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Abstract

Robotic manipulators are used in many applications. However, robotic arms are complex systems
due to external disturbances, perturbations, and their coupled non-linear dynamics. This thesis
aims to propose a robust control strategy for autonomous robotic manipulation. First, the trajectory
tracking problem was introduced and an approach to overcome this issue using a sliding mode
controller combined with a neural network is proposed. Then, the proposed approach is compared
to classical and modern control methods including controllers from the literature to demonstrate
the performance of the proposed controller. The proposed controller was then integrated with a
grasp detection algorithm for an autonomous manipulation application. Simulations and hardware

experiments were conducted to validate the performance of the proposed method.
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1 Introduction

1.1 Overview and Motivation

Robotic manipulators have been extensively used in a variety of applications throughout the years,
especially due to human limitations to work in some kinds of environments. Investigating their
applications and developing methods to make them work safely and autonomously in remote and
controlled sites is an important work to be done.

The applications of autonomous robots, such as manipulators, are not limited to performing
repetitive tasks. They can collaborate with other robots for ef cient warehouse operations [4].
They can also work in environments that are considered hazardous to humans, like space applica-
tions such as on-orbit systems (OOS), Canadarm2 [5], and space debris [6].

Among many applications of robotic arms, payload manipulation [7] is a common and exten-
sively studied one. When it comes to performing an autonomous manipulation task, the trajectory
tracking problem is often addressed since we have to consider a variety of constraints of the robot
such as uncertainties, environmental noises and disturbances, unmodeled dynamics, and robot
behavior while manipulating different kinds of objects [8, 9]. Considering these applications, ac-
curate control is crucial for robots to complete their mission successfully.

Considering the task of autonomously and accurately manipulating a given object in the workspace,

many procedures need to be ful lled to achieve a successful performance like object detection and



recognition, pose assessment, or estimation of the object of interest relative to the robot's coor-
dinate system, path planning and ultimately the control scheme design. This thesis focuses on
the trajectory tracking control problem and implements the proposed controller, with a grasping
detection technique, for autonomous manipulation tasks.

An autonomous robotic manipulation can be broken down into two main tasks robotic con-
trol and sensing. Considering the control problem for trajectory tracking of a manipulator with
unknown dynamics [10], the main problem with current control methods is that they mostly rely
on prior complete or partial knowledge of the robot's model [11, 12]. It is highly dif cult to
demonstrate an accurate dynamics model for robotic arms such as their time-varying dynamic
parameters, nonlinearities, uncertainties, and coupled dynamics. Moreover, these manipulators
are subjected to tricky working conditions, external disturbances like noises and vibrations, and
payload variation [8, 9]. On the whole, the control design for such equipment is a very chal-
lenging task. Therefore, accurately estimating these parameters is of utmost importance for good
controller performance.

Given that in recent years, neural networks and their applications in computer vision and intel-
ligent control methods of robots have been deeply studied, this work aims to contribute to the ex-
isting literature on robust control applied to robot manipulators by proposing a trajectory-tracking
controller based on a radial basis function neural network (RBFNN) with online parameters up-
date for am-DOF (Degrees-of-Freedom) robot manipulator to be used for payload manipulation

tasks.

1.2 Objectives and Contributions

The goal of this thesis is to design a learning-based controller for payload manipulation and im-
plement it in autonomous manipulation tasks. This thesis aims to ful Il the following research

objectives:



(a) Design and implement a radial basis function neural network with a variable learning rate

to estimate the system's unknown dynamics.

(b) Design and implement a sliding mode controller (SMC) that is robust against disturbances

for tracking a desired trajectory.

(c) Integrate the RBFNN with the sliding mode controller as one pipeline to realize trajectory

tracking of a4-DOF manipulator with unknown dynamics.

(d) Validate the proposed controller experimentally and compare it to other control alternatives

including the literature.

(e) Implement the proposed controller with a grasping detection technique for autonomous ma-

nipulation.

The main contributions of this thesis are as follows:

(i) Design and implementation of SMC with variable learning rate RBFNN for a robot manip-
ulator with unknown dynamics that is robust to payload variation. The control performance

is enhanced compared to other controller alternatives including the literature.

(i) The proposed controller can be smoothly integrated with grasping detection techniques to

complete autonomous tasks.

1.3 Experimental Setup

The experiments presented in this thesis were conducted at the Spacecraft Dynamics, Control,
and Navigation Laboratory (SDCNLab). They were evaluated on either one or both: simulation
environment and hardware. The robotic manipulator used to conduct the experiments was the
QArm, shown in Fig. 1.2a, which is a 4-DOF robotic manipulator manufactured by Quanser,

equipped with a tendon-based two-stage gripper and a Red Green Blue-Depth (RGBD) camera.

3



Figure 1.1: QArm manipulator [2]

For the hardware setup, the robotic arm is con gured with a QFLEX 2 USB interface panel
which allows it to be connected to a workstation supplied with QUARC library, MatLaihd
Simulink® via USB. The control commands and the measurement feedback were sent and received
via USB cables. The joints use servo motors with magnetic encoders, velocity measurement,
current sensors, and temperature sensors. The base, shoulder, and elbow use the XM540-W270-R
Dynamixel servomotor [13], and the wrist uses the XM430-W350-R Dynamixel servomotor [14].
The schematic for the experimental setup can be seen in Fig. 1.1. To acquire images from the

robot workspace, the following device located just above the QArm gripper was used:

« Intel® RealSensé R415RGBD camera that provides up 1920 1080RGB resolution

and a depth sensing range fr@?3 to 4.0 m.

It is also good to mention that for safety reasons, some of the trajectories were rst imple-
mented on a QArm-simulated environment, the Interactive QLabs provided by Quanser. The
virtual duplicate of the QArm system that can render the actual hardware behavior can be seen

in Fig. 1.2b.



(a) QArm manipulator. [2] (b) QArm virtual environment. [15]

Figure 1.2: Actual and virtual QArm.

1.4 Thesis Outline

In addition to this Introduction, the contents of this thesis are arranged as follows:

Chapter 2: System Modeling - The kinematics and dynamics models of the 4-DOF robotic
manipulator used in this thesis are derived.

Chapter 3: Control Design - A variable learning rate RBFNN-based sliding mode control is
designed and the stability is proved. The proposed controller is compared to different control
methods to demonstrate its performance. Then, the proposed controller is seamlessly integrated
with a grasping detection technigue to complete an autonomous manipulation task.

Chapter 4: Conclusions and Future Work - In this chapter, the work proposed in this thesis is

summarized and a discussion about extending it for future developments is presented.



2 System Modeling

This chapter describes the fundamental concepts to understand how robotic manipulators are mod-
eled and the speci cations of the hardware used. First, the model parameters are shown. Then, the

kinematics and dynamics model equations are derived according to [1,16,17].

2.1 Robot Speci cations

In this section, the speci cations of the hardware used for the experiments are shown. An image

of the Quanser QArm can be seen in Fig. 1.2a. In Fig. 2.2 the reachable workspace of the robot is

represented according to [1].

Table 2.1 shows the robot's position, speed, acceleration, and torque ranges for its four joints [1].

Table 2.1: Joint speci cations.

Base (1) | Shoulder () | Elbow ( 3) Wrist ( 4) | units
JointRange | 17=18| 17=36 19=36to+5 =12 | 8=9 rads
Speed = =2 =2 = rad/s
Acceleration| = =3 =3 = rad/$
Torque 2.65 5.3 2.65 1.0 Nm

According to the frame assignments shown in Fig. 2.4 the physical parameters of this manip-

ulator are:



Figure 2.1: QArm reachable planar workspace side view [1]

Table 2.2: QArm physical parameters [1]

Physical and Dynamic Parameters

L; Lengthoflink 1 0:14 m
L, Length of link 2 0:35 m
Lz Length of link 3 0:05 m
L, Lengthoflink 4 0:25 m
my1 Mass of linkl 0:7906 kg
my Mass of link2 0:4591 kg
ms Mass of link3 0:269 kg
m4 Mass of link4 0:257 kg

G  Gravitational acceleration 9:81 kg n?

2.2 Kinematics Modeling

Kinematics modeling describes the robot's motion by drawing a relationship between the joints
and the end-effector positions and orientations with respect to a xed Cartesian reference frame

as shown in Fig. 2.3 whereare the joint angles anglis the position and orientation of the end-



Figure 2.2: QArm reachable workspace top view [1]

effector. Contrary to dynamics modeling, kinematics does not consider the forces and moments of
motion. It can be broken into forward kinematics and inverse kinematics.

The equations derived for the system modeling in this thesis will consider the frame assign-
ment given by the manufacturer, see Fig. 2.4. Since the manipulator is in the home position as
shown in Fig. 2.4, the joint space vector is expressed @s = hO;( 5) OI T. To get rid

of the offset in the joint space expression, a mapping to another spapace, is introduced as

follows:



Figure 2.3: Forward and inverse kinematics owchart

1= 1
2= 2t 5
2 (2.1)
3= 3t
4= 4

Figure 2.4: Frame assignments for Quanser QArm in home position [1]



Figure 2.5: Frame assignments for Quanser QArm in home position [1]

2.2.1 Forward Kinematics

The forward kinematics concerns the description of the end-effector position and orientation as a
function of the joint angles. With being the joint angles, the end effector position in the Cartesian
space with respect to a reference frame attached to the base of the robot can be expressed as

follows:

p=1() (2.2)

h iT h iT
where = 1; 2; 3; 4 is the representation of the joint states and= px;py;p; the

position of the end-effector iryz-coordinates.
For the convenience of the reader and to simplify the mathematical formulations the abbrevi-
ations and mappings in Table 2.3 are considered.

The Denavit—-Hartenberg (DH) convention is a simpli ed way to formulate the kinematics

10



Table 2.3: Mathematical abbreviation and mapping

1 h1

2 T L3+ L3
3 La+ Ls

tan 1(;2)

1 1

2 2t 3

3 3t

4 4

COS Ci
sin S
cos(i+ ) | Gj
sin(i+ ) |5

Table 2.4: Denavit—Hartenberg table for the QArm.

I ]aj [ di i
1|0 5 1 1
21 2|0 0 2
3|0 5|0 3
410 |0 3| 4

eqguations as a series of transformation matrices. It consists of four parameters:

The joint angle i, which is the angle measured abaut; fromx; ; tox;.

The link lengtha;, which is the distance along fromz ;toz.

The link twist ;, which is the angle measured abaytfrom z; 1 andz;.

The link offsetd;, which is the offset along, 1 fromx; 1 toX;.

The DH table for QArm is presented in Table 2.4.

11



Let us consider the general form of the homogeneous transformation matrix:

2 3
COS j sinjcos i sSinjsSinj ajCcos;
i 1T sinj COS;COS j cosisin | @sin;
Ti E 0 sin COS | di (2.3)
0 0 0 1
Then, the transformation matrix for each link can be computed as Eq. (2.4).
2 3
C1 0 S1 0
o _6S1 O C1 Oz
T= E 0o 1 0
0O O 0 1
2 3
Co So 0 2C2
1T — ESZ Co 0 2S2
O 0 1 o0
O 0 0 1
2 3 (2.4)
C3 0 S3 0
-~ _Bs3 O C3 ([)z
Ts= Eo 1 0
0 O 0O 1
2 3
Ca S4 0 O
- _(6S4s ¢ O Oz
Ta= E 0 0 1 3
0O 0 0 1

The forward kinematics formulation to determi?ie; can be found by multiplying thie 1T;

matrices, wheré = 1; 2; 3; 4, and it is given as:
2

0
o, = g Ra pz (2.5)
0 0 0f1

where®R 4 is the rotation matrix that gives the orientation of the end effector, shown in Eq. (2.6),

andp represents its position of the end effector in the Cartesian space, shown in Eq. (2.7).

2 3
C1C23C4 + S154 C1C2354 + S1C4 C1C23
Op  —
R4 = 481C3C4 S1C4  S1C23Sa  Ci1Cs  S1S23 Zi (2.6)
S23C4 S23S4 C23
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P =[px;Py;Pel’
Px = 2C1C2  3C1S23 = C1( 2C2  3S23)

@2.7)
Py = 251G 351523 = S1( 2C2 3523)

pz= 1 2S2 2C23
2.2.2 Inverse Kinematics

Opposite to forward kinematics, inverse kinematics describes the joint angles as a function of the
end-effector position. It can result in multiple solutions or no solution at all given the mechanical

and DOF constraints of the robot. The inverse kinematics problem can be de ned as:

= f(p) (2.8)
By squaring thex andy components of Eq. (2.7) and adding them, it can be found that:

P+ PG = CF( 2C2  3S23)°+ SE( 2C2  3S29)°

(2.9)
=( 2¢  3%3)°
This results in:
q
P+ pZ= 202 351 (2.10)
Thez component of Eg. (2.7) can be rewritten as follows:
1 Pz= 252+ 3C3 (2.11)
Recall the following trigonometric identities:
Acy + Bcog+ Csy3 =D
(2.12)

As, + Bsog Ccpz=H

where
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B=0
C= 3
q (2.13)
D= 2 + pg
H= 1 p;
E - D2+ H2 AZ CZ
- 2A
Solving for 3 results in two possible solutions:
p
3, =2 atan2 C+ C2+ FZF
(2.14)

p —
3, =2 atan2 C C2+ F2:F

where atan2 is the arctan function that takes two arguments and results in an angle in the range of

[ ; 1 Letusintroduce the following mappings:

M =A+ Cs3

N = Cc
DM + HN (2.15)

2= Mz¥ N2
H Nc

2=

Solving for 3:
» = atansy; cy) (2.16)

It is worth mentioning that the calculation 0 from Eq. (2.16) depends ory, which has two
values as shown in Eq. (2.14). Additionaltyg, depends oD, which has two values according to

Eq. (2.13). Therefore, Eq. (2.16) will result in four possible solutions that can be selected based
on the robot's task constraints and performance requirements.

With , and 3 known, ; can be solved for from Eq. (2.7) as follows:
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1= atan2 By ; Px (2.17)
20 3523 202 3523

It is worth mentioning that Eq. (2.17) results in one angldéor each set of angles and s.
Finally, the wrist angle 4 is an independent angle and it can be set freely within the range of

160 as reported in Table 2.1.

2.3 Dynamics Modeling
The Lagrangiah. for ann-DOF manipulator is given by:
L=T P (2.18)

whereT is the kinetic energy anB is the potential energy. for amDOF manipulatorT andP

can be expressed as:
1 ; T 1 . . .
T=5m (‘vg) (vg)+ 5('! DTCIG)() (2.19)
Pi = m(°9)" (°py) (2.20)

wherem; is the mass of link , iVCj is the velocity of the center of mass of linkexpressed in
theith frame,'l ¢ is the second mass moment of inertia matrix of jnbout its center of mass
expressed in thigh frame, and! j is the angular velocity of link expressed in the corresponding
ith frame,i = 1; ; n denotes the reference frame, gnd 1; :n is the link number.

Therefore the Lagrangian can be rewritten as the sum of the kinetic energy of each link minus

the sum of the potential energy of each link:
L= T P; (2.21)

wherej =1; ;nisthe link number of the manipulator.

Then, the equation of motion is de ned as:
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== = = j=1; ;n (2.22)

where j corresponds to the torques at each joint of the manipulator.

From Eg. (2.22), the dynamics model can be expressed as follows:

2 3
, 5 2 32 3 2 g2
) Mg O 0 Mu_ %1 Bi1 Bz O 0 Bis Bis_9 23
gzgzg 0 Moz My 025'224_50 0 Bx Bas O Oz 44
3 0 M3> Maz 0 '3 0 0 Bas 0 0 0 -2 -3
! Ms1 O 0 My 4 Bsr Bs2 O 0 0 0 24
34

2 32 3 2 3

0O 0 00 2 0

I 5o b

C3x C32 O 2 G3

o 0 00 2 Gs

(2.23)

where the inertia, Coriolis, centrifugal and gravitational parameters are:

_ 2 2 2 2 2 2 2
Ma11= l1a + 134 C3°+ 14a C23° + I G+ 14 S+ I3 Sp3° + 14 S23° + &

2 2 2 2 2 2 2 2 2
2°M3+ C° 2"Mg+ ,"M3Sy3™+ "My 2 c;c 1t MygS3™ 3 Ca (2.24)

2Cr 2 gM3Sp3+ C 2 3MISp3 2C 2MyS3 3 ¢

M1s= l4aCo3 (2.25)
Moo =10, +13 +1a + + 24 2ma+ o2
2=12L 3L 4T Mg 2 3 Cs 2-Mm3 cs M3
(2.26)
+ 2m+ 2m+ ) 2
2-m 3Itm+mz 2 2 2 ¢c3M3S3 2 3M;S3
Moz = m 2 mss +1 m 2 s
23 3 ¢ 2M3S3 ¢, 3L I 3 2 3S3
(2.27)
myg 3 Ca Ca 3+ 2S3
Mgp = 2 +1g +1 2
32= M3 ¢ 2M3S3 ¢ 3L 4 M 3 2 3S3
(2.28)

mg 3 Ca Ca 3t 283
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_ 2 2
Maz=lg +la+ M3 3“mM+myg 3
Ma1 = l4aC23
Mas = lsa

B11=212aC82 215 C3S23 213aCo3Sp3 21l C2Sp + 215 Co3S23

2 2 2 2
+213.C3523 2C 2°M3Sy; 2C 2°MygSp+2C3 ¢,“M3Spz 2C 2°Misp

2 2 2
+2Cp3 3°MSp3 2CoM2S; 2 ¢, +t2C3MyS3 3 ¢

2C2C3 2 ¢gM3  2CC3 2 3M+2 2 ;M3SpSp3+2 2 3MS2Sy3

2C2C3 2My 3 ¢ +2 2MyS2S3 3

_ 2

Bi2=2cCx3 ¢;“M3Sz3 2C2C3 2 ;M3 +213aCo3S23+213 C23523
2

+2C3MsSz 3 ¢ 214 C23523  21ap C3S23  2C2Cp3

2Mg 3 o +2C3 3°MiS;s 2CC3 2 3M
B1s =124 S23
B16 = | 4a S23
Bas3=C 2 sm C3 2 ;M3 C3 2Mg 3 ¢
Bosa= 2C3 2 ;M3 2C3 2 3m
B3z = laas2s
Ba1 =144 S23
Ba2 =144 S23
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(2.29)

(2.30)

(2.31)

(2.32)

(2.33)

(2.34)

(2.35)

(2.36)

(2.37)

(2.38)

(2.39)

(2.40)



_ 2 2
Co1= 2°mMysp” IpaCoSp+13aC3S23+14aC3S3+ 12 C2Sp

2 2
I3 C23Sp3 14 C23S23+ C2 2°M3Sy  Cp3 ;M3 Sp3

2 2 2
+C 2"MisSy Cp3 3"MSpz3+ C2M2Sy 2 o
(2.41)
2
Co3MygS23 3 ca T CC3 2 ¢gM3+ C2C3 2 3M
2 ¢z M3S2S23 2 3MS2Sp3+ C2C3 2Myg 3 Cs
2M4gS2S23 3 4
_ 2
C31=13aC3S23+14AC23S23 131 C23S23 141 C23523 €23 3" M3S23
2 2
C23 3°M Sz C3MygSp3 3 cs T CC3 2 ¢gM3 (2.42)
+CC3 2 3M+ CC3 2Myg 3 Ca
C32=0C 2 M3+ C3 2 3M (2.43)
Ga=m3 C 2 ¢S23 +M(C2 2 352)
(2.44)
+tmy C 2 S23 3 cw tTCMmz 2 C2
G3= ;M3Spz+ 3MSpz+ MySp3 3 ¢ (2.45)
Gs=0 (2.46)

wherem, is the payload mass and the mass moment of inertia of the links are expressed as follows:

2 3
. 0 0
Uo=90 1w 05 (2.47)
0 0 Iy
2 3
loa O O
2,=90 11 08 (2.48)
0 0 Iy
2 3
. 0 0
N,=30 1 08 (2.49)
0 0 lIam
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2 3

. O O
M,=90 1u 08 (2.50)
0 0 lum

The links are considered cylindrical rods, therefore the components of the mass moment of inertia
matrices are the axial mass moment of inertia (about the majorlgxighd two symmetric lateral
components about the other two axgs.

Eq. (2.23) can be expressed in a compact form as:
=M()*+B()+++C()£+G() (2.51)

wherei;j 2 f(1;2);(1;3); (1;4);(2;3);(2;4);(3;4)g, k 2 f 1;2;3;49,M 2 R* 4is the Inertia
matrix, B 2 R* 4 is the Coriolis matrixC 2 R* 4 is the Centrifugal matrixz 2 R* !is the

Gravity matrix, and 2 R* 1is the torque vector.
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3 Control Design

As mentioned in Section 1.1, designing an ef cient trajectory-tracking controller is essential to
ensure that the end-effector follows the desired trajectory which is crucial for tasks that require
precise positioning (e.g. grasping). This chapter introduces a trajectory-tracking control strategy
for a 4-DOF robotic manipulator by designing a Radial Basis Function Neural Network (RBFNN)
based sliding mode control. First, a literature review on control for robot manipulators is presented.
Second, the sliding mode manifold is formulated by de ning the system dynamics and the control
law. Next, the system's stability is proved by the Lyapunov theory. Finally, the proposed controller
performance is demonstrated and compared to other controllers. The proposed controller is also

validated for an autonomous grasping task.

3.1 Literature Review

The accurate and precise control of robot manipulators has been a topic discussed for numerous
years. Distinct control methods can be used to address different kinds of problems. Regarding
payload manipulation, trajectory planning, and tracking are essential to determine the desired path
to be traced and the motions necessary to follow it. In this work, we will focus on the trajectory
tracking problem.

Proportional-integral-derivative (PID) controllers have been largely used in robot applications,

especially in industry [18]. However, since robot manipulators are highly coupled nonlinear time-
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varying systems, the main drawback of using PID controllers is that they may not be robust enough
to external disturbances so in order to try to track a desired command the gains of the PID con-
troller might need adjustments throughout a task execution to account for the changes in the dy-
namics behavior. For this reason, [19,20] designed adaptive laws that can update the PID controller
parameters depending on the system's requirements. In [21], the authors used a ltered error func-
tion and two adaptive estimators to compensate for the time variation in the dynamics model and
adaptively update the gains of the PID controller. In [22], the authors desighed a novel optimiza-
tion algorithm named whale optimizer algorithm which aimed to determine the optimal values of
the PID controller gains for trajectory tracking.

Although many studies extensively discussed the trajectory tracking problem [23—26], the abil-
ity to adapt to diverse circumstances and perturbations in real-time is still a challenging topic in
optimal and consistent robot performance. Several approaches to this problem have been proposed
including sliding mode control (SMC) methods [27-32], adaptive control methods [25, 33, 34],
and data-driven/neural network-based methods [11, 35-37]. SMC has been largely used due to its
robustness, like in [38], where an SMC with improved reaching law to endure nite time conver-
gence for a nonlinear system was designed. However, the chattering phenomenon caused by the
switching terms in the SMC is presented as a challenge because it can make the system unsta-
ble [39]. This is why in [40] an event-trigger sliding mode control with a time-varying threshold
was designed to reduce the control execution time and chattering. And in [41], the authors com-
bined fuzzy logic with sliding mode control aiming to reduce the chattering phenomenon when
tracking a trajectory.

Mathematical models of robots try to accurately approximate reality. However, there are un-
avoidable uncertainties and disturbances in addition to the highly coupled dynamics of robot ma-
nipulators. In [11,12, 32, 34] as well as other controllers mentioned still depend on complete or

partial knowledge of the parameters and the precise mathematical kinematics and dynamics model
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of the system, which in real life is unrealistic. Therefore designing controllers that do not need to
rely on the model description is an interesting area of research.

Several efforts to compensate for the system's unknown parameters, uncertainties, and external
disturbances have been proposed. Neural networks (NNs) can be an effective tool when dealing
with complex and unknown system models since they are able to learn parameters and approximate
nonlinear functions [42]. As a consequence, a variety of nonlinear control strategies have been
combined with neural networks to improve the control performance. In [43], a xed-time neural
network controller with prescribed transient performance was presented where the authors relaxed
the upper bound assumption for the NN weights. In [44], the authors used two RBFNNs, one
to estimate the system model of ine and another one to compensate for the uncertainties of the
nonlinear system. Authors in [45] used an RBFNN to approximate the uncertainties of a robot
manipulator combined with a nonsingular terminal sliding mode control with a modi ed sliding
variable to guarantee the system performance with parameter uncertainty. The work done in [46]
proposed a disturbance observer combined with an RBF neural network to improve the system's
robustness by estimating unknown parameters and approximating disturbances.

Neural network reinforcement learning methods have also been applied for robot manipula-
tors' trajectory tracking. In [47], the authors proposed a deep reinforcement learning strategy to
optimize a trajectory while training the model in the real robot. In [48], the Deep Deterministic
Policy Gradient (DDPG) was combined with sliding mode control to approximate the system's
uncertainties and to ensure nite-time convergence. Authors in [49] combined a xed-time sliding
mode control with an RL control algorithm based on RBFNN to guarantee xed-time convergence
and improve steady-state accuracy. Although RL methods can be precise, they are computationally
expensive.

External disturbances and perturbations such as payload variations are factors that contribute

to the controller performance, as a consequence designing controllers that can attenuate or com-
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pensate for such factors is important. Several works investigated solutions to overcome or reject
these perturbations such as disturbance observers [50-53] and disturbance rejection [54-56] con-
trollers. In [57], an adaptive sliding mode control with a disturbance observer integrated with an
RBFNN was designed to address parameter uncertainties and disturbances. In [58], the authors
designed a backstepping sliding mode control strategy that combines a disturbance observer to
compensate for the system's perturbations. Authors in [59] formulated a disturbance observer to
estimate uncertain disturbances and then a disturbance rejection control scheme was designed to
attenuate the disturbance. In [60], a continuous terminal sliding mode control was introduced to
ensure nite-time convergence and a sliding mode differentiator estimated the disturbances and
uncertainties of the system.

Based on the aforementioned considerations, this chapter introduces an adaptive RBFNN-
based sliding mode control with a variable learning rate (VLR-RBFNN-SMC) for trajectory track-
ing of ann-DOF robot manipulator that assumes that the robot model is unknown. The neural
network is used to estimate the system dynamics and the sliding mode control drives the model to

follow the desired states to realize the trajectory tracking control.

3.2 RBFNN-based Sliding Mode Control Design

3.2.1 Preliminaries

Considering the model provided in section 2, the following properties, lemmas, and assumptions

are considered [3,61-63]:

Property 1. [61] For the bounds of the inertia matridM is a symmetric positive de nite matrix

that satis es the following:
i M() ol; 8 2R" 1 (3.2)
where 1 and , are positive constants, arids an identity matrix oh  n dimension.
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Property 2. [61] M( ) 2C(; - is a skew-symmetric matrix that satis es E§.2) for an

arbitrary vector:
h [
x" M() 2C(;) x=0; 8 X =[x1; :Xn]' 2 RR" (3.2)
Assumption 1. [3] The disturbanceD (t) and its derivative are bounded and satisfy:
ID()ji  Dmax
(3.3)
o)l Dmax

Assumption 2. The upper bound acceleration of the desired position exists and is known.

Assumption 3. [3] The RBFNN ideal weight vector is bounded such W&t W nax  where

W nax is a positive vector. AnwV is:
W =arg min [supif(x) f(x)j] (3.4)

Assumption 4. [3] The RBFNN estimation errat is bounded and suf ciently small such that:

Il "max (3.5)
Lemma 1. [62] There exists a compact se{;, that satis es:
W= Wi = (3.6)
whereW (t) 2,8t 0, giventhatl (0) 2 4y, r; is the learning rate, andh; H
whereh; is the radial basis function.

3.2.2 Radial Basis Function Neural Network Design

In this section, the RBF neural network structure design is presented, for more details the reader
can refer to [3]. This neural network was designed to approximate the robotic arm system dy-

namics. The structure of this feedforward three-layer neural network consists of one input layer, a
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hidden layer, and an output layer, which is shown in Fig. 3.1. The nodes in the hidden layer per-
form a nonlinear transformation by using a Gaussian Radial Basis Function expressed in Eq. (3.7)

as a nonlinear activation function.

Figure 3.1: RBF neural network structure [3]

The input vector of the RBFNN is given by = [x;]". For this implementation, the input
vector is chosen to br = [e;e; 4; -d;%d]" Wheree;e; 4; ;% 2 R* 1. The radial basis
activation function vector in the hidden layetis= [ h;]", whereh; is a Gaussian function that is

de ned as:
!
iix i’

hj = exp b2
J

(3.7)

wherec = [¢j] = [cam] is the value of the center coordinate point of the Gaussian function
Eq. (3.7)b =[b;  ;bn]" isits width valuej is the number of hidden layer nodes in the neural
network and is the input number of the network. Choosing the optimal values for the parameters
cj and b is important because they will directly affect the Gaussian function mapping if they are

not chosen well the RBF neural network will not converge to the area of interest.
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The weight of the RBF is de ned a#&/ = [W1; ;Wqy]', andf(x) is the function rep-
resenting the manipulator dynamics the RBF will approximate, so the output of the network is

de ned as the weighted sum of the output of the hidden layers as we can see in Eq. (3.8).
f(x) = WTh(x) (3.8)

whereW is the estimation of the ideal weights of the neural netwrk andw = W W.

The lack of adaptability and the chattering phenomenon are two drawbacks faced when dealing
with SMC that may cause undesired behavior that can affect the tracking performance, such as
vibrations. Therefore in this work, an adaptive mechanism to address this issue is designed. As

shown in Eq. (3.9).

W = h(x)s'
(3.9)
W = h(x)s'

wheres is the sliding surface de ned in Eq. (3.14) ands a variable learning rate de ned by a

Butterworth Iter-type function [64]:
8

< M1 + Iy s60
= L+(jjgj=raet " ? (3.10)
r{+ ro; s=0

wherer, ro, andrz are positive constants, 0, and ri+ ro.

. . . H
Remark 1. In [62], the learning rate is a constant, and they havgg = wWojiwij —
This work uses as an adaptive law that satises r». The learning rate is at its minimum
when = ry, as a consequence, the right side of the inequality takes its maximum, so lemma 1

still holds.

3.2.3 Sliding Mode Control Design

Sliding mode control is widely used to control robot manipulators due to their fast global con-

vergence and robustness to external disturbances, modeling errors, and parameter variations [65].

26



Overall, two main steps are necessary for the formulation of this controller: the sliding mode
which is the design of the sliding surface to reach the desired state, and the reaching mode which
is the selection of the control law to reach the sliding surface.

In this section, the design of a sliding mode control based on RBFNN for unknown dynamics
approximation is shown. The block diagram for the control schematic can be seenin Fig. 3.2. First,
the RBF approximation is designed. Second, the dynamics model of the system is established.
Third, the tracking errors are de ned and the sliding surface is designed. Then, the control law
is designed to ensure that the system's state reaches and stays on the sliding surface considering
the desired system behavior and the control objectives. Finally, asymptotic stability is proved by

Lyapunov theory, and the adaptation law and the variable learning rate are de ned.

Figure 3.2: Control block diagram

To design the controller, consider the general Euler-Lagrange dynamics model of the system
presented in Eq. (3.11), in addition to the disturbance véztand with the generalized coordinate

vector 2 R" representing the system's states:

M()'+C(;J)-+G()= +D (3.11)

Considering Eq. (3.11), and solving fbrields,
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=M () C(;9)- G()+ +D] (3.12)

Let us de ne the position tracking error and its derivatives, velocity, and acceleration, as:

e= 4 - (3.13)
%e = .d L]
Then the sliding mode surface and its derivative can be designed as:
8
% s= e+ €
(3.14)
5= eve
where > 0, where0 is a null vector of the same dimension as
The RBFNN sliding mode control law with variable learning rate is given as:
= f(x) + Ks + ("N + "p)sign(s) (3.15)

wheref (x) is the output of the RBFNN, and is given by Eq. (3.K),is a positive de nite gain
matrix, "y and"p are robust parameters to overcome the neural network approximatior' error
and the disturbancB (t) and satisfyjj"jj "N, andjiD (b)jj "p, wherejj jj denotes the

absolute value of its argument.
Remark 2. Thesign(s) function in Eqg.(3.15) is de ned in Eq.(3.16) Its approximation is
formulated as in [66] to attenuate the chattering phenomenon.

s
lisij+r

sign (s) = (3.16)

wherer can be a positive small function or a saturation function.
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3.2.4 Lyapunov Stability Proof
Now, substituting Eqg. (3.12) and Eq. (3.13) in Eq. (3.14), we have:
s=%¢ M () C(;9- G()+ +DMI+ e (3.17)
Ms=M("g+ & Cs+C(g+ €+G+D (3.18)
f(x) can be de ned as:
f(x)=MCa+ €+ C(a+ € G (3.19)
As a consequence we have:
Ms=f(x) Cs+D (3.20)

From the RBENN, we havi(x) = f(x) B(x)= W Th(x)+ WTh(x) = WTh(x) +
andwW = W W,

Proof: Let us de ne the Lyapunov candidate as follows:

1 1
V = ésT Ms + Str wT ‘w) (3.21)

Taking the time derivative 0¥ , we have:
- T 1r 1 T 1
VL=s Ms+ §S Ms+§tr(w W) (3.22)

Substituting (3.20) in (3.22):

V=s'WTh(x)+" Cs+D Ks
("N + "p)sign(s)] + %STMS (3.23)
+ %tr W't 'w)

Letusconsider ="+ D Ks ("n + "p)sign(s), then we have:
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1
vL=s' s'Cs+ ésTMs
+s"W Th(x) (3.24)
+%tr W' 1w)

From property 2 we have thit () 2C(; 9 = 0. Then substituting the adaptive law from

Eq (3.9) into Eq. (3.24), we nd that:

L=s' + }trWT( Y h(x)s™)+ h(x)s")
2 . (3.25)

v=s' + Etrva( h(x)s" + h(x)s")
We nd that %trw T( h(x)s" + h(x)s™) = 0 and we can see that the stability depends on

the term .

V=s'["+D Ks ("n+ "p)sign(s)] (3.26)

SoifK > 0, and based on assumptions 1 and 4, we Bave " max, and"p > D nax , then:

VARG (3.27)

The proof is complete.

3.3 Simulation Results

In order to avoid damage to the hardware platform, test the controller performance, and verify the
impact of different learning rates on the system, a numerical simulation of the VLR-RBFNN-SMC
controller was conducted.

Parameters Setting: The desired trajectory in the joint space is designed as:
2 3
0:2sin(0:5t)
_f 0:2sin(0:6t)
47 20:15sin(0:5t)
0:2sin(0:4t)

(3.28)
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The manipulator dynamics were simulated given the mathematical equations from the system
modeling discussed in Chapter 2. For the RBFNN, the neural network was designed with ve
nodes in the hidden layer, the variance is chosdm a0 :5; 0:5; 0:5; 0:5; 0:5], and the center is
given as Eq. 3.29. The weight values are updated online by the adaptive law de ned in Eq. (3.9)
and their initial values are selected\ds = [0:1;0:1;0:1;0:1; 0:1]". The variable learning rate
parameters for the simulation and experimental results are set=a85,r, =5, r3 = 0:5, and

g = 3 throughout this thesis unless otherwise speci ed.

2 3
01 005 0 Q05 01
01 005 0 Q05 Q1

c=8 01 005 0 Q05 Q1 (3.29)
5 25 0 25 5
01 005 0 Q05 01

The gains of the sliding mode control for the variable learning rate RBFNN in Eq. 3.15 are

chosen as:
h i
"v = 0:15 015 (00015 Q0015 (3.30)
h i
"5 = 0:25 025 00025 Q0025 (3.31)
2 3
5 0 0 O
0 15 0 O
K= 0O 0 09 oz (3.32)
0O 0 0 12
2 3
8 000
g0 8 0
‘§o 0 8 &% (333)
0 00 8

The trajectory tracking in the joint space and the cartesian space are given in Fig. 3.3 to
Fig. 3.9. The results show that the proposed controller can drive the manipulator to follow the

desired trajectory.
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Figure 3.3: Simulation trajectory tracking for joint 1.

Figure 3.4: Simulation trajectory tracking for joint 2.
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Figure 3.5: Simulation trajectory tracking for joint 3.

Figure 3.6: Simulation trajectory tracking for joint 4.

33



Figure 3.7: Simulation trajectory tracking xadirection.

Figure 3.8: Simulation trajectory tracking yadirection.
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Figure 3.9: Simulation trajectory tracking adirection.

3.3.1 System Convergence for Different Learning Rates

Finding the best constant value for the learning rateis a trade-off between overshoot and
steady-state error. Therefore, achieving a desired control performance requires carefully choosing
and adjusting the values for the learning rate. The controller convergence will take longer if
is too small due to the smaller weight changes. On the other handisitoo large it may

cause the system to jump the global minima and the optimal convergence value, resulting in rapid
weight changes. For this reason, adopting a variable learning rate is a reasonable solution to avoid
convergence problems such as settling time and oscillations.

This case study will show how the learning rate affects system convergence and stability. To
do that, we implemented the controller with different learning rate values.

The absolute mean tracking errors for different learning rates are shown in Fig. 3.10 to Fig. 3.13.
We can see that the tracking error is also largerig too small or too large. However, we can see

a range of values in which the tracking error decreases before increasing again. This would be the
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ideal range of values to consider for the learning rate.
The overshoot for different learning rates is shown from Fig. 3.14 to Fig. 3.17slfoo small
or too large, the overshoot is also larger. However, we can see that there is a range of values in

which the overshoot decreases before increasing again. This would be the ideal range to consider

for a constant learning rate.

Figure 3.10: Tracking error of different learning rates for joint 1
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Figure 3.11: Tracking error of different learning rates for joint 2

Figure 3.12: Tracking error of different learning rates for joint 3
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Figure 3.13: Tracking error of different learning rates for joint 4

Figure 3.14: Overshoot of different learning rates for joint 1
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Figure 3.15: Overshoot of different learning rates for joint 2

Figure 3.16: Overshoot of different learning rates for joint 3
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Figure 3.17: Overshoot of different learning rates for joint 4

3.3.2 Comparison with Classical Sliding Mode Control

To compare the robustness of the proposed control against disturbances, we compare the proposed
controller with a classical sliding mode control which is given in Eq. (3.34). To do that, a distur-
bance of0:2 rad was applied @t = 4 s andt = 5 s, by adding these signals to the mathematical
dynamics model at the corresponding times, which can be seen in the zoomed-in sections of the
controller's joints and cartesian tracking errors in Fig. 3.18 to Fig. 3.23. For a fair comparison, the

gains of the sliding mode were manually tuned for better control performance.
Usme = Sign (s)+ Ks (3.34)
The gains of the sliding mode control were chosen as follows unless otherwise stated:

h i
= 12 125 0005 Q002 (3.35)
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2 3
1000
~go1 0
K_§0018§ (3.36)
0001
2 3
5000
g0 50
_éoosg (337)
0005

In the zoomed-in sections in Fig. 3.18 to Fig. 3.23 it can be observed that the proposed con-
troller is more robust against disturbance in addition to having a smaller overshoot and faster

setting time compared to classical sliding mode when subject to the same disturbance conditions.

Figure 3.18: Simulation tracking error for joint 1
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Figure 3.19: Simulation tracking error for joint 2

Figure 3.20: Simulation tracking error for joint 3
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Figure 3.21: Simulation tracking error fardirection

Figure 3.22: Simulation tracking error fgrdirection
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Figure 3.23: Simulation tracking error fardirection

3.4 Experimental Results

Hardware experiments were conducted using Matlab/Simulink shown in Fig. 3.24 to validate the
effectiveness and robustness of our proposed controller experimentally. Comparisons with clas-
sical proportional-integral-derivative controller and classical sliding mode control are presented.
For these experiments, two different trajectories under three different scenarios were conducted
one with no payload, one with a payload®f0 g, and the last one with a payloadXd26 g. The
payloads are shown in Fig. 3.25 and Fig. 3.26. Then, a comparison with a back-stepping controller
with a high-order observer from the literature [67] is presented. Finally, the controller is integrated
with a grasp detection algorithm to realize an autonomous task.

For the RBFNN, the neural network was designed with ve nodes in the hidden layer, the
variance was chosen as= [0:5; 0:5; 0:5; 0:5; 0:5], and the centet is given as Eq. (3.29). The

weight values are updated online by the adaptive law de ned in Eqg. (3.9) and their initial values
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Figure 3.24: Matlab/Simulink model for the control implementation

are selected a4/ =[0:1 0:1 ¢1 C:1 O1].
2

01 005 0 Q05 01
01 005 0 Q05 Q1

c=@8 01 005 0 Q05 01 (3.38)
5 25 0 25 5

01 005 0 Q05 (01

The gains of the VLR-RBFNN-SMC controller in Eq. 3.15 are chosen as unless otherwise

stated:
h i
" 0:15 015 015 015 (3.39)
h i
"p= 0:35 035 035 035 (3.40)

2 3
20 0 0 O

_Eo 20 0 0
40 0 20 O
0 0 0 20

3
12 0 0

2

0 12 0 0

EO O 12 Oz (3.42)
0 12

z
1

A

(3.41)
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Figure 3.2554 g payload Figure 3.26:1026 g payload

3.4.1 Trajectory Tracking 1

Since the ultimate goal is to follow a pick-and-place trajectory, two different trajectories repre-
senting such a path were designed to realize the experiments. The rst trajectory is generated in

the joint space so the joint commands change over time as shown in Eq. (3.44).
d= 1 2 3 4 (3.43)

where
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1 = 0:2sin(0:5t)
0<t 10s
10<t 22s

0:05( t+32); 22<t 32

t> 32

%
8
0; 0<t 10s (3.44)
0:05(t 10); 10<t 225
0:6; 22<t 32
%ooa t+44); 32<t 44s
0; t> 44s
4=0
The trajectory tracking for the desired trajectory in the joint space and the cartesian space are

given from Fig. 3.27 to Fig. 3.32.
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Figure 3.27: VLR-RBFNN-SMC trajectory 1 tracking for joint 1 with no payload

Figure 3.28: VLR-RBFNN-SMC trajectory 1 tracking for joint 2 with no payload
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Figure 3.29: VLR-RBFNN-SMC trajectory 1 tracking for joint 3 with no payload

Figure 3.30: VLR-RBFNN-SMC trajectory 1 tracking idirection with no payload
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Figure 3.31: VLR-RBFNN-SMC trajectory 1 tracking yadirection with no payload

Figure 3.32: VLR-RBFNN-SMC trajectory 1 tracking idirection with no payload
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3.4.2 Trajectory Tracking 2

Since the goal is to follow a pick-and-place trajectory, two different trajectories representing such
a path were designed to realize the experiments. In the second trajectory, the waypoints are chosen
in the cartesian space as can be seen in Eq. (3.45), and the trajectory is generated using a cubic

polynomial Eq. (3.46) for a smoother trajectory generation and velocity controllability.
h ih ih [
waypoints= 0:45 0 049 0 045 Q15 0 045 020 (3.45)
4= ap+ ait + apt? + aat® (3.46)
where 4 are the joints desired positions given as:

d= 1 2 3 4 (3.47)

The trajectory tracking for the desired trajectory in the joint space and the cartesian space are

given from Fig. 3.33 to Fig. 3.38.

Figure 3.33: VLR-RBFNN-SMC trajectory 2 tracking for joint 1 with no payload
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Figure 3.34: VLR-RBFNN-SMC trajectory 2 tracking for joint 2 with no payload

Figure 3.35: VLR-RBFNN-SMC trajectory 2 tracking for joint 3 with no payload
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