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Abstract:

The development of intelligent prostheses has effectively improved the life of amputees.
However, the current prosthetics mainly focus on restoring the basic mobility of amputees,
without considering the use habits of the wearer and the diversity of arm movements, which
makes the unknown interference and complex control requirements in daily life an obstacle
to the use of prosthetics. To solve this problem, this paper proposes a combination method
of adaptive control algorithms of bionic arm shoulder joint based on DDPG to realize
intelligent control of the shoulder joint of upper limb prosthesis. Based on using adaptive
control-to reduce the interference of external variables, the accuracy of the joint module
system is improved through reinforcement learning. The results show that the controller
has a good effect on improving the dynamic performance of the mechanical system and

can be widely used in bionic mechanical control.
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1. Introduction

The absence of arms often makes it difficult for upper limb amputees to take care of
themselves in life and work. In recent years, the progress of technology has aroused great
interest in intelligent prostheses and has made great progress in structural design and
control methods(Precup et al, 2020), but for patients with self-shoulder amputation,
which the bone joint has been lost humerus or part of the scapula, the function of the
entire arm has been lost. Some prostheses are not suitable for such amputees (Yang et al,
2021), which has prompted research into bionic prostheses to replace the entire upper
extremity.

The shoulder carries the movement of the whole arm. The load capacity and control
accuracy of this position determines whether the bionic arm can operate normally. In this
context, the joint module has the characteristicsof high torque and small volume,
providing a new idea for the modular design of new bionic machinery (Lee et al, 2018).
Taking the joint module as the power source of the bionic arm can solve the problems of
low flexibility and large weight of the bionic arm (Vincitorio et al, 2020). The joint
module driven by a permanent magnet brushless DC (BLDC) motor can better fit with
the human body and become the power source of the bionic arm because of its lower
noise and excitation loss, higher output torque (Kumar et al, 2016). Compared with
traditional synchronous motors, BLDC has the advantages of a simple structure, reliable
operation; and high efficiency. but BLDC is also a complex object with multiple
variables, strong coupling, and nonlinear and variable parameters. In order to complete
the matching between the joint module and human joint, and obtain better control
performance to maximize the restoration of limb function, it is necessary to design the
joint module controller reasonably.

Another function of the arm joint is to move the hand flexibly to the target position in

continuous motion. In fact, the human arm is often accompanied by a rapid change of



action and the sudden change of load in daily life. When reflected on the joint module, it
shows the rapid change in speed and the sudden change of load torque (Kim et al, 2012;
Lee et al, 2018 ). But the complex structure, insufficient system modeling, disturbance of
torque change, friction coefficient, and other system parameters (Zhen et al, 2021) will
affect the application of the joint module. For these problems, the traditional
controller(Preitl et al, 2006; Carlucho et al, 2020) only be applied to the linear control
system with low requirements for control performance. For the upper limb prosthetic,
which is a controlled system with real-time change of controlled parameters or uncertain
initial quantity, the traditional control algorithm often has large inaccuracy and often
causes overshoot and oscillation, which cannot meet the requirements of control
performance. The control with learning ability can simulate the actions and mechanisms
of organisms, and better restore the functions that can be performed by the missing body
parts.

Since the development of machine learning, reinforcement learning (RL), as a branch
of machine learning, has achieved vigorous development. Unlike supervised learning and
unsupervised learning(Bengio et al, 2013; Schmidhuber, 2015), reinforcement learning
emphasizes that agents get the maximum reward in the process of interaction with the
environment,to continuously improve the strategy until it reaches the optimal (Gheibi et
al, 2020). Reinforcement learning is between supervised learning and unsupervised
learning. It is called approximate dynamic programming or neuro dynamic programming
(Su-et-al, 2018). Its essence is that agents collect data in the process of interacting with
the environment and learn from the data to obtain the optimal strategy. At present,
reinforcement learning has been widely used in the field of robot control. Xie et al. (2019)
used deep reinforcement learning to jointly train the gait of the biped robot Kasi. Kasi

gained the ability to walk in different scenes in a short time, including up and down steps,



jumping on the ground, walking, etc. Through deep reinforcement learning, the Kasi robot
can also maintain walking balance by adjusting the size and frequency of its steps in the
face of various unexpected events.

The adaptive control algorithm can modify its characteristics to adapt to the changes
in the dynamic characteristics of the object and disturbance, which is the appropriate
choice of the artificial limb controller. Chen et al. (2022) constructed an adaptive
backstepping control scheme to improve the dynamic tracking performance of human-
robot training mode in the presence of recognition error. Based on adaptive control, once
the movement relationship between the environment of the reinforcement learning
network and human motion is established, we can establish humanoid motion planning,
arm power output, etc. At the same time, we can adjust the influence of the fuzzy
processing of adaptive control, such as the reduction of the control accuracy of the system,
through the reward and punishment mechanism. In our research, we proposed a basic
adaptive feedback control based on the Lyapunov method (Spyros G. et al, 2014), then
the Deep Deterministic Policy Gradient (DDPG) algorithm in reinforcement learning is
introduced to design the control algorithm of the joint module, which can update the
control strategy according toload disturbance, effectively improve the anti-interference
ability of the system and reduce speed signal tracking error.

Based on the kinematic and dynamic analysis of the bionic arm, the main contributions
of our work-can be summarized as follows: 1) The mathematical model of joint modules
under—unknown disturbance is further studied in this paper. 2)A DDPG-based
composition approach to the adaptive control (RLAC) algorithm is presented by
collecting and judging the parameters of the joint module system. 3) The effectiveness of
the proposed algorithm is analyzed through an evaluation experiment, and the uncertainty

of human shoulder joint movement caused by external interference is fully considered.



Experiments show that the proposed algorithm can achieve excellent track tracking and
is robust for variable loads in practice.

This article is organized as follows. Section 2 introduces related works in machine
learning and intelligent control. In Section 3, it describes the shoulder joint module
system structure and dynamic model. In Section 4, The stability analysis for RLAC
algorithm is introduced in detail. Section 5 presents numerical Simulation. and

experimental results analysis. conclusions are given in Section 6.

2. Related Work

In the past few decades, the research of modern dynamic control algorithms has made
great progress (Rigatos et al, 2022), Saadaoui et al. (2017) adopted sensorless speed
control based on sliding mode observer and estimated the PMSM rotor position and speed
according to the back electromotive force voltage. Yin et al. (2019) optimized the
integrated position and velocity loop of PMSM by sliding mode control. Zhou et al. (2019)
designed a drive system for a series of manipulators based on orthogonal fuzzy PID
control. Wang et al. (2021) present a nonlinear optimal finite-time tracking controller
based on a state-dependent equation for the multi-motor driving system. Fang et al. (2021)
proposed a robust tracking control for a magnetic wheel mobile robot based on adaptive
dynamic programming. Lu et al. (2020) realized the humanoid motion of the robot arm
by mapping the joint angle of the robot arm to the corresponding joint angle of the human
arm. The joint angle is calculated by an inverse kinematics algorithm based on elbow
constraint. The T/P method can make the robot arm effectively obtain the humanoid
motion path. However, when the robot arm needs to move to a new target point, the
problem that the robot arm cannot independently generate the humanoid motion path will
arise, and a new T/P operation is required. This method lacks flexibility and is suitable

for limited scenarios. Chen et al. (2022) designed a variable admittance controller to



reduce the real-time interaction torque of human exoskeletons. At the same time, the
extended state observer with backstepping iteration is used to compensate for the
unmeasured system state, model uncertainty, and the unmodeled dynamics of the lower
limb exoskeleton.

Since the development of artificial intelligence, researchers have been trying to
combine motion control with neural networks to improve performance, and used BP
neural network (BPNN) or convolutional neural network (CNN) to achieve better control
effect (Yang et al, 2019; Khan et al, 2020). EI-Sousy et al. (2018) proposed a nonlinear
robust optimal control scheme for an uncertain two-axis motion control system based on
adaptive dynamic programming and neural network. Liu et al. (2022) studied the real-
time cooperative control of multiple robots in a distributed scene based on a dynamic
neural network. Su et al. (2019) used a new depth convolution neural network structure
to reconstruct the relationship between the pose and rotation angle of the robot arm. The
anthropomorphic motion of the redundant manipulator is realized by rotating motion.
Zamfirache et al. (2022) proposed a new control method based on reinforcement learning,
using Policy Iteration and a meta-heuristic Grey Wolf Optimizer algorithm to train the
neural network. Cho et al. (2012) projected teaching data into potential space and the
gaussian mixture model. With the increase of data obtained, the gaussian mixture model
is gradually optimized. With this method, the robot arm can more accurately reproduce
the human.arm movement.

Reinforcement learning obtains rewards through the environment and guides the
system’s behavior, providing another way to solve problems for the perception and
decision of a complex environment. In recent years, more and more researchers have
participated in the research progress of deep reinforcement learning. Not only put forward

many improvement strategies but also began to apply the research results of deep



reinforcement learning to practical engineering applications(Han et al, 2019; Chai et al,
2020). Zhang et al. (2019) used the reinforcement learning method to realize robot vehicle
navigation path smoothing and tracking control. Chen et al. (2018) proposed a speed
servo system control strategy based on a Reinforcement learning algorithm, which
effectively overcomes the inertia mutation and torque disturbance of the DC motor. Song
et al. (2021) study the deep reinforcement learning speed control strategy for the PMSM
servo system. Liu et al. (201) studied the internal reward function of human-computer
cooperative safety interaction of industrial robots based on deep reinforcement learning.
However, most of the existing research has studied humanoid motion in an obstacle-free
environment and has not involved the influence of joint control on humanoid motion.
Based on the depth analysis of the dynamic performance of the joint module of the upper
limb prosthesis, this paper introduces the depth deterministic strategy gradient algorithm,
focusing on the impact of the speed and load changes caused by the environment on the

joints, which is more suitable for the control application of the upper limb prosthesis.

3. System description

Although the characteristics of reinforcement learning do not require a given model in
advance, to obtain accurate motion control and reduce the difficulty of training, it is still
necessary to extract the physical parameters of the joint module as accurately as possible.
In order to achieve low cost and popularization, we describe the mathematical modeling
of joint modules as comprehensively as possible and consider the abnormal vibration of

joints caused by sudden load changes.

3.1. Shoulder system

We place the joint module on the shoulder to replace the pitching motion of the human

arm. The shoulder is the connection between the human arm and the trunk, the load and



speed change of the whole arm is finally gathered here. Simply, the action of the lower
arm of the shoulder joint can regard as a connecting rod with changing torque and speed.
Therefore, the load capacity and control accuracy of the joint module directly determine
the dynamic performance of the bionic arm. The position of the joint module is shown in

Figure 1.

3.2. Mathematical model of joint module

The joint module consisted of a Driver, brushless DC motor, brake, harmonic reducer,
etc. (Figure 1). In the dynamic analysis, the action of the lower limb of the shoulder is
simplified as the moment of inertia with the constant change of centroid. The

mathematical model of the joint module is as follows. Firstly, the expression of the BLDC

is:
u, R, 0 O |i, L 0 0]i, e,
u, |=| 0 R O i [+|0 L O]i,|+|e, 1)
U, 0 0 R,I, 0 0 LJ|i e,
I, +i,+i,=0 (2)

where u,,u,,u,are phasevoltages of the three-phase winding, respectively. i_,i,,i, are
phase currents-of the three-phase winding, respectively. e,,e, e, are respective back
electromotive forces of the three-phase winding, respectively. R.is the phase resistance
of the BLDC. L, is the equivalent inductance of the BLDC.

L, =L,—M (3)
where L is the self-inductance of each phase winding, and M is the mutual

inductance between each winding.
When the two-stage three-phase BLDC is running, only two phases of the three-phase

winding are conducted. we can get the electromagnetic torque of the BLDC as:



- Bala + &}y el

(4)
a)l‘
o, is the angular velocity of the BLDC. So, Eq. (4) can be written as:
L 2e,l, (5)
a)r
Since the phase voltage is related to the number of winding turns, there are:
e, =k.n (6)

where Kk, is a constant, and the relationship between the angular velocity of the BLDC

and the number of coil turns is:

27N
W, =— 7
=60 (7)
Therefore, Eq. (5) can be rewritten as:
po el 80,5 i (8)
w T

r

k is a constant. Then the torque of the BLDC is proportional to the phase current.
According to the effects of the harmonic reducer:
T, =AnqT,, 9)
where T, is the torque of the whole bionic arm system acting on the shoulder joint. to

the joint module, Ais the reduction ratio, and 7 is the transmission efficiency. The

dynamic model of the joint module is:

Jcb,+Bco,+T—L+Tf =7 (10)
An

where J is the moment of inertia of the rotor of the BLDC, B is the viscous friction

coefficient of the BLDC, and T, is the friction torque in the harmonic reducers.



In order to facilitate adaptive control, the a-b-c three-phase must be converted to the d-

q reference frame. According to Kirchhoff laws, there has U,+U,+U_ =0, the

composite space vector U, can be expressed as:

27 4 3

U,=U, +Ue' ® +Ue ® = SV,e” (11)

The V., is maximum phase voltage, & is the angle of the rotor. According to the

Clark transform, the constant amplitude conversion is written as:

u 1_%_% .
“ 1=k u 12
M 5 A @)
2 2 ¢

here k = % . In order to facilitate control and calculation, Park transform is calculated as:

Uq cosd. sind || u,
=| . (13)
U, —sind " cosd || Uy
the voltage expression can be obtained as:

U, =Ri +Li +Lai, +dw
{q s q s q ¢r (14)

u, =R, + L, - I_Ssa)rri(;

u, and u, arethe phase voltages of the reference coordinate system, i,andi, are phase
currents, ¢ are the flux linkages produced by the permanent magnets of the BLDC.

According to the field-oriented control (Rezaei et al, 2017; Zhao et al, 2019),i, =0,

EQ.(14) is rewritten as:
i, =——i —"—a +—Uu 15
2 (15)
The friction torque is nonlinear and has a great impact on the dynamic performance of

the joint module system. Scholars used model friction forces to calculate the influence of

different friction forces on mechanical systems and proposed different friction models to



eliminate the influence of friction (Pennestri et al, 2016). Here we combine it with the
load torque. Define:

LI (16)
An

In the d-q reference frame, the relationships between the angular velocity of the joint
module and the phase current are:

. 3p° . B p
=2F i ——w -ET 17
O =23 9, 7% 5% (17)

where, p is the number of pole pairs of the BLDC.

Combining Eg. (15) and Eq. (17), the state space of the joint module system is obtained

as:
2
Bz
@, J 2J >
R E + 3T, +| 1 |u (18)
ly _ﬂa, _&i 0 L i
L, Lt s

4. Controller design

4.1. Adaptive control

In order to detect variables and adapt to changes in work and life, adaptive control is
designed. Firstly, the tracking error of angular velocity is defined as:
€L =0y — 0 (19)

Hence, ¢, is calculated as:

p¢|+ a)+pT (20)

& =0
20 T3 T

rd o= a')rd
where i, is the controlled quantity. Currently, consider T, as the known quantity. In

order to obtain stable feedback, take



I =1( Drg +Ecor+£To+klelj (21)
7 J J
3’
Here u =57 € =-ke . When the arm moves, T, and T, change and become

unknown, the estimated value T, is used to replace T, to maintain the desired

performance. Eq. (16) is redefined as:

T, = T +T, (22)
An
Eq. (21) become:
. 1(. B P
(lq)rd = ;(a)rd +3a)r +3TO + klelj (23)

Redefine the error signal containing the estimated variable as:

. .1 i B P .
e, :(lq)rd —i, :;(klel+a)rd +350r +3TOJ—|q (24)

Hence, Eg. (20) can be written as:
6 = ke + e, — T
L T K€ T+ HE, 3 T, (25)

where 'fo :'fo —T,isthe estimation error. Through the adjustable gain adaptation rate,

the dynamic equation &, is:

é, = ——=—£kfe1+kle2—iu —@fﬁ;ﬁ (26)
dt dt U L, ud

and

2
izia)rd+ 4 82 o, + E+& i, + i—B—pz 'fo
U Lo oL JINEN

To keep the expected performance of the joint module under the influence of unknown

resistance, an adaptive feedback controller is proposed for the system Eqg. (18).



Theorem 1: Considering the estimated variables Eq. (19) and Eq. (24), there exists

k.,k, >0 and k; >0 such that the following controller stabilizes the joint module
system.

B 2
u, = L, (y—k—1]e1+(kl+k2)e2 +A}
g (27)

~ k
T, =k, el+—1e2}
7]

Therefore, the closed-loop joint module system constituted of Eq. (21) and Eq. (27) is
shown in Figure 2.

Proof: Define a Lyapunov function as:

1 1 -
V.==|e+el+—T72 28
e 2 |:el 2 kTJ o :] ( )
The V. is positive definite. Then take:
V,=eb 468+ ——T,T, (29)
k;J

From Eq. (25) and Eq. (26), we can get:

0
T

V, = ke? —k,e’+ jp'lzo {—el —%ez + kif }

2 u
+e{[y—k—ljel+(kl+k2)ez+l——q} (30)
H L
Substituting Eq. (21) and Eq. (27), it is obtained that:
V, = ke —k,e; <0 (31)

Therefore, the Lyapunov stability condition is fully satisfied. It can be concluded that

the state variables of the system would converge to zero in finite time.



4.2. DDPG algorithm

The DDPG algorithm follows the Actor-Critic architecture, in which the actor network
learns the parameterized strategy through the policy gradient algorithm, and the critic
network learns the value function to evaluate the state action obtained from the algorithm.
A multi-layer fully connected layer is used to build an action network and evaluation
network which is more suitable for continuous action space. DDPG absorbs the
advantages of a single-step update of strategy gradient in Actor-Critic while retaining the
skills of Q value estimation in DQN, which can achieve more effective learning while
performing actions in the continuous time domain.

The main function of the actor network is to input the status. s, “into the policy network
4 to output an action a,. For continuous actions, the activation function of the output

layer generally uses the Tanh function or Sigmoid function. The policy network is mainly

responsible for generating actions, and its gradient can be calculated as follows:
V.= vay(s‘e")b =5 VaQ(s, a‘HQ )‘s =s,a=u(s) (31)
The critic network is based on the value function to fit the state action-value function.
In state s, the actor-network executes the action selected by the agent according to the

action policy a, = y(st) . The expected state-action value obtained by the agent is

expressed-as:
Q(st (s, )‘QQ ) =E [r (s, u(s,))+7Q (Sw ﬂ(sm)‘aQ )} (32)
The update process of the value function network is as follows. First enter state s, and
action a,, The critic network outputsQ(st,at), which is part of the input loss function

module. At the same time, s

t+1

is input to the target strategy network and is input to the

target value function network together with the expected action a’ expected to be



performed in the next step. Q’(s,,a’) is output as another part of the loss function

module. The network structure diagram is shown in Figure 3.

4.3. RLAC algorithm

Aiming at the requirements of adaptive and self-learning ability of control algorithm
for joint module system, an adaptive controller based on DDPG is proposed in this paper.
The controller learns the system model according to the input and output, the actor
network realizes the optimal expression of the strategy, and the critic network realizes the
optimal approximation of the value function.

By analysing the input and output data of the system, the controller trains the simulation
agent with batch data, and finally obtains the agent that can make decisions according to
the changes of the environment. The agent adjusts the parameters of the adaptive

controller in real time, and finally improves the accuracy of the joint module system.

The reinforcement agent is composed of policy initialization errore, (t), e, (t), error

integral Iel (t) J e, (t)and feedback o, (t), and the state vector s, is used to represent

the state characteristics of the reinforcement agent system at the current time.

s =[e(t).e,(t). e (t).Je, (1), (t)] (33)

In the initial state, an enhanced agent action output a/is mapped according to the
current-actor online strategy ¢ and the random process noise. After the execution of the
controlled object, the reward value r, and next moment state s, will constitute the next

enhanced agent action.

.
S, :[el(t),e2 (t).Je.(t).]e,(t), o (t)] (34)
The actor-network stores this state transition (s, a,,f,,s,,;) Pprocess in memory M.

Random sampled in the memory M as a small round training data of the online network.



After the system completes the N-step sampling, the target network Q and u are

obtained to calculate the critical target network value as follows:

Yi =G +7Q (St+1uu((si+1 0" )‘967 )) (35)

The discount factor » value range as 0< y <1, then the critical network is updated
by minimizing the loss L.

_1 o\
L—Wz(yi—o(si,ai\e )) (36)
The estimated value of the critical output state and the minimum loss- L is an
important basis for judging the decision-making degree of the actor network. actor

network is constantly updated according to the loss gradient Vv, J . After several

iterations of self-learning and self-tuning, a suitable reinforcement learning agent is

obtained.

Vyd ® %ZVaQ(s, a‘HQ)”s =s,a= ,u(Sl)Veylu(S‘H”) (37)

St
Considering the influence of system error and feedback value range on system control

performance, the reward function is defined as:
=061 (t)+6,n(t) (38)
8, 8, are the reward coefficients limiting the error value range, andr, (t), r,(t)are the

error'value range and feedback value range respectively, which are defined as:

(1) =—ce O —ce 1)’ (39)
0 o <o
(1) {—1 else “0

c,, C,are reward parameter, which is set according to the importance of error value,

(0

n!

, are the upper and lower limits of the speed. The DDPG-based composition



approach to the adaptive control algorithm is shown in Figure 4. The upper part of the
dotted line is a parameter regulator based on reinforcement learning, which is composed
of a reinforcement learning agent, and the lower part of the dotted line is composed of a

controller and controlled object as the interactive object of the agent environment.

5. Simulation and experiment

In order to verify the effectiveness of the proposed algorithm and avoid potential risks
to the human body, this study uses the method of evaluation experiments to analyze the
control performance under different control algorithms, and then more accurately
evaluate the adaptability of module joint. We choose different reference signals to
simulate and experiment under the action of different load changes and compare them

with the PID control. The selection of system parameters. is shown in Table 1.

5.1. Parameters Selection

Reasonable parameters can balance the control effect and control cost, which play an
important part to improve the control performance.

1) Selection of value -k : The parameter k will determine the convergence speed of
the control and the range of the convergence. The larger value k selected the faster the
convergence rate is, but the control cost will also increase. That is to say, in actual
applications, the response time of the system and the steady-state error should be
weighed.

2) Selection of value i, : In theory, the change of the internal flux linkage of the motor
will affect the iy, and then affect u,. But this slight change is often ignored in the
manufacturing and actual application of the brushless DC motor. So i, =0 was taken in

the simulation.



3) Selection of reinforcement learning parameters: the parameters of reinforcement
learning mainly act on the reward function, the definition of reward and punishment
mechanism is different in environments, and the reward and punishment function
involved will also change; The error value coefficient under the same definition also

needs to be changed according to the importance of the weight.

5.2. Simulations

Generally, the training of reinforcement learning is uncertain. In order to reduce the
unknown influence of experimental training on the equipment and test the convergence
and effectiveness of the controller, we designed the simulation of the joint module system
under the change of speed and load in MATLAB/Simulink. Compare with the waveform
change with reinforcement learning adaptive controller and PID controller, we analyzed
the performance of RLAC.

In order to make the simulation of the joint module closer to the cooperative application
in real life, we use a sinusoidal signal and step signal as reference speed and use the step
function to simulate the sudden change of load in cooperation. The parameters of the two
controllers are shown in Table 2

In the simulation environment, for the reinforcement learning agent, the model

simulation time T, =0.2s and the sampling time T, =0.001s. During training, set the

maximum number of Episodes to 2000. When the trained Episode gets the maximum
reward value, the obtained optimal RL Agent will be saved and applied to the simulation
and experiment.

Figure 5 shows the start-up operation of the joint module under the initial load. The
joint module can start quickly and reach the rated speed and run more smoothly than the
PID control. The torque output under this condition is shown in Figure 6. It can be seen

that RLAC is more stable than the torque output under PID control.



In order to test the anti-interference ability of the joint module system, the simulation
speed is initially set at 300 m/s, and when t = 0.5 s, the load disturbance of 5 N/m is added.
The speed comparison of fuzzy PID control and reinforcement learning adaptive control
is shown in Figure 7. The torque output adapted to torque variation under this condition
is shown in Figure 8. It can be seen that expect for stabilizing the speed, it also plays a
certain role in balancing the internal vibration of BLDC by square wave drive.

The normal operation of the bionic arm often changes with the speed and load torque
at the same time. In order to test the following performance of the system, the simulation
speed input is a sinusoidal signal, and the speed following simulation results controlled
by RLAC is shown in Figure 9. It can be seen from the velocity waveform that the

adaptive control after reinforcement learning has excellent following performance.

5.3. Experimental verification

We can see that the design of the RLAC algorithm does not involve some complex
sensors. To test the implementation ability of the designed controller, we improve the
generated code of MATLAB and build the experimental platform combined with the
simulation results and the parameters of the actual equipment. In order to make the
experiment more suitable for combination with the human body. We keep the
reinforcement learning controller running on the PC side, directly transmit the control
signal to the driver through serial communication, set the DC voltage source to 30V,
stm32f429 arm controller, communicate through CAN-bus, and the brake motor provides
variable load torque. The experimental device is shown in Figure 10.

The experiment mainly tests the control effect of the controller on the speed change
and load change of the joint module. Figure 11 showed the comparison of experimental
results of the proposed controller and PID controller under step response. Figure 12

showed the comparison between the proposed RLAC algorithm and the sinusoidal signal



tracking experimental results of PID control under a given load. The control performance
of the RLAC algorithm is better than that of PID control. In addition, when the joint
velocity change rate of the two controllers is the largest, the maximum tracking error will
appear. It may be caused by the backlash of the harmonic reducer, Coulomb friction, and
Sensor error.

One of the main uncertainties in the motion of a bionic robot arm is the sudden change
of motion speed. The change of the external environment often needs the movement of
the arm to adjust, which indicates that the joint module often needs to face a sudden
change of speed, which will inevitably lead to an uncertain change in the parameters such
as friction or dynamics of the system. Therefore, the closed-loop performance is verified
by large positive and negative changes. The experimental.comparison results are shown
in Figure 13.

Under the requirements of continuous forward and reverse output changes, RLAC
control has a smaller amplitude and faster convergence than PID control, which further
proves the performance of the proposed RLAC algorithm. In addition, in the operation of
the joint module, the changes in system parameters such as friction coefficient caused by
the holding brake of the joint module and harmonic reducer will also have a nonlinear
impact on the system output, but it still can be seen that the proposed RLAC algorithm

has better robustness to the centralized uncertainty caused by the external environment.

6. Conclusion

In order to optimize the performance index of the joint module, this paper designed a
DDPG-based composition approach to the adaptive control algorithm to solve the
intelligent control problem of shoulder joint upper limb prosthesis. Considering the
changes in load torque and moment of inertia caused by human motion, the depth

deterministic strategy gradient algorithm is integrated into the adaptive control. The



motion state of the joint module is judged through the network, which improves the
control accuracy and anti-interference ability of the joint module. Both simulation and
experimental results show that the proposed RLAC algorithm can enhance the robustness
of the joint module to load disturbances and improve the tracking performance of the
speed control system. In practical application, the parameters of the control algorithm can
be adjusted according to the habits of prosthetic subjects, which can greatly reduce the
discomfort of amputees and realize the two-way coordination between human and
intelligent prosthetics. This provides a novel method and idea for subsequent scientific

research and industrial engineering applications.

Disclosure statement The authors declare that they have no conflicts of interest.
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Table 1 The variables and parameters of the joint module system

Definition Notation Value Unit

Moment of inertia of joint module system J 1.6x107° kg -m?
Equivalent inductance L 83.97 mH

Phase resistance Rs 0.687 Q
Coefficient of viscous friction B 8x107° Nm/ rad / sec
Rotor flux ¢ 0.48 Wb

Number of pole pairs p 4 _

The transmission ratio of harmonic reducer 1 100 _
Transmission efficiency of harmonic reducer n 0.95 _

Table 2 The parameters of control algorithms

Control algorithm Control parameters
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Figure 3. Network structure of reinforcement learning strategy
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Figure 5. Speed comparison between RLAC and PID (speed step)
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Figure 11. Experimental comparison of RLAC and PID (step response)
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