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A neural flexible PID controller
for task-space control of robotic
manipulators
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This paper proposes an adaptive robust Jacobian-based controller for task-
space position-tracking control of robotic manipulators. Structure of the
controller is built up on a traditional Proportional-Integral-Derivative (PID)
framework. An additional neural control signal is next synthesized under a
non-linear learning law to compensate for internal and external disturbances in
the robot dynamics. To provide the strong robustness of such the controller, a
new gain learning feature is then integrated to automatically adjust the PID gains
for various working conditions. Stability of the closed-loop system is
guaranteed by Lyapunov constraints. Effectiveness of the proposed
controller is carefully verified by intensive simulation results.
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1 Introduction

Today, the great development of science and technology has created a premise for
scientific research to develop to a new level in which the field of robotics has being chosen
to be the leading industry by many countries. To promote science and technology
backgrounds, intelligent robots in the industrial application are starting to prosper
strongly, attracting many research experts. To control robot moving safely to desired
positions with obstacles, collision avoidance and path planning were matters of concern.
In recent years, various strategies have been studied for collision avoidance control
purpose. The basic idea behind the collision avoidance algorithms is to design a proper
controller which can result in a conflict-free trajectory. Path selection methods are the one
of several techniques to avoid obstacles. It uses off-line/on-line algorithms to produce a
curve that connects the starting and target points with a predefined initial position,
velocity and acceleration. For example, an online trajectory generation algorithm called
Ruckig considered third-order constraints (for velocity, acceleration, and jerk), so the
complete kinematic state could be specified for waypoint-based trajectories (Berscheid
and Kroeger, 2021). The smooth trajectory based on method combining of fourth and
fifth order polynomial functions was presented in (Boscario et al., 2012) in which, the
outcome of the method was the optimal time distribution of the via points, with respect to
predefined objective function. After that, the joint based controller might use the inverse
kinematic to solve the desired joint angular. Early collision avoidance approaches
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concentrated on the static obstacles handling by the sensor-based
motion planning methods (Borenstein and Koren, 1991), using
nearness diagram navigation to successfully navigate in
troublesome scenarios (Minguez and Montano, 2004) and
using trajectory planning algorithms to avoid obstacles
(Shiller, 2015). In reality, many techniques have been
proposed to cope with moving obstacles. For instance, a
reactive avoidance method incorporating with a non-linear
differential geometric guidance was presented in (Mujumdar
and Padhi, 2011) and a collision avoidance algorithm based
on the potential fields was proposed in (Huang et al., 2019). It
can be seen that in normal applications of robotic manipulators,
the controllers were designed in the joint space in which it
requires exact inverse kinematic computation as well. Non-
etheless, complex internal dynamics and external disturbances
coming from divergent working conditions are main obstacles
hindering development of excellent controllers.

To realize control objectives of the robots in real-life
missions, simple  proportional-integral-derivative  (PID)
controllers are priority options (Bledt et al., 2018), (Wensing
etal,, 2017) due to simple design. If the proper control gains were
found, the high control outcomes could be obtained (Park et al.,
2015), (Ba and Bae, 2020). A lot of research have been then
studied to improve the performance of the PID controllers using
intelligent approaches such as evolutionary optimization and
fuzzy logic (Astrom and Hagglund, 1995). The methods
exhibited promising control results thanks to using both
online and offline sections (Tan et al, 2004). The off-line
control one could flexibly select the proper PID parameters
based on the system overshoot, settling time and steady-state
error, while the on-line one would adopt the operating control
errors to adjust fuzzy logic parameters to re-optimize the system,
improving the system quality significantly. However, the tuning
methodology of fuzzy logic controllers is mostly based on
experiences of operators (Juang and Chang, 2011). Another
series of the intelligent control category was based on the
biological properties of animals in which a genetic algorithm
was combined with a bacterial foraging method to simulate
natural optimization processes such as hybridization,
reproduction, mutation, natural selection, etc., (Cucientes
et al., 2007). This evolution could deliver the most optimal
solution. That the solving process requires a large number of
samples and takes a long-running time limits its application.
Recently, tuning PID control parameters using neural networks
has become an effective approach with many contributions (Kim
and Cho, 2006), (Neath et al., 2014). The conventional PID one
itself is a robust controller (Thanh and Ahn, 2006). The learning
ability integrated to the controllers makes it flexible to the
working environment (Ye, 2008). Lack of an intensive
consideration of learning rules in steady-state time could
make the system unstable in a long time used (Ba et al,
2019), (Ye, 2008), (Rocco, 1996).
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To further improve the control performance, internal and
external dynamics of robots need to be compensated during
working processes. To this end, classical methods could be
employed based on accurate mathematical models of the
robots (Craig, 2018), (Zhu, 2010). Good control results were
exhibited using such the conventional approaches, but it is not
easy to extend the control outcome to complicated robot
structures. Intelligent modeling methods could be adopted to
increase applicability of the controllers to various robots in
different working environments (Karayiannidis et al., 2016),
(Gao et al, 2022). Excellent control performances were
accomplished with the intelligent control approaches.
However, convergence of the learning process is still not
explicitly proven (He et al, 2020), (Wang et al, 2020). To
support this kind of theoretical drawback, linear leakage
functions were integrated the estimation phases of the
network operation. However, this term could be slowdown the
overall learning performance. Hence, advanced learning
behaviors for the network need to be extensionally studied.

In this paper, an intelligent direct PID controller is
proposed for position-tracking control in task space of
robotic manipulators. Without using inverse kinematics, the
operator just needs to input the desired position value, the
controller will calculate and give the desired control position to
the robot by itself (Craig, 2005; Ba and Bae, 2021; Ba et al.,
2021). This process will be of great help since, in practice, there
are quite few robots with quite complex hardware structures
that make the inverse kinematics calculation difficult. The more
degrees of freedom a robot has, the more difficult the
calculation process, requiring more time and effort. The
proposed controller is built based on a conventional PID
framework. A non-linear neural network is then employed
to eliminate internal/external disturbances during the
working process. To increase the adaptive robustness of the
controller, a new gain learning rule is integrated to flexible tune
the PID gain for different working conditions.

Outline of the paper is structured as follows. Section
2 discusses system modeling and problem statements. Section
3 presents design of the proposed controller. Section 4 analyzes
verification results. The paper is then concluded in Section 5.

2 System modelling and problem
statements

Behaviors of a general robotic manipulator can be presented
in the following form (Craig, 2018), (He et al.,, 2020):
M(q)j+C(q.9) +G(g) + 7 +1a =1, (1)

where g, g, g are respectively vectors of joint position, velocity,
and acceleration, M (q) is the mass matrix, C(q,q) is the
centrifugal-Coriolis moment, G(gq) is the gravitational
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FIGURE 1

The testing robot. (A) Control scheme of the robotic system. (B) Configuration of the testing robot.

moment, 75 is the frictional moment, 74 stands for external
disturbances, and 7 is the actuator moment or control signals.

Remark 1: the control objective of this paper is to find out a
proper control signal (7) to control position of the end-
effector of the robot following a desired profile. To
accomplish this task, we can use inverse kinematics (IK) to
compute desired joint positions from the end-effector
reference signals. However, it is not trivial to find solutions
of complicated robots. To avoid this shortcoming, we can
apply direct control algorithms without caring of the IK
problem. Hence, one needs consider dynamic model (1) in
the task space as follows (Craig, 2018):

x=J(qM ' (q) +d, 2

where x is the end-effector position of the robot, J(q) is the
Jacobian matrix, and M (g) is the nominal value of the mass
matrix M (q), and d is the lumped disturbance as presented as
follows:

d=1@(M " @7+ @) (@)4)
~J (@M (q)(C(a:9) +G(@) + 7/ +14), (3)
where M (q) = M (gq) — M (q) is the deviation mass matrix.
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Remark 2: It is very difficult to determine accurate parameters of
model (1), (2) or (3). Furthermore, the parameters sometimes vary
during the working processes. To treat this drawback, the proposed
controller is required to be model-free, robust and flexible.

3 Neural flexible PID controller

In this section, the proposed controller is designed with new
features to realize the control mission stated. Theoretical
effectiveness of the closed-loop system is then analyzed using
Lyapunov constraints.

3.1 A flexible PID control framework

The controller is developed based on a conventional PID
(Tan et al., 2004) structure as in Eq. 4.

T= —M]*(er+Kdé+KiJedt) (4)
where e = x —x; is the control objective, x; is the desired

trajectory, J* is pseudo-inverse of the Jacobian ] and
Kp, K4, K; are control gains.
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control errors. (C) The process disturbances of the joints. (D) Control signals generated by the controllers. (E) The gain behaviors of the proposed

controller. (F) Estimation results of the proposed neural network.

We assume that the desired trajectory x, is inside of the
workspace of the robot and the end-effector x of the robot can
reach to the desired position selected. Advanced path-
planning and obstacle-avoidance algorithms (Mujumdar
and Padhi, 2011; Shiller, 2015; Huang et al., 2019) could be
employed to generate appropriate desired profiles for the
robot.

In real-time control, one can tune the control gains
(Kp,Kg,K;) for acceptable control performances. However,
the fixed gains might not ensure good control errors for
various working conditions (Thanh and Ahn, 2006), (Rocco,
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1996). To cope with this problem, we propose an automatic

tuning law for PID gains, as follows:

Kp = K2K2 +UK1 + Kz%o

KD:2K2+k0

K] = K2K1 +I;0K1

V)

. 2
ko = —adiag (le|)diag (1 +|e|) " ko + ﬁ0<é + Kye + KIJedt> .

©)

where K, K, are positive core gains, «y, 3, are learning rates and

ko = diag(lzo) is the activation gain.

04
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Remark 3: As seen in Eq. 5, the PID gains are structured from
static and dynamic gains which respectively yield robustness and
adaptation of the closed-loop system. The control gains are
varied in non-linear manners to drive the control error to go
into the desired region regardless of unknown environments. For
faster control results, the disturbance term d needs to be
effectively compensated by a proper control signal.

3.2 Additional neural network control
signal

First of all, the disturbance d is modeled using the following
Radial Basis Function (RBF) network:

d=Wé&(q)+6, (6)

where W is the optimal weight vector, (g, g) is the regression
vector, and ¢ is the modeling error.

Based on the neural network model (6), the control signal (4)
is modified by adding an additional intelligent control term, as
follows:

T=-MJ* er+Kde+K,-jedt+Wf(q,¢'1) (7)

—_—
UNN

UupIiD

where up;p and uyy stand control terms generated by PID and
neural network structure, respectively, and W is estimate of the
weight vector W. The estimation W is updated by the following
non-linear mechanism:

tipern = —aiuleil (1 + le) "+ B, (& + Koey + K, j et ),
(®)

where a,, and 8, are learning rates.

Remark 4: The system (8) uses rich information including time-
derivative, linear, and integral function of the control error to
activate the learning process. The weight matrix of the neural
network is automatically updated to ensure the minimum control
error.

3.3 Stability analysis

In this section, we discuss the stability of the closed-loop
system to ensure reliability of the proposed controller for the
robotic system (3). From the above design, we have the following

statements.

Theorem 1: Give a task-space model (3) of robotic
manipulators, if employing a conventional neural PID control
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signal (7) supported by adaptive rules (5) and (8), the following
properties hold:

1) The control error e, activation gain ko and the neural weight
vectors are bounded.
2) In the stationary phase, the control error e converges to zero.

Proof:
We first synthesize a virtual control error (e,) as follows:

eV:é+Kze+KlJedt 9)

The time derivative of the new error (e,) under dynamics (3)
and the model (6) is described

é, =](q)]\7fl (@7 +Wé(g)+6-%+Ke + K e (10)

By substituting the control signal Eq. 7 and the gain structure
Eq. 5 into the dynamics Eq. 10, we have a simpler form:

6= (@M (M| Kpe+ Kaé+ K, J edt + WE(g,d)

[ —
UNN

upIp

+WE(q,9) +0 - %4+ Kré + Kie
= —Kz(é +Kye+ K, Jedt) —l;o(é +Kye+ K, Jedt) -Wé(g q)
+0— Xy
= —Kse, —koe, ~WE(q,q) + 6 - X4
(630)

where W = W —W is estimation error of the neural weight
matrix W.
We now consider a new Lyapunov function:

T o 7
L=0.5¢je, + 0.5k, ko + 0.5 0] f ;. (12)
i=1
Differentiating the function Eq. 12 with respect to time and

noting the dynamics Eq. 11 lead to

L=elé, + IEOTﬁgllzg + iwfﬁ;ﬁﬁ)i = —ef(Kzev +koe, — 8 + 5&,1)
i=1
—iev,-wfs + leTﬁgl(—ocgdiag(l +el) ko + ﬂoeﬁ)
i=1
PSarp (—ocwle,-l (1 +led) "y + ,Bw(é,- 1 Koe +K J e,-dt)f)
= —eTl (Kse, — 8 + ) — Ky apdiag (le])diag (1 + [e]) Ko
+ iuﬁfﬁ;& (~aplei (1 +le;) ™" (wi + w!)) < - 0.5¢" Kae,
i=1
— ky B aodiag (Jef)diag (1 -+ lel) ™ Ko + 05X e (K51 )18 + £all?
- ilﬁfﬁ;ﬁawleil (1+le) " + iﬁ;jawleil (1 +le) ™ il (13)
i=1 i=1

Applying Cauchy-Schwarz inequality, we obtain the
following result:

frontiersin.org
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L< - O.SeIKzev - I;OTﬁo_locodiag(IeI)diag(l + |e|)_1120

- zw?ﬁ;j‘xwleJ (1+ |ei|)_111~),- + A (14)
i=1
where A is a lumped term defined as

A =050 s (K310 + Zall 2y + Y Briwlwill 2y (15)

i=1

Since w; and & are bounded, hence A is bounded as well.
This discussion leads to the proof of the first statement of
Theorem 1.

In the stationary phase, the time derivative of the virtual
control error e, converges zeros. By differentiating Eq. 9 with
respect to time and applying Hurwitz criterion on the results, we
can achieve the second proof of Theorem 1.

Remark 5: As carefully observing on the definition (15), one
could select K, and 3, to large enough to reduce the disturbance
bound A. However, these are still fixed values. From Eq. 14, it can
be seen that the control performance could be enhanced by the
learning gain ko for various working cases. The control idea is
1A. The following
implementation procedure could be referred for deploying the

graphically summarized in Figure

proposed control algorithm on simulation or real-time testing. 1)
In the first step, all of the learning rates (&, 3, & and B) are set
to be zeros. The positive core gains (K, K,) are manually tuned
for acceptable control performances. The gain K, are
recommended to be greater than the gain K;. 2) In the
second step, the learning rates (ap and ;) of the activation
gain (Kj) are adjusted to further enhance the control
performance. In this step, the core gains (K;,K;) could be
retuned in some cases for higher control precision. 3) In the
third step, the regression vector & (g, §) is built and the learning
rates (e, and f3,) of the neural network are manually selected
bring the control accuracy to a higher level. The whole tuning
procedure could be applied several times for seeking an excellent
control outcome. Note that, from the second turn, it does not
need to reset the learning rates («o, f3,, &y and f3,)) to be zeros
anymore.

4 Validation results

This section presents validation results of the proposed
controller in simulations. The control algorithm was applied
to a 2-degree-of-freedom (DOF) robot, as sketched in
Figure 1B. The manipulator was modeled as two rigid links
with lengths of I; and [,. The mass was distributed at the end of
each link (m;, m,). The robot would work in a vertical plane
with downward gravitational acceleration. Viscous friction
was modeled at the joints (a;, a,). Although this robot is quite
simple, it contains all the necessary components of a general
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Simulation data of the controllers in the second simulation.
(A) The desired profile of the manipulator. (B) Comparative control
errors.

multi-degree of freedom manipulator including moment of
inertia, centrifugal terms, Coriolis terms, gravity terms and
friction effects.

The detailed dynamic equations of the robot are as follows:

7 = mol3 (G, + 4,) + hilm, cos(¢) (24, +4,)
+(my + mz)lfql
~m;liL;8in(q)q, (4, +24,) + malag cos (g +q2)
+(my + my)ligcos(q1) + arq,
7, = mol2 (G, + d,) + hilam, cos (gq,)d, +malily sin(q2)g°
+mylyg cos(qi + qa) + axq,
(16)

To estimate the disturbances d, we used an RBF neural
network with 4 input neurons, 256 hidden neurons and
2 output neurons.
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The actual values of the length of links, mass and viscous
chosen as
follows: I; = 0.2;1, = 0.3;m; = 7;m, = 3.5; a; = 3;m, = 10

To evaluate the adaptability and robustness of the controller

friction coefficients were

under divergent working conditions, we compared the proposed
controller (called anPID) with a conventional PID controller
(referred to as cPID) and an adaptive PID controller with using
only automatic tuning law for PID gains (referred to as aPID).
The parameters of the controller were chosen as: K =
diag ([5;5])K, = diag([50;50])M = diag([0.1;0.1])

@ =001, B, =40

while
learning  coefficients and
ay = 0.01, B, = 50

To carefully express the performance of the proposed

were

controller, the robotic manipulators were simulated in three
cases. In the first simulation, the robot was controlled to track
the of
Furthermore, process disturbances in the form of white

desired trajectories smooth multi-step signals.

noises, as shown in Figure 2C, were added to the output
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of the Simulation results of the

conventional and intelligent PID controllers for the tracking

torques actuators.
control mission are also shown in Figure 2.

Figures 2A,B shows that the proposed controller maintained
good control errors even though the end-effector of the
manipulator worked throughout a singularity point of (0.1; 0)
(m). Figure 2D exhibits the control signals of the smart PID
controller which had large values at the initial and singularity
points in order to decrease the control errors as fast and much as
possible. This superior property was the achievement of the
learning laws (5) and (8) that are demonstrated by the gain
and weight variations as depicted in Figures 2E, F, respectively.
These terms were first started from the zero value, then their
values had a large overshoot to bring the system to the steady
state rapidly. It can be seen that the system adapted to the
reasonable approximation of the disturbances to bring the
control error to the smallest possible value. Therefore, the
learning ability of the system has been confirmed with

frontiersin.org
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TABLE 1 Statistical computation of the controllers from the validation results.

Control error

X position

10.3389/frobt.2022.975850

Y Position

The 1st case cPID 0.0045 0.0023 0.0036 0.0021
aPID 0.0019 9.36 x 107 0.0016 7.66 x 107*
anPID 7.28 x 107* 245 x 107 7.16 x 107™* 227 x 107
The 2nd case cPID 0.0423 0.0189 0.059 0.0362
aPID 0.0089 0.0046 0.0088 0.0059
anPID 7.33 x 10°* 3.14 x 10°* 0.0016 491 x 107*
The 3rd case (no obstacle) cPID 0.0055 0.0044 0.0089 0.0077
aPID 0.0029 0.0021 0.0033 0.0027
anPID 0.0013 524 x 107 0.0012 5x 107
The 3rd case (obstacle) cPID 0.0048 0.0037 0.0072 0.0057
aPID 0.0026 0.0018 0.0029 0.0022
anPID 837 x 107* 3.14 x 107* 0.0016 6.9 x 107

uncertain non-linearities and perturbations through this
simulation validation.

The manipulator was employed to draw a circle whose radius
was 0.15m and origin was at a point of (0.3; 0) (m) with a
frequency of 1 Hz in the second simulation. The reference input
used is shown in Figure 3A.

With the application of the neural flexible PID controller for
unknown environments but using the adaptive rule (7), the
control results obtained are presented in Figure 3B. From the
data in this figure, although disturbances were not known in
advance, the control qualities of the joints were good at both the
transient and steady-state phases. The results were achieved
thanks to the learning characteristics of the PID gains and the
designed RBF neural network. There was a little overshoot in the
y-direction error due to the large learning rate selected, but this
overshoot might cause the system to quickly reach steady state.
From the comparison of the control data in Figure 3B, it can be
seen that the quality of proposed controller (anPID) was better
than that of the aPID controller which was employed only one
learning law (5). This is possible because the more adaptive terms
the controller had, the more approximation with disturbances it
gained.

In the third simulation, the end effector of robot manipulator
was controlled to move from a point of (0.35; 0.25) (m) to
another point of (0.15; 0.05) (m). After applying the three
controllers for this mission in a free condition in which the
desired trajectory was planned as a straight line, their control
outcomes including the actual outputs and the control errors
were illustrated in Figures 4A, B, respectively. In these figures,
although the proposed controller (anPID) had more oscillation
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in the transient state to find adaptive term quickly, it had smallest
overshoot and steady state error when compared with cPID and
aPID controllers.

To further challenge the controllers with a more difficult
working condition, an obstacle was set on the moving trajectory
of the robot in the task space. By applying the trajectory planning
method and the referred avoidance collision method (Borenstein
and Koren, 1991), (Craig, 2005), the desired trajectory was
generated as a curve by using two third-order-segment
polynomials for the position, velocity and acceleration of the
end-effector. The control data in this case are shown in Figures
4C, D. From the comparison of the data in these figures, it can be
seen that the control quality of proposed controller (anPID) was
better than that of the others (aPID and cPID) even though with
the non-linear trajectory generated.

Table 1 described the maximum absolute (MA) and root-mean-
square (RMS) values of the control performances for a specified
manipulated time (20s-25s). The proposed controller always
provided the best MA and RMS error in all cases. These results
show that the proposed control technology compensated efficiently
for the non-linear uncertainties and unknown disturbances. Here,
the advantages of the proposed controller have been confirmed.
Therefore, the simulation results have proved that the studied
control method outperform over the previous ones.

5 Conclusion

In this paper, an intelligent controller is proposed to
optimize the position control performance of a 2DOF
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robotic manipulator. The controller is developed based on a
conventional PID structure. New advanced features designed
for disturbance learning and gain adaptation are then
integrated into the ordinary control signal to improve its
robustness and result in high control accuracies. The
control efficiency of the proposed approach was then
successfully verified by theoretic proof and comparative
simulations. It can confirm that the controller is model-
free, simple, robust and flexible. In the near future, the
proposed control algorithm will be integrated with an
additional control term that could result in asymptotic
control  performances  for

dynamical  trajectories.

Furthermore, advanced path-planning and obstacle-

avoidance algorithms will be considered to combine with
the controller to increase the flexibility when the system
works in complex environments.
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