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Abstract

Enhancing the Path Accuracy of an Industrial Robot with Visual Servoing
and Reinforcement Learning

Tao Zhou

Industrial robots generally exhibit poor path accuracy and thus cannot satisfy many

manufacturing requirements. Improving robot path accuracy necessitates motion control

with feedback from high-precision external sensors. Typically, feedback control strategies

for an industrial robot are realized by adjusting the robot’s intrinsic motion via an external

controller.

In this research, the control scheme consists of position-based visual servoing (PBVS).

An external pose correction controller is introduced to enhance a robot’s path accuracy by

reducing the path error.

A proportional-integral-derivative (PID) controller is utilized as the primary control

method. Due to the repetitiveness of robotic tasks, the control performance can undergo

iterative improvement by supplementing the baseline PID controller with a reinforcement

learning (RL) based controller, trained via an actor-critic algorithm. The experimental plat-

form comprises two commercial systems: the C-Track 780 dual camera sensor (Creaform)

and the M-20iA robot (FANUC). The control performance is assessed using mean absolute

error (MAE) and maximum error.

The effect of supplementing the baseline PID controller with the proposed RL-based

controller is assessed with two experiments. Experiment 1 consists of position-only line

following, while experiment 2 consists of full pose line following. Qualitatively, transient
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performance is improved by overshoot attenuation. In experiment 1, the RL-based con-

troller reduces MAE and maximum errors by 10% and 20%, respectively in the transient

phase. The resulting position path accuracy is±0.09 mm. In the (full pose) experiment, the

MAE is not significantly affected, where the maximum errors deteriorate by 4% in position

but improve by 9% in orientation. The resulting path accuracy is ±0.30 mm / ±0.07 ◦.
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Chapter 1

Introduction

This research is motivated by industrial robots’ lack of accuracy, which hinders their

potential use in advanced industrial applications. The chosen approach to enhance path

accuracy is real-time control with visual feedback, i.e., visual servoing. The rest of this

chapter will elaborate on related works, background knowledge, contributions, and an out-

line of the thesis.

1.1 Motivation

Industrial robots offer the advantage of adaptability and versatility, eliminating the need

to develop custom machines for specific manufacturing and automation processes. For in-

stance, in aerospace, robots have a wide range of applications, as shown in Figure 1.1, such

as welding, spray painting, palletizing, assembling, riveting, etc. In most use cases, the

robot must be programmed online using the teach pendant, i.e., the programmer has to jog

the robot to a sequence of desired poses corresponding to the motion of the required task,

where each pose is taught to the robot controller. In this operation paradigm, only robot

repeatability matters, while accuracy does not. Repeatability typically ranges from 0.005

to 0.1 mm [7]. Due to the open-loop nature of online programming, even little alterations
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in the task or work environment can induce significant performance deterioration. Conse-

quently, frequent reprogramming of the robot is often necessary, resulting in high time and

capital expenses.

Moreover, online programming becomes infeasible for complicated paths due to the

high amount of points needed to be taught. Ideally, robot tasks should be able to be pro-

grammed offline, i.e. the programmer defines the robot motion numerically in a virtual

environment with the aid of robot simulation software. However, this offline approach of-

ten suffers from the inherent poor accuracy of industrial robots. Typically, there is an 8-15

mm offset between virtual and real robots [8]. Indeed, modern industrial robots usually

exhibit poor accuracy relative to their repeatability. With an appropriate pose correction

mechanism, industrial robots can theoretically reach a level of accuracy close to their re-

peatability. Accuracy is essential for applications requiring precise positioning or path fol-

lowing. For example, robots can be used to accurately position patients for particle beam

disease treatment [9]. High path accuracy is necessary when robots are used for automatic

fibre placement to lay fibre composites evenly, for spray painting to prevent the creation

of scars or bubbles, or for aviation drilling to ensure the longevity of aircraft assembly

[10, 11, 12]. Furthermore, aerospace manufacturing typically necessitates a robot accuracy

of 0.20 mm [13]. Thus, one would like to increase the accuracy of industrial robots.

Much development has been made on robot calibration methods targeting positioning

accuracy (static accuracy) as defined by the ISO 9283 norm [14]. Most robot calibra-

tion research focuses mainly on refining mathematical models to better represent the actual

kinematics of the robots than the nominal models provided by the manufacturers. Robot

inaccuracy stems from five major categories of error: environmental, parametric, dynamic,

measurement, computational, and application [15, 16]. One representative study on robot

calibration reported an improvement in the absolute accuracy of an ABB IRB 1600 in-

dustrial robot where the mean/max position errors were reduced from 0.968/2.158 mm to
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Figure 1.1: Applications of industrial Robots; (a) welding, (b) automatic fiber placement
(AFP), (c) spray painting, (d) palletizing (adapted from [1], [2], [3], and [4]).

0.364/0.696 mm respectively [17]. This improvement is satisfactory for many applications

that tolerate positioning errors of up to 0.50 mm. Further improvement, while theoretically

possible, is hard to achieve practically due to the difficulty of modelling the dynamic and

thermal effects [17]. Moreover, robots must also be calibrated frequently due to ongoing

damage from their normal operation and changes in their operating environment.

Robot calibration only improves static positioning but has limited effect on the path

accuracy [7]. Path accuracy refers to the accuracy of the robot’s motion when following a

predefined path. This shortcoming is not an issue for applications requiring only accurate

static positioning. However, it represents a bottleneck for advanced tasks such as auto-

matic fibre placement, where the robot has to move precisely around parts of complicated

topology [10]. Thus, there are still considerable incentives to extend the viability of indus-

trial robots in high precision path following applications. Moreover, being an open-loop

approach, robot calibration is highly sensitive to any aberration to the robot’s operation

conditions and, therefore, must be performed frequently to maintain its effectiveness. One
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solution to improve path accuracy is the real-time feedback control with an external sen-

sor of superior accuracy to that of the internal sensor of the robot. Such a closed-loop

approach can be made robust to handle uncertain operating conditions. Among possible

sensors, cameras and laser trackers are widely considered since they do not physically in-

terfere with the robot. Indeed, the usage of optical and laser sensors in the calibration

process of industrial robots has been reported [18]. The usage of visual feedback signal in

control is often referred to as visual servoing. Visual servoing has been adopted to enhance

both the pose and path accuracy of industrial robots [19, 13].

Regarding control algorithms, the few studies on feedback-based enhancement of robot

accuracy have mostly proposed variations of the proportional-integral-derivative (PID) con-

troller [19, 13, 7]. Although the PID controller is a proven model-free method, it does not

take advantage of the episodic nature of most robotic tasks. Industrial robots often perform

many repetitions of the same task, allowing learning and improvement from previous ex-

perience. Therefore, there is an incentive to investigate learning-based control methods to

enhance path accuracy. One such learning-based method is iterative learning control (ILC),

which was first proposed to improve robotic control performance [20]. Alternatively, deep

reinforcement learning is the emergent approach for robotic control optimization based on

real-world experience [21].

Furthermore, the advent of industry 4.0 will shift mass production towards more person-

alized manufacturing. Instead of just repeating a singular task in a production line, indus-

trial robots would need to perform various tasks in various work cell configurations while

maintaining high accuracy. This new operation paradigm requires the motion controller of

the industrial robots to be task-agnostic, i.e., it must have the capability to self-optimize in

real-time regardless of the given task. A typical robot’s controller is usually task-specific,

i.e., slight alterations in the task or environment can lead to the costly recalibration of the

robot or re-tuning of its controller. Although a perfect task-agnostic does not exist, this

4



research strives to develop a control algorithm that is smart enough to adapt to different

robotic tasks of the same order of complexity.

As highlighted above, potential industrial applications reliant on offline programming

are hindered by the general lack of accuracy of industrial robots. Additionally, robot cali-

bration, the current go-to robot accuracy enhancement solution, is quite imperfect as it does

not affect path accuracy, which is the limiting factor in many potential robotic applications.

The aforementioned challenges motivate the exploration of various strategies to enhance

the path accuracy of industrial robots. Since optical sensors are selected as the feedback

source, the exploration space has been confined to visual servoing strategies. Furthermore,

only learning-based control methods are considered to enable the iterative improvement of

repetitive robotic tasks. Concretely, this research aims to develop learning-based control

algorithms, applied to a visual servoing robotic system, to improve path accuracy.

1.2 Related Work

As discussed in Section 1.1, this research aims to enhance the path accuracy of indus-

trial robots. In the scope of this research, the means to achieve such a goal are refined to

visual servoing, and model-free control methods. Recently, these areas of research have

been quite active. Below is a summary of the papers which are highly influential to the

experimental setup and control algorithms used in this research.

The experimental setup of this research is inherited from two previous works from the

same laboratory. [19] utilized the visual feedback of an optical sensor to perform real-time

pose correction of industrial robots. The optical sensor in question is the C-Track 780 from

Creaform, and the industrial robots are the FANUC LR Mate 200iC and M-20iA robots.

With the above hardware, experiments have been able to achieve a positioning pose accu-

racy of± 0.050 mm and± 0.050◦ for position and orientation, respectively. The underlying
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control algorithm consists of the PID controller. While the improvement in positioning ac-

curacy is remarkable, the proposed approach does not deal with path accuracy, i.e., the

accuracy of motion along a path. Nonetheless, the aforementioned research paper laid the

groundwork for the experimental setup of this current research work. [13] addressed the

path accuracy in a direct extension of the aforementioned work. A dynamic path tracking

scheme was proposed to correct the motion of industrial robots in real time. The control

algorithm consists of the proportional-integral (PI) controller implemented in discrete time.

With the same previously mentioned hardware, experiments showed that the path following

accuracy can reach ± 0.20 mm for position and ± 0.10◦ for both linear and circular paths.

The above experimental result is the benchmark this current research strives to improve.

Compared to the benchmark study, this research utilized the same experimental setup and

control architecture but improved control algorithms.

Regarding control algorithms, they can be classified into model-based and model-free.

This research focuses solely on model-free methods due to the difficulty of accurately mod-

elling a system characterized by an industrial robot working in a dynamic and stochastic

environment. Among model-free methods, learning-based methods are particularly suit-

able for optimizing the control of robotics tasks that are often repetitive. One well-known

method is iterative learning control (ILC) [22]. ILC can significantly improve tracking per-

formance by mitigating aberrations reoccurring at each iteration, and such is the case of

work by [23]. However, ILC can not handle random disturbances and is subjected to the

requirement of identical initialization conditions (IIC) in every iteration.

Another more versatile learning paradigm is reinforcement learning (RL) which has

achieved unprecedented capabilities in virtual environments. However, RL has yet to see

much use in real physical applications. One important case is the work of [24], which

introduced two reinforcement learning-based compensation methods to optimize the con-

trol performance of industrial robots. The compensation signal is added to the existing
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nominal control signal to optimize tracking accuracy. Experiments showed that the two

reinforcement learning compensation methods yield favourable performance compared to

proportional-derivative (PD) control, model predictive control (MPC) and ILC. This suc-

cessful application of reinforcement learning in a real industrial robot provided confidence

in this research to propose an RL-based method as the control algorithm. However, the

above study implemented an RL-based compensator separately for each joint. This decou-

pling neglects possible significant dynamic or kinematic interactions between joints. An-

other weakness in the proposed method is that the feedback signal is provided in the joint

space, whereas accuracy matters more in Cartesian space for most applications. Hence, in-

ferring the Cartesian error requires the inverse kinematics, whose accuracy can be affected

by aberrations or uncertainties in the kinematic model. Ideally, the feedback signal should

be given in Cartesian space. Moreover, the policy (controller) is parameterized by a linear

combination of radial basis functions. Such a function approximator might not perform

better than a deep neural network, the current state-of-the-art.

Other than learning-based methods, there are also methods which are extensions of

PID control, such as active disturbance rejection control (ADRC). [7] proposed the use of

ADRC to correct industrial robots based on the distance feedback of a linear transducer.

The experiment showed a maximum radial error of less than 0.100 mm for a circular path

tracking task and a mean error of 0.015 mm. However, PID-based controllers often require

careful tuning of their parameters to yield good performance. In a real physical system,

tuning PID parameters is often done by procedural trial and error methods, which can be

tedious. Moreover, the tuning process might need to be repeated periodically to compensate

for the inevitable change in the system or environment. Ideally, the controller should need

to be tuned once and be smart enough to self-optimize according to the operational data.
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1.3 Background

1.3.1 Visual Servoing

Visual servoing usually refers to the closed-loop position control of the robot end-

effector using the feedback of visual information. It comes with different varieties based

on the following classification [25]:

• Camera configuration: Differentiation is often made on whether the camera is

mounted on the robot end-effector (eye-in-hand) or fixed in workspace (eye-to-hand).

• Error signal: The feedback error signal can be expressed in image space in the form

of image features or pixels and fed directly to the image-based controller. Alterna-

tively, the feedback error signal can be given in terms of the target object’s pose,

estimated based on features extracted from the image, and then fed to the position-

based controller.

• Control hierarchy: Most of the time, the control structure is hierarchical. At the

low level, industrial robots have an internal join-level controller receiving feedback

from joint encoder readings. At the high level, the visual servo controller provides

the reference signal to the low-level controller. This hierarchical control architecture

is called the dynamic look and move system. In the case of the robot’s internal con-

troller being replaced entirely by the visual servo controller, the control system relies

entirely on vision, referred to as direct visual servoing.

• Observation of end effector: Systems, where only the target object is visually ob-

served, are referred to as end-point open loop (EOL) systems. Systems where both

the target object and the robot end effector are observed are referred to as end-point

closed loop (ECL) systems.
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Based on the above taxonomy, the visual servoing system, studied in this research, is con-

sidered an eye-to-hand, position-based, dynamic look and move, end-point closed loop vi-

sual servoing system. It should be referred to as position-based visual servoing (PBVS) for

brevity’s sake. In this research, PBVS is selected due to the availability of an optical sensor

integrated with off-the-shelve pose estimation and a robot option to correct end effector

pose based on Cartesian offsets. Such a system is illustrated by the block diagram shown in

Figure 1.2. The robot comprises a path planner and a joint-level feedback controller. The

path planner takes the reference signal in Cartesian space and converts it to the joint space

signal using inverse kinematics. The camera extracts the image features on the robot end

effector, which are processed to yield its estimated pose. Based on the robot’s estimated

pose, the Cartesian controller computes the control signal according to the desired control

objective.

Figure 1.2: PBVS control architecture.

Position-based control neatly separates the problems of motion control and pose es-

timation from visual data. This research concerns motion control only, focusing on the

positioning task as defined by [25].

Definition 1.3.1. Consider a kinematic error function E(xe,P) : T → Rm where T rep-

resents the robot workspace with d degrees of freedom, m the robot’s degree of freedom,

xe the robot end effector pose, and P the reference path. The positioning task consists of
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controlling xe such that E(xe,P) = 0.

In general, the kinematic error function applies a constraint to the degree of freedom of

the robot as d ≤ m. The design of the kinematic error function depends on the given robot

task. This research concerns mainly with the task of point-to-line positioning, i.e., some

point pe on the end effector is to be guided to the line defined by two fixed points s1 and

s2. Here, the error function represents the shortest path to move point pe to the line. This

shortest path is perpendicular to the line. The resulting path error Epl is expressed in R3,

given by

Epl(pe, s1, s2) = (s1 − pe)− ((s1 − pe) · n)n (1.1)

where n = (s2 − s1)/||s2 − s1|| and · denotes the dot product. If the orientation of the

end effector, expressed in rotation matrix Re, is to be kept constant at Rref , an additional

rotational error function Er can be defined as

Er(Re,Rref ) = Rref ×R−1
e (1.2)

where× denotes matrix multiplication. The resulting error can be expressed as a rotational

matrix, Euler angles, roll-pitch-yaw angle, or other orientation descriptions [26].

1.3.2 Path Following

To improve the dynamic accuracy of robots following a predefined path, the fundamen-

tal problem to solve is that of path following. In the context of this research, path following

consists of guiding the robot following a geometric reference curve in the robot workspace.

Contrary to the typical trajectory tracking, no temporal constraint is imposed, i.e., it does

not matter when the end effector reaches a certain point on the path.

The path following problem is defined based on work by [27]. Consider a reference

path given by P defined by the parameterization p(θ) ∈ R6 where θ is the path parameter.
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Usually, the specified path has start and end points defined by θ0 and θg, respectively.

Additionally, consider the robot end effector pose to be the output of a discrete-time system

given by

xt+1 = f(xt, ut) (1.3)

where xt and ut are the end effector pose and control input, respectively. Then, the path

following task has to satisfy the following two constraints.

(1) Path Convergence: The kinematic error function E(xt, p(θt)) as discussed in Sub-

section 1.3.1 has to converge such that

lim
t→∞
||E(xt, p(θt))|| → 0

(2) Convergence on Path: The end effector can only move along path P in the forward

direction, eventually converging to the end point, i.e.,

θ̇t ≥ 0 and lim
t→∞
||θt − θg|| → 0

In the above problem formulation, one can treat the path parameter θ as a virtual state and

then solve the augmented system as a typical trajectory tracking problem [27]. However,

for most industrial robots, the path following problem is already handled by their built-in

internal controller. Indeed, most industrial robots only allow the real-time interaction of

their path following motion at a positioning level since their position controller cannot be

bypassed. As a result, the problem to be solved is the stabilization of the kinematic error

function.
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1.4 Contributions

Recall that the research goal is to develop control algorithms that can improve industrial

robots’ path accuracy. In terms of conceptualization and experimental setup, this thesis

is built upon previous work from the benchmark study by [13]. The main novelty comes

mainly from the experimentation of a reinforcement learning (RL) based control algorithm,

which yields superior performance to the one proposed by the benchmark study. Note that

much of the content of the thesis is to be published [28]. The contributions are as follows:

• The PBVS scheme and experimental setup consist of refined versions of the ones

used in the benchmark study. The improvements are better consistency and various

bug fixes in the external control software.

• The RL-based controller consists of a policy trained by a state-of-the-art actor-critic

(TD3) method to optimize for path following performance. While reinforcement

learning has already been used to improve the control performance of industrial

robots with joint error feedback by [24], it is the first time that reinforcement learning

has been used to control industrial robots based on Cartesian errors.

• Two experiments are carried out, characterized by their corresponding task path: line

(position) and line (full pose). For each experiment, three experimental runs are car-

ried out based on three control configurations to be compared: no external controller,

baseline PID controller, and baseline PID controller supplemented with the RL-based

controller. Note that the baseline PID controller is the same as the one proposed in the

benchmark study. The performance of the three control configurations is compared

based on two performance metrics: mean absolute error (MAE) and maximum error

relative to the reference path. The path accuracy is characterized by the maximum

value of the path errors across multiple experimental episodes.

• Regarding the first experiment, experimental results show that the supplementation

12



of RL-based controller improved positional path accuracy from 0.11 to 0.09 mm (-

20%) in terms of 3D distance.

• Regarding the second experiment, experimental results show that the supplementa-

tion of RL-based controller worsened path accuracy from 0.29 to 0.30 mm (+4%)

in terms of position but improved orientation path accuracy from 0.08 to 0.07 ◦(-9.2

%) in term of equivalent angle. Due to the relocation of the robot, this experiment

cannot be properly completed to yield satisfactory results.

• Qualitatively speaking, the RL-based control algorithm is shown to affect the tran-

sient control performance favourably but not the steady state control performance.

Practically, a better steady state convergence, i.e., a faster convergence to a steady

state, is beneficial for processes requiring a quick response.

1.5 Thesis Outline

The thesis is structured as the followings. Chapter 2 elaborates on the visual servo

control scheme and control problem under study. Chapter 3 presents the RL-based control

algorithms designed to solve the previously defined problem. Chapter 4 presents the experi-

mental setup to test and validate the proposed control algorithms, comprising the industrial

robot and the optical sensor. Chapter 5 discusses the experimental results and compares

the performances between the baseline and supplementary Rl-based solutions. Chapter 6

concludes the thesis and offers an outlook for future research.

13



Chapter 2

Visual Servoing Scheme

The control task involves guiding the robot precisely along a path where the geometric

curve and speed of motion are predefined. Since only geometric constraints but not tem-

poral constraints are involved, such a control task is often called path following. Industrial

robots usually have their built-in path following solutions. However, the resulting path

accuracy is abysmal due to the reliance on joint encoder feedback in conjunction with in-

accurate kinematic models. To address this issue, many brands of industrial robots provide

technologies that enable real-time high-level intervention of the robot’s motion from an

external device. However, most of these technologies are somewhat limited in that only the

kinematics (position, velocity, acceleration) can be controlled while control of the dynam-

ics (torque, motor voltage) remains inaccessible. Additionally, the implementation details

of these software modules are unknown to the end users, adding another layer of unknown

system dynamics. This research focuses on industrial robots, which provide the real-time

capability of correcting the end effector Cartesian pose. In the scope of this research, the

kinematic control is restricted to only position and orientation control. This restriction

allows the original path following problem to be reformulated as a typical stabilization

problem which is referred to as the path error stabilization problem. The plant to be sta-

bilized consists of not only the robot but also any other subsystems affecting its intrinsic
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motion, including embedded software, electronic systems, and even the specified task path.

The feedback signal consists of the robot end effector pose extracted from measurements

made by a visual sensor. Using a k-nearest neighbour algorithm, the Euclidean deviation

of the end effector pose from the predefined path is calculated. This deviation, referred to

as the path error, serves as the input to the controller. The pose correction controller itself

includes two controllers structured in parallel. One is a PID controller, which is the primary

stabilizer of the system. The other serves a supplementary role in optimizing control per-

formance metrics related to path accuracy. The controller’s output is directed to the robot’s

high-level real-time motion control system. Since the pose correction controller is run on

an external device and receives a feedback signal from an external sensor, it is referred to as

the external controller. The block diagram of the overall control system is shown in Figure

2.1. The focus of the research consists of the pose correction (external) controller block.

In the rest of the chapter, each element of the aforementioned control system is elaborated

further.

Figure 2.1: Block diagram of the closed-loop control system.
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2.1 Robot Model

Based on the block diagram shown in Figure 2.1, the plant subjected to stabilization is

an amalgamation of the various processes and systems related to industrial robots relevant

to this research:

(1) Robot: The robot is a 6DOF serial robot comprising a series of actuators, links, and

other electromechanical components.

(2) Robot Program: The robot program contains a sequence of Cartesian poses which

define the path followed by the robot when performing the corresponding task.

(3) Path Planner: The path planner generates a trajectory in joint space based on the

sequence of Cartesian poses specified in the robot program. The exact path planning

algorithm used is generally proprietary and, therefore, unknown to the end user.

(4) Robot Controller: The robot controller, acting at the joint level, controls each actu-

ator’s torque based on the rotary encoders’ feedback.

(5) Real-Time Pose Correction Software: The real-time pose correction software en-

ables real-time offsetting of the robot end effector Cartesian pose on top of the robot’s

intrinsic motion. The implementation of such software is proprietary.

Note that each subsystem does not have its dynamical model and critical parameters dis-

closed to the end users. Although possible, it is tedious to identify each of them, not

to mention their interactions with each other. Since this research focuses on model-free

learning-based, system identification is not necessary. Therefore, it suffices to lump all the

subsystems together in a black box model, which will represent the plant to be controlled.
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Figure 2.2: Schematics of frames used in the pose estimation and path error computation.

2.2 Pose Transformation

In this research, a commercial visual coordinate measurement machine (CMM) is used

to measure robot end effector pose with respect to the sensor frame S. Due to the effects of

optical aberrations and vibrations, the measurement signal of visual sensors is inherently

noisy, which is detrimental to feedback control. To smoothen out the feedback signal,

a robust adaptive Kalman filter, similar to the one proposed by [13] and [29], is usually

applied. The introduction of a filter inevitably would cause a phase shift which should be

minimized via fine-tuning filter parameters.

Using real-time pose correction necessitates the expression of the end effector pose

with respect to a frameW of which the axes are parallel to the robot frame U . However,

the optical CMM only provides the end effector pose with respect to the sensor frame

S. Consider E ′ to be the end effector frame as measured by the optical sensor, and the

corresponding pose in the sensor frame be represented by the homogeneous transformation

S
E ′H (transform from frame E ′ to frame S). Additionally, consider E to be the end effector

frame as measured by the robot’s internal sensors, and the corresponding pose in the robot

frame be given by U
EH. The relation between frames E and E ′ is that of a constant positional

and rotational offset. The relation between all the frames is shown in Figure 2.2.
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To obtain the pose in robot frame U
EH from S

E ′H, the following relation must be used.

U
EH = U

SH× S
E ′H× E ′

E H (2.1)

Here, × denotes matrix multiplication. Since the origin of the frameW does not need to

coincide with frame U , only rotation matrices R need to be considered.

U
ER = U

SR× S
E ′R× E ′

E R (2.2)

Using the above equation requires that both U
SR and E ′

E R to be found empirically. The

method used in this research is as follows:

(1) Pick any position in the robot workspace as the initial position SP0 to be measured

in the sensor frame

(2) Move the robot in the x-axis of the robot frame to a point SP1 also measured in

sensor frame.

(3) Move the robot in the y-axis of the robot frame to a point SP2 also measured in

sensor frame.

(4) Calculate the unit vectors of the robot frame as follows:

S x̂ = SP1 − SP0 / ∥SP1 − SP0∥

S ŷ = SP2 − SP1 / ∥SP2 − SP1∥

S ẑ = S x̂× S ŷ / ∥S x̂× S ŷ∥

where × denotes the cross product.
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(5) Obtain the rotation from frame S to U as

U
SR =

[
S x̂ S ŷ S ẑ

]T

.

(6) Take end effector pose measurements arbitrarily from both the optical sensor and

robot sensor to obtain S
E ′R and U

ER.

(7) Calculate the rotation offset between E and E ′ as

E ′

E R =
(S
E ′R

)−1 ×
(U
SR

)−1 × U
ER

.

The aforementioned procedure assumes that the robot can move in the Cartesian coordi-

nates of its internally defined frame.

2.3 Path Error Analysis

In the scope of this research, the real-time pose correction control depends on the devi-

ation of the actual end effector pose from the desired end effector pose on the path, referred

to as the path error. The path error is the difference from the actual pose to the nearest pose

on the desired path. If the path is a simple line, the path error is just the Euclidean distance

of a point to a line. However, for more complicated paths, the computation of path error

is not so trivial. One challenge is that the nearest pose on the path may not necessarily lie

in the neighbourhood of the actual path progression, potentially happening when sections

of the path at a different progression stage get close to each other. Moreover, it needs to

account for the fact that the motion along the path is always forward and never backward.
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A path error calculation algorithm based on k-nearest neighbour (kNN) is proposed to ad-

dress the above issues as shown in Algorithm 1. The kNN algorithm is a non-parametric

supervised learning method suitable to classify nearest neighbours based on distance [30].

The kNN algorithm search the nearest neighbour via brute force.

Algorithm 1 k-nearest neighbour path error algorithm.
Initialize a path P defined by a sequence of positions p0, p1, p2, . . . , pN and Euler angles ψ0, ψ1,
ψ2, . . . , ψN .
Initialize the path progression index η ← 0
Initialize algorithm parameters: τ
for each incoming measured position vector qi and Euler angles ξi do

Find nearest position to qi among pη, pη+1, pη+2, . . . , pη+τ .
pm ← k-NearestNeighbour(η,P)
η ← m only if m > η

Find the line L defined by the position pair {pm, pm+1}.
Calculate the desired position qid as the nearest position to qi from line L.

qid ← ClosestPointFromLine(qi,L)
Calculate the fraction β of distance travelled between pm and pm+1.

β ← ||qid−pm||
||pm+1−pm||

Calculate the desired orientation ξid with linear interpolation.
ξid ← ψm + β(ψm+1 − ψm)

Calculate the position error ep and orientation er error.
ep ← qid − qi
er ← ξid − ξi

end for

Regarding the algorithm, the path is required to be defined as a sequence of positions

and orientations represented by Cartesian vectors and ZYX-Euler angles, respectively. An

index is introduced to keep track of the path progression and prevent backtracking during

path error calculation. The algorithm loops for each time a new pose measurement is made

during the robot’s path following. With an off-the-shelf kNN algorithm, the nearest posi-

tion to the measured position is found from the path section marked by the path progression

index. Subsequently, a line is best fitted to the position pair consisting of the nearest po-

sition and its subsequent neighbour, as shown in Figure 2.3. The desired position is then

defined as the closest position to the measured position from the line defined by the posi-

tion pair. Concerning orientations, a simple linear relationship is established between the
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position pair and their corresponding orientations. The desired orientation corresponding

to the desired position can thus be calculated using this linear relationship. Once both the

desired position and orientation are found, calculating the position and orientation errors is

done by subtracting the desired value from the measured value.

Figure 2.3: Path error computation schematics.

2.4 Path Stabilization Problem

The original path following problem, mentioned in Section 1.3, is to be reformulated as

a path error stabilization problem. Indeed, since the robot already follows the programmed

path intrinsically with its internal system, it only suffices for the pose correction controller

to induce a slight motion adjustment to enhance path accuracy. Thus, the control goal is to

stabilize the path error as defined in Section 2.3, to zero (ideally).

Let the black box model of the robot be treated as a discrete-time nonlinear system.

xt+1 = f(xt, ut) (2.3)

where f is an unknown nonlinear function of the end effector pose x and the external

control signal u. The end effector pose x is expressed with respect to the robot frame U .
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The system’s output, denoted by y, is the end effector pose measured by the visual CMM

and expressed with respect to the sensor frame S, given by

yt =
(U
SH

)−1
xt (2.4)

where U
SH is the homogeneous transformation matrix from frames S to U as defined in

Section 2.2. The path to be followed P is given as a sequence of desired poses. And, the

path error e is computed with the algorithm presented in Section 2.2 as

et = E(yt,P) (2.5)

where E is the function representing algorithm 1. From the path error definition, the path

stabilization task is defined as follows.

Definition 2.4.1. The path stabilization task consists of controlling xt with an external

controller ut = g(et, xt) such that et → 0.

2.5 Pose Correction Controller

The design of the pose correction controller needs to respect certain limitations im-

posed by the real-time pose correction mechanism provided by the industrial robots. These

limitations are as follows:

(1) Real-time control is limited to only pose correction (no modification of velocity or

acceleration available).

(2) Pose offset is to be given in Cartesian coordinates of the robot frame U .

(3) Pose correction occurs in parallel with the robot’s intrinsic motion. The intrinsic

motion consists of the motion solely induced by the built-in robot controller and the
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robot program.

Due to the model of the plant being unknown, the controller must be model-free. Previ-

ous work has already explored PID-like controllers to yield significant path accuracy im-

provement. PID control is still utilized in this research as the main feedback stabilization

mechanism. A supplementary control is added to work in parallel with the PID controller

to improve path accuracy. The combined control signal is therefore given as

ut = gpid(et) + gsup(et, xt) (2.6)

where gpid is the baseline PID controller and gsup is the supplementary controller.

2.5.1 Baseline PID Controller

PID control has proven to be a highly effective model-free control method, as shown by

its widespread application in industries. Hence, PID control serves as the baseline of com-

parison for any other proposed control solutions to assess their performance. The baseline

PID is the main feedback path stabilization mechanism within the overall control frame-

work. In the discrete-time domain, the PID controller is typically implemented in the fol-

lowing recursive form:

∆gpid(et) = kp(et − et−1) + ki(et) + kd(et − 2et−1 + et−2) (2.7)

where kp, ki, kd are the proportional, integral, derivative control coefficients. The tuning of

these coefficients is usually done via trial and error.
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2.5.2 Supplementary Controller

The main objective of this research is to outperform the PID baseline controller. Instead

of replacing the PID controller, it is kept as is, but a secondary controller is introduced to

complement it. This supplementary controller is meant to induce fine motion adjustment

parallel to the baseline PID control. The design of such a supplementary controller is

the main challenge of this research. In general, the supplementary controller, denoted by

gsup(et, xt) is a nonlinear function of both the path error and the robot end effector pose.

In the work by [13], it was proven that the baseline PID controller guarantees the robot’s

stability. Compared to the baseline PID controller, the supplementary controller is designed

to contribute significantly less control effort. Thus, it is assumed not to affect the overall

system stability.

2.6 Summary

Chapter 2 elaborates on the control scheme and discusses the control problem to be

solved in detail. As shown in Figure 2.1, the control scheme is a feedback system com-

posed of parts corresponding to the robot model, the pose estimation, the path error com-

putation, and the pose correction controller. The feedback controller comprises a baseline

PID controller acting in parallel with a supplementary controller. Moreover, it is identified

that the control problem is that of a stabilization problem because industrial robots com-

monly have the feature of real-time pose correction based on an external signal. Based on

the aforementioned control scheme, Chapter 3 will propose an RL-based controller serving

as the supplementary controller.
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Chapter 3

Reinforcement Learning Control

Chapter 3 proposes a RL-based controller which acts as the supplementary controller as

discussed in Chapter 2. It consists of a controller parameterized as a neural network trained

in an episodic manner via a state-of-the-art actor-critic method. Chapter 2. The proposed

control algorithm will be discussed further in the rest of the chapter.

3.1 Preliminaries

Reinforcement learning is a machine learning paradigm in which an agent interacts with

the environment to learn a policy which maximizes long-term reward. Most RL problem

is modelled as a Markov decision process (MDP) which is a framework for sequential

decision making as shown in Figure 3.1. At each time step t, the agent takes an action

a, receives an reward r, and transitions from current state s to next state s′. Actions are

selected based on a policy π which is a mapping from states to the sets of probabilities

measures of action space A, i.e, πθ(a|s) is the conditional probability density at a given s.

According to [31], an MDP is comprised of

(1) Action space: action a ∈ A
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(2) State space: state s ∈ S

(3) Initial state distribution: ρ(s1)

(4) Transition dynamics: p(s′|s, a)

(5) Reward function: reward r = R(s, a)

For an MDP, the transition dynamics have to satisfy the Markov property, such as

p(st+1|s1, a1, . . . , st, at) = p(st+1|st, at)

where the subscript t denotes the discrete time step corresponding to the state, action or

reward. More precisely, the current time step information is sufficient to predict what

happens in the next time step. The agent makes decisions over a sequence of discrete time

steps in a stochastic environment.

Figure 3.1: Markov decision process (adapted from [5]).

In this research, the task is considered episodic. For episodic task ending at time step

T , the goal of the agent is to make a sequence of decisions to maximize the expected return
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(discounted sum of immediate rewards) given by

gt = rt + γrt+1 + γ2rt+2 + · · ·+ γT−trT (3.1)

=
T∑
i=t

γi−tri (3.2)

where the immediate reward is given as ri = R(si, ai), and γ is the discount factor which

puts more weight on immediate rewards. Practically, the expected return is computed using

the recursive form given by

gt = rt + γgt+1 (3.3)

Another key concept of RL consists of value functions, which originated from dynamic

programming and come in two types [32]. The state value function V (s) is the expected

return for a given state, which estimates how good it is for an agent to be in a given state,

given by

V π(s) = E[gt|st = s] (3.4)

Here, E[·] denotes the expected value of a variable. The action value function Q(s, a) is the

expected return for a given state-action pair, which estimates how good it is for an agent to

perform a given action in a given state, given by

Qπ(s, a) = E[gt|st = s, at = a] (3.5)

It is important to note that value functions are always defined with respect to a policy,

annotated by a superscript. Due to the Markov property, most RL algorithms compute the
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value functions in the recursive forms (Bellman equations), given by

V π(s) =
∑
a

π(a|s)
∑
s′,r

p(s′, r|s, a)[r + γV π(s′)] (3.6)

Qπ(s, a) =
∑
s′,r

p(s′, r|s, a)

[
r + γ

∑
a′

π(a′|s′)Qπ(s′, a′)

]
(3.7)

Given the goal of maximizing return, an optimal policy π∗ is defined such that the

corresponding value functions have the highest possible values in all states, such as:

V ∗ = V π∗
(s) = Eπ∗ [gt|st = s] = max

π
V π(s) (3.8)

Q∗ = Qπ∗
(s, a) = Eπ∗ [gt|st = s, at = a] = max

π
Qπ(s, a) (3.9)

If the MDP state transition dynamics p(s′, r|s, a) is known, the optimal policy can be found

using the Bellman optimality equations given by

V ∗(s) = max
a

∑
s′,r

p(s′, r|s, a) [r + γV ∗(s′)] (3.10)

Q∗(s, a) =
∑
s′,r

p(s′, r|s, a)
[
r + γmax

a′
Q∗(s′, a′)

]
(3.11)

Once the value functions are estimated, the optimal policy can be found either with the

state value or action value function, such as

π∗(s) = argmax
a

∑
s′,r

p(s′, r|s, a) [r + γV ∗(s′)] (3.12)

π∗(s) = argmax
a

Q∗(s, a) (3.13)

In the case where the MDP dynamics are unknown, most model-free RL algorithms still

make use of the Bellman optimality principle.
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In model-free reinforcement learning, there is often the dilemma of exploration-exploitation.

On the one hand, the agent should explore the environment to find new actions that yield

better rewards. On the other hand, it is also desirable for the agent to repeat past favourable

actions to maximize the total cumulative rewards. The critical challenge in designing a

reinforcement learning algorithm is to balance exploration and exploitation. A straightfor-

ward way to control exploration is by the ϵ-greedy approach, where the agent explores at a

predefined probability of ϵ, and exploits otherwise.

Figure 3.2: General policy iteration.

Finding an optimal policy often involves a process referred to as general policy iteration

(GPI), which consists of two simultaneous, interacting processes as shown in Figure 3.2

[32].

(1) Policy evaluation: Make the value function more accurate with respect to the policy.

(2) Policy improvement: Make the policy greedy with respect to the value function, i.e.,

optimize the policy to maximize the value function for all states.

GPI implementation requires an exploration process (often embedded in the policy) and

a reward function to complete the policy evaluation process. Almost all reinforcement

learning algorithms are forms of GPI.
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In the scope of this research, the action space A and state space S are considered to

be continuous. The policy is constrained to be deterministic and is approximated by a

nonlinear function πϕ(s) : S → A which is a mapping from state space to action space, pa-

rameterized by vector ϕ. Similarly, the action value function is approximated by nonlinear

function Qπ
θ (s, a) : S × A → R parameterized by vector θ. Concerning policy evaluation,

a behaviour policy β(s) is introduced to promote exploration. To improve the accuracy of

the value function Qθ, one has to minimize the temporal difference (TD) error given by

[32]

L(θ) = Eβ

[
(Qθ(s, a)− (r + γQθ(s

′, π(s′)))
2
]

(3.14)

The standard approach to solve the optimization problem is the semi-gradient descent

method which updates the function parameters as θ ← θ+α∇θL(θ) where α is the gradient

step size.

Regarding policy improvement, the goal is to optimize πϕ(s) to maximize the perfor-

mance measure defined as the expected initial return given by

J(ϕ) = Eπ[g1] (3.15)

According to the deterministic policy gradient theorem, the performance gradient ∇ϕJ(ϕ)

with respect to the policy parameters is given by [31]

∇ϕJ(ϕ) = Eβ

[
∇aQ

π
θ (s, a)|a=πϕ(s)∇ϕπϕ(s)

]
(3.16)

Then, it is straightforward to optimize the policy via gradient ascent by updating the func-

tion parameters as follows ϕ← ϕ+ α∇ϕJ(ϕ).

Within the GPI framework, a widely used architecture is the actor-critic method con-

sisting of the actor represented by policy approximation πϕ(s), and the critic represented by

the action-value function approximation Qπ
θ (s, a), as shown in Figure 3.3. The actor is the
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approximation of the optimal policy, while the critic estimates the true unknown optimal

action-value function Qπ(s, a). Typically, an actor-critic algorithm repeats the following

process at each time step: the actor applies action a based on current state s, and then

observes the next state s′ and receives reward r, the action is evaluated using the tempo-

ral difference (TD) error, the critic is updated to minimize the TD error, and the actor is

updated to maximize reward.

Figure 3.3: Actor-critic reinforcement learning scheme (adapted from [6]).

For continuous action space, one state-of-the-art actor-critic algorithms is the twin de-

layed deep deterministic policy (TD3) algorithm which is given by Algorithm 2 [33]. The

TD3 contains the following important features:

(1) Deep neural networks approximate the actor and critic.

(2) The actor and critic are learned off-policy by introducing noise to the regular policy.

(3) The policy is updated by deterministic policy gradient ascent.

(4) Overestimation of value functions is reduced by double Q-Learning.
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(5) Variance in the learning process is minimized via target networks and smoothing

noise.

Algorithm 2 Twin-Delayed Deep Deterministic Policy Gradient (TD3) algorithm.
Initialize critic networks Qθ1 , Qθ2 , and actor-network πϕ, with random parameters θ1, θ2, ϕ
Initialize target networks Qθ′1

, Qθ′2
, πϕ′ , where θ′1 ← θ1, θ′2 ← θ2, ϕ′ ← ϕ

Initialize replay buffer B
for each episode do

for t = 1 to T do
Take action a ∼ π(s) + ϵ, where ϵ = N (0, σ), and observe reward r, and next state s′

Store state transition (s, a, r, s′) in B
Sample a batch of N transitions from B and compute targets with target networks as

follows
ã← πϕ′(s) + ϵ where ϵ = clip(N (′, σ̃),−⌋, ⌋)
y ← r + γmini=1,2Qθ′i

(s′, ã)

Update critics θi ← minθi N
−1

∑
(y −Qθi(s, a))

2

if t mod d then
update policy πϕ with deterministic policy gradient
∇ϕJ(ϕ) = N−1

∑
∇aQθ1(s, a)|a=πϕ(s)∇ϕπϕ(s)

Update target networks
θ′i ← τθi + (1− τ)θ′i
ϕ′i ← τϕi + (1− τ)ϕ′i

end if
end for

end for

As shown in Algorithm 2, many hyperparameters must be fine-tuned to learn a high-

performing policy. The parameter values can be quite different based on the reinforcement

environment to be solved. Usually, the hyperparameters are tuned via trial and error, which

is a tedious process. Preferably, one should be able to reuse a set of well-tuned hyperpa-

rameters for a particular RL environment in a different but similar RL environment. In

practice, such an approach works well when the action and state spaces are always scaled

from -1 to 1 [34]. A collection of well-tuned parameters for common RL environments can

be found in open source RL training frameworks such as RL Baselines3 Zoo [35]. The list

of hyperparameters for TD3 and the corresponding tuned values for a typical simple envi-

ronment is given in Table 3.1. Note that this research does not involve high-dimensional

states. Therefore, the neural network architecture of both actor and critic consists of the
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straightforward multi-layer perceptron (MLP) with ReLU activation function. Both neu-

ral networks are optimized with the state-of-the-art gradient-based algorithm Adam [36].

Furthermore, this research deals with a relatively simple RL environment.

Hyperparameters Symbol Common Value
Actor Network - MLP[400,300]
Critic Network - MLP[400,300]

Activation Function - ReLU
Discount rate γ 0.99
Policy delay d 2

Actor learning rate αϕ 1e−3

Critic learning rate αθ 1e−3

Batch size - 100
Target update rate τ 5e−3

Exploration noise ϵ N (0, σ = 0.1)
Smoothing noise η N (0, σ̃ = 0.2)

Smoothing noise clip c 0.5
Optimizer - Adam

Table 3.1: Hyperparameters of TD3 algorithm for a simple environment.

3.2 RL-Based Supplementary Controller

As discussed in Chapter 2, the visual servo control scheme under study has limiting

factors that affect the design of the control algorithm. Indeed, real-time motion control is

restricted to position level only. Moreover, the dynamics of the robot and its subsystems

are unknown and are therefore lumped together. Under such circumstances, a model-free

optimal control method is required to enhance the path tracking accuracy of the system.

In addition, as discussed in Chapter 2, the model-free controller should be modular to

augment industrial robots’ built-in control system seamlessly. Furthermore, the proposed

controller should exploit the repetitive nature of robotic tasks to learn (self-optimize) from

experience. Beyond the above requirements, the ideal supplementary controller should also

strive to be task-agnostic, as discussed in Chapter 1. One learning-based solution candidate
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Figure 3.4: Block diagram of the control scheme with RL-based supplementary controller.

is iterative learning control (ILC) as introduced by [20]. The alternative solution consists

of RL-based control.

Due to its significant drawbacks, ILC is not selected as the supplementary control

method in this research. The learning convergence of ILC depends on the identical ini-

tialization condition (IIC) for each task trial. Indeed, the system must start at the same

initial position for each trial, and the initial position, and velocity must be equal to the

initial reference position and velocity [22]. This requirement severely limits the utilization

of ILC in many manufacturing applications. Additionally, with the aforementioned shift

to personalized manufacturing, industrial robots have to perform various tasks throughout

their operational lifespan. Usually, each task requires a distinct set of ILC parameters to

yield satisfactory performance. Therefore, the ILC controller is task-specific, necessitating

the re-tuning of the robot’s controller each time the task is switched. Due to the lengthy

performance assessment comprising many learning trials, the tuning process of the ILC

controller can become unacceptably tedious. The ideal learning-based controller should

not have task-specific parameter tuning.

This research proposes an RL-based supplementary controller since RL can meet the
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aforementioned requirements. RL is a versatile framework that solves problems modelled

as Markov decision processes (MDP). Even highly complex tasks such as playing the game

of Starcraft can be treated as MDP, where an agent trained by RL can reach parity with

highly skilled human players [37]. Although RL needs to adhere to the Markov property, it

is a much less strict constraint than the aforementioned IIC. Compared to ILC, RL can be

applied to a broader class of problems. This research presumes that MDPs can adequately

approximate the path following tasks of typical industrial robots. In terms of implementa-

tion, the modularity of reinforcement learning, as presented in Section 3.1, enables seam-

less integration with the existing control system of the industrial robot. Furthermore, most

RL algorithms, such as TD3, do not rely on a model but rather on real-time data to train the

policy (controller). RL can also be applied continuously over the operational lifetime of

the robots, enabling the controller to self-adjust to compensate for dynamic changes in the

environment. Like ILC, RL algorithms require tuning their hyperparameters to yield satis-

factory learning performance. However, tasks of similar complexity levels can be learned

well using the same hyperparameters. Nevertheless, the tuning of hyperparameters is gen-

erally task-specific and is out of the scope of this research.

Specific drawbacks of RL should also be noted. Due to its trial and error nature, RL

is data-inefficient and computationally hungry. In addition, the Markov property does not

necessarily hold in the real world. The probability distribution of specific processes might

depend on the processes’ history. Moreover, RL might not be suitable for high-precision

applications, as discussed later in Chapter 5.

The control system described in Chapter 2 can easily be modelled as an MDP. The task

consists of correcting the intrinsic motion of the robot, following a predefined task path, to

minimize path errors as computed with Algorithm 1. The task in question is episodic, in

accordance with the repetitive nature of most robotic tasks. The environment is the black
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box model of the robot lumped with the baseline PID controller. Additionally, the environ-

ment has continuous action and state spaces. The state consists of the end effector pose and

the path error. This state is given by vector s = [x; e] where x is the end effector pose, and

e is the path error. The action consists of the high level end effector pose correction signal

as discussed in Chapter 2. The immediate reward consists of a function that punishes in

proportion to the path error’s magnitude. The design of the reward function is often based

on experience and heuristics. Since the goal is to minimize the path errors, the reward

function is set to be the negative L1-norm of the path errors. Consider the path error to be

given by vector e = [e1, e2, . . . , en], then the reward r is given by

r = −
n∑

i=1

|ei| (3.17)

Note that the design of the reward function is an open question subject to further investiga-

tion.

Once the MDP is properly defined, it comes down to training a policy with a state-

of-the-art actor-critic method to maximize the total discounted cumulative rewards. The

TD3 algorithm, as presented in Section 3.1, is the chosen RL algorithm due to its proven

capability in solving complicated virtual environments. The policy πϕ(s) is approximated

by a neural network parameterized by vector ϕ. Similarly, the twin value functions Qθ1 and

Qθ2 are approximated by neural networks parameterized by vectors θ1 and θ2 respectively.

In terms of implementation, certain modifications need to be made to the TD3 method

presented in Algorithm 2. Standard TD3 is an online learning algorithm which performs at

least one training step at each time step. As such, it requires real-time computing, which

can introduce latency and be a problem with insufficient computational power. Circum-

venting this issue requires the modification of the standard TD3 algorithm to perform of-

fline training at the end of each episode, akin to iterative learning control (ILC). Another

issue is the convergence to local minima caused by insufficient exploration. To promote
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more exploration, warm-up episodes, where the policy samples randomly from a bounded

continuous action space, are incorporated at the beginning of the RL training process [34].

Considering various practical considerations, a modified offline TD3 algorithm is presented

in Algorithm 3.

Algorithm 3 Offline TD3 algorithm.
Initialize critic networks Qθ1 , Qθ2 , and actor-network πϕ, with random parameters θ1, θ2, ϕ
Initialize target networks Qθ′1

, Qθ′2
, πϕ′ , where θ′1 ← θ1, θ′2 ← θ2, ϕ′ ← ϕ

Initialize replay buffer B
for each of Ew warm-up episodes do

for t = 1 to T do
Take action a sampled from a uniform distribution of the bounded action space A, and

observe reward r, and next state s′

Store state transition (s, a, r, s′) in B
end for

end for
for each of Et training episodes do

for t = 1 to T do
Take action a ∼ π(s) + ϵ, where ϵ = N (0, σ), and observe reward r, and next state s′

Store state transition (s, a, r, s′) in B
end for
for each of G gradient steps do

Sample a batch of N transitions from B and compute targets with target networks
ã← πϕ′(s) + η where η = clip(N (0, σ̃),−c, c)
y ← r + γmini=1,2Qθ′i

(s′, ã)

Update critics θi ← minθi N
−1

∑
(y −Qθi(s, a))

2

if t mod d then
update policy πϕ with deterministic policy gradient
∇ϕJ(ϕ) = N−1

∑
∇aQθ1(s, a)|a=πϕ(s)∇ϕπϕ(s)

Update target networks
θ′i ← τθi + (1− τ)θ′i
ϕ′i ← τϕi + (1− τ)ϕ′i

end if
end for

end for

Within the overall control scheme, the policy trained via reinforcement learning, cor-

responds directly to the supplementary controller gsup(xt, et) = πϕ(xt, et). As shown in

the block diagram from Figure 3.4, the trained policy contributes to the control signal in

summation of the baseline PID control signal. At the end of each episode, the policy is
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trained based on Algorithm 3. The typical hyperparameters of the training process can be

found in Table 3.2. The amount of training is capped by the specified number of training

episodes.

Hyperparameters Symbol Common Value
Actor Network - Mlp[60,50]
Critic Network - Mlp[120,100]

Activation Function - ReLU
Discount rate γ 0.98
Policy delay d 2

Actor learning rate αϕ 1e−3

Critic learning rate αθ 1e−3

Batch size - 100
Target update rate τ 5e−3

Exploration noise ϵ N (0, σ = 0.1)
Smoothing noise η N (0, σ̃ = 0.2)

Smoothing noise clip c 0.5
Optimizer - Adam

Gradient steps G 200
Warm-up episodes Ew 20
Training episodes Et 60

Table 3.2: Hyperparameters of the offline TD3 algorithm.

3.3 Summary

In Chapter 3, reinforcement learning is proposed to improve the path following accu-

racy as the episodic task is repeated. At the end of each episode, an offline TD3 algorithm is

used to train the optimal policy approximated by a neural network. This approximation cor-

responds directly to the supplementary controller within the control framework presented

in Chapter 2. The RL-based supplementary controller is to be trained and evaluated using

the experimental setup discussed in Chapter 4.

38



Chapter 4

Experimental Setup

Chapter 4 presents an experimental platform designed to test and validate various solu-

tions to enhance path accuracy. It is an implementation of a visual servoing system com-

prising three main components: the FANUC M-20iA robot (plant), the Creaform C-Track

780 optical CMM (sensing element), and the high-level external controller implemented

on an external device (controller). The M-20iA robot is a 6DOF industrial serial robot, of

which the most pertinent feature is Dynamic Path Modification (DPM), a software module

that allows the end effector pose to be adjusted in real-time parallel to the robot’s intrinsic

motion. The C-Track is a dual camera optical sensor capable of continuously measuring

the position and orientation of objects marked with optical reflectors. The high-precision

visual feedback the C-Track provides is critical for path accuracy improvement. The ex-

ternal controller is a software application that hosts the proposed control algorithms and

integrates the M-20iA robot with the C-Track via APIs provided by the respective manu-

facturers. The design of the external controller needs to be compatible with the proprietary

systems already in place. Moreover, any proposed control algorithms must satisfy con-

straints specific to the control scheme defined in Chapter 2. The visual servoing experiment

is designed around the various technicalities of the hardware. In the rest of the chapter, each

main experimental component and the experiment itself are further discussed.
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4.1 Creaform C-Track 780

The Creaform C-Track 780 is a dual camera optical sensor that can measure the posi-

tion and orientation of object models marked by retroreflective stickers. The retroreflective

stickers represent targets observed concurrently by the C-Track at each measurement in-

stance. The measurement data are then processed to estimate the pose of the marked object

via C-Track’s embedded algorithm. The off-the-shelf pose measurement capability of the

C-Track enables various applications such as 3D model tracking, 3D model probing, 3D

model inspections, 3D scanning, and other functions. Various modules of the VXelements

software manage the many functionalities of the C-Track. An API provides access to all

the functionalities of VXelements in Microsoft’s .NET framework, enabling the integration

of C-Track with the test platform.

Figure 4.1: The C-Track 780 dual camera sensor (Creaform).

In this research, it is required to continuously track the position and orientation of the

robot end effector in real-time. This task is handled by the dynamic tracking module VX-

track of VXelements. The VXtrack module enables measuring the 6DOF poses of object

models, each defined by a rigid set of reflectors. Since the 6DOF poses of multiple rigid

objects can be acquired simultaneously, the typical usage of C-Track involves the measure-

ment of the relative pose of one object with respect to another, which is the case in this
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research. The general procedure to carry out such a dynamic tracking task consists of the

following steps:

(1) Perform calibration of the C-Track using a calibration bar with reflector targets of

which the relative geometric relations are entirely known. The calibration process is

done for the chosen measuring volume with the options of 3.8 to 14.8 m3.

(2) Place reflector targets on the surfaces of the robot end effector and of the reference

object according to manufacturer guidelines.

(3) Position the C-Track to maintain a good view of all reflector targets throughout the

predefined motion of the robot.

(4) Select all the reflector targets placed on the robot end effector to define the tracking

model. The VXtrack software continually measures the position and orientation of

the frame associated with the tracking model. The origin of this frame is, by default,

the centroid of the reflector targets, but a given offset can modify it.

(5) Select all the reflector targets placed on the reference object to define the positioning

targets. The position and orientation of the tracked object model are always given

with respect to the frame defined by the positioning targets.

(6) Start the tracking process.

The C-Track is a high-performance metrology instrument suitable for improving robot

path accuracy. In terms of processing power, the C-Track can continually track object

6DOF pose at a sampling rate of up to 29 Hz, which more or less eliminates the typical

time delay issues associated with the visual servoing system [25]. Regarding precision,

the C-Track has tracking repeatability of 0.0025 mm, and a volumetric accuracy of 0.065

mm [38]. Note that the repeatability of the C-Track is superior to that of the M-20iA
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robot, justifying the potential for accuracy improvement. The theoretical limit of accuracy

enhancement should ideally be equal to the repeatability mentioned above.

In the scope of the overall control system, as shown in Figure 2.1, the C-Track serves

as the pose estimation element. It is noted that the end effector poses estimated by the C-

Track are not only given in the sensor frame but also deviated by a constant offset from the

end effector pose as observed by the robot. Expressing the end effector pose in the robot

frame requires the transformation procedure shown in Section 2.2.

4.2 FANUC M-20iA Robot

The FANUC M-20iA is a 6-DOF industrial serial robot, as shown in Figure 4.2. The

robot system includes the R-30iB controller, the teach pendant, and the associated embed-

ded software. The controller is a computer that controls the robot’s operation, the robot’s

motion, and the robot’s communication with external devices. The teach pendant is a hand-

held device that serves as the operator interface of the embedded software in the controller.

Its typical use is to control and program the robot. For safety, the robot work area is en-

closed by safety fences and accessible through the safety gate. As a security measure,

interlock devices were installed to prevent the robot from moving when the safety gate was

open.

The M-20iA robot has a payload of 20 kg and a reach of 1811 mm [39]. Taking into

account the topic of this research, one crucial specification of the robot is its repeatability

which is defined as how precise a robot can return to the same position and orientation in

its workspace. According to the ISO 9283 standard, [19] verified that the repeatability of

the FANUC M-20iA robot is 0.08 mm. Although repeatability represents the upper limit

of theoretically achievable accuracy for static positioning using open-loop approaches, its

influence on the performance of closed-loop path following might not be as straightforward

and remains an open problem.
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Figure 4.2: The M-20iA robot (FANUC).

Usually, the end user programs and operates the M-20iA robot solely with the teach

pendant using the online programming paradigm. Online programming is the process of

manually moving the robot to a sequence of desired poses to be recorded in the teach pen-

dant. The resulting program is called a TP program. The robot’s internal controller gener-

ates the task path via interpolation between the recorded poses from the TP program. For

example, a line path only necessitates the start and end points to be taught. For paths de-

fined by large amounts of points, the online programming process can be tedious, making

programming a complex task path unfeasible. An alternative solution, offline program-

ming, can be used to address this issue. In the offline programming paradigm, the task path

is generated numerically in a virtual environment provided by robot simulation software

such as RoboGuide (FANUC) or RoboDK. Such software can often generate the TP pro-

gram corresponding to a robotic task. However, the drawback is that offline programming
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exacerbates the inherent poor accuracy of the robot. In this research, online programming

is sufficient since the robot task is limited to line path following.

Based on chapter 2, the robot, along with the R-30iB controller and the teach pen-

dant, consists of a self-contained system that cannot be modified nor accessed by the users.

Therefore, one cannot control the robot in real-time via torque or velocity. Fortunately,

FANUC provides a real-time control option called the Dynamic Path Modification (DPM)

software module. While the robot is moving based on the selected TP program, 6DOF

Cartesian pose offset can be applied every 8 ms via DPM to modify the motion of the end

effector [40]. While the robot’s response to the DPM offset signal can be fine-tuned with

the DPM parameters, the end users do not know the details of the underlying implemen-

tation of DPM. The DPM software module can be accessed from an external computer

using the PC Developer’s Kit (PCDK) provided by FANUC, a software that allows com-

munication with the M-20iA via TCP/IP. An API of this software is available in the .NET

framework.

Note that the DPM function carries a few peculiar caveats. First, DPM can only be

applied when the robot performs fine linear or circular motions. Second, DPM offsets must

be in Cartesian space with respect to a predefined reference frame in the robot controller.

Third, the motion induced by the DPM offset and the intrinsic motion occur concurrently

but not at the same speed. Indeed, the DPM offset motion is usually much faster than the

intrinsic motion, indicating that the robot runs at near maximum speed during DPM motion.

This discrepancy in the speed of response decouples the DPM offset from the intrinsic

motion, which justifies the reduction of the path following problem to path stabilization as

discussed in Chapter 2. The characteristics of the robot’s response to DPM can be tuned by

modifying the DPM parameters. Fourth, the DPM applies the offset not to the position at a

particular time instance but to the entire pre-programmed path. Once a single DPM offset

is applied, the remaining path shifts by the same offset. Finally, if a DPM offset motion
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does not complete before the next DPM offset signal arrives, then the previous DPM offset

is overridden by the new DPM offset.

In light of the proprietary nature and complexity of the FANUC M-20iA robot, it is

challenging and unreasonable to try to model the former with reasonable accuracy. As

discussed in Chapter 2, the M-20iA robot and all its associated embedded systems are

treated together as a single black box model, which is the plant to be controlled.

4.3 External Kinematic Controller

Considering the various technicalities of the FANUC M-20iA robot and the C-Track, a

software application running on an external device must be developed to realize real-time

closed-loop motion control. This high-level control software serves three primary purposes:

remote control of the M-20iA robot, remote control of the C-Track, and computation of the

DPM offsets with the control algorithms proposed in Chapter 3. Note that all devices are

connected with Ethernet cables managed by an Ethernet switch and communicate with

the TCP/IP protocol. Regarding implementation, the software was developed in the .NET

framework to ensure compatibility with the VXelements and PCDK APIs. Additionally,

the software consists of a Windows Form app written in C#; an attribute inherited from

previous work [13]. The app is divided into three modules based on functionality relating

to the M-20iA robot, C-Track, and real-time control. This separation can be seen in the

form design shown in Figure 4.3. The source code is found in the following GitHub URL

https://github.com/ztao-sd/dotnet-fanuc-controller.git.

The C-Track module contains functions that connect to the VXelements API, extract

the model tracking data periodically, process the data and save the data. A typical sequence

of actions to initialized object model tracking are:

(1) Connect to VXelement API
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Figure 4.3: External software form design.

(2) Subscribe to events of the VXelement API

(3) Import positioning targets

(4) Import tracking model

(5) Start tracking

Once tracking starts, the VXelement API will trigger an event every time a new measure-

ment instance of C-Track is completed, which happens according to the sampling rate of

approximately 29 Hz. The corresponding event handlers would extract the incoming mea-

surement data and store it in a memory buffer that other modules can access. Moreover,

the event handlers may filter the data to enhance the quality of the measurement signal. In

this research, a robust Kalman filter was used to attenuate the measurement noise, which

is highly undesirable for path accuracy enhancement [41]. The events of VXelements are
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triggered on a separate thread from the main application to prevent the app’s slowdown and

utilize parallel computing.

The FANUC module contains functions that connect to the M-20iA robot, configure

the DPM parameters, send DPM to offset signal continuously at a fixed time interval, read

and write digital I/O ports, run a given TP program, and extract robot 6DOF pose data as

measured by the robot’s built-in encoders. Contrary to the VXelements API, the PCDK

API is not event-based. Reading data periodically from the M-20iA robot requires periodic

event triggering with the aid of a timer implemented in the .NET framework. Like the

VXelements API, the event handlers read the pose data and store it in a memory buffer that

other modules can access. The pose data can be expressed in predefined Cartesian spaces

or the joint space. The robot controller sends DPM offsets periodically by writing their

values to certain system variables of the robot controller.

The real-time control module contains functions that calculate the transformation be-

tween sensor frame and robot frame, calculate path error, calculate DPM offset with pro-

posed control algorithms, and send DPM offset periodically to the robot controller at a

fixed time interval. The initialization sequence of this module involves two crucial actions:

(1) Calculate the rotation matrix between the sensor frame and the robot frame as well

as the pose offset as discussed in Chapter 2 Section 2.2.

(2) Load the sequence of poses defining the reference path to be followed.

All the information regarding the rotation matrix, pose offset and sequence of poses can be

easily exported to a JSON file and subsequently imported back to initialize the same control

configuration. During real-time control, the module has a timer running on a separate thread

which triggers events to calculate and send one instance of the DPM offset. The time

interval between subsequent events is 80 ms, which is larger than the sampling interval of

C-Track of 34.5 ms (29 Hz). The justification for this choice is that the control agent should
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always be able to observe between subsequent actions such that it only performs at most

one action per observation.

Concerning the RL-based control algorithm, the real-time control module trains the

policy network with PyTorch within a Python environment. It deploys the policy in real-

time via ONNX Runtime [42, 43]. Based on Algorithm 3, a Python script is executed at

the end of each episode to train the policy network, which is then exported in the ONNX

format. At the start of the next episode, the policy network is imported from the ONNX

file and loaded for real-time inference.

4.4 Visual Servoing Experiment

The experimental layout is as shown in Figure 4.4. Note that both the end effector and

reference object are covered with reflector targets observed by the C-Track to estimate their

6DOF poses. The relative placement of the end effector, reference object, and C-Track is

such that the C-Track has a full view of all relevant reflector targets while the robot task

is undergoing. On the computational side, the M-20iA robot and C-Track are driven by

their corresponding controllers, while the external controller is run on a portable PC. In the

scope of this research, there are two task paths: a straight line motion where the orientation

of the end effector relative to the C-Track remains constant and a straight line motion where

the orientation changes at a constant rate from start to end.

The overall experiment was structured into two separate experiments corresponding to

the two task paths as previously mentioned. Each experiment contained many experimental

runs, each characterized by a set of parameters and the number of episodes. The param-

eters included those which affect the intrinsic motion of the robot, the real-time position

correction (DPM), and the control algorithms as proposed in Chapter 3. Each episode was

a simultaneous execution of the predefined TP program (from the robot) and the high-level

control software (from the external device). Indeed, the control algorithms proposed in
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Figure 4.4: Experimental layout comprising of the M-20iA robot, the C-Track 780, and the
end effector.

Chapter 3 are based on iterative optimization, which necessitates various training episodes.

Due to the measurement stochasticity induced by the visual sensor C-Track and the robot,

statistically meaningful result requires data collection across many episodes. Any control

performance assessment should be based on performance metrics averaged over multiple

episodes of data.

Before starting an experimental run, the following preparation steps were carried out.

(1) Calibrate C-Track and configure VXtrack according to Section 4.1.

(2) Generate a TP program from the desired task path by either programming online with

the teach pendant or programming offline with robot simulation software.

(3) Modified the parameters of the TP program or the DPM parameters if needed.

(4) Choose one of the proposed control algorithms and a corresponding set of parame-

ters.

(5) Prepare a file, readable by the external controller, that stores the desired task path

data.
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Since the experiment concerns mainly software, it can be well described by a program-

ming flowchart as shown in Figure 4.5. The blocks in blue represent the external controller,

the blocks in green specifically refer to the control algorithm proposed in Chapter 3, and

the shapes in orange represent the TP program. The procedure can be summarized in the

following points.

(1) Initialization: The initialization includes loading the desired path and the parameters

of the experimental trial. Furthermore, a timer as discussed in Section 4.3 is enabled.

(2) Start of TP program: The TP program is started remotely from the external device.

The first instruction of the TP program is to move the robot to the starting pose, after

which DPM is enabled. Then, the robot moves according to its internally general

path based on subsequently defined poses.

(3) DPM synchronization: Two digital outputs (DO) serve as flags to trigger to syn-

chronize precisely the start of the control loop with the start of the task path. Both

the external controller and the TP program can switch these DOs.

(4) Control loop: The control loop consists of a routine which is subscribed to the tick

event triggered by the timer at a fixed interval as described in Section 4.3. This

routine is composed of the following subroutines:

(a) Check if the TP program is aborted.

(b) Get pose measurement from VXelements.

(c) Compute the path error.

(d) Compute the DPM offset according to the chosen control algorithm.

(e) Check if the path error and DPM offset are within the safety range.

(f) Send DPM offset signal to the robot controller.
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(5) Termination: Termination occurs when the TP program is aborted or the system is

not considered safe. Then, most of the relevant variables are reset. Any iterative

optimization routine is then executed. If it is the last iteration, the experiment is

terminated, or a new iteration is initiated.

4.5 Summary

In Chapter 4, the discussion on the experimental setup is mainly about the experimen-

tal hardware structure and procedure. Regarding the hardware, the three main constituents

are the FANUC M-20iA robot, the C-Track, and the external kinematic controller. Re-

garding the structure, the experiments are organized hierarchically based on the task path,

the control configurations, and the experimental episodes. The procedure consisted of the

following main processes: initialization, trigger of the TP program, DPM synchronization,

control loop, and termination. Based on the experimental setup described above, many ex-

periments are conducted to assess the control algorithm proposed in 3, and their results are

discussed in Chapter 5.
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Figure 4.5: Flowchart of the experimental software.

52



Chapter 5

Experimental Results

Chapter 5 presents the experiments conducted in this study, the analysis of experimental

data, and the comparison of performance metrics between the baseline PID and RL-based

control algorithms. Two experiments are carried out: line following (position) and line

following (full pose). The rest of the chapter elaborates further on the experiments and

their results.

5.1 Experiment 1: Line Following (Position)

The position line following experiment consists of correcting the end effector of the in-

dustrial robot moving in a straight line at a fixed orientation. The straight line is completely

defined by two points in space. In this experiment, the end-effector orientation is not sub-

ject to extrinsic intervention. Therefore, the orientation portion of the pose correction is set

to zero at all times. As discussed in Chapter 4, the experiment is entirely characterized by

two separate software applications running concurrently: the TP program and the external

kinematic controller.

The TP program is generated via online programming with the teach pendant. The

procedure to define a linear motion consists of teaching a start point and an end point
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in Cartesian space, between which the robot will move at a given constant speed. The

principal parameters of the TP program are shown in Table 5.1. Graphically, the line path

is shown in the 3D plot of Figure 5.1.

TP Parameter Value
Start point [−371 mm, 836 mm, 715 mm]
End point [−476 mm, 1386 mm, 724 mm]

Speed 50 mm/s

Table 5.1: Parameters of TP program for line following (position) experiment.

Figure 5.1: Reference path (line).

Regarding the external controller, the baseline PID controller and the RL-based sup-

plementary controller require the specification of their respective sets of parameters. The

PID control parameters consist of the control gains kp, ki, kd and the time interval at which

the pose correction signal is sent periodically. Through trial and errors, these parameters

are tuned to the following values: kp = diag(0.2, 0.2, 0.1), ki = diag(0.005, 0.005, 0.005),
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kd = diag(0.05, 0.05, 0.05). Moreover, the control interval is set to 80 ms based on the

discussion provided in Section 4.3. The RL-based control parameters consist of the hyper-

parameters of the TD3 algorithm, and the bounds of the state space and action space that

scale the action and state to [−1, 1] during RL training and then rescale back during policy

rollout. All of the aforementioned parameters are listed in Table 5.2.

(a) x-direction (b) y-direction

(c) z-direction

Figure 5.2: Comparison of raw and filtered estimated pose.

As mentioned in Chapter 2, the real-time estimated pose is filtered by a robust Kalman

filter to attenuate noise. The plots from Figure 5.2 compare the raw and filtered signals.

RKF (1) and RKF (2), denoted in Figure 5.2, are two versions of the same filter with

different sets of parameters. The line following (position) experiment, discussed in Section

5.1, utilizes the RKF (1); whereas the (full pose) experiment, discussed later in Section

5.2, utilizes the RKF (2). RKF (1) has better noise attenuation capability but introduces a
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noticeable phase delay. The phase delay causes a transient phase in the system response,

as discussed later in Section 5.1.4. In contrast, RKF (2) prioritizes minimizing phase delay

over noise attenuation, not causing a transient phase in the system response.

In the line following (position) experiment, three experimental runs are carried out. The

first run serves to assess the performance of the baseline PID controller. For this purpose,

ten experimental episodes are executed without the RL-based supplementary controller.

The execution of multiple episodes accounts for the variance of data across episodes. The

second run serves to train the supplementary controller via reinforcement learning, as dis-

cussed in Chapter 3, which requires up to 100 episodes. The third and final experimental

run evaluates the performance of the supplementary reinforcement learning-based pose cor-

rection method. Ten experimental episodes are carried out like the first run, this time with

the baseline PID controller supplemented by the RL-based controller. Note that the choice

in the number of episodes for each experimental run is based on intuition, trial and error

and learning performance.

5.1.1 RL Policy Training Assessment

Recall that the policy network is trained via the TD3 algorithm as described in Algo-

rithm 3. The training process consists of 20 exploratory episodes and 100 training episodes,

each containing approximately 140 time steps. The effectiveness of the RL training is as-

sessed via the learning curve as shown in Figure 5.3. The learning curve is a line plot of the

episodic return as a function of the number of training episodes completed. The training

process is quite oscillatory, i.e., the return signal swings up and down at a high frequency.

However, clear trends could still be identified by smoothing out the curve with a moving

average filter. From episodes 0 to 60, the episodic returns display an upward trend, peak-

ing approximately at episode 60. From episodes 60 to 100, the episodic returns show a

downward trend that flattens near the end. The level-off of the learning curve indicates that
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Common Parameters
Control interval Tc 80 ms

PID Parameters
Proportional gain kp diag(0.2, 0.2, 0.1)

Integral gain ki diag(0.005, 0.005, 0.005)
Derivative gain kd diag(0.05, 0.05, 0.05)

TD3 Hyperparameters
State Max - [-300, 1500, 500]
State Min - [-600, 700, 800]

Action Max - [0.50, 0.50, 0.50]
Action Min - [-0.50, -0.50, -0.50]

Actor Network - MLP[6, 60, 60, 3]
Critic Network - MLP[9, 120, 120, 1]

Activation Function - ReLU
Discount rate γ 0.98
Policy delay d 2

Actor learning rate αϕ 1e−3

Critic learning rate αθ 1e−3

Batch size - 100
Target update rate τ 5e−3

Exploration noise ϵ N (0, σ = 0.1)
Smoothing noise η N (0, σ̃ = 0.2)

Smoothing noise clip c 0.5
Optimizer - Adam
Buffer size - 100000

Gradient steps G 800
Warmup noise - N (0, σ̄ = 0.05)

Warmup episodes - 20
Training episodes - 100

Table 5.2: Hyperparameters of TD3 algorithm for line following (position) experiment.
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the policy optimization reached a local minimum. Throughout the training progression,

a snapshot of the policy is saved at the end of every episode. To find the best policy, it

suffices to get the snapshot policy at the peak of the learning curve.

The pattern above indicates that the TD3 algorithm has effectively improved the policy

throughout the first half of the training process. For the second half, the gradual decrease

of episodic returns can be explained by the phenomenon of overtraining. Indeed, the in-

herent instability of TD3, a temporal difference learning algorithm, can steer the policy to

perform better or worse arbitrarily [32]. Such instability entails that different instances of

the same training process can yield policies of divergent performance levels. Therefore,

the effectiveness assessment of the training algorithm usually requires many trials of the

training process to account for the variance. In this research, only one training trial is car-

ried out because each trial takes a long time to complete, making multiple trials unfeasible

considering the available time frame.

Figure 5.3: Learning curve for the line following (position) task over 100 episodes.
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5.1.2 Path Error Data Distribution

Deriving any conclusion from the real-time estimates path errors necessitates finding

the confidence interval of the estimated path errors. Therefore, the distribution of the devi-

ations from the mean path error at each time step must be modelled. The target data consists

of the path errors acquired throughout the ten experimental episodes with the rollout of the

RL-based supplementary controller. Based on the histogram shown on the left of Figure

5.4, the deviations of the path errors in all Cartesian directions seem to follow a symmetric

bell-shaped distribution. While a bell shape does not necessarily imply a normal distribu-

tion, normality tests can offer more insight into the target data distribution. One such test

involves the quantile-quantile (Q-Q) plot, which plots the quantiles of the target distribution

against those of a reference distribution, the normal distribution. If the target data is nor-

mally distributed, the dots of the Q-Q plot should lie in a straight line. Based on the plots

shown on the right of Figure 5.4, the quantiles mostly lie on a straight line except at the

extremities. Indeed, the extreme quantiles of the target distribution contain more extreme

data than the normal distribution. This observed aberration might compensate for the fact

that an actual data distribution cannot stretch to infinity like a normal distribution. Alterna-

tively, the aberrations might simply be an inherent characteristic of the target distribution.

Nevertheless, since the aberrations are relatively small and local to only one extremity, a

normal distribution is still a good approximation of the target data distribution.

As a standard practice, the confidence interval of 95% probability is a conservative

estimate of the range of path errors. Based on the normal distribution, 95% probability

corresponds to the 97.5th percentile point, roughly 1.96 times the standard deviation σ of

the mean. The target data’s confidence intervals of the path errors are listed in Table 5.3.

These confidence intervals are to be considered when calculating the path accuracy.
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Figure 5.4: Left: Histogram of the mean path error deviations under control configuration
(3) (baseline PID controller supplemented with RL-based controller), across ten perfor-
mance assessment episodes; Right: Q-Q plot comparing the sampled data to a normal
distribution; (a) X-direction, (b) Y-direction, (c) Z-direction, (d) 3D distance.

5.1.3 Control Performance Comparison

Recall, from Chapter 1, that the design goal of the supplementary controller is to act

in parallel with the baseline controller to outperform the latter in terms of accuracy en-

hancement. Intuitively speaking, better path accuracy corresponds to smaller path errors.

Since path errors are given as time series, the mean absolute error (MAE) is used to assess

the mean path accuracy across experimental episodes. MAE is calculated as the arithmetic
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95% Confidence Intervals
x ±1.131× 10−2 mm
y ±2.317× 10−3 mm
z ±1.087× 10−2 mm

distance ±1.078× 10−2 mm

Table 5.3: Confidence intervals of path errors corresponding to the performance assessment
run of the RL-based supplementary controller.

average of the absolute errors, given by

MAE =

∑N
i |ei|
N

(5.1)

where ei is the path error at a particular time instance, and N is the number of data points

per episode. In addition, because the limiting case often defines performance, the max-

imum error is used to quantify the empirical path accuracy of an experimental episode.

Since multiple episodes of performance assessment are conducted, the performance met-

rics are the average MAE and the maximum of the maximum error across all episodes.

Conservatively, the path accuracy would be calculated by summing the maximum error,

the volumetric accuracy of the C-Track optical sensor of ±0.0025 mm, and the confidence

intervals shown in Table 5.3. In the scope of this research, for the sake of simplicity, the

path accuracy is computed simply as the maximum error.

Based on those above three experimental runs, three corresponding control configura-

tions are evaluated:

(1) No external controller: This configuration has no external intervention of the robot’s

motion. Therefore, the robot follows its intrinsic motion.

(2) Baseline PID controller: In this configuration, an external controller corrects the

robot’s intrinsic motion in real-time. Its control algorithm consists simply of the

baseline PID controller.
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(3) Baseline PID controller supplemented with RL-based controller: Acting in par-

allel with the baseline PID controller, the RL-based controller is added in this con-

figuration.

(a) x-direction (b) y-direction

(c) z-direction (d) 3D distance

Figure 5.5: Comparison of path error between control configurations (1) and (2), averaged
across ten assessment trials; Shaded area represents a conservative estimate of the confi-
dence interval.

The impact of the baseline PID is highlighted by comparing the path errors from ex-

periments of control configurations (1) and (2), shown in the plots of Figure 5.5. While

the robot is stationary at the start and end, the path errors are insubstantial due to the high

repeatability of the M-20iA robot. From the beginning of the intrinsic motion, the robot

deviates steadily from the linear path, reaching its peak at around the middle of the path,

and then, the path error decreases gradually until the end point. The maximum path error
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Figure 5.6: Comparison of average MAE and maximum path error between control config-
urations (1) and (2) across ten assessment trials (starting from the 1.5 second mark).

can reach up to 0.25 mm in terms of 3D distance. Across all directions in Cartesian space,

the baseline PID controller significantly reduces path errors at all times.

The two configurations’ performance metrics are compared in Figure 5.6. The perfor-

mance metrics are calculated starting approximately from the 1.5 seconds mark, when the

path error crosses the target (zero) for the first time, to ignore any effect from the initial

error. It is observed that MAE and maximum error are reduced from 0.161 / 0.242 mm

to 0.034 / 0.112 mm respectively in terms of 3D distance, corresponding to reductions of

378.2%/116.5%. While ignoring other sources of error, the path accuracy achieved by the

baseline PID controller is determined as the maximum error, which is ±0.112 mm. This

result agrees with the benchmark study by [13], which achieved an accuracy of±0.20 mm.

The effect of the supplementation of the RL-based controller on top of the baseline PID

is studied by comparing the average path error between the second and third configura-

tions as shown in Figure 5.7. Note that the path error is averaged across the ten episodes

of performance assessment. The RL-based controller appears to have no noticeable effect
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(a) x-direction (b) y-direction

(c) z-direction (d) 3D distance

Figure 5.7: Comparison of the path error between control configurations (2) and (3), av-
eraged across ten assessment trials; Shaded area represents a conservative estimate of the
confidence interval.

throughout most of the path motion. However, one could notice that the overshoots of path

error, occurring before the 5 seconds mark, are significantly reduced across all Cartesian

directions. The average control signal, shown in Figure 5.8, also reflects a more significant

control effort contribution from the RL-based supplementary controller in the first 5 sec-

onds of the path following task, matching the reduction of overshoots as mentioned above.

Past the 5 seconds mark, the RL-based supplementary controller offsets the baseline con-

trol signal by a relatively constant minor amount, also matching its minor effect for the rest

of the path.
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(a) x-direction

(b) y-direction

(c) z-direction

Figure 5.8: Comparison of baseline and supplemented control signals under control con-
figuration (3), across ten assessment trials; Shaded area represents a conservative estimate
of the confidence interval
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Figure 5.9: Comparison of average MAE and maximum path errors between control con-
figurations (2) and (3), across ten assessment trials (starting from the 1.5 second mark).

A comparison of the performance metrics is illustrated in two column charts to quan-

tify the reduction of overshoots. The chart shown in Figure 5.9 accounts for the effect of

overshoots by showing the performance metrics computed beginning from the 1.5 second

mark. In comparison, the chart in Figure 5.10 ignores the former by showing the metrics

computed beginning from the 5.5 second mark. The first chart shows that both MAE and

maximum error reduces from 0.034 / 0.112 mm to 0.030 / 0.089 mm, respectively, in terms

of 3D distance, corresponding to reductions of 10.5%/20.1%. The second chart shows that

the MAE reduces from 0.031 mm to 0.029 mm in the 3D distance, corresponding to a

5.7%. However, the maximum error increases from 0.077 mm to 0.078 mm, corresponding

to an increase of 1.1%. While accounting for overshooting, the path accuracy achieved by

supplementation of the RL-based control is given as the maximum error of ±0.089 mm,

improving from that of the baseline PID control by 20.1%.
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Figure 5.10: Comparison of average MAE and maximum path errors between control con-
figurations (2) and (3), across ten assessment trials (starting from the 5.5 second mark)

5.1.4 Discussion

Note that the RL-based supplementary controller is trained specifically for the line fol-

lowing task characterized by the TP program parameters listed in Table 5.1. It likely would

not yield the same performance if the task is altered. The amount of generalization of the

RL-based controller remains to be investigated. Thus, as an assumption, any result derived

from the line following experiment (position) cannot be generalized for other task paths.

As expected, the rollout of the baseline PID controller yields tremendous path accuracy

improvement from the intrinsic motion without external control. From the summary Ta-

ble 5.4, MAE and max error improve across all the Cartesian directions, amounting to an

overall 116.5% max error improvement in 3D distance.

On the other hand, the effect of supplementation with RL-based controller is studied

under two time frames. The first time frame, starting from the 1.5 second mark, includes

the transient period where overshoot occurs. In the first time frame, path accuracy im-

provements are seen across all Cartesian directions. The summary table 5.4 shows that
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Comparison between control configurations 1 & 2
- MAE Max Error

-
without
PID

with
PID

%
change

without
PID

with
PID

%
change

x (mm) 0.1129 0.0125 -800.0 0.1616 0.0505 -220.2
y (mm) 0.0262 0.0029 -817.5 0.0377 0.0101 -273.3
z (mm) 0.1095 0.0287 -281.3 0.1881 0.1114 -68.9
distance (mm) 0.1615 0.0338 -378.2 0.1615 0.1116 -116.5

Comparison between control configurations 2 & 3
- MAE Max Error

-
without
RL

with RL
%
change

without
RL

with RL
%
change

x (mm) 0.0125 0.0118 -5.8 0.0505 0.0429 -15.1
y (mm) 0.0029 0.0026 -7.7 0.0101 0.0092 -8.8
z (mm) 0.0287 0.0250 -13.1 0.1114 0.0882 -20.8
distance (mm) 0.0338 0.0302 -10.5 0.1116 0.0892 -20.1

Table 5.4: Comparison of the performance metrics between, from the 1.5 second mark,
control configurations for the line following experiment.

the supplementation of the RL-based controller improves accuracy by 20.1% in the first

time frame. In comparison, the second time frame, beginning from the 5.5 second mark,

consists of the period where the path deviation more or less reaches a steady state. In the

second time frame, path accuracy not only does not improve but even sees minor ( 1%)

deterioration, which can be neglected.

From the observations above, the RL-based controller drastically improved transient

performance but had a negligible effect on the steady-state performance. The transient

phase may stem from the phase delay induced by the robust Kalman filter. The poor steady-

state performance of the proposed RL-based controller stems possibly from the exploration-

exploitation dilemma of the TD3 algorithm. Regarding TD3, exploration is done via the

injection of Gaussian noise into the control signal. It is suspected that this exploration

noise is not suitable for very fine path stabilization since noisy control signal often leads

to chattering. Indeed, the exploration policy worsens the accuracy such that it seldomly

stumble upon a more rewarding state transition, which leads to failure to improve the policy,
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i.e., the policy is stuck in a local minimum. If one decreases the amplitude of the noise or

even eliminates it, then the lack of exploration also leads to failure to improve the policy.

In contrast, TD3 deals with transient performance better since it consists of more coarse

motion control, i.e. the magnitude of the path errors is more significant, resulting in less

noise sensitivity. Potential solutions to improve steady-state performance include fine-

tuning the exploration noise magnitude, proposing a more suitable alternative exploration

policy, scheduling the exploration noise throughout the training process and so forth. How-

ever, these potential solutions are open problems outside this research’s scope.

Another possible explanation is that the signal from the C-Track sensor is too noisy.

Indeed, one drawback of optical sensors is their inherent noisiness [19]. The noisy signal

might cause the approximate action-value function (critic) to be inaccurate. Since the pol-

icy (actor) is optimized based on the critic, the former’s accuracy is limited by the latter.

Alternatively, episode-specific aberrations can also drastically hinder the effectiveness of

TD3. Any episodic RL algorithm hinges on the fact that the dynamics of the environment

do not alter from episode to episode. In the case of industrial robots, the same Cartesian

pose does not correspond to a unique position for the joint bearings and gears due to slip-

page and gear ratio. Therefore, irregularities of the joint bearings and gears constitute an

episode-specific aberration. The above hardware-related issue cannot be solved via modi-

fying the control algorithms.

5.2 Experiment 2: Line Following (Full Pose)

The line following experiment (full pose) is the same experiment presented in Section

5.1 except that the orientation changes at a constant rate from the start point to the end

point. More precisely, the ZYX Euler angles vary linearly as a function of the positional

path progression. The determination of the desired Euler angles based on the current path
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progression is discussed in Section 2.2. The addition of orientation in the pose correc-

tion signal requires the orientation to be different from the start point to the end point, as

reflected in the TP parameters shown in Table 5.5. For the sake of comparison with the

position experiment, the start/end points and the speed remain the same.

TP Parameter Value
Start point [−371 mm, 836 mm, 715 mm, 179◦, −3.93◦, 89.2◦]
End point [−476 mm, 1386 mm, 724 mm, 171◦, 12.8◦, 87.4◦]

Speed 50 mm/s

Table 5.5: Parameters of TP program for the line following (full pose) experiment.

Concerning the external controller, the parameters are shown in Table 5.6. The param-

eters of the Baseline PID control are changed to account for the coupling effect between

position and orientation pose correction. The control gains for orientation are rather large

due to the conversion from radian to degree. The control interval remains at 80 ms. A

single policy network handles the position and orientation control. Aside from the bounds

of state and action spaces, the TD3 parameters stay the same.

Even though the line following (full pose) is a follow-up to the position experiment,

there is one key difference besides the addition of orientation control. This experiment uti-

lizes a robust Kalman filter (RKF (2) shown in Figure 5.2) that is re-tuned for reduced phase

lag but less noise suppression, resulting in a drastic change in more variance and oscillation

in the path error. Thus, the comparison between experiments also requires redoing of the

position experiment under the new Kalman filter, but unfortunate circumstances prevent

further experimentation. Due to the relocation of the FANUC robot, there is not enough

time to complete this experiment. The control parameters are not well-tuned enough to

yield satisfactory control performance. The experimental results demonstrate a non-ideal

effect on path accuracy, but there are included nonetheless for completeness.

70



Common Parameters
Control interval Tc 80 ms

PID Parameters
Proportional gain kp diag(0.4, 0.3, 0.4, 17.19, 8.59, 25.78)

Integral gain ki diag(0.005, 0.005, 0.05, 1.15, 1.15, 1.15)
Derivative gain kd diag(0.0005, 0.0005, 0.0005, 0.2865, 0.2865, 0.2865)

TD3 Hyperparameters
State Max - [-300, 1500, 500, 3.20, 0.30, 1.60]
State Min - [-600, 700, 800, 2.90, -0.15, 1.40]

Action Max - [0.50, 0.50, 0.50, 0.002, 0.002, 0.002]
Action Min - [-0.50, -0.50, -0.50, -0.002, -0.002, -0.002]

Actor Network - MLP[12, 100, 100, 6]
Critic Network - MLP[18, 150, 150, 1]

Activation Function - ReLU
Discount rate γ 0.98
Policy delay d 2

Actor learning rate αϕ 1e−3

Critic learning rate αθ 1e−3

Batch size - 100
Target update rate τ 5e−3

Exploration noise ϵ N (0, σ = 0.1)
Smoothing noise η N (0, σ̃ = 0.2)

Smoothing noise clip c 0.5
Optimizer - Adam
Buffer size - 100000

Gradient steps G 800
Warmup noise - N (0, σ̄ = 0.05)

Warmup episodes - 20
Training episodes - 32

Table 5.6: Hyperparameters of TD3 algorithm for line following (full pose) experiment.
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5.2.1 RL Policy Training Assessment

Like the previous experiment, the training process consists of 20 exploratory episodes,

but only 32 training due to the disruptions of the experiment. From the learning curve

shown in Figure 5.11, the training process remains oscillatory, requiring noise filtering to

notice the trend. The trend is that the episodic return increases with the number of training

episodes, indicating the effectiveness of the RL process. However, the observation of the

learning convergence will require more learning episodes. As before, the best policy is the

policy with the highest episodic return, which happens in the last training episode for this

experiment. Overall, the line following experiment’s (full pose) policy training does not

differ significantly from the position experiment. Hence, any further analysis follows what

is discussed in Section 5.1.1.

Figure 5.11: Learning curve for the line following (full pose) task over 32 episodes.
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5.2.2 Path Error Data Analysis

Based on the same analysis done in Subsection 5.1.2, the deviation from the mean

path error at each time instance is assumed to follow the normal distribution. Thus, the

confidence interval of the path error, in the line following (full pose) experiment, remains to

be the 97.5th percentile point as appeared in table 5.7. Note that the confidence intervals are

larger in this experiment compared to the previous one. This discrepancy can be attributed

to the accuracy deterioration with the inclusion of orientation correction. Indeed, an added

complexity in the dimension of control targets intuitively leads to the accumulation of errors

induced by interactions between dimensions. Moreover, the higher variance could also be

caused by the re-tuning of the Kalman filter (for C-Track pose estimation), mentioned

previously, which prioritizes phase shift reduction instead of noise attenuation.

95% Confidence Intervals
x ±4.831× 10−2 mm
y ±9.078× 10−3 mm
z ±5.595× 10−2 mm

3D distance ±4.743× 10−2 mm
w ±2.171× 10−2 ◦

p ±9.817× 10−3 ◦

r ±2.400× 10−2 ◦

eq.-angle ±1.746× 10−2 ◦

Table 5.7: Confidence intervals of path errors corresponding to the RL-Based supplemen-
tary controller assessment run for full pose experiment.

5.2.3 Control Performance Comparison

As discussed in Subsection 5.1.3, the RL-based supplementary control performance

metrics consist of the average MAE and maximum path error across ten episodes of per-

formance assessment. The maximum path error quantifies the path accuracy, accounting

for the worse scenario. The same three control configurations are being compared: (1) no

external control, (2) baseline PID controller, and (3) baseline PID controller supplemented
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(a) x-direction (b) y-direction

(c) z-direction (d) 3D distance

(e) x-rotation (f) y-rotation

(g) z-rotation (h) equivalent angle

Figure 5.12: Comparison of the position and orientation errors between control config-
urations (1) and (2), across ten assessment trials; (w, p, r corresponds to the ZYX Euler
angles); Shaded area represents a conservative estimate of the confidence interval.
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with RL-based controller.

The first comparison is made between configurations (1) and (2) to highlight the effect

of the baseline PID controller. In Figure 5.12, the time-series plots compare the position

and orientation errors, respectively, between control configurations (1) and (2). The plots

show position and orientation errors averaged across ten performance assessment episodes.

In all Cartesian directions, the position errors are negligible when the robot is stationary

at the beginning and end of the path, owing to the remarkable positioning repeatability of

the M-20iA robot. While in motion without an external controller, the robot intrinsically

deviates from the reference path, reaching maximum path error around the middle of the

path. Likewise, the orientation errors peak midway through the path but vanish at the

extremities. The position error, in terms of distance, is mainly contributed by the error in

the z-direction. A more significant margin of error, induced by the minimal change in the

z-position throughout the reference path, could explain the prominence of the deviation

in the z-direction. Similarly, the orientation error, in terms of equivalent angle, is mainly

contributed by the error around the z-axis (ZYX Euler angles). The equivalent angle is

calculated based on the equivalent angle-axis representation [44]. With the baseline PID

controller’s rollout, the robot no longer deviates as before but rather oscillates around the

reference path.

The column charts, shown in Figures 5.13 and 5.14, compare the performance metrics

of the two control configurations. The deployment of the baseline PID control reduces

the MAE (distance) by -1562%, from 1.40 mm to 0.084 mm. Meanwhile, the maximum

error (distance) is reduced by 650%, from 2.15 mm to 0.286 mm. Compared to the po-

sition experiment, the achieved accuracy of ±0.286 mm is much lower than the previous

value of ±0.112 mm. Since the inclusion of orientation control, the accuracy has wors-

ened, as discussed previously in Section 5.2. Regarding orientation, the MAE (equivalent
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Figure 5.13: Comparison of average MAE and maximum position path errors between
control configurations (1) and (2), across 10 performance assessment episodes (starting
from the 1.5 second mark).

Figure 5.14: Comparison of average MAE and maximum orientation path errors between
control configurations (1) and (2), across 10 performance assessment episodes (starting
from the 1.5 second mark).
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(a) x-direction (b) y-direction

(c) z-direction (d) 3D distance

(e) x-rotation (f) y-rotation

(g) z-rotation (h) equivalent angle

Figure 5.15: Comparison of the position and orientation errors between control config-
urations (2) and (3), across ten assessment trials; (w, p, r corresponds to the ZYX Euler
angles); Shaded area represents a conservative estimate of the confidence interval.
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(a) x-direction (b) y-direction

(c) z-direction (d) x-rotation

(e) y-rotation (f) z-rotation

Figure 5.16: Comparison of baseline and supplemented control signal under control con-
figuration (3), across ten assessment trials; (w, p, r corresponds to the ZYX Euler angles);
Shaded area represents a conservative estimate of the confidence interval.
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angle) is reduced by 882.3%, from 0.247 to 0.0251◦. The maximum error (equivalent an-

gle) is reduced by 406.6%, from 0.381 to 0.0752◦. As expected, the orientation accuracy

improvement due to the deployment of the baseline PID control is substantial.

The second comparison is made between configurations (2) and (3) to show the effect

of RL supplementation on the baseline PID controller. In Figure 5.15, the time series plots

compare the position and orientation errors between the control configurations, showing

that the RL-based supplementary control does not noticeably affect path stabilization. In-

deed, the oscillations, with or without the supplementary controller, mostly coincide with

minor differences in amplitude. Furthermore, as shown in Figure 5.16, the baseline and

supplemented control signals overlap nearly perfectly with each other. The negligible con-

trol effort exerted by the RL-base supplementary controller corresponds to its minor effect

on the path error.

The comparison of performance metrics is shown in the column charts from Figures

5.17 and 5.18. In terms of translation distance, the RL-based controller’s supplementation

reduces the MAE by 2.2%, from 0.0843 to 0.0824 mm, a negligible improvement justifi-

able by variance. However, the maximum error is increased by 4.2%, from 0.2 to 0.298

mm, a noticeable worsening. In terms of equivalent angle, the MAE is reduced by 4.9%,

from 0.0251 to 0.0239◦, a minor improvement. The maximum error is reduced by 9.2%,

from 0.0752 to 0.0683◦, also a minor improvement. The disparity of the supplementary

control’s effect on position and orientation accuracy can be attributed to either the incom-

plete experimentation mentioned previously in Section 5.2 or the inherent drawbacks of RL

elaborated in Subsection 5.1.3.

5.2.4 Discussion

The deployment of the baseline PID controller does improve path accuracy substan-

tially. The summary Table 5.8 shows that both position and orientation accuracy improve
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Figure 5.17: Comparison of average MAE and maximum position errors, with and without
the RL-based supplementary control, across 10 performance assessment episodes (starting
from the 1.5 second mark).

Figure 5.18: Comparison of average MAE and maximum orientation errors, with and with-
out the RL-based supplementary control, across 10 performance assessment episodes (start-
ing from the 1.5 second mark).
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by 650% and 407% respectively. Accuracy improvement is observed across all directions

and rotation axes, except for the x-direction, where the position accuracy decreases by 15%.

An outlier in the data might explain this unexpected result.

Recall that the data of the position experiment demonstrate that the RL-based sup-

plementary controller improves the transient performance but not the steady-state perfor-

mance. In contrast, such a result is not found in the full pose experiment. The plots from

Figure 5.17 and 5.18 do not display a transient phase of the path errors, i.e., the amplitudes

of the oscillations stay constant at all time without the initial overshoot. The absence of

a transient phase can be explained by the drastic reduction of phase delay of the re-tuned

Kalman Filter discussed previously in Section 5.2. Therefore, only the steady-state per-

formance can be evaluated. Like in the position experiment, the RL-based supplementary

controller has a minor effect on the steady-state path accuracy. The summary table 5.8

shows a 4.2% worsening in position accuracy, and 9.2% improvement in orientation accu-

racy. An all-encompassing path accuracy improvement should be possible if a better set of

control parameters is provided, as shown in Table 5.6.

Comparing the results from position and full pose experiments, one can observe that the

accuracy achieved in the former is much better than that achieved in the latter. Differences

between the experiments explain such a discrepancy, listed as follows:

• The inclusion of orientation adds more dimensions as control targets, leading to more

errors due to interdimensional interaction.

• The robust Kalman filter is re-tuned for the full pose experiment to prioritize phase

delay reduction over noise attenuation. Hence, the noisier reference signal might

leads to a noisier control signal, resulting in more variance in the control perfor-

mance.

• Regarding the pose estimated by the C-Track, the orientation signal is much noisier

than the position signal. Within the policy network, the noise from the orientation
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Comparison between control configurations 1 & 2
- MAE Max Error

-
without
PID

with
PID

%
change

without
PID

with
PID

%
change

x (mm) 0.0685 0.0311 -120.2 0.1460 0.1733 +15.7
y (mm) 0.0324 0.0063 -417.9 0.0609 0.0330 -84.1
z (mm) 1.3988 0.0711 -1866.0 2.1414 0.2839 -654.3
distance (mm) 1.4015 0.0843 -1562.0 2.1467 0.2862 -650.0
w (◦) 0.0608 0.0121 -401.7 0.1207 0.0652 -85.2
p (◦) 0.0258 0.0082 -215.3 0.0511 0.0361 -41.7
r (◦) 0.2368 0.0168 -1307.2 0.3716 0.0707 425.3
eq.-angle (◦) 0.2467 0.0251 -882.3 0.3808 0.0752 -406.6

Comparison between control configurations 2 & 3
- MAE Max Error

-
without
RL

with RL
%
change

without
RL

with RL
%
change

x (mm) 0.0311 0.0297 -4.6 0.1733 0.1481 +14.6
y (mm) 0.0063 0.0060 -4.4 0.0330 0.0287 -13.2
z (mm) 0.0711 0.0708 -0.6 0.2839 0.2971 +4.6
distance (mm) 0.0843 0.0824 -2.2 0.2862 0.2982 +4.2
w (◦) 0.0121 0.0118 -2.5 0.0652 0.0484 -25.8
p (◦) 0.0082 0.0069 -16.3 0.0361 0.0330 -8.5
r (◦) 0.0168 0.0163 -2.9 0.0707 0.0655 -7.4
eq.-angle (◦) 0.0251 0.0239 -4.9 0.0752 0.0683 -9.2

Table 5.8: Comparison of the performance metrics between, from the 1.5 second mark,
control configurations for the line following experiment (full pose).

reference signal can spill over to affect both the position and orientation control sig-

nal.

• Based on the learning plot shown in Figure 5.11, the policy, in the full pose ex-

periment, has yet to converge to a local minimum due to being trained for only 32

episodes. In the case of the position experiment, the policy converged at around 60

episodes.
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5.3 Summary

In Chapter 5, the results of the two experiments are discussed. The two experiments are

structured based on the task path: line (position) and line (full pose). For each experiment,

three experimental runs contribute separately to assess the baseline controller, train the

RL supplementary controller, and assess the Rl-based supplementary controller. From the

experimental data gathered across experimental sets, the general qualitative observations

are:

• The normal distribution well approximates the mean path error deviation.

• The RL-based controller improves transient performance by attenuating the magni-

tude of overshoots.

• The RL-based controller has a negligible effect on steady-state performance.

Note that the control performance is measured by the MAE and the maximum error of

the path. These two performance metrics are chosen to gauge the amount of accuracy im-

provement. Regarding the line following (position) experiment, the path accuracy (defined

as the max error) is improved by 20.1% under the supplementation of the RL-based con-

troller compared to the rollout of only the baseline controller. Concerning the line following

(full pose) experiment, the position accuracy is worsened by 4.2%, while the orientation

accuracy is improved by 9.2%. The overall performance of the RL-based controller is dis-

cussed from a heuristic perspective. Chapter 6 will proposed potential improvement of the

RL-based controller.
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Chapter 6

Conclusion

Chapter 6 summarizes the research motivation, the problem statement, and the main

results of this thesis. Furthermore, some perspectives on future works are discussed.

6.1 Research Summary

The motivation of the research comes from the inherent lack of accuracy in industrial

robots, which hinders their use in manufacturing applications where accuracy is essential.

Many robot calibration methods have been developed to improve the static accuracy of the

robot significantly. However, robot calibration has little effect on path accuracy, which

defines how precisely the robot can follow a predefined path. A promising approach to

tackle path accuracy consists of real-time feedback control using an external visual sensor

(visual servoing), which is the chosen approach in this thesis. Usually, the control problem

to be solved is that of path following. However, the control scheme must be constrained

by the robot’s technical restrictions. Indeed, the robot’s dynamics are often unknown, and

the built-in control system is also not permitted to be modified by the end user. Therefore,

any external intervention of the robot’s motion needs to interface with software modules

provided by the manufacturer of a given robot. Such software layer generally can take in
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signals from an external device to offer real-time kinematic adjustment of the robot end

effector in Cartesian space.

Based on the above technicalities stereotypical of most industrial robots, the control

problem is reduced to a path error stabilization task. The robot in large is treated as a

black box model to be stabilized by model-free control methods. The control framework

is structured as two model-free controllers acting in parallel: a baseline PID controller

and a supplementary controller. The baseline PID controller carries out the bulk of the

error stabilization function, which has been proven to perform well in previous studies.

In contrast, the supplementary controller supports the former to improve path accuracy

further. The proposed supplementary controller is an RL-based policy (controller) trained

with the TD3 algorithm.

Path stabilization experiments are carried out using a FANUC M-20iA robot and the C-

Track dual-camera optical. Two experiments are carried out: line following (position) and

line following (full pose). Custom control parameters are fine-tuned for each experiment

to yield favourable results. Additionally, each experiment comprises three experimental

runs used to assess the baseline controller, train the RL policy, and assess the RL-based

supplementary controller. From the gathered experimental data, the following results are

derived:

• RL training assessment: For all experiments, the offline TD3 algorithm proved to

be effective at improving the supplementary controller (policy), which is shown via

learning curves.

• Path error deviation distribution modelling: For all experimental sets, the data

distributions are shown to be well approximated by the normal distribution. Hence,

the confidence interval of the estimated path error can be properly quantified.

• Performance metrics comparison: The performance metrics consist of the MAE

and max error of the path. Two comparisons are made: no external controller vs
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baseline PID controller and baseline controller vs baseline PID controller supple-

mented with Rl-based controller. Across all experiments, the baseline controller,

compared to no controller, improves path accuracy drastically. In contrast, the effect

of the supplementation of RL-based controller is summarized as follows:

(1) Line following (position): The general observation is that transient performance

is improved significantly, while steady-state performance is not affected. Quan-

titatively, the MAE and max error saw reductions of 10.5% and 20.1%, respec-

tively, in terms of 3D distance. The resulting path accuracy is ±0.0892 mm.

(2) Line following (full pose): Due to different experimental conditions, no tran-

sient phase of the path errors is observed. Therefore, only steady-state per-

formance can be gauged, which shows no noticeable improvement in position

and orientation accuracy. Note that this experiment has not been completed

adequately due to the M-20iA robot’s relocation.

The difference in transient and steady-state performances may be explained by defi-

ciencies in the TD3 algorithm, which causes learning instability and local minima. Alter-

natively, hardware limitations may also play a role by causing episode-specific aberrations

or noisy measurement signals.

6.2 Future Works

The poor steady-state performance of the RL-based supplementary controller motivates

potential improvements to the RL algorithm:

• Scheduling of the magnitude of the exploration noise to smartly adapt to the need for

exploration or exploitation.

86



• Using an exploration policy that is procedural instead of stochastic to eliminate the

detriment of noisy control signals.

• Designing a better reward function that better reflects the path accuracy enhancement

objective.

• Optimizing the hyperparameters of TD3 to improve learning stability and find a better

policy.

• Training the policy with a different actor-critic algorithm to find a better policy.

• Switching to a model-based RL algorithm such as MBPO [45], or DayDreamer [46]

to make learning more data-efficient. Learning a world model to predict the outcome

of potential actions to minimize real-world trial and error.

• Proposing a control method utilizing discrete action space rather than continuous

action space. RL algorithms for discrete action space typically does away with the

exploration noise that is detrimental to fine motion control.

• (Full pose experiment) Implementing position and orientation control as separate

neural networks. The primary reason for this decoupling is to prevent the relatively

noisier orientation signal from spilling over to the position control signal.

Other than control algorithms, improvements in data acquisition, such as shorter sampling

time and better noise filtering, can also be the subject of further research. Another possi-

ble extension is the experimentation with complex path geometries that are found in real

manufacturing applications. Additionally, the path accuracy determination should be cross-

validated by a third-party external sensor other than the C-Track. Moreover, the proposed

control scheme and algorithm can also be tested in other types or brands of robots.
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