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Abstract

This study proposes a method based on reinforcement learning (RL) for point-to-point and dynamic reference posi-
tion tracking control of a planar cable-driven parallel robots, which is a multi-input multi-output system (MIMO).
The method eliminates the use of a tension distribution algorithm in controlling the system’s dynamics and inher-
ently optimizes the cable tensions based on the reward function during the learning process. The deep deterministic
policy gradient algorithm is utilized for training the RL agents in point-to-point and dynamic reference tracking
tasks. The performances of the two agents are tested on their specifically trained tasks. Moreover, we also imple-
ment the agent trained for point-to-point tasks on the dynamic reference tracking and vice versa. The performances
of the RL agents are compared with a classical PD controller. The results show that RL can perform quite well
without the requirement of designing different controllers for each task if the system’s dynamics is learned well.

1. Introduction

Cable-driven parallel robots (CDPRs) are parallel mechanisms, which use cables instead of rigid actu-
ation limbs. In a cable robot configuration, the end-effector’s motion is provided by cables actuated by
electric motors and pulley mechanisms. CDPRs have simple and light mechanical structures, high-speed
moving ability, high acceleration rate, and large working spaces due to the advantageous properties of
the cables. Therefore, CDPRs can be used in various industrial areas such as material handling and
placement, carrier crane systems, rehabilitation devices, and assembly processes [1].

CDPRs are investigated on diverse topics such as kinematic and dynamic modeling [2-5], stability
[6], vibration analysis [7], and out-of-plane vibration control [8]. In controlling the pose of CDPRs,
various methods have been presented in the literature. In refs. [9, 10], an experimental control of a
planar CDPR is performed with a robust PID controller, and impedance and PD controller are imple-
mented to control cables on the rehabilitation robot. The sliding mode control method, which can handle
the changes in system parameters, disturbing effects, and uncertainties, is employed in refs. [11-13].
More recently, synchronization control in the cable space [14] and coordinated dynamic control in the
task space [15] to increase the position tracking accuracy of CDPRs have been proposed. Controller
design for CDPRs using classical methods such as PID and model-based state-space methods is chal-
lenging, having limitations, trade-offs, and dynamic complexity due to several reasons. First, adjusting
the controller parameters while maintaining the control input constraints is difficult by trial-error meth-
ods and generally requires off-line optimization for the desired control behavior. However, the controller
parameters are tuned based on the reference to be tracked, and when the reference input characteristics
change, a new control parameter set must be obtained. Second, model-based classical control methods
utilize a tension distribution algorithm to ensure that the cable tensions are always positive and provide
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a unique tension distribution solution. There should be no sagging in the cables during the operation
of the CDPR since the cables can only carry pulling force. Therefore, optimization methods are used
to determine the appropriate tension distributions to ensure the positive tension of the cables [16-20].
However, finding optimal tension distributions cannot be done on-line and must be performed off-line
based on a designed controller. Moreover, when the actuation redundancy increases, the on-line solu-
tion of tension distribution algorithms becomes more tedious and time-consuming causing delays in the
control process which may lead to instability.

Learning-based control methods have promising features to control the complex dynamics and handle
uncertainties of the CDPRs [21, 22]. Reinforcement learning (RL) algorithms have recently been used
to control robots in various application areas where complex operations such as path planning, obstacle
avoidance, and complex assembling tasks are required [23, 24]. RL is a machine learning approach
that deals with choosing actions to maximize a numerical reward signal. The agent, who carries out the
learning process, performs its actions according to a policy and receives a reward from the environment.
In this way, the agent is in continual interaction with the environment, and the main goal is to optimize
the amount of reward it collects from the environment [25]. In controlling the CDPR by the RL method,
there is no need for a tension distribution algorithm since the required control input can be generated by
learning. Adjusting the rewards given for the actions provides the desired control behavior. RL method
does a trial-and-error process by itself to learn the required control input and can handle complex tasks
by learning. After the learning process, the RL method has formed an artificial neural network controller
in which the computational cost is relatively low. RL method can overcome the problems of classical
model-based controllers in controlling the CDPRs. The advantages of the RL over classical control
methods are as follows. First, since different reference signal characteristics can be taught to the RL
agents in the learning process, there is no need to tune controller parameters for different reference
signals using off-line optimization methods. Moreover, control input constraints can be handled easily
in the learning process of RL agents. Second, the RL method finds the required torques directly during
the training of the RL agents and does not require any tension distribution algorithm. Therefore, it saves
from the off-line tension distribution optimization problem and provides the tension distributions in real-
time. These advantageous features of the RL method make it convenient to control the CDPR dynamics.
There are very few works on controlling CDPRs using RL [26-28]. However, the RL control of planar
CDPRs with two translational and one rotational degree of freedom has not been investigated yet.

This paper investigates the performance of RL to perform given point-to-point and dynamic reference
tracking tasks for a planar CDPR which is driven with four cables and has three degrees of freedom for
the first time, up to the knowledge of the authors. In the point-to-point task, reaching the reference
point and, unlike [26], the response after reaching, and steady-state behavior of the control process is
considered. For this purpose, training of the RL agent is not terminated immediately after reaching the
reference point as generally did for the RL tasks. On the contrary, we continue the training for a certain
period in one episode to cover the dynamics of the robot after reaching nearby the desired point. For the
dynamic reference tracking task, another RL agent with the same design parameters as the point-to-point
agent is trained to track sinusoidal reference signals. Thus, it is intended for the agent to learn dynamic
reference tracking, where the change of the pose error does not only depend on the action, as is the case
in the point-to-point control task. This paper also presents a novel reward construction to achieve desired
control behavior which has three phases; reaching the desired pose, keeping the end-effector at the pose,
and minimizing the cable tensions. Besides the control, the deep deterministic policy gradient (DDPG)
algorithm is programed to find a minimum control action solution by adjusting the RL rewards. This
provides to find the optimal tension distribution that ensures the positive tension in the cables. Both
trained agents have successfully performed the given training tasks. The training signal used for one
agent is used as a reference signal for the other agent to validate and compare the agents’ performances.
The agent trained for point-to-point control showed similar performance as dynamic tracking control,
which is performed with the agent trained for the dynamic reference signal and vice-versa. In order to
compare the performance of the RL agent with a classical controller, a PD controller is also designed
and employed in the simulations.
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Figure 2. Free-body diagram of the actuator.

The rest of the paper is organized as follows. First, the CDPR discussed in this study is introduced, and
the dynamical equations of the system are given. In Section 3, the RL. method is explained, and the design
parameters of the RL are provided. Then, simulation results are presented with detailed discussions.
Finally, the conclusions are drawn.

2. Cable-driven parallel robot

A CDPR is a kind of manipulator that is driven by a set of cables in parallel. CDPRs consist of four
essential components: a fixed base platform, actuators, end-effector, and cables. The movement of the
end-effector is provided by lengthening and shortening the cables with the rotation of the actuator.
The dynamic structure of the CDPR comprises the mobile end-effector and the actuator dynamics. A
kinematic diagram of a typical CDPR structure with cables and the free-body diagram of its dynamic
components are shown in Figs. 1 and 2.

A closed-loop kinematic chain shown in Fig. 1 can be used for each of the cables as given in Eq. (1)
to find the required cable lengths in a given position of the end-effector.

L=p+Rq —b, i=12....m (0

where [ is the cable length vector, p is the position vector, R is the rotation matrix, ¢” is a constant
position vector in end-effector frame {P}, and b is a constant position vector in the base frame {O}.

In dynamic modeling, it is assumed that the dynamic model of the CDPR consists of the actua-
tors (winches) and the end-effector dynamics. The dynamics of cables are ignored in order to simplify
the dynamic model of the CDPR. Under these assumptions, the general dynamic model of a CDPR is

https://doi.org/10.1017/50263574722000273 Published online by Cambridge University Press


https://doi.org/10.1017/S0263574722000273

Robotica 3381

expressed [3] as

HT =W 2)
=L/ |1L] =L,/ 1Ll . ) .
where H = is the structure matrix and can be obtained
[Rq’fX(—ll/ LD ... Repx (=L./ 111D
as H=—J". Here, J is the jacobian matrix and can be determined by taking the time derivative of

Eq. (1) and T is the cable tension vector. According to the Newton—Euler formulation, the dynamic
wrench W acting on the end-effector can be represented as

5 mg— F
w=] MPTmEm Tl 3)
Iew—i_'/,XIew_MR

where m, is the mass of the end effector, 1, is the inertia tensor of the end-effector with respect to body
axis, g is the acceleration of gravity, ¥ is rotational position vector, and Fy and My are external force
and moment vector, respectively. The dynamic model of the actuators that is considered with a motor
shaft and cable winding drum is given as

T:r;1 (r—rf—lafl—CS.l) 4

where 7, 1, 2, are the input torque, friction torque, and rotational position vectors of the actuators,
respectively. I,, C, and r, is rotational inertia, viscous damping coefficient, and drum radius matrices
which are constructed diagonally. By combining Eqgs. (2) and (4), the dynamic model of the CDPR is
given in following form:

M. X +N(X,X)=Ht )
Mo —aL( 2% o, |00 ©6)
eq — a X d 0 Ié,
. d (0% L AN —mg — Fy
NX.X)=H(I.— | = |+C| = +Ht+r, | . , (7)
de \ 90X 0X v x Ly — My

where M., is the equivalent inertia matrix, N (X, X)is the nonlinear terms, X =[p, %]  is the end-
effector position vector, and I is the identity matrix.

3. Reinforcement learning

RL is a machine learning approach that learns what a decision-maker (agent) must do to maximize a
numerical reward signal and how to map states to actions. The environment in which the agent is in RL
has the Markov decision process (MDP) feature. In MDP, the agent’s current state is assumed to include
all past information that will affect future states of the process, and future states in the current state are
independent of past states. In the MDP environment (Fig. 3), the agent interacts with the environment
by choosing an action in its current state and later transfers a new state by receiving a reward signal in
response to its action. In this way, the agent is in constant interaction with the environment.

The components of MDP are {S, A, P, R, y}. At any time interval ¢, the state of the agent in the envi-
ronment is S,, the action chosen for this state is A,, the reward from this action is R, |, and the new state
is S;y1. The transition probability function p that defines the system dynamics is Eq. (8), and for each
given state s and action a, p(s’, r |s, @) brings the agent from state s to the next state s’. The discount
factor y € [0, 1] is a parameter that essentially determines how much the agent cares about rewards in
the distant future relative to those in the immediate future. For larger values of y, the agent cares about
distant future rewards, and for smaller values, the agent mainly concerns rewards in near future [25].

pls,rils,a)=Pr{S,=5,R =r|S_ 1 =s5A_ =a}, (s, s)eES, reR, acA(s) ®)
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Figure 3. Agent—environment interaction in the RL system.

The main goal of the RL agent is to maximize the total amount of reward received in the long term,
which is defined as follows:

G =R +yR+ )’sz+3 +-o= szzoyerJrkJrl ©)

Therefore, the agent must choose actions that will maximize the total amount of rewards. The choice
of action from the agent’s action space is based on a policy that can be stochastic or deterministic. There
are many policies that the agent can follow from its current state, but only the optimal policy 7* makes
the total return the highest [25]. In order to find the optimal policy, value-based RL algorithms such as
Q-learning and DQN (deep Q-network) determine the optimal value function and the corresponding pol-
icy [29, 30]. On the other hand, policy-based methods such as DDPG, A3C (Asynchronous Advantage
Actor—Critic), TD3 (Twin Delayed DDPG) directly determine the optimal policy [31-34]. In the
Q-learning method, a table is used in which the Q(s, a) values for each state and action pair are kept. The
Q values in the table are updated by Eq. (10) after each interaction of the agent with the environment with
a learning rate o:

Q(s,a) < Q(s,a) + a (r+ y max Q(s', a') — Q(s, a)) (10)

The Q-learning method is insufficient for problems where the state and action space are extensive
due to a lack of memory and computational cost. The DQN method developed using ANNSs instead of
tables can also solve high-dimensional problems where the state space is continuous. An ANN called
Q-Network which have 99 parameters that predict the Q(s, a) values of actions against a given state.
Q-Network training is carried out updating the error function given as follows:

L(s,a) = (y — Q(s,a|62))’ (11)
In this method, the target value y is calculated by

y=r+y max Q(s/,a/ QQ/) (12)
An ANN with 6¢ parameters called Target Q-Network is used to calculate the target value, and it is
updated periodically according to the Q-Network. The 69 parameters of the Q-network are updated by

0% =02+ aVyoL(s,a|6?) (13)

While DQN can solve problems where the observation space is high dimensional, it can only handle
discrete and low dimensional action space. However, many physical processes have large and continu-
ous action space. Methods such as DDPG, A3C, and TD3, including Actor—Critic algorithms shown
in Fig. 4, are used in the literature to solve high-dimensional problems with such continuous action
structure.

In the DDPG method, there are four artificial neural networks: Critic-Network Q(s, a ‘GQ), Actor-

Network (s |6*), Target Critic-Network Q' (s, a ‘OQ/ ), and Target Actor-Network (s ‘9“/ ) The actor

observes the current state s and tries to determine the action a that maximizes the long-term reward. On
the other hand, the critic takes the observation s and action a as input and estimates the expectation
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Figure 4. Actor—Critic method.
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Figure 5. Schematic of the planar CDPR.

value corresponding to the long-term reward. Target Actor and Target Critic determine the target value
required to calculate the error function used in updating Critic and Actor networks. The target value y

is obtained as follows:
y= (r+ )/Q’(s’,,u’(s’ 9*/) ‘99/)) (14)

In calculating the target value y, the reward from the environment and Target network are
used. The error function for the Critic-Network, and the gradient of the Actor-Network are given,

respectively, as

L(s,a|0Q)=(y—Q(s,a|0Q))2 (15)
Voud =V, 0(s, aIGQ)la:MW) Vou i (s167) (16)
02 and 0" network parameters of Critic and Actor-Network are updated as
0% =0° + aV,oL(0°) (17)
0" =60" +aVyJ(6") (18)
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Table 1. Kinematic parameters of the

planar CDPR.

a (m) 0.683
b (m) 0.670
¢ (m) 0.143
d (m) 0.098

Table I1. Dynamic parameters of the planar CDPR.

1, (Nm) diag(0.045, 0.045, 0.045, 0.045)
1, (kem?) diag(1.78, 1.78, 1.78, 1.78)*10~*
C (Nms) diag(7.06, 7.06, 7.06, 7.06)* 10~
r, (m) diag(0.025, 0.025, 0.025, 0.025)
m, (kg) 0517

I, (kgm?) 17.8 x 1074

62,0 and A are the network parameters and smooth factor of Target Critic and Target Actor-Networks
and updated as

09 =162 + (1 — 1) 62 (19)

0" = x10" + (1 — 1) 6" (20)

4. Control of the CDPR using DDPG agent
4.1. Specifications of the CDPR

The CDPR considered in this study is assumed to be located in a plane. The end-effector has 3 degrees
of freedom (rotation around the z-axis (¢) and translation in x and y axes), and it is driven by four cables
(Fig. 5). The kinematic and dynamic parameters of the planar CDPR are given in Tables I and II. It is
assumed that no external force and moment is applied to the end-effector. The mathematical model of
the CDPR, whose dynamic equations are presented previously, and the design of the necessary elements
for DDPG is created with the MATLAB/Simulink 2020.

4.2. Observations and reward function

In RL, the observed states in the environment vary according to the type of problem. Selection of the
state observation is essential for the convergence of the RL algorithm. Here, since the CDPR must track
a given reference, the state matrix (observations) is chosen as

Ss=[x y ¢ ¥V ¢ e e e @21

The state vector includes the pose vector, its derivative, and tracking error. The pose vector is included
in observation because the agent must learn to apply different actions that change nonlinearly with the
pose. The derivative of the pose vector is included to learn the dynamic interaction between inputs and
pose change. Therefore, the RL agent can learn the direction of the movement and smooth actions with
the help of the reward. Lastly, the tracking errors are included to learn that minimizing these states brings
more rewards. The RL agent tries to determine the action values that will maximize the reward function
according to the observations from the environment. These action values represent the input torques
(cable tensions) for the CDPR and are given in a vector form as

a=[n » ©u u (22)
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Figure 6. Actor and Critic network structure.

The reward function determined for the control of the CDPR consists of three separate parts. The
first reward R, given by Eq. (23) punishes the agent exponentially according to the tracking errors. If the
tracking error is too high, the calculated penalty becomes high, and the penalty is reduced depending on
the decrease in the error. The second reward R,, given in Eq. (24), punishes the input action. Therefore,
the RL agent will avoid producing high action values and reach the minimum optimal actuation values
to drive the CDPR in a given task. The reward R;, given by Eq. (25) uses derivatives of absolute errors
and works depending on the sign change of the error. If the error increases, it is penalized, and if the
error decreases, it is rewarded. The penalty given for when the agent diverges from the target depends
on the divergence rate, but when the agent converges to the target, the received reward has limits. These
limits are used to prevent generating highly aggressive actions in order to collect more reward. Diverging
from the desired pose penalty is unlimited, thus informing the agent that it is undesired behavior in error
change rate.

Ri=exp(=3 (lledl +]e| | + |]es]])) 23)

Ry=—005% 7 24
e =10t 1| =10

R, = _(||e'x||+||ey||+||eq,||)H [es]| = —10if [[e,]] < —10 (25)
e, || = —10if |[e,|| < —10
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Table II1. Hyper-parameters.

Parameters Values
Learning rate o (Actor network) 0.001
Learning rate « (Critic network) 0.0001
Discount factor y 0.99
Experience replay 10°
Mini-batch 1024
Sample time 0.01
Target smooth factor A 0.001
Target update frequency 100
Noise variance 0.4
Noise variance decay rate 0.01
Maximum number of time steps for each episode 5000
(@) 300 Poi A () 8000 = A
- oint-to-point ent r— amic ent

1so [ point Ag 7000 | yn; g
- 200 - 6000 N
§ 150 § 2000 L
S 2 4000
5 100 3000 |-
z 50 Z 2000 -

0 1000
_50 PR IR IR R B 0 Loy
0 1000 2000 3000 4000 5000 0 300 600 900 1200
Number of Episodes Number of Episodes

Figure 7. Average rewards of the DDPG agents in the point-to-point control training (a) and the
dynamic reference tracking training (b).

Consequently, the sum of these three rewards forms the final reward function. The coefficients of the
rewards are chosen by considering their effects on the learning process. At the beginning of the learning,
it is desired that R; has more effect on the total reward to provide that all states start to converge to the
target. Then, R, dominates the total reward so that the agent keeps the robot’s position close to the target.
Finally, the R, reward affects the learning process after the R; and R, completed their duty. Thus, the
control action converges to minimum control action to perform the task.

4.3. DDPG network structure and hyper parameters

The number of neurons and activation functions in the layers of the Actor and Critic network structures
are shown in Fig. 6. Critic estimates the Q value based on the observations from the environment and the
action it receives from the Actor. The Actor estimates the torque values, which are the input of the CDPR
system, and sends them to the actuators to move the cables on the CDPR system. As a result, the pose of
the end-effector changes with the movement of the cables, and error between the pose and reference sig-
nal is calculated to obtain the observation matrix. To design the network and chose hyper-parameters,
there are no known rules. It depends on the problem’s nature. Therefore, these parameters are deter-
mined by trial and error. Simulations are performed until an acceptable result to control the CDPR is
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Figure 8. Control response of the dynamic and point-to-point agent for the point-to-point (step) task.

obtained. The RL agents used in this paper are trained using the same network structure and hyper-
parameters given in Table III. The minimum (z,,;,) and maximum (t,,,) actuator torques are bounded to
0.06 and 1.4 Nm by the scaling layer, respectively. Thus, generating large, and negative cable tensions
are prevented.

5. Simulation results
5.1. Reinforcement learning results

We used two tasks for the CDPR control: the point-to-point control task and the dynamic reference
tracking task. The CDPR should move from a starting point to a target point in the workspace with an
acceptable transient response and stay at the target point with a tolerable steady-state error. Hence, the
first RL agent was trained to perform a point-to-point control task, and it was named as point-to-point
agent. For this purpose, initial positions and target positions were randomly determined in the training
process for every episode. Initial positions and target positions were changed between (—0.5, 0.5) m for
the x, y, and (—0.1, 0.1) rad for the ¢ state, respectively. We aimed that the agent learned to control the
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Table IV. Step response characteristics for the dynamic and point-to-point agent.

Step information Dynamic agent Point-to-point agent
X y X y
Rise time (s) 0.1234 0.1426 0.1994 0.1026
Settling time (s) 0.3040 0.2115 0.5803 0.2737
Overshoot (%) 5.2679 1.2046 3.7190 6.8724

Table V. RMSE in the control tasks.

Control type RMSE (m)
Reference signal Agent type  x position y position ¢ angle
Dynamic (sinusoidal) Dynamic 0.0053 0.0036  0.0056
Point-to-point ~ 0.0102 0.0034  0.0020
Point (Step) Dynamic 0.0389 0.0415 0.0144

Point-to-point ~ 0.0558 0.0360  0.0028

CDPR for different conditions. One episode simulation time was set to 2 s, which was quite adequate to
conclude the point-to-point task in the given control range of the CDPR. The termination criteria, which
ended the episode when the end-effector was out of the workspace, was also included in the simulations.
The limits were selected as (0.5, —0.5) m for x and y axes, and (0.3, —0.3) rad for ¢. Thus, improper
learning in the first episodes was prevented by terminating the episode when the end-effector exceeds
the workspace limits. Figure 7(a) shows the average rewards of the point-to-point agent per episode.
As shown in the figure, the collected reward per episode tends to increase at an exponential rate. After
the 1700th episode, the collected reward becomes relatively stable for the following episodes. It means
that the agents between 1700 and 5000 episodes can be chosen for the point-to-point control purpose.
According to the reward values, there are minor differences among the agents. The agent at the end of the
1757th episode was chosen as the best agent in this work. Although there were agents that gained more
reward than the selected agent, they showed aggressive changes in the control torques (cable tensions),
which is an undesired way to gain reward. Another reason is, choosing an agent closer to the point that
the collected reward becomes stable.

The second RL agent was trained to track dynamic reference signals, and it was named as dynamic
agent. The same observations and reward function were used in both point-to-point and the dynamic
agent learning processes. Sinusoidal references were used as the test signals for the x, y, and ¢ positions
in the dynamic learning case whose amplitudes and frequencies were 0.3-0.5, 0.1-0.3, and 0.03-0.1 the
x,y, and ¢, respectively. Initial positions were determined randomly between (—0.5, 0.5) m for x, y, and
(—0.1, 0.1) rad for ¢ in every episode, respectively. For the reference signal generation, the sine function
was used for the x state while cosine was used for y and ¢ states to provide phase difference, which created
a homogenous reference structure in terms of positive and negative directions in the learning process.
With different initial conditions, it was aimed that the agent learned to reach and track the reference
from different positions. One episode simulation time was set to 80 s for the agent to learn possible
combinations of reference signals. The termination criteria were set for out of workspace positions. The
behavior of the learning process for average rewards is given in Fig. 7(b). The collected rewards for
the first 900 episodes are too low since the episodes have been terminated due to workspace restriction
criteria. After the 900th episode, the agent keeps the end-effector in the workspace, and therefore, the
collected reward increases. In the 1150th episode, the collected reward takes the highest value, and the
following episodes collect similar rewards. The learning process was stopped at the 1400th episode due
to the observed stable behavior of the collected rewards and to save time. The agent at the end of the
1159th episode was chosen as the best agent for the previously mentioned reasons.
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Figure 9. Control response of the dynamic and point-to-point agent for the dynamic reference tracking
task.

Although the point-to-point agent started to learn faster than the dynamic agent, its maximum reward
average is lower than the dynamic agent, mainly due to the simulation time. As the reward R; changes
depending on the error difference, the dynamic agent tracking the sinusoidal input gains more rewards
than the point-to-point agent. Learning to keep the end-effector in the workspace for the dynamic agent
took quite longer than for the point-to-point agent. This is mainly due to the use of dynamic reference
signals. It requires much experience to learn what to do in changing the last three observation states.

We also test the point-to-point agent on the dynamic (sinusoidal) reference tracking and the dynamic
agent on the point-to-point (step) reference to see their performance on different tasks. Simulation results
are comparatively given for the point-to-point agent and dynamic agent. First, in Fig. 8, the control
results for reaching a point (x =0.2, y = —0.2, ¢ = 0) reference are illustrated using the point-to-point
and dynamic agent. The step response characteristics of the control processes are given in Table IV.
Regarding x and y positions, the rise time is quite fast, but a tradeoff between x and y positions is observed
in the control response. The dynamic agent is better in the rise time and overshoot for the x state and in
settling time for the y state. This shows that being better in one state control costs other states control
performance deterioration for both agents. A tradeoff is also observed in steady-state errors (Table V).
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Figure 10. Control input generated by the point-to-point and dynamic agent for the point-to-point (step)
task.
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Figure 11. Control input generated by the point-to-point and dynamic agent for the dynamic reference
tracking task.
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Table VI. Control parameters of the PD controller.
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Figure 12. Control response of the PD controller and the point-to-point agent for the point-to-point
(step) task.

The dynamic agent’s performance is better in the x state control, while the point-to-point agent is better
in the y state control. For the ¢ angle, the performance of keeping the state in the zero position when
other states are moved to the target position is investigated. At the beginning of the control, a corruption
in ¢ angle control appears then immediately decreases. The corruption is up to 0.08 rad in the case of
using the dynamic agent for control, and steady-state error occurred, but it can be seen that the point-to-
point agent control is successful, and the corruption is up to 0.01 rad. This situation can be considered
as an advantage of training the agent for the point-to-point task. In general, the point-to-point agent is
better than the dynamic agent in controlling the point reference. That is an expected outcome since the
point-to-point agent is trained specifically for that task. However, the dynamic agent also performed
quite well on the point-to-point task nevertheless it was trained for the dynamic references.
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Figure 13. Control response of the PD controller and dynamic agent for the dynamic reference tracking
task.

Second, the dynamic reference tracking results of the CDPR are given in Fig. 9 for both agents. The
RMSE values are shown in Table V. The point-to-point agent’s performance is as good as the dynamic
agent’s. This shows that the designed RL algorithm is capable of learning the required action for the
control regardless of training task type. However, some deteriorations in tracking the peek points of the
sinus reference were observed. This should be due to insufficient learning of the control signal at the
corresponding pose of the end-effector.

Regarding control input for the point-to-point control, input torques (cable tensions) on the CDPR
show the same behavior for dynamic and point-to-point agents in sequencing (Fig. 10). The generated
control inputs by both agents are close to the minimum torque value of 0.06 Nm as expected because of
the penalizing of the high torques in the learning process as a result of the proposed reward functions.
In Fig. 11, the control torques for the dynamic reference tracking case are given for both agents. The
figure shows that the dynamic agent’s average control input is 0.3 Nm while the point-to-point agent’s
is 0.2Nm. This implies that the dynamic agent applies more aggressive control, and the reward R,,
which penalizes the torques, is less effective in the dynamic agent training process. The control signals
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Figure 14. Control input generated by the PD controller for the point-to-point (step) and dynamic
reference tracking task.

generated by the agents in both tasks are the same in terms of sequencing shows that the designed training
algorithm produces stable results.

5.2. Comparison with a classical PD controller

In this section, the performance of the RL method is compared with a classical dynamic controller. For
this purpose, a PD controller is designed end employed to control the CDPR dynamics for the same
tracking tasks with the RL agents. For the sake of the brief representation, the design process of the PD
controller is given briefly. One can refer to works [3, 8, 9] to have more information about the design
process. The control input can be given as

t=H'(M,, (X, +Kre +Kpé) + N(X, X)) (26)

where H' = H'(HH")™" is the pseudo-inverse of the matrix H. K, and K, are PD controller gain
parameters. The tracking error is defined as e = X, — X, where X, is the desired state. In the construction
of the control input, feedback linearization method is used. The control input in Eq. (26) may generate
negative torques which is not desired for the cable robot. Therefore, a torque distribution algorithm
[3] is used to keep cables always in tension. The PD controller parameters are given in Table VI. The
parameters are chosen by trial and error until a proper response which satisfies the control input bounds
is achieved. In the Figs. 12 and 13, the PD controller response is compared with the point-to-point agent
and dynamic agent responses, respectively. The control inputs generated by the PD controller for the
point-to-point (step) and dynamic reference tracking tasks are compared in Fig. 14.

The PD control responses’ RMSE for dynamic reference tracking task are 0.016 m, 0.0031 m, and
0.0001 rad for x, y, and ¢ axes, respectively. The results are slightly better than the dynamic agent’s
response. However, for the point-to-point task, the RL agents’ performance are much better than the
PD controller. This shows that the agents learned well the control action for different cases, but the
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PD controller performance depends on the task. Also, designing the PD control requires using a torque
distribution algorithm, feedback linearization to analyze the stability, tuning the controller parameters
with optimization algorithms in order to maintain the control constraints, which are time-consuming
and high computational cost processes.

6. Conclusions

This paper proposes an RL controller that employs the DDPG algorithm to perform learning to control
a planar CDPR. The controller does not require a tension distribution algorithm, as is the case in the
design of classical controllers for CDPRs. As the CDPR used in this study has three degrees of free-
dom (two translations and one rotation) and four actuators, which causes an over actuation problem, an
infinite number of tension distribution solutions are found to control the CDPR in a specified pose. To
overcome this problem, the RL algorithm is used to find the optimal control input and tensions for a
given task based on the reward functions concurrently. This also saved us from off-line optimization of
tension distribution and controller parameters separately. The RL agents trained for the point-to-point
and dynamic reference tracking tasks performed successfully for various sinusoidal signals; however,
slight distortions and tracking errors are observed for the point-to-point agent when the frequencies of
the signals are increased. The achieved continuous-time control results with the RL method are accept-
able, and the RL agent can be used for real-time applications since the required computation time is
low. It may be possible to obtain more precise results by using classical control methods for a speci-
fied task. However, a controller tuned for a specific task may not provide the desired performance, even
for a slightly changed reference in amplitude or frequency. This situation is investigated for a PD con-
troller, and the controller performed well for the dynamic reference tracking while its point-to-point
task response is quite worse than the RL agents. We also propose a novel reward function that has an
immense effect on the controller performance. The reward function enables the optimization of tension
distribution and control effort properly for different control tasks.

Since the implementation of RL on the CDPRs is very new, there are many issues to be investigated,
such as vibration and kinematic issues of the CDPRs, experimental performance of the RL, and imple-
mentation of RL on different CDPR structures. As future work, we shall investigate the performance of
RL on controlling an under constrained, cable suspended CDPR.
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