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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 efficient 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 fulfilled to achieve a successful performance like object detection and

1



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 difficult 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 an n-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 fulfill the following research

objectives:

2



(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 a 4-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.

(ii) 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.
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Figure 1.1: QArm manipulator [2]

For the hardware setup, the robotic arm is configured with a QFLEX 2 USB interface panel

which allows it to be connected to a workstation supplied with QUARC library, MatLab® and

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® RealSense™ R415 RGBD camera that provides up to 1920 × 1080 RGB resolution

and a depth sensing range from 0.3 to 4.0 m.

It is also good to mention that for safety reasons, some of the trajectories were first 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.
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(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 technique 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.
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2 System Modeling

This chapter describes the fundamental concepts to understand how robotic manipulators are mod-

eled and the specifications 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 Specifications

In this section, the specifications 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 specifications.

Base (θ1) Shoulder (θ2) Elbow (θ3) Wrist (θ4) units
Joint Range ±17π/18 ±17π/36 −19π/36 to +5π/12 ±8π/9 rads
Speed ±π/2 ±π/2 ±π/2 ±π/2 rad/s
Acceleration ±π/3 ±π/3 ±π/3 ±π/3 rad/s2

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

Table 2.2: QArm physical parameters [1]

Physical and Dynamic Parameters
L1 Length of link 1 0.14 m
L2 Length of link 2 0.35 m
L3 Length of link 3 0.05 m
L4 Length of link 4 0.25 m
m1 Mass of link 1 0.7906 kg
m2 Mass of link 2 0.4591 kg
m3 Mass of link 3 0.269 kg
m4 Mass of link 4 0.257 kg
G Gravitational acceleration 9.81 kg m2

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 fixed Cartesian reference frame

as shown in Fig. 2.3 where θ are the joint angles and p is the position and orientation of the end-

7



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 as θθθhome =
[
0, (β − π

2 ),−β, 0
]T

. To get rid

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

follows:
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Figure 2.3: Forward and inverse kinematics flowchart

ϕ1 = θ1

ϕ2 = θ2 +
π

2
− β

ϕ3 = θ3 + β

ϕ4 = θ4

(2.1)

Figure 2.4: Frame assignments for Quanser QArm in home position [1]
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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 θθθ 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 = f(θθθ) (2.2)

where θθθ =
[
θ1, θ2, θ3, θ4

]T
is the representation of the joint states and p =

[
px, py, pz

]T
the

position of the end-effector in xyz-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 simplified way to formulate the kinematics
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Table 2.3: Mathematical abbreviation and mapping

λ1 L1

λ2

√
L2
2 + L2

3

λ3 L4 + L5

β tan−1(L3
L4

)

ϕ1 θ1
ϕ2 θ2 +

π
2 − β

ϕ3 θ3 + β

ϕ4 θ4
cos θi ci
sin θi si
cos(θi + θj) cij
sin(θi + θj) sij

Table 2.4: Denavit–Hartenberg table for the QArm.

i ai αi di θi
1 0 −π

2 λ1 θ1
2 λ2 0 0 θ2
3 0 −π

2 0 θ3
4 0 0 λ3 θ4

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

• The joint angle θi, which is the angle measured about zi−1 from xi−1 to xi.

• The link length ai, which is the distance along xi from zi−1 to zi.

• The link twist αi, which is the angle measured about xi from zi−1 and zi.

• The link offset di, which is the offset along zi−1 from xi−1 to xi.

The DH table for QArm is presented in Table 2.4.
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Let us consider the general form of the homogeneous transformation matrix:

i−1Ti =


cosθi −sinθicosαi sinθisinαi aicosθi
sinθi cosθicosαi −cosθisinαi aisinθi
0 sinαi cosαi di
0 0 0 1

 (2.3)

Then, the transformation matrix for each link can be computed as Eq. (2.4).

0T1 =


c1 0 −s1 0

s1 0 c1 0

0 −1 0 λ1

0 0 0 1


1T2 =


c2 −s2 0 λ2c2
s2 c2 0 λ2s2
0 0 1 0

0 0 0 1


2T3 =


c3 0 −s3 0

s3 0 c3 0

0 −1 0 0

0 0 0 1


3T4 =


c4 −s4 0 0

s4 c4 0 0

0 0 1 λ3

0 0 0 1



(2.4)

The forward kinematics formulation to determine 0T4 can be found by multiplying the i−1Ti

matrices, where i = 1, 2, 3, 4, and it is given as:

0T4 =

 0R4 p

0 0 0 1

 (2.5)

where 0R4 is the rotation matrix that gives the orientation of the end effector, shown in Eq. (2.6),

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

0R4 =

c1c23c4 + s1s4 −c1c23s4 + s1c4 −c1c23
s1c23c4 − s1c4 −s1c23s4 − c1c4 s1s23

−s23c4 s23s4 −c23

 (2.6)
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p = [px, py, pz]
T

px = λ2c1c2 − λ3c1s23 = c1(λ2c2 − λ3s23)

py = λ2s1c2 − λ3s1s23 = s1(λ2c2 − λ3s23)

pz = λ1 − λ2s2 − λ2c23

(2.7)

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 defined as:

θθθ = f(p) (2.8)

By squaring the x and y components of Eq. (2.7) and adding them, it can be found that:

p2x + p2y = c21(λ2c2 − λ3s23)
2 + s21(λ2c2 − λ3s23)

2

= (λ2c2 − λ3s23)
2

(2.9)

This results in:

±
√
p2x + p2y = λ2c2 − λ3s23 (2.10)

The z component of Eq. (2.7) can be rewritten as follows:

λ1 − pz = λ2s2 + λ3c23 (2.11)

Recall the following trigonometric identities:

Ac2 +Bc23 + Cs23 = D

As2 +Bs23 − Cc23 = H

(2.12)

where
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A = λ2

B = 0

C = −λ3

D = ±
√

p2x + p2y

H = λ1 − pz

F =
D2 +H2 −A2 − C2

2A

(2.13)

Solving for θ3 results in two possible solutions:

θ31 = 2 atan2
(
C +

√
C2 + F 2, F

)
θ32 = 2 atan2

(
C −

√
C2 + F 2, F

) (2.14)

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

[−π, π]. Let us introduce the following mappings:

M = A+ Cs3

N = −Cc3

c2 =
DM +HN

M2 +N2

s2 =
H −Nc2

M

(2.15)

Solving for θ2:

θ2 = atan2 (s2, c2) (2.16)

It is worth mentioning that the calculation of θ2 from Eq. (2.16) depends on θ3, which has two

values as shown in Eq. (2.14). Additionally, c2 depends on D, 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 θ2 and θ3 known, θ1 can be solved for from Eq. (2.7) as follows:
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θ1 = atan2
(

py
λ2c2 − λ3s23

,
px

λ2c2 − λ3s23

)
(2.17)

It is worth mentioning that Eq. (2.17) results in one angle θ1 for each set of angles θ2 and θ3.

Finally, the wrist angle θ4 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 Lagrangian L for an n-DOF manipulator is given by:

L = T − P (2.18)

where T is the kinetic energy and P is the potential energy. for an n-DOF manipulator, T and P

can be expressed as:

Tj =
1

2
mj(

ivcj)
T
(ivcj) +

1

2
(iωωωj)

T (iIcj)(
iωωωj) (2.19)

Pj = −mj(
0g)T(0pcj) (2.20)

where mj is the mass of link j, ivcj is the velocity of the center of mass of link j expressed in

the ith frame, iIcj is the second mass moment of inertia matrix of link j about its center of mass

expressed in the ith frame, and iωωωj is the angular velocity of link j expressed in the corresponding

ith frame, i = 1, · · · , n denotes the reference frame, and j = 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 =
n∑

j=1

Tj −
n∑

j=1

Pj (2.21)

where j = 1, · · · , n is the link number of the manipulator.

Then, the equation of motion is defined as:
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τj =
d

dt

(
dL
θ̇j

)
− dL

θj
, j = 1, · · · , n (2.22)

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

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

τ1
τ2
τ3
τ4

 =


M11 0 0 M14

0 M22 M23 0

0 M32 M33 0

M41 0 0 M44



θ̈1
θ̈2
θ̈3
θ̈4

+


B11 B12 0 0 B15 B16

0 0 B23 B24 0 0

0 0 B33 0 0 0

B41 B42 0 0 0 0





θ̇1θ̇2
θ̇2θ̇3
θ̇1θ̇4
θ̇2θ̇3
θ̇2θ̇4
θ̇3θ̇4



+


0 0 0 0

C32 0 0 0

C32 C32 0 0

0 0 0 0



θ̇21
θ̇22
θ̇23
θ̇24

+ g


0

G2

G3

G4


(2.23)

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

M11 = I1A + I3A c23
2 + I4A c23

2 + I2L c2
2 + I2A s2

2 + I3L s23
2 + I4L s23

2 + c2
2

λ2
2m3 + c2

2 λ2
2m4 + λc3

2m3 s23
2 + c2

2m2

(
λ2 − λc2

)2
+m4 s23

2
(
λ3 − λc4

)2
−2 c2 λ2 λc3 m3 s23 + c2 λ2 λ3ml s23 − 2 c2 λ2m4 s23

(
λ3 − λc4

) (2.24)

M14 = −I4A c23 (2.25)

M22 = I2L + I3L + I4L +m4

(
λ2 + λ3 − λc4

)2
+ λ2

2m3 + λc3
2m3

+λ2
2ml + λ3

2ml +m2

(
λ2 − λc2

)2 − 2λ2 λc3 m3 s3 − 2λ2 λ3ml s3

(2.26)

M23 = m3 λc3
2 − λ2m3 s3 λc3 + I3L −ml

(
λ3

2 − λ2 λ3 s3

)
−m4

(
λ3 − λc4

) (
λc4 − λ3 + λ2 s3

) (2.27)

M32 = m3 λc3
2 − λ2m3 s3 λc3 + I3L + I4L −ml

(
λ3

2 − λ2 λ3 s3

)
−m4

(
λ3 − λc4

) (
λc4 − λ3 + λ2 s3

) (2.28)
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M33 = I3L + I4L + λc3
2m3 − λ3

2ml +m4

(
λ3 − λc4

)2 (2.29)

M41 = −I4A c23 (2.30)

M44 = I4A (2.31)

B11 = 2 I2A c2 s2 − 2 I2A c23 s23 − 2 I3A c23 s23 − 2 I2L c2 s2 + 2 I2L c23 s23

+2 I3L c23 s23 − 2 c2 λ2
2m3 s2 − 2 c2 λ2

2m4 s2 + 2 c23 λc3
2m3 s23 − 2 c2 λ2

2ml s2

+2 c23 λ3
2ml s23 − 2 c2m2 s2

(
λ2 − λc2

)2
+ 2 c23m4 s23

(
λ3 − λc4

)2
−2 c2 c23 λ2 λc3 m3 − 2 c2 c23 λ2 λ3ml + 2λ2 λc3 m3 s2 s23 + 2λ2 λ3ml s2 s23

−2 c2 c23 λ2m4

(
λ3 − λc4

)
+ 2λ2m4 s2 s23

(
λ3 − λc4

)
(2.32)

B12 = 2 c23 λc3
2m3 s23 − 2 c2 c23 λ2 λc3 m3 + 2 I3A c23 s23 + 2 I3L c23 s23

+2 c23m4 s23
(
λ3 − λc4

)2 − 2 I4L c23 s23 − 2 I4A c23 s23 − 2 c2 c23

λ2m4

(
λ3 − λc4

)
+ 2 c23 λ3

2ml s23 − 2 c2 c23 λ2 λ3ml

(2.33)

B15 = I2A s23 (2.34)

B16 = I4A s23 (2.35)

B23 = c3 λ2 λ3ml − c3 λ2 λc3 m3 − c3 λ2m4

(
λ3 − λc4

)
(2.36)

B24 = −2 c3 λ2 λc3 m3 − 2 c3 λ2 λ3ml (2.37)

B33 = −I4A s23 (2.38)

B41 = I4A s23 (2.39)

B42 = I4A s23 (2.40)
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C21 = λ2
2m4 s2

2 − I2A c2 s2 + I3A c23 s23 + I4A c23 s23 + I2L c2 s2

−I3L c23 s23 − I4L c23 s23 + c2 λ2
2m3 s2 − c23 λc3

2m3 s23

+c2 λ2
2ml s2 − c23 λ3

2ml s23 + c2m2 s2
(
λ2 − λc2

)2
−c23m4 s23

(
λ3 − λc4

)2
+ c2 c23 λ2 λc3 m3 + c2 c23 λ2 λ3ml

−λ2 λc3 m3 s2 s23 − λ2 λ3ml s2 s23 + c2 c23 λ2m4

(
λ3 − λc4

)
−λ2m4 s2 s23

(
λ3 − λc4

)

(2.41)

C31 = I3A c23 s23 + I4A c23 s23 − I3L c23 s23 − I4L c23 s23 − c23 λc3
2m3 s23

−c23 λ3
2ml s23 − c23m4 s23

(
λ3 − λc4

)2
+ c2 c23 λ2 λc3 m3

+c2 c23 λ2 λ3ml + c2 c23 λ2m4

(
λ3 − λc4

) (2.42)

C32 = c3 λ2 λc3 m3 + c3 λ2 λ3ml (2.43)

G2 = m3

(
c2 λ2 − λc3 s23

)
+ml (c2 λ2 − λ3 s23)

+m4

(
c2 λ2 − s23

(
λ3 − λc4

))
+ c2m2

(
λ2 − λc2

) (2.44)

G3 = λc3 m3 s23 + λ3ml s23 +m4 s23
(
λ3 − λc4

)
(2.45)

G4 = 0 (2.46)

where ml is the payload mass and the mass moment of inertia of the links are expressed as follows:

1Ic1 =

I1L 0 0

0 I1A 0

0 0 I1L

 (2.47)

2Ic2 =

I2A 0 0

0 I2L 0

0 0 I2L

 (2.48)

3Ic3 =

I3L 0 0

0 I3L 0

0 0 I3A

 (2.49)

18



4Ic4 =

I4L 0 0

0 I4L 0

0 0 I4A

 (2.50)

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 major axis) IiA and two symmetric lateral

components about the other two axes IiL.

Eq. (2.23) can be expressed in a compact form as:

τ = M(θ)θ̈ +B(θ)θ̇iθ̇j +C(θ)θ̇2k +G(θ) (2.51)

where i, j ∈ {(1, 2), (1, 3), (1, 4), (2, 3), (2, 4), (3, 4)}, k ∈ {1, 2, 3, 4}, M ∈ R4×4 is the Inertia

matrix, B ∈ R4×4 is the Coriolis matrix, C ∈ R4×4 is the Centrifugal matrix, G ∈ R4×1 is the

Gravity matrix, and τττ ∈ R4×1 is the torque vector.
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3 Control Design

As mentioned in Section 1.1, designing an efficient 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 defining 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 filtered 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 designed 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 finite 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 fixed-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 offline 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 modified 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 finite-time convergence. Authors in [49] combined a fixed-time sliding

mode control with an RL control algorithm based on RBFNN to guarantee fixed-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-

22



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 finite-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 an n-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 matrix, M is a symmetric positive definite matrix

that satisfies the following:

σ1I ≤ M(θ) ≤ σ2I, ∀ θ ∈ Rn × 1 (3.1)

where σ1 and σ2 are positive constants, and I is an identity matrix of n× n dimension.
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Property 2. [61] Ṁ(θθθ) − 2C(θθθ, θ̇θθ) is a skew-symmetric matrix that satisfies Eq. (3.2) for an

arbitrary vector:

xT
[
Ṁ(θθθ)− 2C(θθθ, θ̇θθ)

]
x = 0, ∀ x = [x1, · · · , xn]T ∈ Rn (3.2)

Assumption 1. [3] The disturbance D(t) and its derivative are bounded and satisfy:

||D(t)|| ≤ Dmax

||Ḋ(t)|| ≤ Ḋmax

(3.3)

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 that W∗ ≤ Wmax
∗ where

Wmax
∗ is a positive vector. And W∗ is:

W∗ = arg min
W∈Ω

[sup |f̂(x)− f(x)|] (3.4)

Assumption 4. [3] The RBFNN estimation error ε is bounded and sufficiently small such that:

||ε|| ≤ εmax (3.5)

Lemma 1. [62] There exists a compact set ΩŴ that satisfies:

ΩŴ =

{
Ŵ

∣∣∣∣||Ŵ|| ≤ H∗

r2

}
(3.6)

where Ŵ(t) ∈ ΩŴ, ∀ t ≥ 0, given that Ŵ(0) ∈ ΩŴ, r2 is the learning rate, and hj ≤ H∗ ,

where hj 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 = [xi]
T . For this implementation, the input

vector is chosen to be x = [e, ė, θθθd, θ̇dθ̇dθ̇d, θ̈d̈θd̈θd]
T where e, ė, θdθdθd, θ̇dθ̇dθ̇d, θ̈d̈θd̈θd ∈ R4×1. The radial basis

activation function vector in the hidden layer is h = [hj ]
T , where hj is a Gaussian function that is

defined as:

hj = exp

(
−||x− cj ||2

2b2
j

)
(3.7)

where c = [cij ] = [cnm] is the value of the center coordinate point of the Gaussian function

Eq. (3.7), b = [b1, · · · , bm]T is its width value, j is the number of hidden layer nodes in the neural

network and i is the input number of the network. Choosing the optimal values for the parameters

cij and bj 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 defined as W = [W1, · · · ,Wm]T , and f(x) is the function rep-

resenting the manipulator dynamics the RBF will approximate, so the output of the network is

defined as the weighted sum of the output of the hidden layers as we can see in Eq. (3.8).

f̂(x) = ŴTh(x) (3.8)

where Ŵ is the estimation of the ideal weights of the neural network Ŵ∗ and W̃ = Ŵ∗ − Ŵ.

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 = −γh(x)sT

˙̂W = γh(x)sT
(3.9)

where s is the sliding surface defined in Eq. (3.14) and γ is a variable learning rate defined by a

Butterworth filter-type function [64]:

γ =


r1

1 + (||s||/r3)q+1
+ r2, s ̸= 0

r1 + r2, s = 0
(3.10)

where r1, r2, and r3 are positive constants, n ≥ 0, and γ ≤ r1 + r2.

Remark 1. In [62], the learning rate γ is a constant, and they have ΩŴ =

{
Ŵ

∣∣∣∣||Ŵ|| ≤ H∗

γ

}
.

This work uses γ as an adaptive law that satisfies γ ≥ r2. The learning rate γ is at its minimum

when γ = r2, 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].
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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 seen in Fig. 3.2. First,

the RBF approximation is designed. Second, the dynamics model of the system is established.

Third, the tracking errors are defined 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 defined.

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 vector D and with the generalized coordinate

vector θ ∈ Rn representing the system’s states:

M(θθθ)θ̈θθ +C(θθθ, θ̇θθ)θ̇θθ +G(θθθ) = τττ +D (3.11)

Considering Eq. (3.11), and solving for θ̈ yields,
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θ̈θθ = M−1(θθθ)[−C(θθθ, θ̇θθ)θ̇θθ −G(θθθ) + τττ +D] (3.12)

Let us define the position tracking error and its derivatives, velocity, and acceleration, as:

e = θθθd − θθθ

ė = θ̇θθd − θ̇θθ

ë = θ̈θθd − θ̈θθ

(3.13)

Then the sliding mode surface and its derivative can be designed as:
s = λλλe+ ė

ṡ = λλλė+ ë

(3.14)

where λλλ > 0, where 0 is a null vector of the same dimension as λλλ.

The RBFNN sliding mode control law with variable learning rate is given as:

τττ = f̂(x) +Ks+ (εεεN + εεεD)sign(s) (3.15)

where f̂(x) is the output of the RBFNN, and is given by Eq. (3.8), K is a positive definite gain

matrix, εN and εD are robust parameters to overcome the neural network approximation error ε

and the disturbance D(t) and satisfy ||ε|| ≤ εN , and ||D(t)|| ≤ εD, where || · || denotes the

absolute value of its argument.

Remark 2. The sign(s) function in Eq. (3.15) is defined in Eq. (3.16). Its approximation is

formulated as in [66] to attenuate the chattering phenomenon.

sign (s) =
s

||s||+ r
(3.16)

where r can be a positive small function or a saturation function.
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3.2.4 Lyapunov Stability Proof

Now, substituting Eq. (3.12) and Eq. (3.13) in Eq. (3.14), we have:

ṡ = θ̈θθd −M−1(θθθ)[−C(θ, θ̇)θ̇(θ, θ̇)θ̇(θ, θ̇)θ̇ −G(θθθ) + τττ +D(t)] + λλλė (3.17)

Mṡ = M(θ̈θθd + λλλė)−Cs+C(θ̇θθd + λλλe) +G+D− τττ (3.18)

f(x) can be defined as:

f(x) = M(θ̈θθd + λλλė) +C(θ̇θθd + λλλe)−G (3.19)

As a consequence we have:

Mṡ = f(x)−Cs+D− τττ (3.20)

From the RBFNN, we have f̃(x) = f(x)− f̂(x) = W∗Th(x) + ϵ − ŴTh(x) = W̃Th(x) + ϵ

and W̃ = W∗ − Ŵ.

Proof: Let us define the Lyapunov candidate as follows:

V =
1

2
sTMs+

1

2
tr(W̃Tγ−1W̃) (3.21)

Taking the time derivative of V , we have:

V̇ = sTMṡ+
1

2
sTṀs+

1

2
tr(W̃Tγ−1 ˙̃W) (3.22)

Substituting (3.20) in (3.22):

V̇ = sT [W̃Th(x) + εεε−Cs+D−Ks

−(εεεN + εεεD)sign(s)] +
1

2
sTṀs

+
1

2
tr(W̃Tγ−1 ˙̃W)

(3.23)

Let us consider σ = εεε+D−Ks− (εεεN + εεεD)sign(s), then we have:
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V̇ = sTσ − sTCs+
1

2
sTṀs

+sTW̃Th(x)

+
1

2
tr(W̃Tγ−1 ˙̃W)

(3.24)

From property 2 we have that Ṁ(θθθ)− 2C(θθθ, θ̇θθ) = 0. Then substituting the adaptive law from

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

V̇ = sTσ +
1

2
trW̃T(γ−1(−γh(x)sT ) + h(x)sT )

V̇ = sTσ +
1

2
trW̃T(−h(x)sT + h(x)sT )

(3.25)

We find that
1

2
trW̃T(−h(x)sT + h(x)sT ) = 0 and we can see that the stability depends on

the term σ.

V̇ = sT [εεε+ D −Ks− (εεεN + εεεD)sign(s)] (3.26)

So if K > 0, and based on assumptions 1 and 4, we have εεεN > εεεmax, and εεεD > Dmax, then:

V̇ ≤ 0 (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:

θd =


0.2sin(0.5t)
0.2sin(0.6t)
0.15sin(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 five

nodes in the hidden layer, the variance is chosen as b = [0.5, 0.5, 0.5, 0.5, 0.5], and the center c is

given as Eq. 3.29. The weight values are updated online by the adaptive law defined in Eq. (3.9)

and their initial values are selected as W = [0.1, 0.1, 0.1, 0.1, 0.1]T . The variable learning rate

parameters for the simulation and experimental results are set as r1 = 35, r2 = 5, r3 = 0.5, and

q = 3 throughout this thesis unless otherwise specified.

c =


−0.1 −0.05 0 0.05 0.1

−0.1 −0.05 0 0.05 0.1

−0.1 −0.05 0 0.05 0.1

−5 −2.5 0 2.5 5

−0.1 −0.05 0 0.05 0.1

 (3.29)

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

chosen as:

εN =
[
0.15 0.15 0.0015 0.0015

]
(3.30)

εD =
[
0.25 0.25 0.0025 0.0025

]
(3.31)

K =


1.5 0 0 0

0 1.5 0 0

0 0 0.9 0

0 0 0 1.2

 (3.32)

λλλ =


8 0 0 0

0 8 0 0

0 0 8 0

0 0 0 8

 (3.33)

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.
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Figure 3.4: Simulation trajectory tracking for joint 2.
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Figure 3.5: Simulation trajectory tracking for joint 3.
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Figure 3.6: Simulation trajectory tracking for joint 4.
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Figure 3.7: Simulation trajectory tracking in x-direction.
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Figure 3.8: Simulation trajectory tracking in y-direction.
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Figure 3.9: Simulation trajectory tracking in z-direction.

3.3.1 System Convergence for Different Learning Rates

Finding the best constant value for the learning rate, γ, is 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

γ is too small due to the smaller weight changes. On the other hand, if γ is too 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 larger if γ is 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. 3.17. If γ is too 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.
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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
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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

0 500 1000 1500

Learning rate 

0

0.01

0.02

0.03

0.04

0.05

0.06

O
v
e
rs

h
o
o
t 
(r

a
d
)

[2,0.05854] 

[35,0.013539]

[100,0.0061349]

[200,0.0035541]

[400,0.0020609] [700,0.0013668]
[1000,0.0010627]

[1200,0.0012409]
[1500,0.0033292]

Overshoot in joint 1 for different learning rates

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
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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 of 0.2 rad was applied at t = 4 s and t = 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.

usmc = ηηηsign(s) +Ks (3.34)

The gains of the sliding mode control were chosen as follows unless otherwise stated:

ηηη =
[
1.2 1.25 0.005 0.002

]
(3.35)

40



K =


1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

 (3.36)

λλλ =


5 0 0 0

0 5 0 0

0 0 5 0

0 0 0 5

 (3.37)

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.
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Figure 3.18: Simulation tracking error for joint 1
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Figure 3.19: Simulation tracking error for joint 2
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Figure 3.20: Simulation tracking error for joint 3
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Figure 3.21: Simulation tracking error for x-direction
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Figure 3.22: Simulation tracking error for y-direction
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Figure 3.23: Simulation tracking error for z-direction

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 of 54.0 g, and the last one with a payload of 102.6 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 five nodes in the hidden layer, the

variance was chosen as b = [0.5, 0.5, 0.5, 0.5, 0.5], and the center c is given as Eq. (3.29). The

weight values are updated online by the adaptive law defined in Eq. (3.9) and their initial values

44



Figure 3.24: Matlab/Simulink model for the control implementation

are selected as W = [0.1 0.1 0.1 0.1 0.1]T .

c =


−0.1 −0.05 0 0.05 0.1

−0.1 −0.05 0 0.05 0.1

−0.1 −0.05 0 0.05 0.1

−5 −2.5 0 2.5 5

−0.1 −0.05 0 0.05 0.1

 (3.38)

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

stated:

εN =
[
0.15 0.15 0.15 0.15

]
(3.39)

εD =
[
0.35 0.35 0.35 0.35

]
(3.40)

K =


20 0 0 0

0 20 0 0

0 0 20 0

0 0 0 20

 (3.41)

λλλ =


12 0 0 0

0 12 0 0

0 0 12 0

0 0 0 12

 (3.42)
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Figure 3.25: 54 g payload Figure 3.26: 102.6 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 first trajectory is generated in

the joint space so the joint commands change over time as shown in Eq. (3.44).

θd =
[
θ1 θ2 θ3 θ4

]T
(3.43)

where
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θ1 = 0.2sin(0.5t)

θ2 =



0.05t, 0 < t ≤ 10s

0.5, 10 < t ≤ 22s

0.05(−t+ 32), 22 < t ≤ 32s

0, t > 32s

θ3 =



0, 0 < t ≤ 10s

0.05(t− 10), 10 < t ≤ 22s

0.6, 22 < t ≤ 32s

0.05(−t+ 44), 32 < t ≤ 44s

0, t > 44s

θ4 = 0

(3.44)

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.

47



0 5 10 15 20 25 30 35 40 45

Time(s)

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

A
n

g
le

 (
ra

d
)

Desired position joint 1

Actual position joint 1

Figure 3.27: VLR-RBFNN-SMC trajectory 1 tracking for joint 1 with no payload
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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
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Figure 3.30: VLR-RBFNN-SMC trajectory 1 tracking in x-direction with no payload
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Figure 3.31: VLR-RBFNN-SMC trajectory 1 tracking in y-direction with no payload
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Figure 3.32: VLR-RBFNN-SMC trajectory 1 tracking in z-direction 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.

waypoints =
[
0.45 0 0.49

] [
0 −0.45 0.15

] [
0 0.45 0.20

]
(3.45)

θd = a0 + a1t+ a2t
2 + a3t

3 (3.46)

where θd are the joints desired positions given as:

θd =
[
θ1 θ2 θ3 θ4

]T
(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.
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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
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Figure 3.35: VLR-RBFNN-SMC trajectory 2 tracking for joint 3 with no payload
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Figure 3.36: VLR-RBFNN-SMC trajectory 2 tracking in x-direction with no payload
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Figure 3.37: VLR-RBFNN-SMC trajectory 2 tracking in y-direction with no payload
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Figure 3.38: VLR-RBFNN-SMC trajectory 2 tracking in z-direction with no payload

3.4.3 Performance comparison of VLR-RBFNN-SCM and RBFNN-SMC for Tra-

jectory 1

To demonstrate the learning behavior of the neural network, we compare the estimation perfor-

mance of the proposed VLR-RBFNN-SCM with an RBFNN-SMC with a fixed learning rate for

different payload variations. Considering the parameters chosen for the Butterworth filter function

r1 = 35, r2 = 5, r3 = 0.5, q = 3, the variable learning rate can be set as:

γ =


35

1 + (||s||/0.5)4
+ 5, s ̸= 0

40, s = 0
(3.48)

Therefore for a reliable experimental comparison, we set the fixed learning rate (γ
f
) as γ

f
=

max(γ) = 40. Fig. 3.39, Fig. 3.40, Fig. 3.41 show the performance comparison for no payload.

Fig. 3.42, Fig. 3.43, Fig. 3.44 show the performance comparison for 54g payload. Fig. 3.45,

Fig. 3.46, Fig. 3.47 show the performance comparison for 102.6g payload. The results show the

variable learning rate contribution to suppressing the overshoot when estimating the dynamics.
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Figure 3.39: Estimation performance comparison between VLR and γ = 40 for joint 1 with no

payload in trajectory 1
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Figure 3.40: Estimation performance comparison between VLR and γ = 40 for joint 2 with no

payload in trajectory 1
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Figure 3.41: Estimation performance comparison between VLR and γ = 40 for joint 3 with no

payload in trajectory 1

(b) 54 g payload:
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Figure 3.42: Estimation performance comparison between VLR and γ = 40 for joint 1 with 54 g

payload in trajectory 1
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Figure 3.43: Estimation performance comparison between VLR and γ = 40 for joint 2 with 54 g

payload in trajectory 1
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Figure 3.44: Estimation performance comparison between VLR and γ = 40 for joint 3 with 54 g

payload in trajectory 1
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(c) 102.6 g payload:
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Figure 3.45: Estimation performance comparison between VLR and γ = 40 for joint 1 with 102.6

g payload in trajectory 1
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Figure 3.46: Estimation performance comparison between VLR and γ = 40 for joint 2 with 102.6

g payload in trajectory 1
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Figure 3.47: Estimation performance comparison between VLR and γ = 40 for joint 3 with 102.6

g payload in trajectory 1

3.4.4 Performance comparison of VLR-RBFNN-SCM and RBFNN-SMC for Tra-

jectory 2

The experiments realized in subsection 3.4.3 were repeated here for the second trajectory. Fig. 3.48,

Fig. 3.49, Fig. 3.50 show the performance comparison for no payload. Fig. 3.51, Fig. 3.52,

Fig. 3.53 show the performance comparison for 54 g payload. Fig. 3.54, Fig. 3.55, Fig. 3.56

show the performance comparison for 102.6 g payload. The results show the variable learning

rate contribution to suppressing the overshoot when estimating the dynamics.
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Figure 3.48: Estimation performance comparison between VLR and γ = 40 for joint 1 with no

payload in trajectory 2
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Figure 3.49: Estimation performance comparison between VLR and γ = 40 for joint 2 with no

payload in trajectory 2
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Figure 3.50: Estimation performance comparison between VLR and γ = 40 for joint 3 with no

payload in trajectory 2

(b) 54 g payload:
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Figure 3.51: Estimation performance comparison between VLR and γ = 40 for joint 1 with 54 g

payload in trajectory 2
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Figure 3.52: Estimation performance comparison between VLR and γ = 40 for joint 2 with 54 g

payload in trajectory 2
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Figure 3.53: Estimation performance comparison between VLR and γ = 40 for joint 3 with 54 g

payload in trajectory 2
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(c) 102.6 g payload:
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Figure 3.54: Estimation performance comparison between VLR and γ = 40 for joint 1 with 102.6

g payload in trajectory 2
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Figure 3.55: Estimation performance comparison between VLR and γ = 40 for joint 2 with 102.6

g payload in trajectory 2
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Figure 3.56: Estimation performance comparison between VLR and γ = 40 for joint 3 with 102.6

g payload in trajectory 2

3.4.5 Comparison with PID and SMC for Trajectory 1

To validate the robustness of our proposed control under different situations, we compare the

proposed controller with classical PID control, given in Eq. (3.49).

upid = Kpe+Kdė+Ki

∫
e(t) dt

upid = Kps+Ki

∫
e(t) dt

(3.49)

where s is defined in Eq. (3.14). Therefore,

Kp =


20 0 0 0

0 20 0 0

0 0 20 0

0 0 0 20

 (3.50)

Ki =


0.003 0 0 0

0 0.003 0 0

0 0 0.003 0

0 0 0 0.003

 (3.51)
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λλλpid =


12 0 0 0

0 12 0 0

0 0 12 0

0 0 0 12

 (3.52)

Kd = Kpλλλpid (3.53)

We also compare our proposed controller with classical sliding mode control. Its design is

given as follows:

Ksmc =


0.5 0 0 0

0 0.5 0 0

0 0 0.5 0

0 0 0 0.5

 (3.54)

ηηηsmc =


0.5 0 0 0

0 0.5 0 0

0 0 0.5 0

0 0 0 0.5

 (3.55)

λλλsmc =


12 0 0 0

0 12 0 0

0 0 12 0

0 0 0 12

 (3.56)

Three experiments for each controller with payload variation were conducted, one with no

payload, one with a 54g payload, and another with a 102.6g payload.

The controller’s tracking errors for the VLR-RBFNN-SMC and the classical PID are plotted

against one another. Fig. 3.57, Fig. 3.58, Fig. 3.59 show the tracking errors with no payload.

Fig. 3.63, Fig. 3.64, Fig. 3.65 show the tracking errors for a 54 g payload. Fig. 3.69, Fig. 3.70,

Fig. 3.71 show the tracking errors for a 102.6 g payload. For a fair comparison, the gains of the

PID controller were manually tuned for a better control performance. It can be observed that the

proposed controller is more robust against payload variation given that we have smaller tracking

errors compared to classical PID controller when submitted to the same conditions.

The controller’s tracking errors for the VLR-RBFNN-SMC and the classical SMC are plotted

against one another. Fig. 3.18, Fig. 3.19, Fig. 3.20 show the tracking errors with no payload.
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Fig. 3.66, Fig. 3.67, Fig. 3.68 show the tracking errors for a 54 g payload. Fig. 3.72, Fig. 3.73,

Fig. 3.74 show the tracking errors for a 102.6 g payload. For a fair comparison, the gains of the

sliding mode were manually tuned for a better control performance. It can be observed that the

proposed controller is more robust against payload variation given that we have smaller tracking

errors compared to classical sliding mode when submitted to the same conditions.
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Figure 3.57: Trajectory 1 tracking error for joint 1 with no payload
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Figure 3.58: Trajectory 1 tracking error for joint 2 with no payload
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Figure 3.59: Trajectory 1 tracking error for joint 3 with no payload
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Figure 3.60: Trajectory 1 tracking error for joint 1 with no payload
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Figure 3.61: Trajectory 1 tracking error for joint 2 with no payload
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Figure 3.62: Trajectory 1 tracking error for joint 3 with no payload

Table 3.1, shows the absolute mean and maximum error of the tracking from the first trajectory

of the controllers. We can see that the proposed method can outperform PID and SMC when

carrying no payload. For the reader’s convenience, the overall smallest errors were highlighted.

Table 3.1: Comparison of experimental errors for trajectory 1 with no payload

VLR-RBFNN-SMC PID SMC
Mean Maximum Mean Maximum Mean Maximum

|eθ1 | (rad) 0.0017 0.0662 0.0075 0.0122 0.0260 0.0401

|eθ2 | (rad) 0.0229 0.0412 0.0264 0.0572 0.0313 0.0559

|eθ3 | (rad) 0.0138 0.1189 0.0176 0.0333 0.0290 0.1542

|ex| (m) 0.0056 0.0130 0.0060 0.0185 0.0097 0.0201

|ey| (m) 0.0023 0.0295 0.0032 0.0078 0.0108 0.0185

|ez| (m) 0.0113 0.0480 0.0152 0.0370 0.0188 0.0718
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(b) 54 g payload:
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Figure 3.63: Trajectory 1 tracking error for joint 1 with 54 g payload
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Figure 3.64: Trajectory 1 tracking error for joint 2 with 54 g payload
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Figure 3.65: Trajectory 1 tracking error for joint 3 with 54 g payload
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Figure 3.66: Trajectory 1 tracking error for joint 1 with 54 g payload
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Figure 3.67: Trajectory 1 tracking error for joint 2 with 54 g payload
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Figure 3.68: Trajectory 1 tracking error for joint 3 with 54 g payload

Table 3.2, shows the absolute mean and maximum error of the tracking from the first tra-
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jectory of the controllers. We can see that the proposed method can outperform PID and SMC

when carrying a payload of 54 g. For the reader’s convenience, the overall smallest errors were

highlighted.

Table 3.2: Comparison of experimental errors for trajectory 1 with 54.0 g payload

VLR-RBFNN-SMC PID SMC
Mean Maximum Mean Maximum Mean Maximum

|eθ1 | (rad) 0.0018 0.0621 0.0075 0.0345 0.0269 0.0388

|eθ2 | (rad) 0.0235 0.0427 0.0276 0.0432 0.0369 0.0568

|eθ3 | (rad) 0.0159 0.0836 0.0198 0.0384 0.0288 0.1112

|ex| (m) 0.0055 0.0135 0.0061 0.0127 0.0097 0.0204

|ey| (m) 0.0023 0.0284 0.0033 0.0156 0.0111 0.0192

|ez| (m) 0.0116 0.0461 0.0165 0.0312 0.0200 0.0425

(c) 102 g payload:
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Figure 3.69: Trajectory 1 tracking error for joint 1 with 102.6 g payload
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Figure 3.70: Trajectory 1 tracking error for joint 2 with 102.6 g payload
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Figure 3.71: Trajectory 1 tracking error for joint 3 with 102.6 g payload
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Figure 3.72: Trajectory 1 tracking error for joint 1 with 102.6 g payload
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Figure 3.73: Trajectory 1 tracking error for joint 2 with 102.6 g payload
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Figure 3.74: Trajectory 1 tracking error for joint 3 with 102.6 g payload

Table 3.3, shows the absolute mean and maximum error of the tracking from the first trajectory

of the controllers. We can see that the proposed method can outperform PID and SMC when

carrying a payload of 102.6 g. For the reader’s convenience, the overall smallest errors were

highlighted.

Table 3.3: Comparison of experimental errors for trajectory 1 with 102.6 g payload

VLR-RBFNN-SMC PID SMC
Mean Maximum Mean Maximum Mean Maximum

|eθ1 | (rad) 0.0018 0.0277 0.0078 0.0226 0.0255 0.0378

|eθ2 | (rad) 0.0246 0.0620 0.0286 0.0484 0.0335 0.0649

|eθ3 | (rad) 0.0157 0.0836 0.0460 0.2263 0.0297 0.0980

|ex| (m) 0.0053 0.0173 0.0045 0.1065 0.0088 0.0181

|ey| (m) 0.0021 0.0130 0.0039 0.0128 0.0107 0.0185

|ez| (m) 0.0123 0.0617 0.0274 0.0116 0.0203 0.0598
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3.4.6 Comparison with PID and SMC for Trajectory 2

The experiments conducted in subsection 3.4.5 are repeated here for the second trajectory. For

a fair comparison, the gains of the VLR-RBFNN-SMC, the PID controller, and the sliding mode

control were manually tuned for a better control performance and are given as follows:

The gains for the VLR-RBFNN-SMC controller for the second trajectory are:

εN =
[
0.15 0.15 0.15 0.15

]
(3.57)

εD =
[
0.35 0.35 0.35 0.35

]
(3.58)

K =


25 0 0 0

0 30 0 0

0 0 20 0

0 0 0 20

 (3.59)

λλλ =


15 0 0 0

0 15 0 0

0 0 15 0

0 0 0 15

 (3.60)

The gains for the PID controller for the second trajectory are:

Kp =


14 0 0 0

0 14 0 0

0 0 14 0

0 0 0 14

 (3.61)

Ki =


0.003 0 0 0

0 0.003 0 0

0 0 0.003 0

0 0 0 0.003

 (3.62)

λλλpid =


13 0 0 0

0 13 0 0

0 0 13 0

0 0 0 13

 (3.63)

Kd = Kpλλλpid (3.64)
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The gains for the SMC controller for the second trajectory are:

Ksmc =


0.1 0 0 0

0 0.1 0 0

0 0 0.1 0

0 0 0 0.1

 (3.65)

ηηηsmc =


0.5 0 0 0

0 0.5 0 0

0 0 0.5 0

0 0 0 0.5

 (3.66)

λλλsmc =


13 0 0 0

0 13 0 0

0 0 13 0

0 0 0 13

 (3.67)

The controller’s tracking errors for the VLR-RBFNN-SMC and the classical PID are plotted

against one another. Fig. 3.75, Fig. 3.76, Fig. 3.77 show the tracking errors with no payload.

Fig. 3.81, Fig. 3.82, Fig. 3.83 show the tracking errors for a 54 g payload. Fig. 3.87, Fig. 3.88,

Fig. 3.89 show the tracking errors for a 102.6 g payload. It can be observed that the proposed

controller is more robust against payload variation given that we have smaller tracking errors

compared to the classical PID controller when submitted to the same conditions.

The controller’s tracking errors for the VLR-RBFNN-SMC and the classical SMC are plot-

ted against one another. Fig. 3.78, Fig. 3.79, Fig. 3.80 show the tracking errors with no payload.

Fig. 3.84, Fig. 3.85, Fig. 3.86 show the tracking errors for a 54 g payload. Fig. 3.90, Fig. 3.91,

Fig. 3.92 show the tracking errors for a 102.6 g payload. It can be observed that the proposed

controller is more robust against payload variation given that we have smaller tracking errors

compared to classical sliding mode when submitted to the same conditions.
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Figure 3.75: Trajectory 2 tracking error for joint 1 with no payload
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Figure 3.76: Trajectory 2 tracking error for joint 2 no payload
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Figure 3.77: Trajectory 2 tracking error for joint 3 no payload
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Figure 3.78: Trajectory 2 tracking error for joint 1 with no payload
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Figure 3.79: Tracking error for joint 2 with no payload
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Figure 3.80: Trajectory 2 tracking error for joint 3 with no payload

Table 3.4, shows the absolute mean and maximum error of the tracking from the second trajec-

tory of the controllers. We can see that the proposed method can outperform PID and SMC when
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carrying no payload. For the reader’s convenience, the overall smallest errors were highlighted.

Table 3.4: Comparison of experimental errors for trajectory 2 with no payload

VLR-RBFNN-SMC PID SMC
Mean Maximum Mean Maximum Mean Maximum

|eθ1 | (rad) 0.0096 0.0220 0.0115 0.0237 0.0153 0.0289

|eθ2 | (rad) 0.0413 0.1292 0.0766 0.1789 0.0499 0.1132

|eθ3 | (rad) 0.0255 0.0875 0.0115 0.1233 0.0358 0.1370

|ex| (m) 0.0072 0.0264 0.0107 0.0336 0.0077 0.0229

|ey| (m) 0.0047 0.0189 0.0072 0.0212 0.0060 0.0251

|ez| (m) 0.0160 0.0462 0.0361 0.0933 0.0289 0.0826

(b) 54 g payload:

0 5 10 15 20 25 30 35 40 45

Time(s)

-0.025

-0.02

-0.015

-0.01

-0.005

0

0.005

0.01

0.015

0.02

0.025

E
rr

o
r 

in
 j
o
in

t 
1
 (

ra
d
)

VLR-RBFNN-SMC

PID

Figure 3.81: Trajectory 2 tracking error for joint 1 with 54 g payload
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Figure 3.82: Trajectory 2 tracking error for joint 2 with 54 g payload
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Figure 3.83: Trajectory 2 tracking error for joint 3 with 54 g payload
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Figure 3.84: Trajectory 2 tracking error for joint 1 with 54 g payload
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Figure 3.85: Trajectory 2 tracking error for joint 2 with 54 g payload
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Figure 3.86: Trajectory 2 tracking error for joint 3 with 54 g payload

Table 3.5, shows the absolute mean and maximum error of the tracking from the second tra-

jectory of the controllers. We can see that the proposed method can outperform PID and SMC

when carrying a payload of 54 g. For the reader’s convenience, the overall smallest errors were

highlighted.

Table 3.5: Comparison of experimental errors for trajectory 2 with 54.0 g payload

VLR-RBFNN-SMC PID SMC
Mean Maximum Mean Maximum Mean Maximum

|eθ1 | (rad) 0.0100 0.0240 0.0113 0.0238 0.0155 0.0324

|eθ2 | (rad) 0.0396 0.1050 0.0790 0.1771 0.0519 0.1103

|eθ3 | (rad) 0.0246 0.0684 0.0351 0.1246 0.0347 0.1250

|ex| (m) 0.0074 0.0255 0.0104 0.0323 0.0088 0.0238

|ey| (m) 0.0049 0.0201 0.0072 0.0265 0.0060 0.0210

|ez| (m) 0.0166 0.0255 0.0104 0.0323 0.0293 0.0768
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(c) 102.6 g payload:
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Figure 3.87: Trajectory 2 tracking error for joint 1 with 102.6 g payload
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Figure 3.88: Trajectory 2 tracking error for joint 2 with 102.6 g payload
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Figure 3.89: Trajectory 2 tracking error for joint 3 with 102.6 g payload
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Figure 3.90: Trajectory 2 tracking error for joint 1 with 102.6 g payload
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Figure 3.91: Trajectory 2 tracking error for joint 2 with 102.6 g payload
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Figure 3.92: Trajectory 2 tracking error for joint 3 with 102.6 g payload

Table 3.6, shows the absolute mean and maximum error of the tracking from the second tra-

jectory of the controllers. We can see that the proposed method can outperform PID and SMC
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when carrying a payload of 102.6 g. For the reader’s convenience, the overall smallest errors were

highlighted.

Table 3.6: Comparison of experimental errors for trajectory 2 with 102.6 g payload

VLR-RBFNN-SMC PID SMC
Mean Maximum Mean Maximum Mean Maximum

|eθ1 | (rad) 0.0096 0.0220 0.0382 0.0226 0.0153 0.0289

|eθ2 | (rad) 0.0413 0.1292 0.0768 0.1743 0.0499 0.1132

|eθ3 | (rad) 0.0255 0.0875 0.0382 0.1478 0.0358 0.1370

|ex| (m) 0.0182 0.0264 0.0092 0.0296 0.0077 0.0229

|ey| (m) 0.0047 0.0189 0.0071 0.0271 0.0060 0.0251

|ez| (m) 0.0182 0.0462 0.0383 0.1009 0.0289 0.0826

3.4.7 Comparison with Back-stepping Controller from Literature

In [67], the authors proposed a feedback controller by combining a backstepping controller with

a high-gain observer. They aimed to track the end-effector in x and y coordinates given a desired

trajectory. The backstepping controller was designed to drive the system states to follow the

trajectory and the observer was designed to estimate the unknown states of the system.

The QArm was used to evaluate their method, which is the same hardware used in this work,

so we believe this would be a fair approach to demonstrate our control achievements. Therefore,

to compare the proposed controller performance, we implement it to follow the desired trajectory

shown in Eq. (3.68), where the frequency is given as f = 0.125 Hz, same as [67].

x(t) = 0.4 + 0.1sin(2πft)

y(t) = 0.2 + 0.1cos(2πft)
(3.68)

The gains of the VRL-RBFNN-SMC were chosen as:

ηηη =
[
0.5 0.5 0.5 0.5

]
(3.69)
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K =


12 0 0 0

0 47 0 0

0 0 37 0

0 0 0 3

 (3.70)

λλλ =


12 0 0 0

0 12 0 0

0 0 12 0

0 0 0 12

 (3.71)

where ηηη = εN + εD.

The control performance for the trajectory tracking of Eq. (3.68) is shown from Fig. 3.93 to

Fig. 3.95.
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Figure 3.93: Trajectory tracking for x-direction
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Figure 3.94: Trajectory tracking for y-direction
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Figure 3.95: Path following for x-y directions

The tracking errors in x-y directions are shown in Fig. 3.96. We can see that the absolute error
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in the x direction does not go above 0.01 m and the absolute error in the y direction does not go

above 0.008m. In contrast to [67], where a trajectory tracking error for the end-effector was of less

than 3%, the proposed controller can achieve a tracking error for the end-effector in x-y directions

with a total error of less than 2.12% as can be seen in Fig. 3.97.

where xd and yd are the desired x-y positions and xm and ym are the actual x-y positions.
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Figure 3.96: Tracking error for x-y directions
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Figure 3.97: x-y tracking error percentage

3.4.8 Implementation for Autonomous Manipulation

Accurately following control commands is not enough for precise autonomous manipulation by

itself. The robot should also be able to perceive and interact with its surroundings considering the

information feedback from its sensors. Therefore, acquiring the position and orientation of the

object is important information to achieve an autonomous manipulation task successfully.

Deep learning techniques have been largely used to implement detection methods. The Gen-

erative Grasping Convolutional Neural Network (GGCNN) is a grasp detection neural network

developed by [68]. The real-time model can be used for closed-loop grasping. This neural net-

work can detect the grasp candidates on a single stage, taking the depth camera as input and

directly outputting the grasp detection.

For this implementation, the GGCNN is modified by adding layers consisting of a convolution

layer and a sigmoid function layer to the model to enhance the performance of the algorithm. The

structure of the layers can be seen in Fig. 3.98. The model takes a 300x300 depth image as an
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input and outputs the best grasp detection.

Figure 3.98: Model architecture

For this case study, the proposed controller is combined with a modified GGCNN to realize

autonomous payload manipulation. The detection module is implemented in Python and returns

the centroid coordinates of the detection bounding box as well as the depth distance of the object

from the camera. This information is then sent to the Matlab/Simulink module, which uses the

camera parameters to acquire the object pick coordinates. Since the object place coordinate is

known, the autonomous manipulation is then realized.
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3.4.8.1 Camera Calibration

Camera calibration is an important aspect of computer vision, especially when implementing de-

tection algorithms. The calibration estimates the camera’s intrinsic and extrinsic parameters that

are essential to map 3D objects in world coordinates to 2D image coordinates and vice-versa, their

relationship can be seen in Fig. 3.99. The extrinsic parameters project to the 3D world coordinates

into 3D camera coordinates and consist of a 3x3 rotation matrix and a 3x1 translation matrix. We

can visualize the extrinsic parameters from the calibration in Fig. 3.101.

Figure 3.99: Coordinates transformation

The intrinsic parameters project the 3D camera coordinates into 2D image coordinates and is

defined by:

I =

fx s cx
0 fy cy
0 0 1

 (3.72)

where fx and fy are the focal length in pixels, cx and cy are the optical center and s is the skew

coefficient.

The calibration was done using the Camera Calibrator from Matlab [69]. A minimum of 20

images are necessary for good calibration, in this case, 28 images of an 8x6 chessboard acquired

from the camera located at the top of the QArm end-effector were uploaded to the calibrator app.

Fig. 3.100a is an example of the images uploaded. After that, we ran the calibration to detect the

intersection points on the chessboard images as shown in Fig. 3.100b.

The results from the calibration can be seen in Fig. 3.101 which represents the visualization
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(a) Sample image from the calibration (b) Detected points on the chessboard

Figure 3.100: Calibration image samples

of the extrinsic parameters and Fig. 3.102 which shows the calibration accuracy by displaying

the error per image. The mean projection error per image for this calibration is 0.85 pixels. The

precision requirements for the applications of the camera calibration will determine if the errors

need to be further improved. To do that, one can take more calibration images or exclude the

images with higher projection errors from the calibration.

3.4.8.2 Training and Evaluation

The neural network was trained on the Cornell dataset [70] for a 100 epochs, which is a neural

network hyperparameter that consists of the number of times that all training data passes through

the algorithm [71]. The dataset was split as follows: 80% for training and 20% for validation.

Some sample detections on the validation dataset are shown in Fig. 3.103.

The modified GGCNN model performed 81% on the Cornell validation dataset when com-

pared to the original model, which got 76.4% for the GGCNN architecture using the pre-trained

weights provided by the authors. The success rate was computed based on the IoU (Intersection

over Union) method which is given by Eq. (3.73).
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Figure 3.101: Camera extrinsic parameters
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Figure 3.102: Reprojection error per image

IoU =
Pc

Pc + Pf
(3.73)

where Pc are the correct predictions and Pf are the failed predictions.
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Figure 3.103: Grasp detection on Cornell validation dataset. The top left image shows the detec-

tion on the RGB image. The top right image shows the detection on the depth image. The bottom

left image shows the grasp quality and the bottom right image shows the angle in radians for

grasping

3.4.8.3 Grasping Trials

The modified neural network model was implemented on hardware to execute a pick-and-place

task. The object’s place position is known, however, the object’s pick position is unknown. The

picking coordinate is acquired from the detection. The centroid coordinates of the bounding box

are acquired and from that, we can get the depth distance of the object to the camera. With this

information, we can transform the object location from the image frame to the world frame by

using the parameters estimated from the camera calibration.
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That being said, a Python script was implemented to run inference on the camera, realize the

detections, and return the detection centroid coordinates, depth distance, and wrist angle. The

detections are resolved in 0.0333 seconds so then this model is feasible for real-time applications.

The information obtained from the detections is then sent to Matlab/Simulink using the socket

interface via TCP/IP communication to generate the control commands and trajectory to drive the

system to realize the task. Fig. 3.104 and Fig. 3.109 show the servoing module where the robot is

doing the detection. Once the detection is realized and the position of the object in the workspace

is obtained, the robot moves to the pick location, picks the object Fig. 3.105, moves it to the place

location at the white container Fig. 3.106, and places it Fig. 3.107.

Figure 3.104: Robot realizing the detection

The validate the performance of the proposed method three sets of tests were realized. The

first trial consisted of trying to grasp a red cup for 10 times. The second one was repeating the

first trial but with a black cup. And finally, 10 attempts of grasping both red and black cups were

performed, in order to see how the proper method adapts to different objects, considering that the

cups have different colors and sizes.

For the first trial, the robot was able to successfully pick and place the object 6 times out of

10. For the second trial, the robot was able to successfully pick and place the object 7 times out of
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Figure 3.105: Robot picking the object

Figure 3.106: Robot moving to the place position

10. For the last trial, the robot was able to successfully pick and place the objects 5 times out of

10. Samples of the detections can be seen in Fig. 3.109 and Fig. 3.108.

3.4.8.4 Trajectory Tracking for Grasping

The trajectory is designed as a set of waypoints. As mentioned before, the pick waypoint is

acquired from the detection, and the place location is known. The joints and xyz-direction tracking

errors are shown in Fig. 3.110 and Fig. 3.111.
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Figure 3.107: Robot placing the object

Figure 3.108: Grasp detection for the black cup from the camera view

The gains for the VLR-RBFNN-SMC controller for the autonomous manipulation are:

εN =
[
0.15 0.15 0.15 0.15

]
(3.74)

εD =
[
0.35 0.35 0.35 0.35

]
(3.75)
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Figure 3.109: Grasp detection for the red cup from the camera view

K =


5 0 0 0

0 25 0 0

0 0 20 0

0 0 0 5

 (3.76)

λλλ =


12 0 0 0

0 12 0 0

0 0 12 0

0 0 0 12

 (3.77)

Since the desired trajectory generation is not continuous, when the robot moves from one

waypoint to another an overshoot when changing waypoints occurs. For this reason, we can see

a few jumps in the tracking errors. However, since these are pointed spikes, the overall control

performance is similar to the ones achieved in the previous trajectories as we can see in Table 3.7

that shows the controller’s absolute mean and median errors.
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Figure 3.110: Joint tracking errors
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Table 3.7: Experimental errors for the trajectory tracking of the autonomous manipulation

VLR-RBFNN-SMC
Mean Median

|eθ1 | (rad) 0.0581 0.0047

|eθ2 | (rad) 0.0490 0.0473

|eθ3 | (rad) 0.0490 0.0479

|ex| (m) 0.0205 0.0139

|ey| (m) 0.0158 0.0014

|ez| (m) 0.0166 0.0135
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4 Conclusions and Future Work

4.1 Conclusions

This thesis focused on robust control for trajectory tracking in robotic payload transportation

which can contribute to the advancements of autonomous warehouse implementation or other sce-

narios that involve robotic manipulation of payloads. A significant topic in autonomous robotic

manipulation was addressed: control design for trajectory tracking.

A neural network-based sliding mode control with a variable learning rate was proposed to

follow a desired trajectory. Extensive experiments were realized to validate the proposed model

performance. First, the VLR-RBFNN-SMC estimation performance is compared to the RBFNN-

SMC with a fixed learning rate for two trajectories. From the results, it was shown that the

proposed approach can suppress the overshoot when estimating the dynamics. Second, VLR-

RBFNN-SMC was compared with classical PID and SMC for different trajectories under payload

variations. In the results, it was shown that the VLR-RBFNN-SMC can outperform the classical

controllers, especially under complex scenarios (larger payload and wider joint angle variations).

Third, the VLR-RBFNN-SMC was compared to a controller from the literature [67] to follow a

desired path. The proposed approach can achieve a total tracking error for the end-effector in x-y

directions of less than 2.12% in comparison with less than 3% achieved in [67]. Finally, the pro-

posed controller was implemented with a grasp detection algorithm to realize an autonomous task.
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For the first trial, the task succeeded 60% of the time. For the second trial, the task succeeded 70%

of the time. For the third trial which was a mix of two objects, the task succeeded 50% of the time.

Compared to other approaches the contributions of this work consist of:

• Instead of considering the nominal model and approximating the uncertainties, this work

considers that the dynamics model is completely unknown, using a learning-based approach

to estimate the system model.

• The proposed controller was extensively validated and evaluated under different conditions

with different types of trajectories. The results showed that the proposed controller outper-

formed other alternatives including some controllers from the literature.

• The proposed controller can be smoothly integrated with grasping techniques to address

autonomous payload manipulation tasks.

4.2 Future Work

The work of this thesis can likely be extended to investigate different aspects of the control design

problem. This thesis considered estimating the overall unknown dynamics of the robotic sys-

tem. However, some forces have a greater impact on the system’s performance, for example, the

gravitational force. Therefore, other applications of robot manipulators may require more robust

compensation for these forces acting on the system. Consequently, designing a pipeline such as

an observer or estimator that can improve the compensation for the action of these forces on the

robot’s joints might be a good topic to explore. Furthermore, studying and investigating methods

for trajectory generation that can avoid obstacles is a good topic to further extend and contribute

to this work. Additionally, extending the implementation of this controller to be integrated with

autonomous manipulation by investigating grasp detection and vision-based techniques is an open

research topic.
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