvantages like the linkage-based mechanism which offers the highest rigidity and linear force 

transmission, but has a complex structure, is heavy, and produces high stresses on supporting elements 

[15, 50, 51]. Cable-driven mechanisms have high rigidity, are far more lightweight, have linear force 

transmission, and enable to put actuators apart from the device. On the other hand, friction along the 

transmission is a serious problem. Moreover, the placement of cables problem should be resolved [49, 54-

57]. Soft-actuator-based or shape memory alloy-based mechanisms are lightweight, have high compliance, 

low inherent stiffness, and are safer than the others. However, it has limited degrees of freedom, is less 

efficient, and may produce shear forces on joints [52, 58, 59].  

A good control strategy is necessary for the correct tracking of prescribed motions by the robotic 

device. There are studies in the literature  about commonly used PID controllers for the tracking 

performance of hand and wrist robots in the literature [60]. Most of them have one, two or three DOFs.  In 

literature, Widhiada et al. [54] studied a multi-fingered robot hand control. They designed an advanced 

PID control with automatic adjustment to achieve a fast steady-state response and reduce convergence 

time [61].  
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Table 1. Overview of existing hand rehabilitation robots [14] 

Groups Researchers 
Actuated 

DoF 

Driving 

Modes 

Control 

Strategies 

Force 

Transmission 

Mode 

The exoskeleton hand 

rehabilitation robots 

J. Iqbal et al. 4 Motor  Preset Link 

D. Leonardis et 

al. 
5 

Motor Preset 
Link 

R. Conti et al. 4 
Motor Preset Rope + Connecting 

rod 

S. Kim et al. 1 Motor Preset Link 

Decker et al. 5 Motor Preset Link 

I. Jo et al. 5 Motor Preset Link 

Sale et al. 4 Motor Preset Cable+ Chain 

F. Zhang et al. 6 Motor Preset Cable + Link 

A. Lince et al. 1 Motor EMG Cable + Link 

A. Bataller et al. 1 Motor Preset Link 

I. Jo et al. 1 Motor Preset Spring + Link 

D. Marconi et 

al. 
5 SEA 

Force Control 
Link 

The end-effector hand 

rehabilitation robots 

Haghshenas J. 

M. et al. 
3 

Hybrid 

pneumatic 

Preset Pneumatic 

artificial muscle 

Polygerinos, P. 

et al. 
5 Hydraulic 

Preset Rubber Return 

Spring  

Diftler, M.A. et 

al. 
3 Motor 

Force Control Tendon/Cable-

pulley 

Fischer, H.C et 

al. 
5 Motor Preset Cable 

H. K. Yap et al. 5 Pneumatic  EMG Flexible Actuators 

Y. Park et al. 3 Motor Force Control Cable 

D. Marconi et 

al. 
5 SEA 

Force Control 
Link 

B.W. K. Ang et 

al. 
5 Pneumatic  EMG Flexible Actuators 

B. B. Kang et al. 2 Motor 

Force 

feedback 

control 

Cable 

D. Popov et al. 4 Motor Preset Tendon 

The end-effector hand 

rehabilitation robots 

L. Randazzo et 

al. 
5 Motor EEG Artificial tendon 

Thielbar, K.O. 

et al. 
5 Motor 

Active task 

orientation 

Tendon/Cable 

pulley 

Chua, M.C. et 

al. 
4 Pneumatic  Force Control 

Pneumatic 

artificial muscle 

M. Li et al. 5 Motor EEG Multi-Segment 

Butzer, T. et al 2 DC Motor EMG Spring blade 

Qiaoling Meng 

et al. 
1 Motor Force Control Tendon 

Zhi Qiang Tang 

et al. 
5 Pneumatic  EMG 

Pneumatic 

artificial muscle  

M. Sierotowicz 

et al. 
2 Motor EMG Tendon 

 

Sliding-mode control (SMC) is seen as a suitable choice for rehabilitation robot tracking control 

compared to PID, because it is not sensitive to external interference [62, 63]. A robust sliding mode 
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controller is applied successfully to control a hand exoskeleton in [64].  On the other hand, for higher 

degrees of freedom systems, the generation of mathematical model becomes complex. To overcome the 

mathematical model development problem, a model-free adaptive fuzzy sliding-mode controller was 

proposed by Jalali et al [65]. They replaced the equivalent dynamic model in SMC with a fuzzy logic 

controller. In a recent study by Hu [66], an impedance sliding-mode control method based is introduced. 

The method relies on stiffness-scheduled law for the rehabilitation robot, and can be applied to both active 

and passive exercises during rehabilitation training. The study findings are satisfactory. The patients’ 

recovery condition was taken into account rather than the existing studies by using an impedance sliding 

mode controller design in robot-assisted rehabilitation. 

Apart from the studies in the literature, a multi DOF hand and wrist rehabilitation robot control is 

considered in this study. In this paper, the authors present the simulation results of the prototype design 

which reveals interesting properties to be studied in the future works.  A novel Hierarchical Sliding Mode 

Controller is designed to control the passive tasks of hand and wrist system. In order to train the wrist 

and the fingers individually after a stroke or an accident, a simulation study is carried out in order to 

implement the real prototype. The system’s performance is compared with a hierarchical PID controller. 

Moreover, the controller parameters were optimized using PSO and DE algorithms in order to serve for 

the best performing algorithm. This study is aimed to contribute to the field of rehabilitation robot 

applications. 

The rest of the study continues with the controller design in section 2, which contains the HSMC and 

HPID settings for different optimization algorithms. In section 3, the findings of the study are presented 

with the discussions. Finally, conclusions are given in Section 4.  

2.  MATERIALS AND METHODS 

The nonlinear mathematical model of the proposed rehabilitation robot with 18 degrees of freedom, 

is obtained by the simplified Lagrange method. Hand-wrist simulation exercises were performed 

according to the rehabilitation criteria between the limits of the human hand [67]. These criteria are given 

in Table 2. 

2.1. Mathematical Modelling of the Mechanism 

The biomechanical model of the hand takes into account the structure and degrees of freedom of the 

limb. The interphalangeal joints of the hand are the hinge joints between the phalanges of the fingers, and 

they provide flexion/extension. Proximal interphalangeal joints (PIP) and distal interphalangeal joints 

(DIP) joints have the similar structure in different sizes. The carpometacarpal joint (CMC) and 

metacarpophalangeal joints (MCP) have two degrees of freedom, both flexion/extension and 

abduction/adduction, however, in this study they are represented as single DOF. The wrist joint has two 

degrees of freedom, flexion/extension and abduction/adduction [68].  In the three-dimensional XYZ plane, 

where the radial/ulnar deviation of the wrist is taken into account, the wrist is represented by the ZY axis 

angle 1 . The thumb trapeziometacarpal (TMC) joint, or, the base of the thumb, is also represented by the 

ZY axis as angle 2 . The physical model of the studied hand showing is orientations is depicted in Figure 

1. The mathematical model of the system is obtained by simplified Lagrange equation using kinetic and 

potential energy as in  [69]. The effect of the muscles and tendons, and frictions were neglected for ease of 

solution.  
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Figure 1. 18 DOF hand-wrist model 
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where, L is Lagrangian; , , , , , , 1 :16ii ip i ip i ip      =  and , , , , , , 1 : 2j j j jjp jp jp      =  parameters 

represent the position, angular velocity and the acceleration vectors of of each joint i.  i
 (t) is the given 

torque vector at joints. The Lagrangian L can be represented as , 

 

i i
L T V= − , 1:16i =  (3)  

 

where iT  and iV denote the kinetic and potential energies at each joint, respectively.  

 

21
1:16

2
i i iT m v i= → = , 1:16i i iV m gh i= → =  (4)  

 

Substituting the equations into (1), dynamic equations of all digits and wrist  can be obtained as 

below, 

M ( ) ( , ) ( ) , 1:16

M ( ) ( , ) ( ) , 1: 2

i i i i

j j j j

C G i

C G j

     

     

+ + = =

+ + = =




 (5)  

 

Here, the damping and the Coriolis effects are neglected. The final dynamic equations for each 

finger and for each joint are calculated according to the Lagrange formula. The mathematical expressions 

for each digit and joint are too large to add in this part. The formulas for the final two joints are given here. 
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The dynamic relations for the two-link thumb, the three-link fingers and the wrist are described in [70] 

explicitly. 
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Here, c is used for cosine and s for sine.  

2.2.  Controller Design 

The nonlinear dynamics represented by (6-7) is fed to the system defining the position/velocity state 

by using nonlinear controllers as hierarchical sliding mode control (HSMC) and hierarchical proportional 

integral derivative control (HPID). 

2.2.1.Hierarchical Sliding Mode Control (HSMC) 

Sliding mode controllers are one of the most preferred methods due to their good performance in 

tracking disturbance trajectories in linear and nonlinear systems [10, 71-73] . It is a control system with a 

variable structure. Since the supervisory control of real systems is difficult, the control rules are changed 

according to predetermined rules. Hierarchical SMC is a specialization of sliding mode control for 

controlling multilevel dynamical systems or complex systems with many interacting subsystems. To 

control mathematical equations with multiple dynamic structures, sliding planes are defined for different 

subsystems and solved in a hierarchy [74]. The proposed HSMC algorithm used 10 steps to control the 18 

DOF hand wrist model. First, the equations defining the position, velocity, and accelerations of the 

exoskeleton robot are decomposed and new variables are defined. A sliding surface is defined for each 

plane. The next step is to relate each layer to the others. Finally, in order to orient the system to the 

respective sliding plane, it is ensured that the system works stably and smoothly according to the 

Lyapunov stability principle. 

SMC consists of two sections. The first goal is to create the sliding surface. This allows the system to 

reach a sliding surface by switching between stable or unstable trajectories and to reach the origin by 

sliding on this surface. This is the sliding plane, 
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S C = + 
 

(8) 

 

Here ( )0C C   is a positive coefficient. Ksi ( )  is the time-dependent variable to be controlled. 

 In the second step, a new control variable is assigned. This control variable is the auxiliary sliding 

plane and replaces the main sliding planes. This sliding plane is defined as, 

 

mS S=
 

(9) 

 

Lyapunov function is given as, 

 

0mS 
 

(10) 

 

This new equation is written into the main function of the second step of the SMC control method, 

and the stabilization stage is done. It is defined with the following equation, 

 

1 2 tanh( )m mV k S k S= − −
 

(11) 

 

The ( )0k k   are positive coefficients. The goal 0V   is to meet the stabilization criterion. This function 

is also used as a cost function in optimization algorithms. When it is on the sliding surface, it behaves like 

a first-order system. This ensures that the system response reaches a desired value without overshoot. The 

general structure of HSMC is accomplished in 10 steps. This situation is presented in Figure 2. 

2.2.2 Hierarchical Proportional Integral Derivative Control (HPID) 

The general PID controller creates a new signal closest to the desired value by taking the difference 

between the output and input values of a system as a reference. The tracking error e(t) is defined as 

 

( ) ( ) ( )e t r t y t= −
 

(12) 

 

 r is the desired angle vector of joints; and y is the actual angle vector of joints. The PID controller 

parameters consisting of three terms Kp, Ki and Kd are determined by taking the input value u(t) 

produced in a system as a reference to the error input value e(t). These parameters are, 

 

( ) ( ) ( )
( )

0
   
t

p i d

de t
u t K e t K e dt K

dt
t= + +

 

(13) 

 

Kp represents proportional gain, Ki represents integral gain, and Kd represents derivative gain. Since PID 

control provides poor control in nonlinear systems, a Hierarchical PID (HPID) is proposed in this paper. 

HPID is a piecewise PID control method developed for the control of complex dynamical systems where 

the control is difficult, as in the case of HSMC method. The solution of HPID control is constructed in ten 

steps.  

The overall controller design is shown in Figure 2. The Simulink model consists of steps from 1 to 10.  
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Figure 2. Simulink model of the entire hand and wrist system 

 

Step 1 in the Simulink environment contains the acceleration equations for 18 DOF system. It is the 

part that contains the basic mathematical model of each joint. The inner Simulink model structure for the 

is given in Figure 3. 

 

 
Figure 3.  Step 1 in Simulink Model 

 

The second step, Step 2 block defines the variables that are the output of the system namely the actual 

angles of the system.  In this step, 

 

, , 1 :18ii ip i ip i ip     = = = =  14 
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are defined.  

In the Step 3, each phalanx angle error ie fi is determined, 

 

, , , 1 :18

,

e e e ipi i ip ipi i id id id

e eip ipi iid id

       
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= − = − = − =

= − = − +




 15 

 

Where d  is the desired position and p  is the current position.  

In the step 4, errors are updated. 

1:18ia i ia i ia ie e e e e e i  = → = → = → =
 

16 

 

In block step 5, the SMC parameter i aie =  is defined.   

 

1:18i ai i aie e i = → = → = 
 

17 

 

The Step 6 block creates 18 auxiliary sliding planes for HSMC. These sliding planes, 

 

1:18ai i i iS C i = + → =
 

18 

 

This is shown in Figure 2.  They ( )0C C   are positive coefficients. A new control variable is 

assigned. Auxiliary sliding planes are assigned as variables to the main sliding planes. 

 

1:18mi aiS S i= → =
 

19 

 

For stability analysis, the Lyapunov function is checked at this stage. 

 

0mS 
 

20 

 

This stage refers to the steady state. At this stage, the tanh function is preferred to the signum function.   

 

1_ 2_ tanh( ) 1:18i i mi i miV k S k S i= − − → =
 

21 

 

Where V is the variable, Sm is the main sliding plane and ( )0k k   values are positive coefficients.  

When HPID is used at this stage, 18 auxiliary ITEA error-based data are generated. It is used for 

optimization operations. The same procedure is used for the PID controller, 

 

( )* 1:18i id i iV PID i = − → =
 

22 

 

is defined as.  

Therefore, the HSMC and HPID control systems are designed for the main system. A new control 

variable is defined in block step 7. 

 

1:18ai ie V i= → =
 
1:18mi i idV V i= − → =

 

23 

 

is defined.  
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In step 8 block, a new control variable is defined. This variable is assigned to the variable Uip. Here, 

the B values are abbreviations of all the constant and variable numbers in the denominator of the 

acceleration equation. 

 

1:16

1: 2

V imi ip

V imi ip





= → =

= → =




 

* 1:18U V B iip mi i= → =  

24 

 

is defined as. A new control variable U is also defined in the ninth block. This step 9, 

 

1:18U U G ii ip i= − → =  25 

 

is defined as.  

The G values here include all constant and variable numbers except the torque ( ) value in the 

numerator of the acceleration equation. 

 

Step 10 block is the last step of the system. In this section a new control variable is defined. This step, 

 

1:18i iU i = → =
 26 

 

is defined as. With this transformation, torque is input to the first step with the basic mathematical 

equations. These forces are limited to 30 N saturation. This limit range is taken as the average reference 

for axis motion[75]. 

The operations are initialized according to the trajectory control performance criterion used in control 

systems. The ITEA error was used as the performance criterion for the optimization process.  

2.3.Optimization Algorithm 

Particle Swarm Optimization (PSO) and Differential Evolution Optimization (DEO), which are 

metaheuristic algorithms, were used to tune the variable parameters of the controllers developed for the 

hand-wrist. The cost equation of optimization is Vi in Step 6. 

2.3.1. Particle Swarm Optimization (PSO) Algorithm 

The PSO algorithm is a population-based method for nonlinear functions. This nonlinear optimization 

algorithm based on particle swarms was inspired by social behaviour in nature [76]. The flowchart of this 

algorithm is shown in Algorithm 1.  

The PSO algorithm starts by randomly distributing a population of n particles in the search space, 

inspired by nature. The particles move forward by comparing their data with the future particle based on 

their past behaviour. In this way, the past behaviours of the swarm and the particles are compared. It 

moves through an n-dimensional ecosystem at a dynamically adjusted learning rate. During this process, 

each particle stores its best value as P_best. The solution of a particle in the algorithm is the current value 

of the objective function depending on its position in the space system. All particles in the algorithm move 

forward to find the correct or closest solution in this objective function.  

The search space is assumed to be D-dimensional and the D-dimensional vector with particle i is 

represented by 𝑋İ = 𝑋İ1, 𝑋İ2. . 𝑋İ𝐷.  Let the velocity of this particle be represented by another D-dimensional 

vector 𝑉İ = 𝑉İ1, 𝑉İ2. . 𝑉İ𝐷 . The best result of particle i so far is denoted by P_best in the same space.  If 𝐺𝑏𝑒𝑠𝑡   
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is defined as the index of the best particle in the swarm, the velocity of particle i in dimension d is the 

moment component of the additional coefficient 𝑣𝑖𝑑  from the previous iteration. 𝑐1 and 𝑐2 are the 

acceleration coefficients, which are the cognitive and social learning coefficients,  

The search space is assumed to be D-dimensional and represents a D-dimensional vector with i 

particles.  Let the velocity of this particle be represented by another D-dimensional vector. Let the best 

result of particle i so far be denoted by P_best in the same space. defined as the index of the best particle 

in the swarm, the velocity of particle i in dimension d is the instantaneous component of the addition 

coefficient v_id in the previous iteration. c is the acceleration coefficient, which is the cognitive and social 

learning coefficient. The equation for the velocity of particle i, 

 

1 1 _ 2 2 _( 1) ( ( 1)) ( ( 1))
id idid id en iyi id en iyi idV WV t c r P X t c r G X t= − + − − + − −

 
27 

 

is defined as. In this context, "W" is denoted as the coefficient of inertia, a fundamental parameter that 

governs the degree of repetition in the velocity of the particles. The coefficients "𝑟1" and "𝑟2" which are 

probabilistic values, are assigned random numbers within the interval of 0 to 1. The new position of the 

particles is determined by the following equation: 

 

( ) ( 1) ( )id idx t x t v t= − +  28 

In the position equation, 𝑥𝑖𝑑(𝑡 − 1) is the current position of the particle. 𝑣𝑖𝑑(𝑡) is the update rate, and 𝑥𝑖𝑑  

is the new position. The value of the objective function used in the algorithm provides an improvement 

over the previous state until it converges to the local optimum.   

 

Algorithm 1. PSO algorithm 

Step 1. Identify the parameters to be optimized and their limits 

Step 2. Initial positions of all particles are randomly assigned 

Step 3. Fitness values are obtained for optimization 

Step 4. By calculating the fitness values, the best values of the particles (P best) and the best 

value of the swarm (G best) are calculated 

Step 5. The fitness values of the particles are compared to the current best value P best . If the 

particle's value is better than the P best value, the current value is set as the new local 

best value. 

Step 6. The local best position values are compared with the global best position value. If the 

local best value is better, it is assigned as the global best location value. 

Step 7. The new velocity and position of the particles are redetermined 

 

Step 8. 

The termination condition is checked. If the criterion is met, the algorithm is 

terminated. Otherwise, the algorithm continues processing by recalculating the 

compliance values. 

Step 9. The best location G best is taken as the best optimal solution. 

 

2.3.2. Differential Evolution (DE) Algorithm 

The differential evolution algorithm is a heuristic designed to optimize nonlinear problems [77]. The 

problem-solving method of the DE algorithm is a population-based algorithm like the genetic algorithm. 

The flow diagram is given in Algorithm 2. The population size (PS), scaling factor (F) and crossover rate 

(CR) used in the algorithm flow parameters are taken as initial input values.  The mutation or crossover 

process is of great importance for the optimization of the parameters. Mutation is to make random changes 

to the genes of the chromosome through progression. The crossover process moves the solution point 

forward. Thus, it offers more solutions.  
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The differential evolution algorithm runs until it reaches the maximum number of generations (G). 

When it reaches the maximum, the algorithm stops. In addition, the running of the algorithm can be 

determined not by the maximum number of generations, but by a stopping criterion. In this case, the 

algorithm will stop when the difference between the best and worst individuals decreases by the specified 

amount. 

 

Algorithm 2. DEO algorithm 

Step 1. For solution i from 1 to PS do 

Step 2. Initialize the state Xi, G=0 of solution i. 

Step 3. Evaluate the fitness value of solutions 

Step 4. While the termination condition is not satisfied, do 

Step 5. For each solution i from 1 to PS do  

Step 6. Employ the mutation operator to generate the vector Vi,G by Equation. 

Step 7. Use the crossover operator to generate the trial vector Ui,G by Equation 

Step 8. If ( ) ( )
, ,

f U f X
i G i G

  then 

Step 9. Set ( ) ( )
, , 1

f U f X
i G i G

=
+

 

Step 10. Else 

Step 11. ( ) ( )
, 1 ,

f X f U
i G i G

=
+

 

Step 12. End if 

Step 13. End for 

Step 14. End while 

 

2.4.Simulation of the system  

The system is simulated for passive exercise under disturbance. Passive exercises are performed 

without active muscle contraction, meaning you do not exert any effort with the limb being exercised or 

moved. So during the passive exercise simulation, the test setup does not apply any force to the fingers. 

The thumb and the other four fingers are performing flexion / extension movements. They are all restricted 

to the maximum angles of joints shown in Table 2 which are the natural limits of an average human hand. 

All initial actual angles are set to zero. The simulations are carried out in the order of HSMC-PSO, HSMC-

DE, HPID-PSO and HPID-DE. ODE1 BE numerical solution algorithm is used with a step size of 0.1 

Newton Euler 1 repetition solution selection. The ODE1 BE differential equations are solved according to 

the initial conditions in Table 3. The system runs with the torque input in the Step 1.  In the simulation, 

0.1sin (0.01t) disturbance input was used for each joint. 

 

                                
Figure 4. Reference trajectory to the scope 

 

fi2....th2
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Table 2. Trajectory tracking parameters of the hand wrist system 

Hand and Fingers Angle 
Flex. 

(rd.) 

Ext. 

(rd.) 

Trajectory tracking Sine (rad.) 

Amplitude Error Frequency  

Wrist 

Fle/Ext 1d  1.05 -1.05 1.050 --- 

 

XY  :0.10 

XYZ:0.25 

Radyal/ 

Ulnar 
1d  0.43 -0.43 0.430 

--- 

Index 

MCP 

PIP 

DIP 

2

3

4

d

d

d







 
1.57 

1.92 

1.48 

-0.70 

0.00 

-0.09 

1.135 

0.960 

0.785 

0.435 

0.960 

0.695 

Middle 

MCP 

PIP 

DIP 

θ5d

θ6d

θ7d

 
1.57 

1.92 

1.48 

-0.70 

0.00 

-0.09 

1.135 

0.960 

0.785 

0.435 

0.960 

0.695 

Ring 

MCP 

PIP 

DIP 

8

9

10

d

d

d







 
1.57 

2.09 

1.48 

-0.70 

0.00 

-0.09 

1.135 

1.045 

0.785 

0.435 

1.045 

0.695 

Little 

MCP 

PIP 

DIP 

11

12

13

d

d

d







 
1.57 

2.36 

1.48 

-0.70 

0.00 

-0.09 

1.135 

1.180 

0.785 

0.435 

1.180 

0.695 

Thumb  

TMC 

MCP 

IP 

14

15

16

2

d

d

d

d









 

1.22 

1.40 

1.40 

0.34 

-0.26 

0.00 

-0.17 

-0.34 

0.740 

0.700 

0.785 

0.340 

0.480 

0.700 

0.615 

--- 

 

Table 3. Initial conditions of the 18 DOF system  

 Positions (rad) 

Wrist 0, 0.17
1 1
 = =  0, 0.17

1 1
 = =   

Index 0, 0.34
2 2

 = =  0, 0.52
3 3
 = =  0, 0.69

4 4
 = =  

Middle 0, 0.345 5 = =  0, 0.52
6 6

 = =  0, 0.697 7 = =  

Ring 0, 0.34
8 8
 = =  0, 1.20

9 9
 = =  0, 0.80

10 10
 = =  

Little 0, 0.34
11 11
 = =  0, 0.52

12 12
 = =  0, 0.20

13 13
 = =  

Thumb 
0, 0.55

14 14
 = =  0, 0.65

15 15
 = =  0, 0.20

16 16
 = =  

0, 0.10
2 2

 = =    

 

The link parameters used for the model are given in Table 4 and the controller parameters are given 

in Table 5. Surface friction is ignored.  The search space of the system is given in Table 6. The HSMC 

optimization parameters are given in  

Table  7. The HPID optimization parameters are given in Table 8. 
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Table 4. Mean values of long finger phalanges lengths and weigh properties [25] 

 m (kg) L (m) 

Wrist m1=0.222   L1=0.0482 La=0.0177  

Index m2=0.030 m3=0.014 m4=0.007 L2=0.0198 L3=0.0111 L4=0.0079 

Middle m5=0.033 m6=0.016 m7=0.007 L5=0.0223 L6=0.0131 L7=0.0087 

Ring m8=0.022 m9=0.015 m10=0.007 L8=0.0206 L9=0.0128 L10=0.0086 

Little m11=0.018 m12=0.007 m13=0.004 L11=0.0163 L12=0.0090 L13=0.0079 

Thumb m14=0.033 m15=0.016 m16=0.01 L14=0.0231 L15=0.0157 L16=0.0108 

 

Table 5. 18 DOF Model parameters 

Cost 

Function 
∑ 𝐈𝐓𝐀𝐄

𝟏𝟖

𝒊=𝟏
 Population 20 

 

Iteration 15 Time elapsed 0.2 (s)  

Cost 

HSMC- PSO 

HSMC-DE 

9111.206 

9112.914  Convergence 

Time 

HSMC- PSO 

HSMC-DE 

776.472 

1210.284 

HPID-PSO 

HPID-DE 

39469833.628 

39469761.898 

HPID-PSO 

HPID-DE 

738.348 

687.446 

 

Table 6. Algorithm search space for the 18 DOF system 

HSMC - [Ci ξi 𝛏̇i ] HPID - [ Pi Ii Di ]  i :18 

Variable Search Value Variable Search Value 

1 1 1 2_1, _ ,C    [20 150 350] ± 0.5 1 1 1, ,P I D  [-100 -1 100] ± 0.5 

2 1 2 2_ 2, _ ,C    [50 100 300] ± 0.5 2 2 2, ,P I D  [-100 -1 100] ± 0.5 

3 1 3 2_3, _ ,C    [20 300 250] ± 0.5 3 3 3, ,P I D  [-100 -1 100] ± 0.5 

4 1 4 2_ 4, _ ,C    [20 200 250] ± 0.5 4 4 4, ,P I D  [-100 -1 100] ± 0.5 

5 1 5 2_5, _ ,C    [300 251 250] ± 0.5 5 5 5, ,P I D  [-100 -1 100] ± 0.5 

6 1 6 2_ 6, _ ,C    [50 115 150] ± 0.5 6 6 6, ,P I D  [-100 -1 100] ± 0.5 

7 1 7 2_ 7, _ ,C    [2 20 2] ± 0.5 7 7 7, ,P I D  [-100 -1 100] ± 0.5 

8 1 8 2_8, _ ,C    [2 20 2] ± 0.5 8 8 8, ,P I D  [-100 -1 100] ± 0.5 

9 1 9 2_9, _ ,C    [500 800 800] ± 0.5 9 9 9, ,P I D  [1e5 1e5 1e5] ± 0.5 

10 1 10 2_10, _ ,C    [300 400 100] ± 0.5 9 9 9, ,P I D  [1e5 1e5 1e5] ± 0.5 

11 1 11 2_11, _ ,C    [300 300 250] ± 0.5 11 11 11, ,P I D  [-800 -1 800] ± 0.5 

12 1 12 2_12, _ ,C    [1 250 400] ± 0.5 12 12 12, ,P I D  [-800 -1 800] ± 0.5 

13 1 13 2_13, _ ,C    [400 250 400] ± 0.5 13 13 13, ,P I D  [-800 -1 800] ± 0.5 

14 1 14 2_14, _ ,C    [600 600 800] ± 0.5 14 14 14, ,P I D  [-800 -1 800] ± 0.5 

15 1 15 2_15, _ ,C    [600 600 800] ± 0.5 15 15 15, ,P I D  [-5e4 -5e4 -5e4] ± 0.5 

16 1 16 2_16, _ ,C    [900 900 900] ± 0.5 16 16 16, ,P I D  [-1800 -1 1200] ± 0.5 

17 1 17 2_17, _ ,C    [200 800 100] ± 0.5 17 17 17, ,P I D  [-8e3 -8e3 -8e3] ± 0.5 

18 1 18 2_18, _ ,C    [10 800 100] ± 0.5 18 18 18, ,P I D  [-100 -1 100] ± 0.5 
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Table  7. HSMC Optimization Parameters for 18 DOF System 

Variable 
Search space ( i =1:54) 

HSMC- PSO HSMC-DE 

i =1:3 19.50 19.50 350.50 19.73 149.73 350.12 

i =4:6 49.50 100.21 299.52 50.49 100.00 299.98 

i =7:9 19.50 299.50 249.50 19.53 299.89 250.16 

i =10:12 19.73 200.50 249.99 19.91 200.01 250.44 

i =13:15 299.50 250.50 249.50 299.75 251.11 249.96 

i =16:18 50.19 115.50 149.87 49.50 114.59 149.50 

i =19:21 2.50 19.54 1.58 1.79 19.79 1.88 

i =22:24 2.29 19.50 1.50 1.50 20.04 2.04 

i =25:27 499.99 799.96 800.04 500.24 800.50 799.96 

i =28:30 300.50 399.50 100.38 300.22 399.50 99.764 

i =31:33 300.50 299.67 249.88 299.50 299.54 249.75 

i =34:36 1.50 250.50 399.68 1.18 250.50 399.94 

i =37:39 399.50 249.50 400.50 399.86 249.50 400.25 

i =40:42 600.08 600.50 799.53 600.16 600.50 799.68 

i =43:45 600.50 599.50 799.52 599.89 599.55 800.19 

i =46:48 899.50 899.50 900.50 899.59 899.64 899.95 

i =49:51 199.50 799.50 99.50 199.67 799.50 99.63 

i =52:54 9.50 799.50 100.50 9.57 799.50 99.80 

 

Table 8. HPID Optimization Parameters for 18 DOF System 

Variable 
Search space ( i =1:54) 

HPID- PSO HPID-DE 

i =1:3 -99.87 -1.22 100.06 -99.74 -1.12 99.85 

i =4:6 -100.20 -1.07 99.71 -100.13 -0.50 100.33 

i =7:9 -99.94 -1.33 100.12 -100.50 -0.55 99.68 

i =10:12 -100.14 -1.16 100.21 -99.89 -0.63 100.39 

i =13:15 -99.71 -0.92 100.28 -99.95 -0.50 100.10 

i =16:18 -99.78 -0.90 100.14 -99.94 -0.82 99.72 

i =19:21 -100.10 -0.72 99.70 -100.43 -0.53 100.07 

i =22:24 -99.67 -1.13 100.09 -100.00 -1.49 100.36 

i =25:27 99999.59 99999.83 100000.3 99999.54 99999.51 99999.50 

i =28:30 -9000.26 -9000.06 -8999.52 -9000.50 -9000.25 -9000.46 

i =31:33 -800.06 -1.40 799.97 -799.99 -0.75 799.50 

i =34:36 -799.87 -0.86 799.82 -799.98 -1.24 800.34 

i =37:39 -800.27 -0.97 800.11 -799.50 -0.64 799.64 

i =40:42 -799.98 -1.38 799.97 -800.19 -1.28 800.06 

i =43:45 
-

49999.89 

-

49999.69 
-50000.19 

-

49999.50 

-

49999.91 

-

50000.49 

i =46:48 -1799.68 -1.07 1199.93 -1799.98 -1.27 1200.00 

i =49:51 -7999.79 -8000.47 -8000.09 -7999.84 -7999.59 -8000.31 

i =52:54 -100.32 -0.67 99.89 -99.72 -1.25 100.50 

 

3. RESULTS AND DISCUSSION 

The reference trajectory values were determined based on the average limits of a real human hand. 
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The reference values used for trajectory tracking in the wrist rehabilitation exercise are provided in Table 

2. The allowable tolerance band is set as ±0.02 in the figures  as red and green. They are represented as 

zoomed on the left corners of the figures.  

Wrist flexion-extension trajectory tracking, angular error, torque and sliding plane plots, and radial-

ulnar plots are shown in Figure 5. In the plots, 'Sd' represents HSMC-DEO and 'Sp' represents HSMC-

PSO.  'Pd' represents HPID-DG and 'Pp' represents HPID-PSO.  The sections where the system's settling 

time occurs are shown in the zoomed-in window. In the wrist exercise, the PSO and DG algorithms are 

equivalent. However, in terms of settling time, PSO appears to be more successful. The details are 

provided in Table 9. 

 

 
Figure 5. Wrist flexion-extension (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO. 

 

 
Figure 6. Radial/ulnar wrist perturbation (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO. 
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The results for flexion-extension and radial-ulnar motion of the wrist are shown in Figure 6. Since the 

tracking performances of both controllers seem similar, HSMC is more stable than HPID. In terms of 

optimization algorithms, HSMC-PSO is faster, while the torque value of HSMC-DG is smaller.  

Trajectory tracking, error, torque, and sliding plane plots for the MCP joint, PIP joint and DIP joint of 

the index finger are shown in Figure 7, Figure 8 , Figure 9, respectively.  

 

 
Figure 7. Index finger-MCP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO  

 

 
Figure 8. Index finger-PIP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 
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According to the results shown in Table 9, index finger trajectory tracking for MCP, PIP, and DIP joints 

are successful. Although the HSMC and HPID trajectory tracking performances are in tolerable band, the 

settling time for HPID is longer. In terms of optimization algorithms, it is seen that HSMC-PSO creates a 

smaller sliding plane. Trajectory tracking, error, torque, and sliding plane plots for the MCP joint, PIP joint 

and DIP joint of the middle finger are shown in Figure 10,Figure 11 and Figure 12, respectively. 

 

 
Figure 9. Index finger-DIP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 

 

 
Figure 10. Middle finger-MCP (a) Trajectory control (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 
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Figure 11. Middle finger -PIP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO  

 

 
Figure 12. Middle finger -DIP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 

 

According to the results shown in Table 9, the MCP, PIP, and DIP joints of the middle finger were 

found to be successful in trajectory tracking. It was observed that HSMC and HPID have good trajectory 

tracking, but HSMC torque values were higher. In terms of optimization algorithms, HPID-PSO and 

HPID-DE were found to be equivalent.  Trajectory tracking, angular error, torque, and sliding plane plots 

for the MCP, PIP and DIP joints of the ring finger are shown in Figure 13, Figure 14 and Figure 15.  
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Figure 13. Ring finger- MCP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 

 

According to the results shown in Table 9, it is observed that the MCP, PIP, and DIP joints of the ring 

finger are successful in trajectory tracking. HPID performed better trajectory tracking, but the torque 

values of HSMC were lower. In terms of optimization algorithms, it is seen that HPID-DE is more efficient. 

Trajectory tracking, angular error, torque, and sliding plane plots for the MCP, PIP and DIP joints of 

the little finger are shown in Figure 16 , Figure 17 and Figure 18, respectively. 

 

 
Figure 14. Ring finger- PIP (a) Trajectory control, (b) Error value, (c) Torque value, (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 

 



1127   M. MARUL, N. GÜRSEL ÖZMEN 

 

 
Figure 15. Ring finger- DIP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 

 

 

 
Figure 16. Little finger- MCP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO  
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Figure 17. Little finger- PIP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO  

 

 
Figure 18. Little finger- DIP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 

 

According to the results shown in Table 9, the MCP, PIP, and DIP joints of the little finger were found 

to be successful in trajectory tracking. The reference trajectory tracking was successful with both control 

methods. It was observed that HSMC and HPID performed accurate trajectory tracking, but the HPID 

torque values were lower. In terms of optimization algorithms, it is seen that HPID-PSO is more successful. 

Trajectory tracking, angle error, torque, and sliding plane plots for the TMC joint, MCP joint, IP joint 

of the thumb are shown in Figure 19, Figure 20 and Figure 21, respectively. Abduction-adduction 

trajectory tracking, angle error, torque, and sliding plane plots for the thumb are shown in Figure 22. 
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Figure 19. Thumb-TMC (a) Trajectory control, (b) Error value, (c) Torque value, (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO  

 

 
Figure 20. Thumb-MCP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 

 

According to the results shown in  Table 9, it was observed that TMC, MCP, and IP joints of the 

thumb during Abb-Add. were successful in trajectory tracking. Reference trajectory tracking was 

successful in both control methods. It was observed that HSMC and HPID performed accurate trajectory 

tracking in TMC, IP, and Ab-Ad joints, but HPID torque values were lower. In terms of optimization 

algorithms, it is seen that HPID-PSO is better.  
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Figure 21. Thumb-IP (a) Trajectory control, (b) Error (c) Torque (d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO  

 

 
Figure 22. Thumb abduction-phalangeal (a) Trajectory control, (b) Error (c) Torque d) Sliding plane 

Sd: HSMC-DEO, Sp: HSMC-PSO, Pd: HPID-DG, Pp: HPID-PSO 

 

During the simulations, maximum overshoot, settling time, torque values, and sliding surface 

values for each finger are shown in Table 9. In general, it can be observed that the performances of HSMC 

and HPID are similar, only HSMC is faster. 
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Table 9. Simulation results (allowable tolerance 0.02) 

 Cont. Type Mp ts Torque (Nm) (Sm) max. 

Wrist 

Flex.-Ext. 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

non 

non 

0.0298 

0.0298 

0.3724 

0.3746 

0.7226 

0.7226 

-0.3699 

-0.3460 

-0.1629 

-0.1629 

Sm1 
1.1295 

1.0402 

  

Rad-Uln. 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

non 

non 

0.0437 

0.0437 

0.3892 

0.3892 

1.6537 

1.6537 

30.0000 

30.0000 

-2.1850 

-2.1849 

Sm17 
-33.9150 

-33.9440 

  

 

Index 

 

 

MCP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.1800 

0.1800 

0.1800 

0.1800 

0.5256 

0.5286 

0.8318 

0.8307 

0.7344 

0.7322 

-0.0606 

-0.0603 

Sm2 
9.2457 

9.3751 

  

 

 

PIP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.5119 

0.5119 

0.5119 

0.5119 

0.6759 

0.6753 

1.1674 

1.1721 

0.2851 

0.2844 

-0.0028 

-0.0028 

Sm3 
10.2222 

10.2418 

  

 

DIP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.0638 

0.0638 

0.0638 

0.0638 

0.3694 

0.3689 

0.4711 

0.4630 

0.4781 

0.4760 

0.0316 

0.0316 

Sm4 
1.4424 

1.4669 

  

 

Middle 

 

 

MCP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.1800 

0.1800 

0.1800 

0.1800 

0.3900 

0.3900 

0.8312 

0.8326 

0.5893 

0.5871 

-0.0614 

-0.0614 

Sm5 
54.2065 

54.2520 

  

 

 

PIP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.5119 

0.5119 

0.5119 

0.5119 

0.4714 

0.4709 

1.1722 

1.1720 

0.3661 

0.3652 

-0.0037 

-0.0037 

Sm6 
25.5802 

25.5802 

  

DIP 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.0638 

0.0638 

0.0638 

0.0638 

0.9678 

1.0003 

0.3685 

0.3686 

-2.4425 

-2.4153 

2.1407 

2.1468 

Sm7 
0.3195 

0.3102 

  

 

Ring 

 

 

MCP 

 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.1800 

0.1800 

0.1800 

0.1800 

1.3706 

1.9527 

0.8332 

0.8331 

5.6086 

5.6120 

0.0890 

0.0996 

Sm8 
0.7088 

0.5532 

  

 

 

PIP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.0443 

0.0429 

0.0391 

0.0391 

0.5838 

0.5837 

39.5001 

39.5026 

2.4479 

2.4487 

-11.9104 

-11.9103 

Sm9 
22.8665 

22.1481 

  

 

DIP 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.2203 

0.2192 

non 

non 

0.4961 

0.4962 

0.6250 

0.4878 

0.2202 

0.2197 

0.3521 

0.3521 

Sm10 
68.8780 

68.4787 

  

Little 

 

 

MCP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.1800 

0.1800 

0.1800 

0.1800 

0.3903 

0.3903 

0.4086 

0.4083 

1.1668 

1.1668 

-0.1892 

-0.1892 

Sm11 
54.2067 

54.2067 

  

 

 

PIP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.7484 

0.7484 

0.7484 

0.7484 

3.2025 

3.9065 

0.6169 

0.6172 

6.0719 

6.0645 

-0.0543 

-0.0545 

Sm12 
1.4170 

1.1788 

  

DIP HSMC- PSO 0.5538 0.3980 0.2879 Sm13 221.4550 
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HSMC-DG 

HPID-PSO 

HPID-DG 

0.5538 

0.5538 

0.5538 

0.3979 

0.5934 

0.5928 

0.2874 

-0.0436 

-0.0436 

221.6494 

  

 

Thumb 

 

 

 

TMC 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

non 

non 

non 

non 

0.2704 

0.2704 

0.2704 

0.2704 

-0.1402 

-0.1343 

-0.0010 

-0.0010 

Sm14 
5.6800 

5.5800 

  

 

 

MCP 

 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

0.1024 

0.1024 

0.1024 

0.1024 

0.3874 

0.3874 

37.4505 

37.4475 

-0.0623 

-0.0623 

-5.0779 

-5.0780 

Sm15 
61.6240 

61.6340 

  

IP 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

non 

non 

non 

non 

0.3889 

0.3889 

0.3933 

0.3933 

0.0326 

0.0328 

0.0282 

0.0282 

Sm16 
3.3550 

3.3040 

  

Ab- Ad. 

HSMC- PSO 

HSMC-DG 

HPID-PSO 

HPID-DG 

non 

non 

0.0213 

0.0215 

0.3739 

0.3739 

0.6560 

0.6680 

-0.0199 

-0.0199 

-0.0030 

-0.0030 

Sm18 
-0.5300 

-0.5300 

  

 

 

4. CONCLUSIONS 

In the field of hand and wrist rehabilitation robots, there are few studies in the literature for multi 

DOF systems. Most of the studies are focused on the development of systems with few degrees of freedom. 

Novel control methodologies Hierarchical Sliding Mode Control and Hierarchical PID control were used 

to control the proposed hand and wrist rehabilitation robot. According to the simulation of the 18-degrees-

of-freedom system, successful results were achieved. HSMC showed superior performance than the HPID. 

Moreover, the use of optimization methods for controller parameters selection are searched. PSO 

algorithm gave faster and more robust results in the optimization processes with both HSMC and HPID. 

The findings demonstrate that HSMC effectively improve trajectory tracking, reducing mean absolute and 

normalized root mean square (NRMS) errors compared to HPID controllers. The proposed approach 

shows promising potential for real implementation, enhancing the efficiency of rehabilitation devices. 
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