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Abstract

:

This study aims to develop a multi-functional robotic arm with a multi-degree of freedom using a pneumatic artificial muscle cylinder as the main actuator, with a wearable function. While wearing the robotic arm, it has four degrees of freedom and can be used as an upper limb rehabilitation aid to perform rehabilitation exercise tasks. The rotating axes are driven by pneumatic artificial muscle cylinders to ensure the safety and flexibility of the robot interaction. By integrating multiple pneumatic control valves and sensors with embedded interface cards, the control of pneumatic artificial muscle cylinders is performed, and the rehabilitation trajectory commands are planned through the kinematics of the robotic arm, and a closed-loop control system is established to enable the robotic arm to achieve the task of rehabilitation trajectory tracking. In the single-axis robotic arm controller experiment, it was found that the LMS-PID is superior to the conventional PID control method. In the control experiment of the robotic arm under the multi-axis recovery trajectory, the result showed that the training of drawing a circle on the wall could be successfully planned. In the multi-axis robotic tracking experiment under the rehabilitation trajectory, the result showed that the RMSE of the tracking trajectory decreased to 0.2444 and 0.2853. In the robotic arm joining/loading experiment, it was shown that the method of this study can withstand some loading effects. Moreover, this study introduces iterative learning control to improve the non-linear compensation and phase lag problems of the PID controller so that the robot arm can have a certain tracking accuracy under the round-trip robust trajectory.
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1. Introduction


The application of robotic arms is widespread, including in industrial manufacturing automation applications [1,2], military security, disaster prevention and explosion removal [3], medical rehabilitation [4,5,6], and home entertainment [7]. Robotic arms have been applied in many fields. The medical rehabilitation robots mentioned above have been important research topics. Patients with physical movement disabilities caused by accidents, surgery after injury or brain injury, stroke, etc., are unable to take care of themselves in daily life and need to be cared for long-term by others [8]. Thus, this study aims to develop a multi-functional robotic arm and design a multi-degree of freedom robotic arm for patients who cannot lift their upper limbs by themselves and need to be assisted by devices for rehabilitation training. It is designed as a human-shaped exoskeleton with a wearable function so that the patient can perform rehabilitation exercises for the upper limbs with the help of the robotic arm while wearing it.



To design an upper limb wearable robotic arm, it is necessary to consider the design process and validation issues [9,10]. An upper limb wearable robotic arm is an assistive device in direct contact with the user’s body, and its safety and flexibility are very important. Rehabilitation tasks require stability and comfort. At present, most robotic arms are driven by motors, where the advantages of motors are high-speed response time, high precision, and high linearity, but because of the direct action on the rotary axis, improper control will make patients feel pain and cause secondary injury. Thus, Festo’s pneumatic muscle cylinder is used as the actuator in this study. In comparison with motors or pneumatic cylinder actuators, it has the following advantages: slower reaction speed, limited movement stroke, and higher output force. Additionally, flexible material is used to make the pneumatic artificial muscle cylinder, and the rotation of the rotary axis is a little flexible during the robotic arm’s rehabilitation tasks. Hence, it is more suitable for human–computer interaction robotic arm development than rigid material actuators such as motors and pneumatic cylinders.



Pneumatic artificial muscle (PAM) was first designed in 1961 by Joseph L. McKibben, an American physicist, as his daughter was suffering from osteomyelitis and McKibben was looking for an actuator with flexible material that could be used as a prosthesis [11]. McKibben invented PAM in order to obtain a material that was flexible and could be used as an actuator for a prosthesis, and thus, PAM was also called McKibben muscle [12]. From the perspective of PAM and biological muscle, PAM has the advantages of higher output force, high energy-conversion efficiency, faster dynamic characteristics, compact structure, light weight, flexibility, easy control of extension position through pressure valve control, and less heat, noise, and harmful substances during operation. On the other hand, the disadvantages are that the displacement change of PAM is time-varying and non-linear compared to the input pressure, and there is some friction between the inner elastic rubber tube and the outer fiber mesh of PAM when the displacement change occurs due to the internal pressure change, thus causing a hysteresis phenomenon [13,14].



In recent years, the German Festo team has been developing the application of PAM in robotics. The ZAR5, developed by the Festo team, uses PAM as an actuator, and its mechanism consists of a rotatable base, two upper limb arms, and a total of ten fingers on both hands. By controlling the flow valve to change the air flow in the pneumatic artificial muscles, it can perform the action of bending the fingers with the arms together and can track the action of simulated human hands [15]. A UK-based shadow company also designed a bionic arm using PAMs, with each group of PAMs installed in the same position as the corresponding muscles of the human arm, which can realize the same bending elbow and arm forward and extension movements as human hands [16]. Tondu et al. [17] published a seven-degrees-of-freedom humanoid robotic arm with PAM as the actuator to drive each axis of the arm in remote control mode, allowing the arm to perform the task of picking up and dropping objects. Caldwell et al. [18] designed an exoskeleton device for upper limb and lower limb rehabilitation with seven degrees of freedom for the upper limb exoskeleton and five degrees of freedom for the lower limb exoskeleton, which is driven by a PAM. The upper limb exoskeleton is equipped with a torque sensor at the end of the hand, which can sense the force signal applied at the end of the hand and use the force signal to achieve the desired movement position of the patient through control.



PAMs are applied to control robotic arms, which can be generally classified as single PAM control or dual PAMs operating in linear or rotary motion; the use of pneumatic control valves is also different from pressure control valves or flow-control flow servo valves. Minh et al. [19] used a proportional flow-control PAM, but because the PAM produced hysteresis during operation, the hysteresis was modeled by isometric, isobaric, and isotropic experiments to perform feed-forward compensation so that the system could achieve better control results. Shen [20] proposed using sliding mode control (SMC) to control the linear motion of a proportional flow servo valve with dual PAMs, and established a nonlinear model of the PAMs, with ideal gas equation and air flow equation to derive the relationship between the control command parameters and the dual PAMs, and designed the sliding plane to calculate the control commands through the equivalent control law and switching control law to control the system. Andrikopoulos et al. [21] used a nonlinear proportional–integral–derivative (PID) structure to simplify the modeling process and provide pneumatic artificial muscles to compensate for nonlinear hysteresis phenomena and increase the robustness of the system.



In order to improve the control accuracy of the trajectory tracking, this study uses iterative learning control. The initial idea of iterative learning control was to make a relevant correction to the control of mechanical motion through the implementation error in the mechanical system, but the analysis of learning control was still insufficient at that time [22]. Arimoto et al. [23] proposed a learning algorithm called the PID-type, which can guarantee the convergence of the system without initial error and specially defined norm limits. Since then, different definitions of iterative learning control and modified learning algorithms have been proposed; these learning algorithms require several iterations to achieve a certain control accuracy [24,25]. Kurek and Zaremba [26] proposed a theoretical algorithm that can adjust the control error to zero in just one learning session, but this method is obtained from the system state generated by the new control input. Geng et al. [27] introduced iterative learning control (ILC) with a two-dimensional system theory and introduced a suitable mathematical model to clearly describe the dynamics of the control system and the learning process behavior. However, their proposed method must be full-state feedback and can only be applied to first-order systems. They also applied two-dimensional system theory to propose an iterative learning control method for continuous-time and discrete-time systems [28,29].



To sum up, the purpose of this study is to develop a robotic arm with a rehabilitation function and to conduct various experimental validations. This study involves designing a single-axis robotic arm controller, a robotic arm on a multi-axis recovery trajectory, a multi-axis robotic tracking experiment on a rehabilitation trajectory, and a robotic arm joining/loading experiment.




2. Materials and Methods


2.1. Experimental Design and Introduction


2.1.1. Design of Robotic Arm


The structure and movement patterns of the human upper limbs are introduced prior to designing the upper limb wearable robotic arm; the human upper limb can be divided into three major parts, including the upper arm, forearm, and hand end, and the main joints are formed by the shoulder, elbow, and wrist joints. The complete structure of the robotic arm designed in this research is shown in Figure 1, which is divided into three parts: shoulder, elbow, and wrist; the shoulder is designed to imitate the movement of the human shoulders and has three degrees of freedom, while the elbow is designed to consider the user’s safety while wearing it, and only one degree of freedom is designed. Its operation is shown in Figure 2.



In this study, the mechanism of each axis of the robotic arm was designed with reference to the design of the rehabilitative arm in [9], and its operation was simulated after considering the cost and light weight. The range of rotation of the robotic arm must not only be smaller than the angle of human joints, but also the first and third axis of rotation must be limited to ensure that the mechanism will not cause excessive collision with the human body while wearing the arm. The range of rotation angles between the human joints and the robot arm is shown in Table 1. The PAM is used as the actuator and is fixed to the pulley of the robotic arm through a steel cable that leads to the brake pipe. When the PAM moves, it can drive the rotating axis of the robot arm. In this study, seven PAMs were used to drive the rotating axis, and the PAMs were fixed to an aluminum frame with the robotic arm, instead of wearing them completely on the human body, as shown in Figure 3. For the rehabilitation of the human body, it can reduce the unnecessary mechanical load on human joints, as shown in Figure 3.




2.1.2. Robotic Arm’s Forward Kinematics


To analyze the motion of the robot arm, the coordinate system relationship of the robot arm must be defined first. The homogeneous transformation matrix proposed by Denavit and Hartenberg (the D-H method) is commonly used to analyze the coordinate system transformation between each axis of the robot arm. In this study, the robotic arm has four degrees of freedom, and the relationship between the coordinate systems is shown in Figure 4. The coordinate system      (  X Y Z  )   i       i = 0 … N   on each rotary axis is defined according to the D-H method and the parameters recorded in the D-H parameter table, as shown in Table 2.



As an example in this paper, the four-degrees-of-freedom robotic arm is defined as a matrix with the coordinate conversion relationship, and the D-H homogenous transform matrix    A     i     i + 1     is shown in (1):


     A     i     i + 1     = R o t (  Z  i − 1 ,    θ i  ) × T r a n s ( 0 , 0 ,  d i  ) × T r a n s (  a i  , 0 , 0 ) × R o t (  X  i − 1 ,    a i  )      =  [      cos (  θ i  )     − sin (  θ i  ) cos (  α i  )     sin (  θ i  ) sin (  α i  )      a i  cos (  θ i  )       sin (  θ i  )     cos (  θ i  ) cos (  α i  )     − cos (  θ i  ) sin (  α i  )      a i  sin (  θ i  )      0    sin (  α i  )     cos (  α i  )      d i       0   0   0   1     ]     



(1)




where:



	
   θ i  :  Z  i − 1    -axis rotation angle,



	
   d i  :  Z  i − 1    -direction, distance of translation,



	
   a i  :  X  i − 1    -direction, distance of translation,



	
   α i  :  X  i − 1    -axis rotation angle.






By using (1), the homogeneous transformation matrix of each joint is constructed, and the transformation matrix of each joint is multiplied in order to calculate the transformation relationship between the end-point coordinate system and the origin (P0), as in Equation (2):


   P 0  =  A     0    1   A     1    2   A     2    3   A     3    4   P 4   



(2)




where:


   A     0    1  =  [      cos  (   θ 1   )     0    sin  (   θ 1   )     0      sin  (   θ 1   )     0    − cos (  θ 1  )    0     0   1   0   0     0   0   0   1     ]   



(3)






   A     1    2  =  [      cos  (   θ 2   )     0    − sin  (   θ 2   )     0      sin  (   θ 2   )     0    cos (  θ 2  )    0     0    − 1    0   0     0   0   0   1     ]   



(4)






   A     2    3  =  [      cos  (   θ 3   )     0    sin  (   θ 3   )     0      sin  (   θ 3   )     0    − cos (  θ 3  )    0     0   1   0     d 3       0   0   0   1     ]   



(5)






   A     3    4  =  [      cos  (   θ 4   )      − sin  (   θ 4   )     0     a 4  cos  (   θ 4   )        sin  (   θ 4   )      cos  (   θ 4   )     0     a 4  sin  (   θ 4   )       0   0   1   0     0   0   0   1     ]   



(6)







To calculate the end position vector of the robot arm, substitute into Equation (2) to obtain the coordinates of its end, as shown in Equation (7):


   [     x     y     z     1     ]  =  [      −  a 4  cos (  θ 4  )  (  sin  (   θ 1   )  sin  (   θ 3   )  − cos  (   θ 1   )  cos  (   θ 2   )  cos  (   θ 3   )   )  −  d 3  cos  (   θ 1   )  sin  (   θ 2   )  −  a 4  cos  (   θ 1   )  sin  (   θ 2   )  sin  (   θ 4   )         a 4  cos (  θ 4  )  (  cos  (   θ 1   )  sin  (   θ 3   )  + cos  (   θ 2   )  cos  (   θ 3   )  sin  (   θ 1   )   )  −  d 3  sin  (   θ 1   )  sin  (   θ 2   )  −  a 4  sin  (   θ 1   )  sin  (   θ 2   )  sin  (   θ 4   )         d 3  cos  (   θ 2   )  +  a 4  cos  (   θ 2   )  sin  (   θ 4   )  +  a 4  cos  (   θ 3   )  cos  (   θ 4   )  sin  (   θ 2   )       1     ]   



(7)








2.1.3. Robotic Arm’s Inverse Kinematics


Consider a robotic joint with degrees of freedom at any given time, and the number of degrees of freedom required to perform a task in the Cartesian coordinate system. Then, the joint angle vector of the robotic arm can be defined as Equation (8):


  θ  ( t )  =  [   θ  1 ,    θ  2 ,   …  θ n   ]  ∈  R n   



(8)







The end position vector of the robot arm describing the task can be defined as Equation (9):


  r  ( t )  =  [   x  1 ,    x  2 ,   …  x n   ]  ∈  R m   



(9)







Inverse kinematics is to invert the angle and angular velocity solution of each joint according to the trajectory of the end in the Cartesian coordinates. Thus, the basic task of the robot arm is defined as follows: the end of the robotic arm must achieve the required trajectory in the Cartesian coordinates; if the default trajectory is expressed as a time series, the basic task of the robotic arm can be expressed as finding the minimum value of the correct position of the end, as in Equation (10):


  M i n i m i z e    (  r  ( t )  −  r  r e f    ( t )   )   T   (  r  ( t )  −  r  r e f    ( t )   )   



(10)







Normally, the forward kinematic relation is non-linear and it is difficult to obtain the inverse analytical relation; therefore, to obtain the inverse relation, it is generally obtained by differentiation.


   r ˙   ( t )  = J  (  θ  ( t )   )   θ ˙   ( t )   



(11)




where   J  (  θ  ( t )   )    is the Jacobian matrix, which is used to describe the velocity vector relationship between the Cartesian coordinates of the robotic arm end point and the joint angle, as shown in Equation (12).


  J  (  θ  ( t )   )  =   ∂ f  (  θ  ( t )   )    ∂ θ  ( t )     



(12)







When the degrees of freedom of the robotic arm are the same as those required for the preset task    (  n = m  )   , and    | J |  ≠ 0  , then the inverse kinematics can be obtained from Equation (13), where    J  − 1   =   a d j ( J )    | J |     .


   θ ˙   ( t )  =  J  − 1    (  θ  ( t )   )   r ˙   ( t )   



(13)







When the degrees of freedom of the robotic arm are greater than the degrees of freedom required by the default task    (  n > m  )   , then the robotic arm is a redundant robot arm for this task. For the inverse kinematics of the robotic arm with redundant degrees of freedom, one of the particular solutions can be obtained by the Moore–Penrose pseudoinverse; when using the Moore–Penrose pseudoinverse to calculate the inverse kinematics, a particular solution can be obtained such that    ‖  θ ˙  ‖    has a minimum at time    t k  ∈  [   t  0 ,    t f   ]   . If   r a n k [ J  (  θ  (   t k   )   )  ] = m   is established at    t k  ∈  [   t  0 ,    t f   ]   , then the pseudoinverse of the Jacobian matrix can be defined as in Equation (14):


   J +   (  θ  (   t k   )   )  = J    (  θ  (   t k   )   )   T   (  J  (  θ  (   t k   )   )   )  J    (     (  θ  (   t k   )   )   T   )    − 1    



(14)







The particular solution of the inverse kinematics can be expressed as Equation (15):


   θ ˙   (   t k   )  =  J +   (  θ  (   t k   )   )   r ˙   (   t k   )   



(15)







At some time    t s  ∈  [   t  0 ,    t f   ]    does not fulfill   R a n k  [  J  (  θ  (   t k   )   )   ]  = m  , i.e., when   R a n k  [  J  (  θ  (   t k   )   )   ]  < m  , the robot arm is at the singularity point, and near the singularity point, the correct solution cannot be obtained using Equation (14) because of    |  J  (  θ  (   t s   )   )  J    (  θ  (   t s   )   )   T   |  = 0  . Thus, the trajectory should be planned to avoid singularities to prevent the robotic arm from being in an odd attitude.




2.1.4. Hardware and Software Introduction


In this study, the mechanical and electrical system architecture of the robotic arm uses a PC and a real-time monitoring system as the control side. The host side is the Windows operating system, and the programming of the real-time monitoring system side is communicated by LabVIEW software and the embedded controller myRIO. The control process is that the host gives the control command to each rotary axis of the robotic arm, with a real-time monitoring system and embedded controller to control the corresponding pneumatic valve of each axis, through the rotary encoder and pressure sensor feedback information, in order to perform the task of tracking.



The pneumatic artificial muscle cylinder is a tensioner produced by Festo (Esslingen, Germany, MAS-40-XXXXN-AA-MC-O-ER-BG), which uses pneumatic pressure as a power source to imitate the stretching motion of human muscles. Its structure is composed of a contraction system and two connectors, in which the contraction system is a flexible tube on the inside and a high-strength fiber mesh on the outside. When the internal gas pressure is applied, the flexible tube expands and deforms due to the high pressure, while the flexible tube squeezes the external fiber mesh to make its tensile displacement deformation, and the deformation is the expansion of the radial direction and the axial compression, and the axial compression is up to 25% of the original length of the pneumatic artificial muscle cylinder.



The proportional directional control valve operates by converting the voltage input signal into a flow and flow direction control signal, and controlling the opening area as well as the inlet and outlet direction through the input voltage to achieve the purpose of controlling the pneumatic element. In this study, the proportional directional control valve (MPYE-5-M5-010-B) developed by Festo was used. The proportional pressure control valve operates by converting the voltage input signal into a pressure signal, and the proportional relationship between the input voltage and the output pressure is used to control the pneumatic element. The proportional pressure regulator (Model No. VPPM-6L-L-1-G18-0L10H-V1N) developed by Festo is used in this study with a pressure range of 0~10 Bar; input voltage range: 0~10 V; and return voltage range: 0~10 V. The pressure sensor is produced by Festo (SPAB-P10R-G18-NB-K1). By inputting a pressurized gas to its inlet, the sensor will automatically measure and display the corresponding pressure level. The pressure measurement range is 0~10 Bar, and the returned voltage signal is 1~5 V.



The software part of the robotic arm designed in this study is developed by the LabVIEW program, including the kinematics and controller program. The control program is implemented on the NI myRIO embedded control platform, and the main purpose of the host PC is to execute the human–machine interface program through the user’s command to the embedded control platform. Its embedded architecture can be divided into a Real-Time and FPGA side. The main function of the Real-Time side is to calculate the robot arm path planning and track the tracking controller design, while the main function of the FPGA side is to map software variables and the hardware IO position and encoder decoding work.




2.1.5. Introduction of Robotic Arm Rotary Axis Drive and PAM Selection


When the pressure inside the PAM increases, it will cause the PAM to compress in the axial direction and expand in the radial direction. The displacement caused by the axial compression is used to drive the robotic arm joint to rotate through the steel rope and pulley. Moreover, there are bearings embedded in the robotic arm, which can reduce the friction caused by the rotation of the mechanism. In this study, besides the first axis, which uses a single PAM and a spring that interact with each other, the other three axes use two PAMs to drive the rotating axis. The schematic diagrams are shown in Figure 5 and Figure 6.



In Figure 6, since only a single PAM is required, it is more practical for economic consideration. However, when a single PAM drives a joint and interacts with a spring, the spring can only be stretched because of its poor controllability. Therefore, when the rotating axis is operating, the load object must be cooperated with to enable the rotating axis to return to the original angle. Due to the direction of the rotating axis and the loading effect, only a single PAM drive can be used for the first axis of the robot arm in this study. For the other three rotating axes, the drive method of Figure 6 is used because of the larger operation angle or the absence of load object.



The size of the PAM is selected with two considerations, one of which is the length. The length L (mm) of the PAM is selected with the angle  θ  and the radius  r  of the rotation of the joint of the mechanism. The relationship is shown in Equation (16):


  L = S ×  1 h   =   (  r × θ  )  ×  1 h   



(16)




where  S  is the stroke of PAM contraction (mm);  θ  is the angle of rotation (rad);  r  is the half diameter of the pulley (mm);  h  is the ratio of the contraction stroke according to the datasheet of PAM    ( % )   ; and  L  is the calculated minimum PAM length, so the actual length of the PAM purchased must be greater than  L . The PAM diameter  ϕ  is related to the force that can be generated by the PAM; the torque required for the rotation of each joint of the mechanism should be considered in the selection. The relationship is shown in Equation (17):


   t 1  =  F 1  × d  =   (  M × 9.8  )  × d  



(17)




where M is the mechanical structure mass    (  kg  )   ;  d  is the mechanical structure lever    ( m )   ; and    t 1    is the mechanical structure torque (Nt-m). Equation (7) can be used to calculate    F 2   , which is the force to be generated by the PAM    (  Nt  )   , so the force that can be generated by the selected PAM must be greater than    F 2   . Since Festo only produces three PAM diameters    (  ϕ = 10 , 20 , 40  )   , the PAM diameters selected for this study are all    (  ϕ = 40  )   . Table 3 shows the data used in selecting the PAM.





2.2. Dynamic Model of Single-Axis Robotic Arm


In terms of the robotic arm designed in this study, for a single axis, assuming that the mass of the joint link is uniformly distributed and the load is applied to the end of the joint, the rotational dynamic equation of the single-axis robotic arm is as in Equation (18):


   J i    θ ¨  l  +  B i    θ ˙  l  =  r i   (   F  i 2   −  F  i 1    )  −  (     m  i 0    2  +  m  i k    )  g  l i  sin  θ i  +  T i   



(18)




where    J i    is the rotational moment of inertia of the  i th axis    (  kg ⋅   mm  2   )   ,    B i    is the damping coefficient    (  kg ⋅   mm  2   / s   )   ,    r i    is the pulley radius of the  i th axis    (  mm  )   ,    F  i 2     and    F  i 1     are two pneumatic artificial muscle cylinder actions generated by the tension    (  kg ⋅   mm  2   / s   )   ,    m  i 0     and    m  i k     are the masses of the joint linkage and the load, respectively    (  kg  )   ,    l i    is length of the connecting rod    (  mm  )   , and    T i    is the value of the change of load torque with the change of angle when the  i  axis is rotated    (  kg ⋅   mm  2   / s   )   , which is negligible when lightly loaded or unloaded.



The manipulator in this study is the main power source of the air pressure in the PAM tube. In order to obtain the force generated by the mutual action of the two PAMs, the pressure/power relationship must be obtained through the dynamic force equation [11]. This model was made by Chou and Hannaford [30] as Equation (19):


  d  W  o u t   = d  W  i n    



(19)




where    W  o u t     and    W  i n     are output and input work, respectively. Therefore, Equation (19) can be rewritten as Equations (20) and (21):


  d  W  o u t   = − F d L  



(20)






  d  W  i n   =  (  P −  P  a t m    )  d V  



(21)




where  F  is the force applied by the PAM,  L  and  V  are the length    (  mm  )    and volume    (    mm  3   )    of the PAM tube,  P  is the absolute pressure inside the PAM tube    (  kPa  )   , and    P  a t m     is the atmospheric pressure of the experimental environment    (  kPa  )   . Combining Equations (19) and (21), Equation (22) can be obtained:


  F = −  (  P −  P  a t m    )  d V / d L  



(22)







To enable   d V / d L   to be estimated, the length of the PAM is made constant by making the braided fibers of the PAM inextensible. The length L and diameter D of the PAM can be obtained from the knitting angle and the length of the knitted fibers, as shown in the following Equations (23) and (24):


  L = b cos ε  



(23)






  D =   b sin ε   n π    



(24)




where  ε  is the weave angle of the PAM’s fiber mesh    (  r a d  )   ,  D  is the radius of the PAM    (  mm  )   ,  b  is the length of woven fiber    (  mm  )   , and  n  is the number of knitting loops. Combining Equations (23) and (24), the volume equation of the PAM (25) can be obtained:


  V =  1 4  π  D 2  L  =     b 3    4 π  n 2      sin  2  ε cos ε  



(25)







Combining Equations (22) and (25), Equation (26) can be obtained:


  F =  (  P −  P  a t m    )     b 2   (  3   cos  2  ε − 1  )    4 π  n 2     



(26)







When dual PAMs are applied to the rotating shaft, the following relationship can be obtained:


  L =  {       L 0  + r θ    for   PAM  1        L 0  − r θ    for   PAM  2        



(27)




where    L 0    is the initial length of the PAM    (  mm  )   . Therefore, by combining Equations (23) and (27) in Equation (26), the relationship between the  i  axis PAM forces can be obtained as Equations (28) and (29):


   F  i 1   =  (   P  i 1   −  P  a t m    )   [    3    (   L  i 0   +  r i   θ i   )   2  −  b i    2    4 π  n i    2     ]   



(28)






   F  i 2   =  (   P  i 2   −  P  a t m    )   [    3    (   L  i 0   +  r i   θ i   )   2  −  b i    2    4 π  n i    2     ]   



(29)




where    P  i 1     and    P  i 2     are the respective pressures of the two PAMs. However, the proportional directional control valve from Festo is used as the pneumatic control valve in this study, so the model must be differentiated by the pressure term to obtain the dynamic equation in one differential equation, as in Equation (30):


    θ ⃛  l  =  r i   [    3    (   L  i 0   −  r i   θ i   )   2  −  b i    2    4 π  n i    2   J i     ]    P ˙   i 2   −  r i   [    3    (   L  i 0   +  r i   θ i   )   2  −  b i    2    4 π  n i    2   J i     ]    P ˙   i 1   −   3  r 2   [   (   L  i 0   −  r i   θ i   )   (   P  i 2   −  P  a t m    )  +  (   L  i 0   +  r i   θ i   )   (   P  i 1   −  P  a t m    )   ]    2 π  n i    2   J i      θ ˙  l  −    B i     J i      θ ¨  l     (     m  i 0    2  +  m  i k    )  g  l i  cos  θ i     J i    +     T ˙  i     J i     



(30)




where the pressure change within the dual PAM     P ˙    (  1 , 2  )      can be obtained from the differential equation of the ideal gas equation:


   P ˙  = γ  (    R T  m ˙   V  −  P V   V ˙   )   



(31)




where  γ  is the specific heat capacity of air,  R  is the ideal gas constant    (   kJ / kg  ⋅ K  )   ,  T  is the experimental environment gas temperature    ( K )   , and   m ˙   is the change in the inflow/outflow gas mass of the PAM    (  kg ⋅ kPa ⋅   mm  3   / s  ⋅ kJ  )   . The rate of volume change of dual PAMs in operation can be obtained by the differentiation of Equation (32):


  V =    (   L 0  ± r θ  )   [   b 2  −    (   L 0  ± r θ  )   2   ]    4 π  n 2     



(32)







Substituting Equation (32) into (30), the following equation is obtained:


    θ ⃛  l  =  1   J i     (   C  i 2     m ˙   i 2   −  C  i 1     m ˙   i 1   −  k i    θ ˙  l  −  B i    θ ¨  l  −  (     m  i 0    2  +  m  i k    )  g  l i  cos  θ i  +   T ˙  i   )   



(33)




where:


   C  i 1   =   γ R T  r i   [  3    (   L  i 0   +  r i   θ i   )   2  −  b i    2   ]     (   L  i 0   +  r i   θ i   )   [   b i    2  −    (   L  i 0   +  r i   θ i   )   2   ]     










   C  i 2   =   γ R T  r i   [  3    (   L  i 0   −  r i   θ i   )   2  −  b i    2   ]     (   L  i 0   −  r i   θ i   )   [   b i    2  −    (   L  i 0   −  r i   θ i   )   2   ]     










   K i  =   3  r i    2   [   (   L  i 0   −  r i   θ i   )   (   P  i 2   −  P  a t m    )  +  (   L  i 0   +  r i   θ i   )   (   P  i 1   −  P  a t m    )   ]    2 π  n 2    +   γ  r i 2   [  3    (   L  i 0   +  r i   θ i   )   2  −  b i 2   ]   P 1    4 π  n 2   (   L  i 0   +  r i   θ i   )   [   b i 2  −    (   L  i 0   +  r i   θ i   )   2   ]    +   γ  r i 2   [  3    (   L  i 0   −  r i   θ i   )   2  −  b i 2   ]   P 2    4 π  n 2   (   L  i 0   +  r i   θ i   )   [   b i 2  −    (   L  i 0   −  r i   θ i   )   2   ]     











In the above derivations, the rate of change in the mass of gas with the use of proportional directional control valve opening and closing the degree of change, and the relationship between the gas flow and valve opening, can be expressed through Equation (34):


     m i   ⋅   (   P  u ,    P d   )  =  u r  φ  (   P  u ,    P d   )   



(34)




where:


  φ  (   P  u ,    P d   )  =  {         γ  R T      (   2  γ + 1    )      γ + 1   γ − 1        C f   P  u     i f    p d     p u    ≤  C r    ( c h o c k e d )           2 γ   R T ( γ − 1 )       1 −    (     p d     p u     )      γ − 1  γ         (     p d     p u     )     1 γ     C f   P u     otherwise    ( u n c h o c k e d )        



(35)







   P u    and    P d    A, B represent the upper and lower limits of the charge gas pressure, respectively, for the calculation of the valve port control command, and the relationship between the two PAMs is    u r  = −  u  r , 1   = −  u  r , 2    ,    C f    is the valve-port leakage parameter, and    C r    is the parameter of the differentiated flow equation   φ  (   P  u ,    P d   )   . Therefore, by combining Equation (35) and the above relationship between the two PAM control commands, Equations (36) and (39) are obtained:


    m ˙   i 1    (   P  u ,    P d   )  = −  u  i r    φ  i 1    



(36)






   φ  i 1   =  {      φ  (   P  i 1   ,  P  a t m    )    i f    u  r i   ≥ 0       φ  (   P s  ,  P  i 1    )    i f    u  r i   < 0        



(37)






    m ˙   i 2    (   P  u ,    P d   )  = −  u  i r    φ  i 2    



(38)






   φ  i 2   =  {      φ  (   P s  ,  P  i 2    )    i f    u  r i   ≥ 0       φ  (   P  i 2   ,  P  a t m    )    i f    u  r i   < 0        



(39)








2.3. Robotic Arm Controller Design


In this section, a controller is designed to enable the robotic arm to perform tracking tasks. In previous studies, proportional integral derivative (PID) controllers were the most widely used feedback controllers, which allow the robotic arm to achieve the tracking control effect by adjusting the parameter gain value. The self-adaptive PID controller consists of the least mean square algorithm to calculate the relationship between the error and the weight and then adjust the PID control parameters by itself. Due to the highly non-linear, hysteresis, and time-variant characteristics of pneumatic manual muscle cylinders, it is not appropriate and or efficient to achieve more accurate control performance under non-specific load and motion trajectories by simply adjusting the parameters through PID controllers to obtain better control results. Iterative learning control provides an appropriate algorithm to ensure that the output of the controlled system tracks more accurately to the expected command when it is operated repeatedly.



Figure 7 is the flow chart of the PID controller applied to the proportional directional control valve. Here,    θ d      is the default tracking task angle command,   θ     is the actual angle response of the robotic arm rotation axis, and the control voltage command u is related to the calculation command    u  P I D     of the PID controller, as in Equation (40), where    u w    is the voltage at which the proportional directional control valve port stops operating:


  u =  u w  +  u  P I D    



(40)







The self-adaptive PID controller design uses the LMS (least mean square) algorithm for the online identification of the PID controller parameters, which allows it to adjust the PID parameters by itself [31]. The LMS algorithm was proposed by Widrow and Hoff in 1960. It was initially applied to the noise processing of signals, and then was gradually applied to control, optimization, and neural-like networks [32]. The control flow is shown in Figure 8.



The relationship between the control voltage command u and the calculation command    u  L M S P I D     of the adaptive PID return controller is shown in (41):


  u =  u w  +  u  L M S    



(41)




where    u w    is the voltage at which the proportional directional control valve stops feeding air, and the    u  L M S P I D     is as in (42):


   u  L M S   =  W p  e  ( t )  +  W i     ∫ 0 t   e  ( t )  d t +     W d    d e ( t )   d t    



(42)




where  W  is the weight vector   W =  [       W p       W i       W d       ]    of the PID,  X  is the input signal vector   X =  [       X p       X i       X d       ]   , the error  e  is defined as   e =  θ d  − θ =  θ d  −  W T  X G  , and  G  is the dynamic system function. To minimize the error, the LMS defines the cost function  J  as in (43) by defining the root mean square value of the error as the minimum condition:


  J  ( t )  = E  [     (   θ d   )   2   ]  − 2  P T  W G +  W T  R W  G 2   



(43)







In the above equation,  E  is the desired value symbol,  P  is the cross-correlation matrix of the proportional, integral, and differential inputs of the PID controller and the reference input, and  R  is the auto-correlation matrix of the proportional, integral, and differential inputs of the PID controller.




2.4. Iterative Learning Control System


Iterative learning control (ILC) was first proposed by Arimoto, Kawamura, and Miyazaki [33]. The goal is to gradually reduce the system tracking error, and after repeated execution, eventually achieve the purpose of tracking the desired trajectory. The main concept is to use the control system’s previous control experience to correct the original undesirable control signal based on the error between the actual output of the system and the expected target trajectory measured by the sensor. Using a simpler learning method to adjust a set of more ideal inputs, the controlled system generates the desired motion, and the adjustment process is both an iterative learning process of the controlled system and an iterative learning control process to make the actual output of the controlled system close to the desired target trajectory.



The reason why iterative learning control is considered a two-dimensional system is that the dynamic behavior of the system is carried out in two independent directions: the temporal direction and the iterative direction. The temporal direction shows the actual action behavior of the controlled system and the iterative direction shows the number of times the system learns. As the number of trials increases, the performance of the system will be improved.



Assuming that the two independent variables of the system are  t  and  k ,  t  denotes the point on the discrete time axis and  k  denotes the number of iterative learning iterations. This means the control command is input by the system at the  k th superposition, so the two-dimensional dynamic equation of the linear discrete-time feedback control system can be expressed as (44):


    x  (  t + 1 , k  )  = A x ( t , k ) + B u ( t , k )     y ( t , k ) = C x ( t , k )    



(44)







The difference between the desired trajectory and the actual output of the controlled system can be defined as the learning error, denoted as (45):


  e ( t , k ) =  y d  ( t ) − y ( t , k )  



(45)







Therefore, the basic iterative learning control method can be expressed as follows:


  u ( t , k + 1 ) = u ( t , k ) + L ⋅ e ( t , k )  



(46)




where   L ⋅ e ( t , k )   is the input correction at the  t th time point of the system at the  k th iteration,  L  is the learning gain, and   L ⋅ e ( t , k )   reflects the learning process of the system, by which   L ⋅ e ( t , k )   can correct the system input value from   u ( t , k )   to   u ( t , k + 1 )  , so that the system output   y ( t , k + 1 )   can be closer to    y d   ( t )   . Therefore, iterative learning control can be considered as a device that can periodically update the control strategy and generate an improved system input sequence.





3. Experimental Results


3.1. Single-Axis Robotic Arm Controller Experiment and Study


The robot arm developed in this research has a larger operating range of 0–100 degrees in the fourth axis, and it has no loading effect. In order to explore the experimental results of each controller more clearly, the output response of the fourth axis is used as a comparison. The PID controller is used as the basis of development, the purpose of which is to enable the robot arm to follow the preset reference input to execute the tracking control function, and then to compare the control performance difference between different controllers to verify the possibility of applying the controller to the actual system and evaluating its performance.



In the PID controller experiment, the simulated PID control parameters were applied to the real system to observe the real robot arm in closed loop PID control and compare the results between the real system and the simulated system. The actual output response is shown in Figure 9 and Figure 10, and the comparison results are recorded in Table 4.



As observed in the PID control experiment, the uncertainty of the simulation parameters when applying the PID controller in the trajectory experiment will directly affect the trajectory results. Therefore, this experiment is based on the characteristics of the LMS algorithm to adjust the PID parameters online by tracking the RMSE values of the multi-period trajectory to select the more robust parameters. The initial values of the convergence factor  η  and the controller parameters are recorded in Table 5. Taking the tracking of the sin wave of 0.066 Hz for 20 periods as an example, the output response is as shown Figure 11, and Figure 12 is the tracking of the 20-period error convergence curve.



Hence, compared to a PID controller that adjusts each parameter one at a time to obtain better tracking results, self-adaptive PID controllers provide a more convenient way to obtain a set of controller parameters in feedback, and the parameters of the self-adaptive PID controller are variable in nature. Theoretically, it is more robust than the fixed parameters.



In the adaptive PID controller, the convergence factor  η  has a significant effect on the convergence of the system response. The following experiment was conducted to adjust the size of the convergence factor of the proportional parameter to observe the effect on the output response of the system under different convergence factors. The parameter settings are shown in Table 6.



From Figure 13, we can observe that different convergence factors affect the speed of convergence of the error. Theoretically, the larger the convergence factor, the faster the rate of convergence. If it is not limited, it will easily lead to larger steady-state error or dispersion, and conversely, the smaller the convergence factor, the slower the rate of convergence. Since this study limits the control voltage command for the output to the pneumatic valve, excessive convergence factor does not really cause system dispersion when using LMS-PID control.



The application of ILC is similar to that of the LMS-PID controller in terms of its internal controller parameters    W p  = 1  . 21   ,    W d  = 0.042  , and    W i  = 0.02  . The learning rate L has a great influence on the convergence of the system. The following experiments were conducted for three different learning rates (  L = 0.05  ;   L = 0.2  ;   L = 0.8  ). Comparing the RMSE convergence characteristics of the system with different learning rates, we can observe from Figure 14 that as the learning rate gain increases, the RMSE convergence rate also increases. However, if the learning rate is larger than a certain threshold, the RMSE will not be able to converge the error and the whole control system will be scattered, which is called the overlearning of the system. Therefore, when using iterative learning control, it is important to avoid inputting excessive learning rates, or to limit the number of learning cycles to avoid system scattering.



Then, the relationship between the desired trajectory (vertical axis) and the actual trajectory results from each controller (horizontal axis) is plotted. When comparing the tracing results of the previous three controllers, it can be seen in Figure 15a that the PID controller is not very effective in the tracing experiment due to parameter uncertainty, and in Figure 15b, using the LMS-PID controller in the tracing experiment improves the tracing effectiveness of the PID controller, but it still has phase lag. In Figure 15c, the ILC was introduced to improve the phase lag problem of the previous PID control, and the accuracy of the tracing control was improved.



In the single-axis robotic arm controller experiment, firstly, based on the PID controller, three parameters were simulated to give the robotic arm joints a basic tracing function, but it is not an easy task to select the appropriate parameters in the PID control. In self-adaptive PID controller experiments, a set of PID parameters with good control performance is obtained in a more efficient way using an LMS algorithm through multiple tracing cycles of the target.



Then, an iterative learning control is introduced. From the above experiments, it can be observed that the application of the iterative learning controller can reduce the error within the required range within a limited number of learning times, and improve the phase lag phenomenon of the PID controller in transient response, thus significantly improving its control accuracy.



In order to test the fastest speed of each rotary axis of the robotic arm within the limiting angle, the P of the PID controller is used to give a larger proportional gain to ensure that the control of the pneumatic valve is the maximum speed output when each rotary axis is operating within the limiting angle, and the PAM has a hysteresis phenomenon. Therefore, there should be a difference between the speed of angle increase and decrease. The position versus the time curve is shown in Figure 16 and Figure 17.




3.2. Control Experiment of Robotic Arm under Multi-Axis Recovery Trajectory


The robotic arm designed in this study will eventually be used for rehabilitation tasks for patients. Therefore, the motion trajectory of each axis of the robotic arm was derived by combining the robot arm kinematics with the rehabilitation movements recommended in the literature [24]. Thus, the following section will explain the multi-axis trajectory tracking experiment based on these rehabilitation motion trajectories.



Rehabilitation trajectory 1: The patient fixed the rubber cord at about elbow height and bent the arm inward and outward to make the end of the rubber cord parallel to the ground. The motion trajectory of each axis of the robotic arm is planned by the inverse kinematics program (Figure 18). The initial attitude and trajectory equations of the robotic arm are recorded in Table 7.



Rehabilitation trajectory 2: The patient was trained to draw a circle on the wall with the assistance of a volleyball, which can effectively train the shoulder joint area. The inverse kinematics program was used to plan the trajectory of each axis of the robotic arm (Figure 19). The initial posture and trajectory equations of the robotic arm are recorded in Table 8.




3.3. Multi-Axis Robotic Tracking Experiment under Rehabilitation Trajectory


Based on PID controller theory, a better output response can be obtained by adjusting the Kp, Ki, and Kd parameters, but the adjustment of the parameters often requires experience and a lot of time. Additionally, the robotic arm driven by PAMs in this study has a total of 12 controller parameters in four degrees of freedom, and considering different load effects and different trajectory commands, it is necessary to make adjustments one by one to achieve better control performance, which is not efficient. Therefore, in the multi-axis robotic arm tracking experiment, the LMS-PID controller was first used to track each rotary axis for a certain period of time, and then a set of available PID parameters was obtained. Figure 20 shows the controller parameter curve obtained at the 20th cycle of the four rotary axes tracking, based on its parameters, and then the iterative learning control was imported to improve its output response. Using an LMS-PID controller in each axis of rotation, tracking after a certain period can obtain a set of PID parameters from this experiment. Figure 20 illustrates the controller parameter curve obtained with four axes of rotation traced in the 20th period. Based on this parameter, the iterative learning control was inputted to improve its output response. In terms of the RMSE values of the initial and optimal tracking periods of each axis before and after the subsequent use of ILC, for example, the angular RMSE of the first axis decreases from the initial 1.1112° to 0.2444° after the 12th learning.



The curves of the RMSE of each axis during the whole learning process are shown in Figure 20. In order to observe the trajectory of the robotic arm end point in space before and after learning, the trajectory of each axis before learning and after learning for a certain number of times is substituted into the forward kinematics to determine the trajectory in space, and the RMSE of the trajectory after the 15th learning is 0.007753 (m), which is better than the RMSE of the trajectory before learning, at 0.01421 (m). Rehabilitation trajectory 2 was also compared to the control method of trajectory 1, and the result is shown in Figure 21. The LMS-PID controller has different trajectory commands, and even if the same convergence factor and the same trajectory period are used, the error caused by the trajectory experiment is not the same for different trajectories, so the obtained internal controller parameters are not exactly the same. The initial and optimal RMSE values of each axis before and after the use of ILC for track 2 were compiled. Taking the first axis as an example, its angle RMSE decreased from the initial 1.4162° to 0.2853° after the 14th study, which is an improvement of 1.1309°.




3.4. Robotic Arm Joining/Loading Experiment


For the above experiment, the robotic arm was in a state of no-load. In this stage, in order to test the robustness of the trajectory tracking function of each rotary axis after a load was added, a PET bottle was filled with water and installed on the upper arm and the robotic arm with a weight of 0.6 kg and 0.9 kg, respectively, to simulate the load effect generated when the arm was put on by a human, as shown in Figure 22. To test the stability of the controller parameters obtained during loading, the controller parameters of each axis were the same as those shown in Table 9 when the robot was not loaded. The tracking and error results of the experiment with loading according to Table 9 are shown in Figure 23, Figure 24, Figure 25 and Figure 26.



The above experimental results were compiled as shown in Table 10. From Table 10, it is observed that for the first axis, before learning control, the angle RMSE increased by 0.1203° after adding the load, and for the second axis, the angle RMSE decreased by 0.087° after adding the load. After adding the load, the trajectory of all axes of the robot arm is slightly affected, but the overall trajectory performance still maintains a certain degree of accuracy, and the trajectory results of all axes are significantly improved after applying ILC.




3.5. Discussion


To build better assisted robots, many researchers have conducted studies on the modeling and control of PAM [34,35,36,37,38]. The abovementioned studies on PAM modeling have their own advantages and show that PAM modeling and control methods are the latest research hotspots. For the application-oriented part, Buchler et al. [39] proposed a robot for playing table tennis. Jiang et al. [40] attempted to build a humanoid lower limb robot. This study aimed to construct a preliminary framework for aiding robots, including model building and motion control. The limitation of this study is that the maximum load was only 0.9 kg, and the stability cannot be guaranteed beyond this range. However, there are not many studies that use PAM to construct robotic applications. We hope that this study and other scholars’ methods can lead to more progress in this field.





4. Conclusions


This study developed a multi-functional redundant robotic arm with four degrees of freedom using PAM as the main actuator to allow patients with upper limb mobility impairment to perform rehabilitation trajectory tasks in the future while wearing the robotic arm. The exoskeleton robot arm is designed based on the structure of the joints of the human arm due to the need to wear it on the human body. Since the mechanism may collide with the user when it is in motion, an actuator and control commands are used to limit the space available for each rotary axis during the movement of the robot arm so as not to exceed the limit of human arm joints. The rotary axis control part is controlled by PAM. Therefore, the mathematical model of the single-axis robot arm driven by two PAMs was firstly developed, followed by the design of the PID, feedback (LMS-PID), and feed-forward (ILC) controllers. Because of the complexity of the nonlinear characteristics of the PAM actuator, the model and control parameters are uncertain when performing the tracking experiment of the PID controller by simulating the parameters, which leads to the ineffective control of the parameters.



Therefore, this study used a self-adaptive (LMS-PID) controller and an iterative learning controller (ILC) to compensate; the ILC performs the feed-forward compensation by iteratively modifying the control commands, while the LMS-PID controller is an adaptive feedback controller using the LMS algorithm. The parameters obtained from the LMS-PID combined with the iterative learning control can produce a better control effect, especially the phase lag and transient parts, which cannot be solved by the PID controller. Iterative learning control can reduce the error of the system to a certain range within a limited number of learning times, which can greatly improve the control effect of the robot arm.



Overall, in the single-axis robotic arm controller experiment, the results showed that LMS-PID was superior to the conventional PID control method. In the control experiment of the robotic arm under multi-axis recovery trajectory, the experimental results showed that the study can plan the training of drawing a circle on the wall, which can effectively train the shoulder joint area. In the multi-axis robotic tracking experiment under the rehabilitation trajectory, the results showed that the LMS-PID controller reduced the RMSE of the tracking trajectory to 0.2444 and 0.2853. In the robotic arm joining/loading experiment, the results showed that the tracking accuracy was still accurate after the loading.



Finally, the robotic arm in the rehabilitation mode was only used by people without impairments, but the purpose of this development is for patients with arm injuries. It is hoped that we can cooperate with hospitals in the future so that patients with arm disabilities can use the robotic arm developed by this study to perform rehabilitation exercises.
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Figure 1. Schematic diagram of robotic arm structure. 
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Figure 2. Schematic diagram of robotic arm shoulder and elbow rotating axis operation. 
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Figure 3. Schematic diagram of the complete structure of the robotic arm. 
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Figure 4. Schematic diagram of the relationship of the robotic arm coordinate system. 
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Figure 5. Schematic diagram of the drive of robotic arm (1st axis). 






Figure 5. Schematic diagram of the drive of robotic arm (1st axis).



[image: Applsci 12 08419 g005]







[image: Applsci 12 08419 g006 550] 





Figure 6. Schematic diagram of the drive of robotic arm (2nd, 3rd, and 4th axes). 
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Figure 7. Flow chart of PID controller applied to proportional directional control valve. 
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Figure 8. Flow chart of LMS-PID controller applied to proportional directional control valve. 
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Figure 9. Tracking and error diagrams of PID simulation parameters applied to real system. 
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Figure 10. Dual PAM pressure output of PID simulation parameters applied to real system. 
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Figure 11. Sin wave-tracking experiment based on LMS-PID controller. 
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Figure 12. RMSE convergence curve based on LMS-PID tracking control. 






Figure 12. RMSE convergence curve based on LMS-PID tracking control.



[image: Applsci 12 08419 g012]







[image: Applsci 12 08419 g013 550] 





Figure 13. RMSE convergence curves for different convergence factors in the tracking experiment. 
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Figure 14. Convergence curves of RMSE with different learning rates under tracking experiment. 
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Figure 15. (a) Curve of the relationship between desired trajectory and PID controller tracking results. (b) Curve of the relationship between the desired trajectory and the tracking result of LMS-PID controller. (c) Curve of the relationship between expected trajectory and ILC tracing results. 
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Figure 16. Four axes—curve of position rise versus time. 
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Figure 17. Four axes—curve of position drop versus time. 
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Figure 18. Motion trajectory 1 of each axis of the robot arm is planned by kinematics. 
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Figure 19. Motion trajectory 2 of each axis of the robot arm is planned by kinematics. 
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Figure 20. Trajectory 1—four axes—LMS-PID—curve charts of the controller parameters returned by tracking the 20th cycle. 
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Figure 21. Trajectory 2—four axes—LMS-PID—curve charts of the controller parameters returned by tracking the 20th cycle. 
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Figure 22. Schematic diagram of the robotic arm in the loading experiment. 






Figure 22. Schematic diagram of the robotic arm in the loading experiment.



[image: Applsci 12 08419 g022]







[image: Applsci 12 08419 g023 550] 





Figure 23. Trajectory 1—1st-axis (load-on) ILC trial 1 and trial 12 tracking and error diagrams. 
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Figure 24. Trajectory 1—2nd-axis (load-on) ILC trial 1 and trial 20 tracking and error diagrams. 
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Figure 25. Trajectory 1—3rd-axis (load-on) ILC trial 1 and trial 20 tracking and error diagrams. 
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Figure 26. Trajectory 1—4th-axis (load-on) ILC trial 1 and trial 15 tracking and error diagrams. 
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Table 1. Motion range of human joints and design of the rotational axis of the robotic arm [9].
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	Operation
	Human Arm

(Degree)
	Robotic Arm

(Rotary Axis)
	Robotic Arm

(Degree)





	Shoulder (Adduction~Abduction)
	−48~134
	1st axis
	−5~45



	Shoulder (Extension~Flexion)
	−61~188
	2nd axis
	−10~100



	Shoulder (Horizontal adduction~Horizontal abduction)
	−34~97
	3rd axis
	−10~20



	Elbow (Extension~Flexion)
	0~142
	4th axis
	0~100
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Table 2. D-H parameter table for four-degrees-of-freedom robot arm.
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	     θ i    ( Degree )    
	d (Meter)
	a (Meter)
	α (Degree)





	    θ 1  − 90   
	0
	0
	90



	    θ 2  + 90   
	0
	0
	−90



	    θ 3    
	0.29
	0
	90



	    θ 4  + 90   
	0
	0.27
	0
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Table 3. Data used in selecting the PAM.
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	Robotic Arm (Axis)
	1st Axis
	2nd Axis
	3rd Axis
	4th Axis





	Rotation range (degree)
	50
	110
	30
	100



	Simulation mass of mechanical structure (kg)
	3.688
	2.528
	2.235
	1.330



	Pulley radius (mm)
	62
	42
	56
	34



	H (%)
	25
	25
	25
	25



	Lever (m)
	0.27
	0.3
	
	0.295



	Torque required to be generated by PAM (Nt-m)
	9.7526
	7.432
	
	3.845



	Stroke to be operated by PAM (mm)
	54.105
	80.634
	29.321
	62.831



	Length of selected PAM (mm)
	1000
	1000
	300
	500



	Torque that can be generated by selected PAM (Nt-m)
	62
	42
	56
	34



	Maximum operating stroke of selected PAM (mm)
	250
	250
	75
	125
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Table 4. Comparison table of PID controllers for actual and simulated systems.
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Actual System

	
Simulated System






	
PID controller parameters

	
    K p  = 0.5341      ;    K d  = 0.6164      ;    K i  = 4.6958   




	
RMSE (degrees)

	
0.3764

	
2.9169




	
Max error (degrees)

	
1.41926

	
9.42066
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Table 5. LMS-PID controller parameters.
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	Initial Controller Parameters
	     W p  = 0        ;    W d  = 0        ;    W i  = 0    





	   Convergence   factor   η   
	    η p  = 2  (  E − 6  )       ;    η d  = 2  (  E − 6  )       ;    η i  = 2  (  E − 6  )    



	Tracking period number
	20
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Table 6. Parameters of LMS-PID with different convergence factors.
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	Initial Controller Parameters
	     W p  = 0        ;    W d  = 0        ;    W i  = 0    





	Convergence factor 1
	    η p  = 2 ×   10    - 6         ;    η d  = 2 ×   10    - 6         ;    η i  = 2 ×   10    - 6      



	Convergence factor 2
	    η p  = 6 ×   10    - 6         ;    η d  = 2 ×   10    - 6         ;    η i  = 2 ×   10    - 6      



	Convergence factor 3
	    η p  = 2 ×   10    - 5         ;    η d  = 2 ×   10    - 6         ;    η i  = 2 ×   10    - 6      



	Convergence factor 4
	    η p  = 6 ×   10    - 5         ;    η d  = 2 ×   10    - 6         ;    η i  = 2 ×   10    - 6      



	Convergence factor 5
	    η p  = 5 ×   10    - 5         ;    η d  = 2 ×   10    - 6         ;    η i  = 2 ×   10    - 6      
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Table 7. Rehabilitation trajectory 1—curvilinear equation in space.
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Rehabilitation Trajectory 1

	
x-Axis

	
y-Axis

	
z-Axis






	
Trajectory equation

	
   − 0  . 05 + 0   . 16   (   k n   )    

	
0.4

	
−0.16




	
Initial state (degrees)

	
Joint1: 11°, Joint3: 17.5°, Joint4: 79°




	
Operating range (one way)

	
0.16 (m)




	
Number of splits (n)

	
1500




	
Number of samples (k)

	
1~1500
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Table 8. Rehabilitation trajectory 2—curvilinear equation in space.
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Rehabilitation Trajectory 2

	
x-Axis

	
y-Axis

	
z-Axis






	
Trajectory equation

	
   0  . 06  ⋅ sin  (    2 π k  n   )    

	
   0.45   

	
   − 0.14 − 0.06 ⋅ cos  (    2 π k  n   )    




	
Initial state (degrees)

	
Joint1: 0°, Joint2: 39°, Joint3: 0°, Joint4: 57°




	
Circle radius (one way)

	
0.06 (m)




	
Number of splits (n)

	
1500




	
Number of samples (k)

	
1~1500
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Table 9. Trajectory 1 (load-on) ILC controller parameters table.
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Rehabilitation Trajectory 1 + Load

	
1st Axis

	
2nd Axis

	
3rd Axis

	
4th Axis






	
Initial state

	
11 (degree)

	
33 (degree)

	
17.5 (degree)

	
79 (degree)




	
Internal controller parameters

	
      k p  = 0.055      k d  = 0.0045      k i  = 0.003     

	
      k p  = 0.485      k d  = 0.015      k i  = 0.01     

	
      k p  = 0.65      k d  = 0.016      k i  = 0.02     

	
      k p  = 0.365      k d  = 0.006      k i  = 0.015     




	
Learning rate

	
L = 0.2

	
L = 0.1

	
L = 0.2

	
L = 0.1




	
Learning period

	
20
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Table 10. Trajectory 1—before and after applying ILC—table comparing the tracking results of each axis with and without loading effect.
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No-Load—Rehabilitation Trajectory 1

	
1st Axis

	
2nd Axis

	
3rd Axis

	
4th Axis






	
Optimal learning period

	
12

	
17

	
19

	
15




	
Initial RMSE (degrees)

	
1.1112

	
1.2123

	
1.4021

	
0.9831




	
Optimal RMSE (degrees)

	
0.2444

	
0.8017

	
0.2395

	
0.6953




	




	
Load-On—Rehabilitation Trajectory 1

	
1st Axis

	
2nd Axis

	
3rd Axis

	
4th Axis




	
Optimal learning period

	
12

	
20

	
20

	
15




	
Initial RMSE (degrees)

	
1.2315

	
1.1253

	
1.3931

	
1.1458




	
Optimal RMSE (degrees)

	
0.2384

	
0.9381

	
0.2337

	
0.6061
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