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Abstract: With the rapid development of artificial intelligence (AI) technology and an increasing
demand for redundant robotic systems, robot control systems are becoming increasingly complex.
Although forward kinematics (FK) and inverse kinematics (IK) equations have been used as basic
and perfect solutions for robot posture control, both equations have a significant drawback. When
a robotic system is highly nonlinear, it is difficult or impossible to derive both the equations. In
this paper, we propose a new method that can replace both the FK and IK equations of a seven-
degrees-of-freedom (7-DOF) robot manipulator. This method is based on reinforcement learning
(RL) and artificial neural networks (ANN) for supervised learning (SL). RL was used to acquire
training datasets consisting of six posture data in Cartesian space and seven motor angle data in joint
space. The ANN is used to make the discrete training data continuous, which implies that the trained
ANN infers any new data. Qualitative and quantitative evaluations of the proposed method were
performed through computer simulation. The results show that the proposed method is sufficient to
control the robot manipulator as efficiently as the IK equation.

Keywords: robot manipulator; inverse kinematics; reinforcement learning; artificial neural network;
redundant degree-of-freedom robot system

1. Introduction

A robot manipulator is a generally and widely used robot, which is also called an
industrial robot, serial robot, or robotic arm. Most robot manipulators are used in industrial
fields for practical and automated purposes such as welding, cutting, picking, and placing
objects. There are various types of robot manipulators, depending on the number of joints
and direction of assembly.

Robot manipulators are categorized into three groups according to the number of
joints: less than six degrees-of-freedom (6-DOF), 6-DOF, and more than 6-DOF. The rea-
son for categorizing by 6-DOF is that at least six parameters are required to describe the
motion of an object in three-dimensional (3D) space. The first group consists of robot
manipulators using fewer than six joints, which cannot express the entire 6-DOF infor-
mation and have limited motions. A 2-DOF robot can only control the (x, y) position;
for example, Elsis et al. (2021) [1] and Urrea et al. (2021) [2] adopted RR and RP types of
2-DOF robots, respectively. R and P indicate revolute and prismatic, respectively. A 3-DOF
robot can control either (x, y, z) or (x, y, α) posture; for example, Martín et al. (2000) [3]
and Azizi (2020) [4] adopted Zebra ZERO of RRR type and three variants of RRR, RRP
(Stanford arm), and RPR type, respectively. A 4-DOF robot can control (x, y, z, α) posture;
for example, Ram et al. (2019) [5] and Boschetti (2020) [6] adopted RRRR and Cobra 600
©Adept Technology of RRPR type, respectively. The second group consists of robot manip-
ulators using six joints. This group can express all the DOF in the real world. This group
has seen the most development; for example, STEP SD 700 [7], Stanford MT-ARM [8], UR5
©Universal Robots [9], KUKA-kr ©KUKA [10], M710i ©FANUC [11], ABB IRB 1600 [12],
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and Viper 650 ©Adept Technology [6] are being employed in various research projects.
However, this group has only one solution per posture and singular points. The third group
comprises robot manipulators that use more than six joints, also called redundant robots.
This group has diverse solutions per posture, and the movement of the robot manipulator
appears visually flexible; for example, Baxter arm [13], LWA 4D ©Schunk [14], LBR iiwa
7 R800 ©KUKA [15], SUNGUR 370 [16], Cyton Gamma 300 [17], WAM arm © Barrett
Technology [18], Sawyer ©Rethink Robotics [19], and SARCOS Master Robot Arm [20] are
7-DOF. There is an increasing demand for redundant robot manipulators for improved
technologies such as flexible operation and/or human-level performance. However, the
development of redundant robotic manipulators is challenging. This group has highly
nonlinear systems that are extremely difficult to analyze and control. For the developer,
designing and programming them is a difficult task.

The operation and control of robot manipulators involve many aspects, such as pos-
ture control (position and orientation control) [21–23], dynamic control (velocity-related
control) [24], torque control (acceleration-related control) [25], and path planning [26–28].

Among them, posture control is a fundamental and essential topic because its control
error has a sequential effect on the following control system. To control the posture of
the robot manipulator, developers require inverse kinematic equations. However, inverse
kinematic (IK) equations, particularly for redundant robots, are difficult or impossible to
derive. For example, the joint space parameters of the n-DOF system should be derived
from position x expressed as x = cos(θ1 + · · ·+ θn), from which it is very difficult to derive
the equations explicitly. Moreover, even if an IK equation is derived for a particular robot
manipulator, the equation must be re-derived if the kinematic properties change, e.g.,
dynamic changes in the transformation and several swarm robot systems. Furthermore,
redundant robot systems have multiple control solutions per posture. For these reasons,
there is a need for an adaptive and scalable algorithm to be used in place of the inverse
kinematic equations.

There have been many posture control methods for deriving the kinematic equations of
7-DOF robot manipulators: analytical methods, numerical methods, and AI-based methods.

The analytical method is a general approach. In this method, the characteristics of
link size, joint angle, and assembly direction are used to derive a mathematical equation,
known as the IK equation. Several attempts have been made to derive the IK equations for
a 7-DOF articulated robot. Wang et al. (2010) proposed a closed-loop inverse kinematics
(CLIK) algorithm for position control and redundancy resolution [29]. Gong et al. (2019)
proposed analytical IK for KUKA LBR iiwa 7-DOF redundant manipulator [30]. The IK
solution groups three control parameters: elbow (first, second, and third joints), arm (fourth
joint), and wrist (fifth, sixth, and seventh joints). Whenever controlling the 7-DOF robot,
they solve and aggregate the results of two 3-DOF IK and a 1-DOF revolute joint. In both
of them, the simulation results showed good performance because the analytical method
was an exact solution. However, the IK equations must be rederived for different robots
according to their structure and shape. This implies poor compatibility of the analytical
method.

Numerical methods typically use optimization approaches to minimize the defined
loss function. Huang et al. (2012) employed a particle swarm optimization (PSO) for solving
the IK equation of 7-DOF robotic manipulators [31]. The PSO algorithm has a multitude of
optimizers, which find the joint space parameters with a minimum posture error. However,
the PSO algorithm is at risk of finding local convergence rather than global convergence.
To solve this problem, Dereli et al. (2019) developed a quantum-behaved particle swarm
(QPSO) algorithm for 7-DOF articulated robot control [32]. QPSO makes the particles more
dynamic, with wave function instead of position and velocity variables in PSO. This study
sets the end-effector position as a particle and optimizes the perturbation movement using
the Euclidean distance. However, the QPOS does not consider the orientation of the end
effector, which affects the limits of postural control.
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AI-based methods are currently a major research topic in robotics. This method
approximates a function based on desired data. There have been some prior efforts to
replace the IK of robot manipulators with artificial intelligence (AI). Jiménez-López et al.
(2021) proposed a method for modeling a 3-DOF PUMA robot using a neural network to
solve the inverse kinematic problem [33]. With the ANN composed of three hidden layers
with 25 neurons per layer, they calculated the IK anywhere in the movement-space of the
robot with low effective errors. However, the derivation of the inverse kinematic equations
for 3-DOF robots is possible with an analytical approach, which gives an even more exact
solution. Kramar et al. (2022) proposed an ANN architecture having 8 hidden layers
with 30 or 60 neurons per layer to solve the IK problem of the 6-DOF anthropomorphic
manipulator of robot SAR-401 [34]. The proposed ANN showed high accuracy in the
simulation results but required expensive computational resources and costs due to many
layers and neurons. There are some existing studies targeting 7-DOF robot manipulators,
such as this paper. Bretan et al. (2019) employed an artificial neural network (ANN)
to solve inverse kinematic problems for a 7-DOF Sawyer articulated robot [19]. They
used collaborative network training with a multi-ANN having 3 hidden layers, each with
200 nodes, for position control. The results of ANNs were satisfactory, but the robot moved
in a very narrow range of the workspace even when many nodes were set. The most
essential feature of the ANN method is training data with labels, which were not provided.
In addition, this ANN-based method takes a long time for computation and requires a
large amount of memory compared with previous methods. Peters et al. (2007) applied
reinforcement learning (RL) to solve inverse kinematic problems for a 7-DOF SARCOS
articulated robot [20]. This research introduced the reward-weighted regression method
and conducted experiments using a real robot. The experimental results were successful;
however, the learning time was slow. The 7-DOF required approximately 6 h of training
time, and the 3-DOF required 2 h. Consequently, they are difficult to use in practical control
algorithms. Recently, AI-based methods have shown remarkable research achievements,
so we briefly introduce more research cases on AI algorithms to other applications. Azizi
(2020) adopted a genetic algorithm (GA) and ANN for kinematics synthesis of three 3-DOF
robot arms: RRR, RPR, and Stanford arm [4]. GA and ANN are used to find optimal
design parameters such as link lengths, assembly directions, and so on. Giorgio et al. (2020)
proposed an AI path-finding algorithm to control a robot with an optimized trajectory with
collision avoidance applied [12]. Chen et al. (2021) proposed a manipulator control system
based on an AI wearable acceleration sensor to realize the remote grasping operation [21].
Lim et al. (2021) proposed a CNN model-based control algorithm for a 6-DOF robotic arm
directly controlled by brainwaves, also known as electroencephalogram (EEG) signals [28].
A CNN model takes an input of an EGG signal and classifies the output into one of eight
mental commands (forward, backward, up, down, left, right, open, close).

In this study, a new AI-based posture control algorithm for a 7-DOF robot manipulator
is presented. The proposed algorithm is based on RL and ANN. The RL-based posture
control algorithm is used rather than the forward kinematics (FK) equation to generate the
training data for the ANN-based posture control algorithm. The ANN approximates an IK
function for posture control. The results of the proposed method satisfied the limit of the
control error and were sufficiently good to be used for the posture control of the 7-DOF
robot manipulator. The entire development procedure was simulated using MATLAB
software.

The proposed method has three advantages: (1) learning from scratch, (2) learning
faster than online learning, and (3) compatibility with other robotic systems. First, learning
from scratch was feasible. This is because RL and ANN complement mutual drawbacks
while considering their respective strengths. RL learns optimal policies, but policy data
are discrete. An ANN is a good function approximator, but cannot be trained without
any training data. Therefore, RL generates training data for posture control, and ANN
approximates the training data and controls the posture of the robot manipulator. Second,
the proposed method was faster than the online method. Online learning is synchronously
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updated. There should be interaction delays between the agent and environment. However,
the offline method works independently. Therefore, there are no interaction delays, which
shorten the learning time. Third, the proposed method can be applied to any type of robot
manipulator, regardless of the DOFs and structures. Since RL training collects training data
based on interactions, an ANN can approximate any property of the data. As a proof of
concept and precedence study, we applied this algorithm to a heterogeneous quadrupedal
robotic system [35]. We derived IK equations for a quadrupedal robot to balance against an
arbitrarily and dynamically tilted ground. Although the IK equation for a quadrupedal
robot is laborious, it can be derived with effort. However, finding the closed-form IK
equation for a 7-DOF manipulator is impossible because it is a more complex nonlinear
system. Therefore, this step-up study shows that our algorithm can be applied to a wide
variety of robots.

The rest of the paper is organized as follows. Section 2 explains the basic knowledge
according to the robot manipulator and AI algorithms. Section 3 introduces the system of
the 7-DOF robot manipulator. Sections 4 and 5 show specific developments in AI-based
algorithms, RL, and ANN. In Section 6, experimental evaluations of posture control are
presented qualitatively and quantitatively. Section 7 concludes the paper and presents the
prospects for future work. The Appendices A–C covers detailed learning implementations
and derivation procedures.

2. Background

For a better understanding of the AI-based posture control algorithm for the 7-DOF
robot manipulator, in this section, we explain the kinematic analysis and AI algorithm.

2.1. Kinematic Analysis

Kinematic analysis studies the static relationship between the joint angles of a robot
manipulator and the robot posture of an end effector. The joint angles (θ) are joint space
parameters: angles for n-DOFs (θ1, . . . , θn). The robot’s posture (q) consists of Cartesian
space parameters: position (x, y, z) and orientation (α, β, γ). The relationship between the
robot posture and joint angles is called IK analysis, and the reverse is called FK analysis.

The IK equation ( f IK) is an intuitive control approach for users. For example, if a user
wants to pick up a box using a robot, he/she is more accustomed to instructing the desired
posture (q) of the end effector toward the box rather than the set of angles (θ) of the motors.
The IK equation transforms the end-effector posture as an input into joint angles as the
output, as expressed in Equation (1):

θ = f IK(q). (1)

However, it is difficult to derive the IK equation for a 7-DOF robot manipulator.
The joint space parameters are implicit in trigonometry, for example, x = cos(θ1 + θ2).
Therefore, it is difficult to specify joint angles explicitly using Cartesian space parameters.
Another issue is compatibility; even if an IK equation is derived for a particular robot
manipulator, the equation must be derived again if the kinematic properties change.

The FK equation ( fFK) can be derived for any robotic manipulator. The FK equation
transforms the joint angles as inputs into the end-effector pose as the output in Equation (2):

q = fFK(θ). (2)

If training and experiments are performed using a real robot, there is no need to derive
the FK equation.

2.2. Artificial Inteligence Algorithm

The AI algorithm includes RL and ANN for supervised learning. Typically, RL is used
to determine the optimal policy, and an ANN is used for classification or regression.
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2.2.1. Reinforcement Learning

RL is an interaction-based learning algorithm between an agent and
environment [36–38]. The agent is the subject of the learning system, which learns the
optimal behavior for each state. The environment is the surroundings of the learning
system, and it provides states and rewards to the agent.

RL parameters consist of state (s), action (a), policy (π), and reward (r). State s
represents the current situation between the agent and the environment. Action a changes
the current state to a next particular state. The policy π is a tuple of states and actions.
Reward r determines whether a particular action in its current state is an appropriate
choice.

Generalized policy iteration (GPI) is an update process in RL and is divided into policy
evaluation and policy improvement. Policy evaluation predicts the near future (next state),
and policy improvement optimizes the current behavior to the appropriate behavior (next
policy). The GPI iterates policy evaluation and policy improvement until the agent finds
the optimal policy (π∗) for the target state.

2.2.2. Artificial Neural Network for Supervised Learning

The ANN for supervised learning is a learning algorithm that approximates the rela-
tionship between the input and output of training data for classification or regression [39].
Training an ANN involves adjusting the weights and biases of the ANN with respect to the
training data. To train, the ANN performs forward and backward propagation.

Forward propagation computes the prediction value. To obtain the prediction value,
the training input data are fed into an ANN structure consisting of an input layer, hidden
layers, and output layer. At each layer, the fed data compute the affine layer and activation
function.

The predicted value from forward propagation is compared with the training output
data labeled by a supervisor, and the compared error is called the loss function. If the ANN
is not sufficiently trained, its prediction accuracy is poor, and the loss function has a large
value. The ANN training should be directed toward reducing the loss function.

Backward propagation is a process that updates the weights and biases. The updates are
conducted from the output to hidden and then to input layers. At each layer, the gradients
for the weights and biases are computed from the partial derivatives of the loss function
and chain rule. The gradients are then merged with original weights and biases, called
updates.

Forward and backward propagation is repeated until the value of the loss function
meets the target or the number of iterations reaches the maximum value.

3. 7-DOF Robot Manipulator

This section describes the configuration of the 7-DOF robot manipulator, the FK
equation via the Denavit–Hartenberg (D–H) convention, and the posture control system.

3.1. Configuration of 7-DOF Robot Manipulator

The 7-DOF robot manipulator was assembled using seven servo motors and a thin
and long end effector, as depicted in Figure 1. The first servo motor was fixed to the ground.
The other six servo motors were serially connected in two rotational directions. One rotates
in the vertical (yaw) direction, using the first, fourth, and seventh motors. The other rotates
in the horizontal (pitch) direction, using the second, third, fifth, and sixth motors. A thin
and long end effector was attached at the end of the servo motor. The notations for the
rotational directions and coordinate axes are shown in Figure 1.
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Figure 1. Configuration of the 7-DOF robot manipulator.

3.2. Forward Kinematics Equation via D–H Convention

The FK equation for the 7-DOF robot was used for computer simulation. If RL training
is performed with real 7-DOF robotic manipulators rather than computer simulations, the
FK equation is no longer required. We took the computer simulation approach because it not
only saves development time and money but also ensures the safety of robot components,
even if it cannot fully cover all non-systematic errors.

The FK equation of the 7-DOF robot manipulator uses the information of the seven
motor angles θ1, θ2, θ3, θ4, θ5, θ6, and θ7 as inputs and is derived as expressed in Equation (3):

fFK =
7

∏
i=1

Hi−1
i , (3)

where Hi−1
i is a D–H convention matrix of the i-th link where the 0-th link is a fixed base [40].

The D–H convention matrix transforms the coordinates from the previous (i− 1)-th link to
i-th link, as shown in Equations (4)–(8). The FK equation for the 7-DOF robot manipulator
is obtained as follows:

Hi−1
i = Rz(θi)Tz(di)Tx(li)Rx(ωi), (4)

Rz(θi) =


cos θi sin θi
− sin θi cos θi

0 0
0 0

0 0
0 0

1 0
0 1

, (5)

Tz(di) =


1 0
0 1

0 0
0 0

0 0
0 0

1 di
0 1

, (6)

Tx(li) =


1 0
0 1

0 li
0 0

0 0
0 0

1 0
0 1

, (7)

Rx(ωi) =


1 0
0 cos ωi

0 0
sin ωi 0

0 − sin ωi
0 0

cos ωi 0
0 1

, (8)
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where Rz and Tz are the rotational and translational transition matrices with respect to the
z-axis and Tx and Rx are the translational and rotational transition matrices with respect to
the x-axis, respectively. There are four D–H parameters for the ith link: θi is the angle with
respect to the z-axis, di is the offset for the z-axis, li is the length of the x-axis, and ωi is the
twist for the x-axis. These parameters are associated with structural connections. The D–H
parameters of the 7-DOF robot manipulator are shown in Figure 1 and tabulated in Table 1.
For each link, only θi is variable, and the other parameters are constants.

Table 1. Denavit–Hartenberg (D–H) parameters of the 7-DOF robot manipulator.

Link Number Angle, θi (◦) Offset, di (mm) Length, li (mm) Twist, ωi (◦) Rotation Range (◦)

1 θ1 81.50 0.00 90.00 −150.00 to 150.00
2 θ2 0.00 67.50 0.00 −20.00 to 180.00
3 θ3 0.00 0.00 −90.00 −180.00 to 20.00
4 θ4 79.00 0.00 90.00 −150.00 to 150.00
5 θ5 0.00 52.00 0.00 −20.00 to 90.00
6 θ6 0.00 0.00 90.00 −20.00 to 90.00
7 θ7 175.00 0.00 0.00 ∞, fully rotate

According to Equation (3), the derived form of the FK equation by chained matrix
multiplication is expressed in Equation (9):

fFK =


r11 r12
r21 r22

r13 x
r23 y

r31 r32
0 0

r33 z
0 1

, (9)

where x, y, and z are the positions of the end-effector that are explicitly expressed. How-
ever, orientations α, β, and γ were not directly represented. Hence, there are additional
calculations with the five rotational elements, r11, r21, r31, r32, and r33, using Equation (10),
which is derived from the roll-pitch-yaw representation [40].

α = tan−1
(

r32

r33

)
, β = tan−1

 r31√
r2

11 + r2
21

, γ = tan−1
(

r21

r11

)
. (10)

The implementation of the FK equation is presented in Appendix A, where for each
of the servo motors of the 7-DOF robot manipulator, θ = (0◦, 90◦,−90◦, 0◦, 0◦, 0◦, 0◦) and
q = (52 mm, y = 0 mm, z = 53 mm, α = 180◦, β = 0◦, γ = 0◦), computed using Equations
(3)–(10).

3.3. Posture Control System

The posture control system consists of a robot manipulator, RL, and an ANN, as
shown in Figure 2. The generalized policy iteration (GPI) module in RL measures the
end-effector posture (q) in the robot manipulator after receiving the trajectory (τ) from the
path-planning module. The path-planning module plans the initial posture and subsequent
trajectory postures and outputs the sequence of postures. The GPI module computes and
transmits the joint angles (θ) of the servo motors while learning the optimal policy. After
the training of the RL has been completed, the training data (D) are passed to the training
session of the ANN. The training session trains the ANN and passes the weights (W) and
biases (b) to the inference session after ANN training has been completed. The inference
session performs postural control. If RL and ANN training are not complete owing to the
trajectory, the training session signals the path-planning module to replan the trajectory
path.
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4. RL-Based Posture Control Algorithm

The RL-based posture control algorithm is used rather than the FK equation to generate
training data for the ANN-based posture control algorithm. The development procedure
of the RL-based posture control algorithm, its parameters, its training with GPI, and path
planning of the trajectory are detailed below.

4.1. RL Parameters

The RL parameters are shown in Figure 3. The agent was the 7-DOF robot manipulator,
and a 3D real-world workspace was chosen as the environment. The agent and environment
set the goal of learning as posture control; that is, the agent learns to place the end-effector
of the 7-DOF robot manipulator in the desired position and orientation.
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State (s) represents the robot state classified as a Cartesian state (q) and joint state (θ)
in Equations (11) and (12):

q = (x, y, z, α, β, γ), (11)

θ = (θ1, θ2, θ3, θ4, θ5, θ6, θ7). (12)
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The Cartesian state is the robot posture, and the joint state is the motor angle.
Action (a) is a tuple of rotational variations (∆θi) in the seven servo motors arranged in

Equation (13):
a = (∆θ1, ∆θ2, ∆θ3, ∆θ4, ∆θ5, ∆θ6, ∆θ7), (13)

where the rotational variations are denoted as CW, PAUSE, and CCW, which are mathemat-
ically represented as +1, 0, and −1, respectively. The total number of actions is the seventh
power of three (37 = 2187). However, all PAUSE actions (a1094) showed trivial learning
results because learning was trapped in a local minimum without exploration. Hence, the
total number of actions (A) was taken to be 2186, except for the trivial action (a1094), as
presented in Table 2.

Table 2. RL actions: the rotational variations of each motor.

Actions The Rotational Variations of Seven Servo Motors

an ∆θ1 ∆θ2 ∆θ3 ∆θ4 ∆θ5 ∆θ6 ∆θ7
a1 CW CW CW CW CW CW CW
a2 CW CW CW CW CW CW PAUSE
a3 CW CW CW CW CW CW CCW
. . . . . . . . . . . . . . . . . . . . . . . .

a1093 PAUSE PAUSE PAUSE PAUSE PAUSE PAUSE CW
a1095 PAUSE PAUSE PAUSE PAUSE PAUSE PAUSE CCW
. . . . . . . . . . . . . . . . . . . . . . . .

a2185 CCW CCW CCW CCW CCW CCW CW
a2186 CCW CCW CCW CCW CCW CCW PAUSE
a2187 CCW CCW CCW CCW CCW CCW CCW

Policy (π) is a tuple of the Cartesian and joint states in Equation (14). The policy is
used for the ANN training data, where q is the input data and θ is the output data:

π = (q,θ). (14)

Reward is the posture control error (E) between the target Cartesian state (
¯
q) and

predicted Cartesian state (
^
q), as detailed in Equation (17).

4.2. RL Training with GPI

The detailed procedure for RL training with GPI is shown in Figure 4. The GPI starts

with the desired target Cartesian state (
¯
q) and joint state (

¯
θ).

Then, it defines the current Cartesian state (q) and the current joint state (θ). The
agent moves its end effector from the current toward the desired target state. The current

joint state (θ) is calculated as the predicted joint state (
^
θ) in accordance with action A in

Equation (15):
^
θ = θ+ ρ×A, (15)

where ρ is the RL update rate of the current joint state updated to the predicted joint state.
The initial value is empirically determined to be 10, and the subsequent values follow
Equation (16):

ρ = ε× Emin, (16)

where ε is the proportionality constant that affects the learning rate and is empirically
determined to be 6. Emin is the minimum RL error among the 2186 RL errors. As the
minimum RL error decreased, the RL update rate also decreased. The RL error (E) is given
by Equation (17).
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The policy evaluates the RL error (E) between the target Cartesian state and predicted
Cartesian state, as shown in Equation (17):

E = fPE

(
¯
q,

^
q
)

, (17)

where the predicted Cartesian states (
^
q) are computed using the FK equation in

Equation (3), as shown in Equation (18):

^
q = fFK

(
^
θ

)
, (18)

and fPE in Equation (17) is a function of the policy evaluation and is defined in Equa-
tion (19):

fPE

(
¯
q,

^
q
)
=

1
2

(
∆x + ∆y + ∆z

Ep/θ
limit

+
∆α + ∆β + ∆γ

Eo/θ
limit

)
, (19)

where ∆x, ∆y, ∆z, ∆α, ∆β, and ∆γ are the elementwise posture control errors between
¯
q and

^
q. Ep/θ

limit is the limit of the posture control error for position and has a value of
4.31. Eo/θ

limit is the limit of the posture control error for orientation, with a value of 2.34.
Appendix B presents the derivation procedure for both limit values.
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Policy improvement updates the current joint state (θ) to the next joint state (
¯
θ) with

action (amin), as expressed in Equation (20). The current joint state is updated using a
greedy method that uses only one action to affect the next joint state:

¯
θ = θ+ amin, (20)

where amin is derived from the RL errors in Equation (21):

amin = argmin
a

(E). (21)

Policy evaluation and improvement are repeated until the minimum RL error (Emin) is
less than the limit of the posture control error (Elimit) expressed in Equation (22):

Emin ≤ Elimit, (22)

where Elimit is 0.29 and is derived in Appendix B.
The optimal policy (π∗) is saved after the policy evaluation and policy improvement

have been completed, as expressed in Equation (23):

π∗ = (q,θ∗), (23)

where θ∗ is the joint state in which the minimum RL error satisfies Equation (17) and ∗
indicates the optimum. The GPI is repeated until the last target Cartesian state is reached.
An example of GPI for RL training is provided in Appendix C.

4.3. Path Planning of the Trajectory

The trajectory is a set of target Cartesian states, as defined in Equation (24):

τ = {qk : 1 ≤ k ≤ 121}, (24)

where the total number of states was 121, as shown in Figure 5.
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The total target Cartesian states consisted of the minimum and maximum limit ranges
of x and y positions. xmin was chosen to be 30 mm to avoid crushing the end effector
with its basement, and xmax was 130 mm, which is the reachable workspace under the
constraints of z, α, β, and γ. ymin is 0 mm because the robot is symmetric about the y-axis so
that only ymax is 100 mm, but the robot can also move to −100 mm where the yaw direction
rotational motors, first, fourth, and seventh, are changed to the opposite sign. The other
parameters, z, α, β, and γ, are constant at 0◦, 180◦, 0◦, and 0◦, respectively. The step sizes
(δstep) for the x and y directions were both 10 mm.
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In Figure 5, the trajectory is divided into two, Trajectories 1 and 2. In the redundant
system of a 7-DOF robot manipulator, the convergence of RL is related to the initial
Cartesian state and the following Cartesian states. The two proposed trajectories were
determined using heuristics. Two trajectories were independently trained, and the results
were collected as the RL training data. Each trajectory starts at 70 mm and 0 mm for the x
and y axes, respectively. Each episode follows an arrow (red or blue) to the adjacent target
in the trajectory. The direction of the trajectory affects the smoothness of each servo motor
angle.

5. ANN-Based Posture Control Algorithm

An ANN-based posture control algorithm is used rather than the IK equation. ANN
training uses training data from the RL-based posture control algorithm. In this section, the
development procedure of the ANN-based posture control algorithm, the training data, the
ANN structure, and training are discussed in detail.

5.1. ANN Training Data

Training data are an essential requirement for an ANN to learn and include training
input and output data. The optimal policy of RL in Equation (25) is the training data (D) for
the ANN-based posture control algorithm. The training data comprised 121 sets of input
and output data:

D = {π∗k : 1 ≤ k ≤ 121}, (25)

where π∗ contains tuples q and θ. Moreover, q is the training input data, and θ is the
training output data in the subsequent development process.

5.2. ANN Structure

The structure of the developed ANN is a simple multilayer perceptron that consists of
input and output layers with eight hidden layers, as shown in Figure 6.
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The six posture parameters are fed to the input layer, and the output layer produces
the angles of the seven servo motors. The relationship between the input layer and first
hidden layer is calculated using Equation (26):

h1 = φ1(W1q + b1), (26)

where q is the matrix of the input layer and W1 and b1 are the weight and bias matrices of
the first hidden layer, respectively. Further, φ1 is an activation function that was chosen
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to be the tangent sigmoid function. h1 denotes the matrix of the first hidden layer. The
relationship between each layer is calculated using Equation (27):

hn+1 = φn+1(Wn+1hn + bn+1), (27)

where hn is the current hidden layer and Wn+1 and bn+1 are the weight and bias matrices
of the next hidden layer, respectively. φn+1 is an activation function that was chosen to
be the tangent sigmoid function. hn+1 denotes the matrix of the next hidden layer. The
relationship between the hidden layer and the output layer is calculated using Equation
(28):

^
θ = φo(Woho + bo), (28)

where ho is the hidden layer; Wo and bo are the weight and bias matrices of the hidden

layer, respectively; φo is a linear activation function; and
^
θ is the matrix of the output layer.

Detailed information is listed in Table 3.

Table 3. Detailed information on the input, output, and eight hidden layers of the ANN.

Layer Type Node Weight Size(W) Bias Size(b) Activation Function (φ)

Input layer 6 - - -
Hidden layer 1 8 8× 6 8× 1 Tangent sigmoid
Hidden layer 2 8 8× 8 8× 1 Tangent sigmoid
Hidden layer 3 8 8× 8 8× 1 Tangent sigmoid
Hidden layer 4 8 8× 8 8× 1 Tangent sigmoid
Hidden layer 5 8 8× 8 8× 1 Tangent sigmoid
Hidden layer 6 8 8× 8 8× 1 Tangent sigmoid
Hidden layer 7 8 8× 8 8× 1 Tangent sigmoid
Hidden layer 8 5 5× 8 5× 1 Tangent sigmoid
Output layer 7 7× 5 7× 1 Pure linear

5.3. ANN Training

ANN training was carried out using the Levenberg–Marquardt (LM) algorithm [41],
which is the fastest optimizer that updates weights and biases with backward propagation.

The ANN loss function (L) is the difference between the training output data and the
ANN output data, as expressed in Equation (29):

L =

(
θ−

^
θ

)2

. (29)

The weights and biases are updated to minimize the ANN loss function, as expressed
in Equations (30) and (31). This update process propagates backward layer by layer.

Wt+1 = Wt −
[(

∂L
∂W

)2
+ µI

]
∂L
∂W

L, (30)

bt+1 = bt −
[(

∂L
∂b

)2
+ µI

]
∂L
∂b

L, (31)

where µ is the ANN update rate with an initial value of 0.001 and I is the unit matrix.
The performance of the ANN training was evaluated. If a mean squared error (MSE)

of less than 0.01 was achieved or training epochs were greater than 1000, then training was
stopped. There were no validation and test data because the total number of training data
points was very small, and every training data point had critical features that affected the
accuracy of the results.
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6. Experimental Evaluation

An experimental evaluation of posture control was carried out using qualitative
and quantitative methods via computer simulations. The execution environment of the
simulations for RL and ANN training was generated using MATLAB R2018a. RL is a self-
development algorithm created by the authors, whose initial setting values and detailed
process are expressed in the Appendices A–C. On the other hand, ANN was executed
via the neural network toolbox in MATLAB with the default conditions of the running
simulation. The evaluation procedures are discussed in the following order: experimental
results of RL, experimental results of ANN, and comparison of RL and ANN.

6.1. Experimental Results of RL

The RL training results for all 121 episodic states are shown in Figure 7, where the
optimal policies for the first to fourth servo motor angles are shown in Figure 7a and fifth
to seventh are shown in Figure 7b.
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The qualitative results of RL training are depicted with the total target Cartesian states
in Figure 8a. The black diamond shape represents the target Cartesian state, which is
a reference value, and the red asterisk shape represents the training results of RL. This
figure is drawn to be equally proportional in the x, y, and z directions for an intuitive
interpretation. The quantitative results of RL training are shown in Figure 8b. The black
line represents the limit of the posture control error, and the red line represents the RL
training error for 121 states. The maximum error of the RL training was for the 121-st state
at 0.0814, which is illustrated in an enlarged picture in Figure 8a. The experimental results
of RL showed perfect accuracy for posture control. However, if a new control signal for a
new posture is required, the RL must be retrained every time, which is disadvantageous
and inefficient. Hence, the RL training results are sufficient for use as training data for the
ANN-based posture control algorithms.

6.2. Experimental Results of ANN

Training and testing of 100 ANNs were performed to generalize the experimental
results of the proposed posture algorithm and to describe and discuss the training and
inference results of the ANN.
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6.2.1. Training Results of ANN

Using the same hyper-parameter settings, 100 ANN models were trained to obtain the
generalized results. Among the 100 ANN models, the accuracies of 95 models were within
the accuracy limit of the posture-control error. The qualitative results of the final ANN
with the 95 ANN models are plotted in Figure 9a. The black diamond shape represents the
target Cartesian state, the blue cross shape represents the training result of the best ANN,
and the gray dot shape represents the result of 94 ANNs. Among the 95 ANN models, the
best ANN had the lowest average training errors. The quantitative results of RL training
are shown in Figure 9b. The black line is the limit of the posture control error, the blue line
is the training error of the best ANN, and the gray lines are the training errors of other
94 ANNs. The maximum training error of the best ANN was for the 121-th state at 0.0930,
and the second largest error was for the 10-th state at 0.0904. Both cases are illustrated
in enlarged pictures in Figure 9a. Training results showed that 95% of the ANN models
provided reasonable position accuracy.
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6.2.2. Inference Results for Test Data

For inference, the proposed method predicts new interpolated posture data that are
not included in the training data. This verifies that the trained ANN shows the adaptability
of the posture control algorithm and that the ANN makes the RL training data continuous.
Interpolation was used to obtain 320 new data points for target Cartesian states, using
a step size of 5 mm for the x and y axes. The inference test data consisted of 441 target
Cartesian states: 121 known data points and 320 unknown new data points.

Among the 100 ANN models, only 7 were able to satisfy the limit of the posture control
error. The qualitative inference results of the seven ANN models are shown in Figure 10a.
The black diamond shape represents the target Cartesian state, the green plus sign shape
represents the inference result of the best ANN, and the gray dot shape represents the
results of six ANNs. Among the seven ANN models, the best ANN had the lowest average
inference errors. The quantitative results of ANN inference are shown in Figure 10b. The
black line represents the limit of the posture control error, the green line represents the
inference error of the best ANN, and the gray lines represent the inference errors of the
other six ANNs. The maximum training error of the best ANN was for the 441-st state at
0.1945, which is illustrated by the enlarged picture in Figure 10a. The qualitative results
show that posture control for the new data has a larger error than the training results.
However, the inference results remain sufficiently within the range of accuracy limitations.
As a result, even when only 7% of the ANNs satisfied the limit of posture control error, the
ANNs that satisfied the limit showed reasonably accurate results even when using new
data.
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6.3. Comparison of RL vs. ANN

A comparison of RL and ANN for posture control is discussed, with the results
shown in Table 4. The maximum posture control error of RL, the mean of the maximum
posture control errors for the 95 ANNs on the training data, and the mean of the maximum
posture control errors for the 7 ANNs on the inference data were 0.0814, 0.2534, and 0.2761,
respectively. The median errors of RL, 95 ANNs for training data, and 7 ANNs for inference
data were 0.0096, 0.0198, and 0.0356, respectively. The mean errors of RL, 95 ANNs for
training data, and 7 ANNs for inference data were 0.0118, 0.0243, and 0.0455, respectively.
The standard deviation of the errors of RL, 95 ANNs for training data, and 7 ANNs for
inference data were 0.0095, 0.0025, and 0.0158, respectively.
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Table 4. Comparison of posture control errors between RL training, ANN training, and ANN
inference.

Metrics Results of
RL Training

Results of ANN Training
(95 Models)

Results of ANN Testing
(7 Models)

Max. 0.0814 0.2534 0.2761
Median 0.0096 0.0198 0.0356
Mean 0.0118 0.0243 0.0455
Std. 0.0095 0.0025 0.0158

The comparison results show that, in all cases, the errors in the experimental results
increase in the following order: the RL training, ANN training, and ANN inference results.
The reason for the larger error in the ANN results is that the incremental step size in
Cartesian space does not satisfy the constant step size in joint space. For example, the
10 mm control for 0–10 mm is different from the 10 mm control for 90–100 mm. Therefore,
training an appropriate ANN requires trial and error, which is difficult, and it is also difficult
to find the best methodology for this procedure. However, there are ANN models in which
all the inference results are within the limit of the posture control error. Consequently, the
proposed method can be used as a posture control algorithm for 7-DOF robot manipulators.

7. Conclusions

In this study, an AI-based posture control algorithm for a 7-DOF manipulator was
developed based on the concept that RL and ANN complement mutual drawbacks. This
method demonstrated the feasibility of learning from scratch, reasonable results by replac-
ing FK and IK with an ANN, and the possibility of compatibility with other robot systems.
Using the proposed method, anyone can easily understand and reproduce this algorithm,
thereby reducing development time and burden.

Future research topics are threefold: (1) application to an advanced robot control
algorithm, (2) enhancement of learning accuracy, and (3) application to heterogeneous
robots. First, the proposed method can be applied to robot control, such as dynamic
control and force control, to reduce the error of posture control. Second, ANN can be
complemented by other advanced NN approaches, such as CNN for data correlation or
RNN for time dependence, which will yield better results. Third, the proposed method
may be applied to heterogeneous robot applications such as a parallel robot of the Stewart
platform, mobile robot of an unmanned aerial vehicle, and transforming robots having
dynamic changes in the kinematics. Lastly, the abovementioned future research will be
demonstrated with real robots as a way of minimizing mechanical errors to validate the
effectiveness of the proposed algorithm.
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Appendix A. Initial Posture via Forward Kinematics

In this section, the initial posture of the 7-DOF robot manipulator is calculated using
Equations (3)–(10). Prior to any calculations, the initial information provided by the robot
is as follows:

θ1 = 0◦, θ2 = 90◦, θ3 = −90◦, θ4 = 0◦, θ5 = 0◦, θ6 = 0◦, θ7 = 0◦.

For the first motor, the D–H parameters are listed in Table 1 and are as follows:

d1 = 81.5 mm, l1 = 0 mm, ω1 = 90◦.

The D–H convention matrix is computed as Equations (4)–(8):

H0
1 = Rz(0)Tz(81.5)Tx(0)Rx(90),

Rz(θi) =


1 0
0 1

0 0
0 0

0 0
0 0

1 0
0 1

,

Tz(di) =


1 0
0 1

0 0
0 0

0 0
0 0

1 81.5
0 1

,

Tx(li) =


1 0
0 1

0 0
0 0

0 0
0 0

1 0
0 1

,

Rx(ωi) =


1 0
0 0

0 0
1 0

0 −1
0 0

0 0
0 1

,

H0
1 =


1 0
0 0

0 0
1 0

0 −1
0 0

0 81.5
0 1

.

The same procedure was repeated for the second through seventh motors with the
D–H parameters listed in Table 1:

H1
2 = Rz(90)Tz(0)Tx(67.5)Rx(0),

H2
3 = Rz(−90)Tz(0)Tx(0)Rx(−90),

H3
4 = Rz(0)Tz(79)Tx(0)Rx(90),

H4
5 = Rz(0)Tz(0)Tx(52)Rx(0),

H5
6 = Rz(0)Tz(0)Tx(0)Rx(90),

H6
7 = Rz(0)Tz(175.5)Tx(0)Rx(0).

The FK was calculated using Equation (3):

fFK = H0
1H1

2H2
3H3

4H4
5H5

6H6
7.
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The resultant form of FK is the same in Equation (9):

fFK =


1 0
0 −1

0 52.00
0 0

0 0
0 0

−1 53.00
0 1

,

where x, y, and z are 52, 0, and 53, respectively. α, β, and γ were computed using Equa-
tion (10):

α = tan−1
(

0
−1

)
= +180 or− 0,

β = tan−1
(

0√
12 + 02

)
= +0 or− 180,

γ = tan−1
(

0
1

)
= +0 or− 180.

This yields two tuples of (α, β, γ). One is (180, 0, 0), and the other is (0, −180, 180).
Geometrically, the tuple (180, 0, 0) is correct. Consequently, the initial end-effector positions
and orientations are as follows:

x = 52.00, y = 0.00, z = 53.00, α = 180.00, β = 0.00, γ = 0.00.

Appendix B. Limit of Posture Control Error

The limit of the posture control error is defined to provide confidence in the accuracy
of Cartesian space of the 7-DOF robot manipulator. The error limit was calculated using the
resolution of the servo motor. The resolution of the servo motor was a 0.29 degree/pulse
defined in the joint space. Servo motors were used to construct a 7-DOF robot manipulator:

q = (52, 0, 53, 180, 0, 0),

θ = (0, 90,−90, 0, 0, 0, 0),

^
θ = θ+ 0.29×A,

^
q = fFK

(
^
θ

)
,

{
ex, ey, ez, eα, eβ, eγ

}
=

{
max

(∣∣∣∣q− ^
q
∣∣∣∣) : for x, y, z, α, β, γ

}
,

where q and
^
q are computed elementwise to obtain the maximum errors of x, y, z, α, β,

and γ. Thus, ex, ey, ez, eα, eβ, and eγ are calculated as 2.39, 0.54, 0.82, 0.01, 1.16, and 0.87,
respectively.

The minimum allowable control error has two confidence limits: one for position
and the other for orientation. The limits for position (Ep

limit) and orientation (Eo
limit) were

calculated using A1:

Ep
limit =

ex + ey + ez

3
, Eo

limit =
eα + eβ + eγ

3
, (A1)

where Ep
limit is 1.25 and Eo

limit is 0.68.
The ratio of the limits of errors in the Cartesian and Joint spaces is calculated in

Equation (A2):

Ep/θ
limit =

Ep
limit

Eθ
limit

, Eo/θ
limit =

Eo
limit

Eθ
limit

, (A2)

where Ep/θ
limit is 4.31 and Eo/θ

limit is 2.34.
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The Elimit is calculated in Equation (A3):

Elimit =
1
2

∣∣∣∣∣E
p
limit

Ep/θ
limit

+
Eo

limit

Eo/θ
limit

∣∣∣∣∣, (A3)

where the minimum allowable control error Elimit is 0.29 and is used as a reference value to
evaluate the results of the RL and ANN.

Appendix C. GPI for RL Training

In GPI, a 7-DOF robot manipulator attempts to move the current Cartesian state of the
end effector toward the target Cartesian state of the desired posture.

For example, a GPI for the first target Cartesian state is performed below. The current
Cartesian state (q) and current joint state (θ) are defined as:

q = (52, 0, 53, 180, 0, 0),

θ = (0, 90,−90, 0, 0, 0, 0).

The target episode 1 (
¯
q) are defined as:

¯
q = (70, 0, 0, 180, 0, 0).

The policy was evaluated with an initial learning rate (ρ) of 10 and some of the actions,
such as a1 and a1172:

^
θ1 = θ+ ρ× a1,

a1 = (1, 1, 1, 1, 1, 1, 1),

^
θ1 = (10, 100,−80, 10, 10, 10, 10),

^
q1 = fFK

(
^
θ1

)
,

^
q1 = (112.07, 39.34, 113.58,−176.10,−39.68, 9.23),

E1 = fPE

(
¯
q,

^
q1

)
= 41.30,

where the RL training error E1 was 41.30, which is not the minimum RL training error.

^
θ1172 = θ+ ρ× a1172,

a1172 = (0, 0,−1, 0, 0, 1, 0),

^
θ1172 = (0, 90,−100, 0, 0, 10, 0),

^
q1172 = fFK

(
^
θ1172

)
,

^
q1172 = (64.93, 0.00, 42.77, 180.00, 0.00, 0.00),

E1172 = fPE

(
¯
q,

^
q1172

)
= 7.97,

where the training error E1172 was 7.97, which is the minimum RL training error among the
2186 actions.
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However, the minimum RL training error is much larger than 0.29 (Elimit); therefore, it
does not move to the next episode but moves to the next stage of the episode:

Emin = min(E) = E1172.

Policy evaluation is carried out for step 2 of episode 1, as follows:

amin = argmin
a

(E) = a1172,

θ’ = θ+ ρ× a1172,

θ’ = (0, 90,−100, 0, 0, 10, 0).

The GPI for the first target Cartesian state was iterated 21 times, as shown in Figure A1a.
The total GPI for the 121 target Cartesian states is shown in Figure A1b.
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