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Abstract

Co-existence of human and robot in the same workspace requires the robot to per-

form robot tasks such as trajectory tracking and also interaction tasks such as

keeping a safe distance from human. According to various human-robot interac-

tion scenarios, different interaction tasks usually require different task requirements

or specifications, leading to different control strategies. Besides, due to different

natures of the robot tasks and interaction tasks, different controllers may be re-

quired when the task is switched from one to another. So far, there is no theoretical

framework which integrates different robot and interaction task requirements into a

unified robot control strategy.

In this research, a general human-robot interaction control framework is proposed

for the scenario of human and robot coexisting in the same workspace. We propose

a general potential energy function which can be used to derive a stable and unified

controller for various robot tasks and human-robot interaction tasks. Instead of de-

signing a particular task function formalism for each subtask requirement, various

tasks can be specified at a user level through simply adjusting certain task param-

eters. Interactive weights are also defined to specify the interaction behaviours of

robots according to different human-robot interaction applications. Specific interac-

tion modes such as human-dominant interaction and robot-dominant interaction are

given in details to demonstrate the applications of the proposed control method. We

show how the control framework can be applied to existing robot control systems

with velocity control or torque control mode by developing a joint velocity reference
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command and an adaptive controller.

Typically, industrial manipulators have closed architecture control systems and do

not come with external sensors. During human-robot interaction, robots are op-

erated in an uncertain environment with presence of humans and are required to

adjust the behaviours according to human’s intentions. Hence, external sensors such

as vision systems must be added and integrated into the robots to improve their

capabilities in perception and reaction. Since different configurations and types of

sensors result in different sensory transformation or Jacobian matrices and thus lead

to different models, it is in general difficult for operators or users in factory to model

the sensory systems and deploy the robots according to various human-robot inter-

action applications. In this thesis, a new learning algorithm is derived and employed

in the proposed control framework to estimate the unknown kinematics such that

various external sensors can be easily integrated into the proposed framework to

perform interaction tasks without modeling the kinematics.

In the proposed framework, the robot’s behaviours during the interaction can be

varied by manually adjusting the task parameters. As some of the task parameters

do not correspond to any physical meaning, it may be difficult for normal non-expert

users to set the task parameters according to a specific interaction task. On the other

hand, it is anticipated that task specification through human’s demonstrations would

be one of the effective ways for robots to understand or imitate human’s behaviours,

especially during human-robot interactions. Therefore, a task requirement learning

algorithm is proposed where the motion behaviours demonstrated by human can be

acquired or learned by the robot systems in a unified way.
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Chapter 1

Introduction

1.1 Motivation

One of the most challenging goals in robotics is the development of intelligent robots

with human-level performance. It is interesting to observe that human is able to

respond to changes in the real world and perform various skilled operations eas-

ily. In contrast, traditional applications of robots were mainly limited to factory

automation where robots operated in an isolated and structured environment, and

perform only relatively simple tasks specified in the form of desired trajectories.

Recent advances in sensing and robotics technologies have led to new scenarios of

robots operating in close contact with human. Such possibility would dramatically

broaden the potential applications of robot manipulators.

Human-robot cooperation can combine strengths of both human and robot in task

execution. According to various human-robot interaction scenarios such as military,

healthcare, intelligent manufacturing, different interaction tasks usually require dif-

ferent task requirements or specifications, leading to different control strategies.

Existing works are mainly limited to applications with specific interaction scenario

and the task requirements are specified in advance and fixed for the specific tasks,
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2 1.2. OBJECTIVES

which results in a fixed control structure. Therefore, it is difficult for operators or

users to re-specify the tasks according to different requirements. Besides, when hu-

mans and robot manipulators share the same workspace, the robots are required to

perform robot tasks while also work cooperatively with human to achieve interaction

tasks. Due to different natures of the robot tasks and interaction tasks, different

controllers are normally required when the task is switched from one to another.

Currently, there is no unified method for human-robot interaction control that is

capable of achieving various robot tasks and interaction tasks by using one general

task function and control strategy.

This thesis is devoted to the development of a unified and user-friendly control

framework for human-robot interaction, in which various external sensors can be

easily integrated to assist the robot to perform tasks and various task requirements

can be easily adjusted or specified at the user level without having to modify the

controllers or control strategies.

1.2 Objectives

In the scenario of human-robot interaction, robots are required to execute the nomi-

nal robot tasks while interact with human and the active role should switch between

the robot and the human. Since there are many different types of robot tasks and

interaction tasks, it is important to develop a unified control strategy such that var-

ious robot tasks and interaction tasks can be easily specified by normal users and

achieved by robots via a general controller. The active role can be switched between

the robot and the human in a smooth and stable manner. More importantly, the

stability of most human-robot interaction systems in presence of uncertain dynam-

ics have not been shown in a systematical way, which may pose potential danger to

human during interaction.

A key difference between human-robot interaction systems and traditional robotic

Nanyang Technological University Singapore



1.3. MAIN CONTRIBUTIONS 3

systems is that humans are not isolated from the robots and therefore robots are

operated in the uncertain environment and perform tasks with presence of humans.

To ensure human’s safety, external sensory systems such as vision system must be

added to enhance the capabilities of robots in perception and reaction. However, the

sensory transformation matrixes or Jacobians are different from sensors to sensors

and hence the exact kinematic models are generally difficult to obtain by normal

users. Though much progress has been achieved in robot control with unknown

kinematics [1–4], currently there is no safe and efficient framework for human-robot

interaction such that various sensory systems can be easily integrated into the con-

troller to provide the sensory information for human-robot interaction task execution

without any information of the model.

During human-robot interaction, robots should act according to the commands spec-

ified by users and adjust the interaction behaviours according to human’s intentions.

Generally, task specifications in human-robot interaction control may require pro-

fessional background, which therefore is difficult to be performed by normal users.

Towards a efficient and user-friendly control strategy, the interaction behaviours of

robots should be specified in a straightforward way through human’s demonstra-

tions, such that robots can act similarly as demonstrated by humans.

1.3 Main contributions

In this thesis, a unified and user-friendly control framework for human-robot inter-

action is developed, which is applicable to achieve various robot tasks, interaction

tasks in different interaction scenarios. The performance of the overall system is

supported by rigorous theoretical analysis and extensive experimental results.

The main contributions are summarized as follows:

• A unified and user-friendly control framework is developed by using a new

Nanyang Technological University Singapore



4 1.4. ORGANIZATION

general task function that enables users to specify different task requirements

through simply adjusting the task parameters. A dynamic potential energy

function has been proposed to realize smooth energy transfer between robot

task and human-robot interaction task so that various interaction modes can

be achieved by using one general control strategy according to varied scenarios

of human-robot interaction. The proposed control framework can be applied

to both velocity control mode and torque control mode and thus can be easily

integrated into existing robot control systems.

• In the proposed control framework, a new model-free learning method has been

proposed and used to estimate unknown kinematics so that various external

sensors can be easily integrated. A novel multi-layer neural network structure

is employed in the proposed learning algorithm and the input/output data of

each layer is used to learn the model progressively. With the proposed learning

algorithm, varied sensory systems can be easily integrated in the proposed

control framework according to various interaction applications specified by

users without having to model the sensory Jacobian matrix or kinematics.

• Based on the proposed general potential energy function, a task requirement

learning algorithm has been developed, which enables the task parameters to

be automatically obtained from the motion demonstrations by human. There-

fore, with developed control framework, robots are able to perform similar

tasks demonstrated by human and also change the behaviours during human-

robot interaction according to different human’s intentions in a stable manner.

In addition, we also show that the various behaviours acquired through demon-

strations can be combined in a sequential way to perform more complex tasks.

1.4 Organization

The remaining parts of this thesis are organised as follows:

Nanyang Technological University Singapore



1.4. ORGANIZATION 5

Chapter 2 presents a literature survey of human-robot interaction control, adaptive

and learning control.

Chapter 3 first introduces a general potential energy function and a detailed de-

scription is presented to show how to set the task parameters intuitively. With the

general potential energy function, this chapter develops a unified control framework

and two specific interaction modes such as human-dominant interaction and robot-

dominant interaction are given in details to illustrate the applications of proposed

control algorithm. A new adaptive controller is developed and the stability of the

overall system in presence of dynamic uncertainties is shown by using Lyapunov-

like method. The control method was implemented on two industrial manipulators

and experimental results are presented to illustrate the performance of the proposed

control framework.

Chapter 4 presents a new data-driven learning algorithm. A novel multi-layer neural

network structure has been proposed where the desired function can be learned layer

by layer. The convergence analysis of the proposed learning algorithm is presented

in this chapter. The proposed algorithms were applied in two different robotic

systems with different sensory feedback to estimate the kinematic models and the

performance of the proposed method was validated with the experimental results.

Finally, the implementation of the proposed learning algorithm to estimate the

unknown kinematics in the proposed control framework is presented. Experimental

results of human-robot interaction by using the estimated kinematics are presented

to illustrate the performance of the control framework.

Chapter 5 presents a task requirement learning method based on human’s demon-

strations. A method of estimating the potential energy function based on human’s

demonstrations has been developed and a task requirement learning algorithm which

enables the robot to learn a set of task requirements from human’s demonstrations

is presented. In addition, a method to combine several sequential tasks in a smooth

manner is developed in this chapter to enable robots to perform multiple tasks

Nanyang Technological University Singapore



6 1.4. ORGANIZATION

demonstrated by human in a sequential way. Experimental results are presented to

illustrate the performance of the proposed control strategy.

Chapter 6 concludes the thesis and lists several potential future research topics.
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Chapter 2

Literature survey

In this chapter, a literature survey on human-robot interaction control, and adaptive

and learning control of robotic systems is presented.

2.1 Human-robot interaction control

In past decades, human-robot interaction systems have been developed and applied

in many emerging areas. Since human is introduced into the robot’s workspace,

traditional robotic control methods developed for the scenario where robots are

strictly isolated from human, cannot be directly implemented on most of human-

robot interaction systems. Therefore, it opens up a new research area that has

attracted a lot of attention.

Among the human-robot interaction applications, wearable robotics is one of the

emerging research areas. Wearable robots or exoskeletons are devices that can dra-

matically improve the physical abilities of human to achieve certain tasks that are

beyond the physical limits of the body. The technology can also be used to help

physically challenged people to live as normally as possible. In the early stage

of development of exoskeleton systems, positive feedback control were used [5–12]
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and the purpose of using the positive feedback control is to amplify humans force

commands so as to enable them to operate the heavy exoskeleton systems easily.

Attaching with those exoskeletons, human’s abilities in strength and endurance can

be dramatically augmented. However, the use of the positive feedback results in the

reliance on the human operator to stabilize the system, which therefore limited its

potential usage.

To enable the bidirectional interaction between human and robots, closed loop feed-

back control structures such as proportional integral derivative (PID) control system,

were used in the design of control scheme for exoskeleton systems. For example, pro-

portional control elements are used to provide the assistant torque for stance phase

during walking [13, 14]. Normally, proportional derivative (PD) control are exten-

sively applied in high impedance exoskeleton systems to achieve the desired trajec-

tory tracking [15–19], while proportional integral (PI) control are adopted to deal

with the model uncertainties [20, 21]. In some cases, damping control is employed

in the systems [22–24] to restrict the speed so as to ensure safety.

The main objective of the standard PID control method in exoskeleton systems is

to track a desired trajectory so as to achieve the commanded movements, but the

interaction such as the contact force is not addressed. In traditional robotic control

systems, force control is widely used to deal with the tasks involving interaction with

environment. However, the stiffness of the environment is normally assumed to be

known in force control, and thus it is difficult to be directly implemented in human-

robot interaction systems because the stiffness of human is generally unavailable.

To alleviate this limitation, impedance control was proposed by Hogan [25], which

is used to control the dynamic interaction between robots and environment. It

regulates the relationship between the position of robots and the external force and

is widely employed in human-robot interaction system to handle the interaction

between human and robots [26–30].

Normally, low impedance is beneficial in those applications involving physical con-
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tacts with human and thus robots can act compliantly to follow human’s intentions.

To achieve this, an inertial compensation was proposed in [15][16] for an active one-

degree-of-freedom lower-limb exoskeleton to reduce the inertia so as to enable fast

movements. Admittance controller was used to compensate for the weight and fric-

tion of the exoskeleton, while proportional controller was used to track the desired

joint velocity. In impedance control scheme, the desired impedance is normally set

smaller so as to increase the sensitivity related to the external force. However, low

mechanical impedance always accompanies with low disturbance rejection capacity

and low precision in tracking tasks, especially when dealing with heavy loads. In

addition, a fixed target impedance model is only effective for a specific interaction,

and if the environment changes drastically, the interaction may become unstable.

Gain scheduling is one of the solutions to vary the impedance according to different

interaction requirements [24, 31, 32] and the main idea is to vary the control gains

used in the control paradigm so as to change the mechanical impedance. Variable

impedance control as an improvement of the standard impedance control, is anther

common way to adjust the impedance. In [33], the impedance parameters were ad-

justed according to the stiffness of the human’s arm that was estimated based on

the measured force and position at the contact point. In [29], impedance parame-

ters were tuned according to the fact that the positional error and force or torque

can be minimized if the robot impedance was proportional to environment admit-

tance. It was shown that the variable case can achieve a better performance in the

given motion exercise as compared to the constant impedance parameters. In [30],

neuro-fuzzy control was employed to select the impedance parameters according to

the electromyogram (EMG) signals and thus robots can adjust its impedance based

on human’s intention. Some frequency-shaped impedance control methods were de-

veloped [34, 35], where the impedance in low frequency for reference tracking was

designed to be high, while the impedance in certain middle range frequency was set

to be law so that robots can act compliantly when interacting with human. A main

limitation of the variable impedance control is that the exact robot dynamics model

is required in the control schemes, which is therefore difficult to be implemented in
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complex robotic systems with high degrees of freedom .

Safety issue is another key problems that may hinder the development of human-

robot interaction [36]. To ensure the safety of human, the control methodologies

should be addressed in a systematic way so as to achieve a safe interaction. Towards

this direction, a safety-oriented control strategy [37] was proposed for collision avoid-

ance by using danger field to assess safety level of surroundings so as to achieve safe

motion of manipulator. In addition, considerable work has been done to deal with

the safety issue in terms of stiffness control. In general, when collision between

human and robot occurred, the damage to human could be significantly reduced if

the stiffness of the robot was not so high [38]. However, a higher stiffness is usually

required to ensure accuracy for manipulation tasks especially when the robot picks

up a heavy load or object. To enable the stiffness control, some actuators were

developed such as series elastic actuators (SEAs). Unlike rigid actuators, the load

and the geared motor of elastic joint is coupled with a elastic element and thus

the inertia and nonlinear frictions of the motor and the transmission are decoupled

from the load [39]. This special mechanical design provides the possibilities and flex-

ibilities in stiffness control, while the additional degree of freedom imposed by the

elastic element also introduces difficulties in modeling of the dynamic model. This

problem was addressed in [40, 41] and a variety of position control strategies were

proposed for robotic manipulators with elastic joints, including inversion control

[42], impedance control with SEAs [43] and adaptive control with uncertain kine-

matics [44]. In [45], an adaptive control algorithm was proposed for human-robot

interaction system driven by SEAs, where the interaction force was considered in

the control scheme and the stability of the overall system in presence of uncertain

dynamics was guaranteed.

According to the various specific requirements, many other different variable stiff-

ness mechanical designs were developed such as variable-stiffness transmission (VST)

[46], distributed macro-mini (DM2) actuation [47], Variable stiffness actuator (VSA)[48,

49]. To control the VSA, a feedback linearization approach was proposed in [50] and
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it was showed that robots could track the trajectory precisely when there was no

collision, while the stiffness was reduced when collision occurred. In [51], a optimal

control method was proposed to adjust the stiffness of VSAs so as to explore the

optimality principles that regulate the synchronized variation of stiffness and veloc-

ity for a safe task execution. In general, the stiffness of VSAs can not be measured

directly and thus the device stiffness is usually calculated based on the mathematical

model according to the position and/or joint torque measurement data. However,

the exact model of the VSAs is hard to obtain in practical implementations. To

address this problem, an online estimation method for transmission stiffness was

developed in [52] and the stiffness of VSAs was estimated without requiring the

joint torque sensing and exact model.

Majority of human-robot interaction systems aim to provide assistant for human

only when needed and detecting human’s intentions is thus necessary and important.

The electromyography (EMG), which is used to evaluate and record the electrical

activity produced by skeletal muscles, is one of the effective ways to detect human’s

motion intentions. Normally, in the robot control schemes, the EMG signals are

used as triggering conditions and the control input is adjusted according to different

feedback of EMG signals [13, 27, 53, 54]. For those patients suffering from motion

loss, neuromuscular electrical stimulation (NMES) is a common method to promote

neural and muscular adaptations and movements. Based on this technique, some

control methods were developed, which enabled robots to assist the patients to track

the desired training path when they needed [55–57].

With the increasing demands and difficulties in task execution, a single control

scheme e.g. PID control or impedance control, may not be able to handle all the

task requirements of human-robot interaction tasks well. It is interesting to note

that each control method has its advantage and the combination of several control

schemes may combine all advantages and achieve more complex tasks. In general,

there are two main structures to combine different control schemes together including

hierarchical structure and parallel structure. In hierarchical structure, a low-level
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controllers are normally specified as torque control mode such as PD controller to

fulfill or track the desired command given from a high-level control scheme, while

the high-level controllers are used to determine the interaction behaviours [27] or

generate the desired torque [21] or trajectory [30]. In hierarchical control paradigm,

the control objective of both high level controller and low-level controller is uniform

and there is no conflict between the high-level task requirements and the low-level

task requirements.

In parallel structure, several control schemes are arranged in parallel and there may

exist conflicts of control objectives between the control schemes. Therefore, to inte-

grate different control schemes or task requirements together, the allocation of the

active role between each control schemes should be addressed in a systematical way

so as to realize the strength combination of both human and robot in task execution.

To enhance the capabilities of robot in reacting to uncertain environment, human

was introduced to guide the co-manipulation task in presence of unforeseen changes

in the environment, while the robot took the active role once the environment was

exactly known [58, 59]. In [60, 61], game theory was employed to allocate the dom-

inant role between human and robot so as to achieve the optimal performance for

the collaborative tasks. However, the exact dynamic model of the robotic system

is required. In [62], multi-modal control scheme was proposed for the rehabilitation

robotic systems, in which the active role was smoothly switched between robot-

assisted mode, robot-dominant mode and safety-stop mode so as to achieve the safe

and efficient rehabilitation training. Besides, to integrate different task requirements

together, some methods such as barrier function control [63] and invariance control

[64], were used to impose additional constraints on the nominal robot control tasks.

By setting several constraints on joints or workspace, the robots were able to avoid

the collision with human during the interaction. A well-known classical approach

to combine multiple robot tasks for redundant robots is the task-priority method

[65, 66]. However, the integration of inequality constraints in the prioritized hier-

archy framework may result in discontinuity of the control law. To address this
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problem, a smooth control methodology [67] was proposed for unilateral constraints

at any priority level of the hierarchy. In [68], a task sequencing framework was

developed, which divided the task into several subtasks which could be added or

removed according to several criterions. This method can be used to combine vari-

ous task requirements together and achieve different robot tasks through sequencing

the subtasks in different ways. However, for each subtask requirement, a particular

task function formalism had to be specified, which results in a complex system in

presence of many subtasks. In addition, when a new subtask is required, a new task

function has to be specified and added into the system.

2.2 Adaptive and learning control of robotic sys-

tems

Traditional robot applications are mainly limited to the scenarios where robots are

isolated from human and operated in a structured environment. Due to the lack

of perception, it is in general difficult for industrial manipulators to operate in an

unknown environment, especially for the scenario of human-robot interaction where

external sensory systems such as cameras, must be added to enhance the capabilities

of robots in perception and reaction according to different human-robot interaction

applications. Since different configurations and types of sensors result in different

sensory transformation or Jacobian matrices and thus lead to different models, it is

in general difficult for operators or users in factory to model the sensory systems

and deploy the robots according to various applications. Therefore, a model-free

and user-friendly learning algorithm is required such that various external sensors

can be easily integrated by normal users to perform the interaction tasks without

requiring any information of sensory models.

In most sensory feedback control systems, the task requirements are specified in

Cartesian space or sensory space and the controllers are designed at kinematic level
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such as visual servoing [69–74]. To achieve the accurate task execution, the exact

kinematic models are normally required in the control schemes, which however is

difficult to be obtained since the physical parameters are hard to estimate exactly.

In addition, when the robots are employed in different tasks such as picking up the

object with unknown lengths or orientations, the overall kinematic model becomes

uncertain. The exploration of task-space sensory feedback control with uncertain Ja-

cobian matrix in dynamics control seemed to reach a plateau until the problem was

formally solved in [3, 75, 76], which was inspired by some works in dynamic control

of robots [1, 2]. The results show that simple task-space sensory feedback controllers

are effective for setpoint control even in the presence of uncertain kinematics and

dynamics. Further, several adaptive controllers were proposed for tracking tasks

with uncertain kinematics and dynamics [4, 77, 78]. An adaptive Jacobian con-

troller was first proposed in [4] with concurrent updating of unknown parameters in

kinematics and dynamics. A prediction based adaptive Jacobian tracking controller

was introduced in [78] based on computed torque control and estimators.

For vision based control systems, several factors such as calibration errors, param-

eter variation due to the long-term usage, may result in changes of the extrinsic

and intrinsic parameters and thus introduce uncertainty. A control strategy was

proposed in [70] for a planar robot, which aimed to achieve robust asymptotically

stable visual servoing with uncertainty in a CCD camera orientation. To be in-

variant to changes in camera-intrinsic parameters, a visual servoing algorithm was

presented in [79] and the control law was able to deal with large calibration error

under some conditions. In [80], an adaptive controller was developed for the scenario

where the rotation matrix in visual Jacobian matrix is unknown so as to avoid the

pre-calibration. For the proposed adaptive Jacobian tracking controllers [4, 78, 80],

it is assumed that the unknown parameters of the Jacobian matrix are linearly

parameterizable. Therefore, the applications are limited to vision based control

problems where the depth information is either constant or slowly time-varying. To

alleviate this problem, vision based controllers using a depth-independent Jacobian
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matrix were developed [81, 82] but the uncertainties in robot kinematics and dy-

namics were not considered and the depth information was not updated. To update

the estimated depth information online, vision based adaptive Jacobian controllers

were proposed [83, 84] for robots with uncertain kinematics and dynamics.

Though much progress has been achieved in regressor based adaptive control for

eliminating the model uncertainties, it is required to linearize the objective model

into a multiplication of a regressor matrix and a unknown parameter vetor. There-

fore, the structure of the model is still required in these methods and the derivation

of the regressor itself still requires modelling of the dynamics. More importantly, the

structure of the regressor is different from robot to robot and the control algorithm

that is developed for a specific robotic system can not be directly implemented

on other system. To construct model free adaptive control, some learning algo-

rithms were designed to update the unknown parameters [85, 86]. A neural network

based adaptive control was proposed in [87] for the manipulator tracking problem in

presence of uncertain kinematics, dynamics and actuator model, but the kinematic

regressor matrix was still assumed to be known. In [88], a unified objective bound

was introduced to improve the transient performance of adaptive neural network

control system caused by initialization error when estimating the robot dynamics.

Besides, a neural network control combined with the visual feedback [89] was pro-

posed for multi-fingered robot hands system to solve the regulation problem with

uncertainties in kinematics, dynamics and image Jacobian matrix. However, the

proposed method for multi-fingered robot hand was limited to setpoint task only.

Additionally, majority of current neural network based control work are specified

as computed torque control laws and designed for robot systems with opened ar-

chitecture, while most modern industrial robots limit user inputs to the velocity or

position commands only. Therefore, these controllers can not be implemented on

the industrial robots directly.

The advantage of the neural network based adaptive control lay in the fact that it

does not require any model information and can be generalized to various systems
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easily. However, the performance of the neural network based method normally

rely on a good initialization especially for practical applications due to a complete

lack of the knowledge of the plants. Therefore, the systems may take a longer time

to settle down at steady state and also may result in poor transient response as

compared to regressor based methods. It is interesting to note that the system

input/output (I/O) data provides a lot of information about system behaviours

and if these data can be appropriately used in controller design, it is possible to

estimate the model without requiring any prior knowledge of the system. Along this

path, the data-driven control is thus proposed, which generally can be summarized

as: a control theory where the controller is specified directly based on the on-

line or off-line data obtained from the actual system without explicit or implicit

use of parametric models of system and whose stability and convergence can be

strictly guaranteed by rigorous analysis [90, 91]. Currently, there are many different

data-driven approaches such as neural network [92], iterative learning control (ILC)

[1, 93], virtual reference feedback tuning (VRFT) [94]. In [95], a data-driven PID

controller was developed, which can adjust the PID parameters online based on

I/O data. In industrial processes, data-driven approaches were used to monitor the

system behaviour [96] so as to improve the reliability and safety of systems. Besides,

the data-driven method is effective in fault detection [97], which can improve the

system robustness. To explore the model information based on obtained I/O data,

some data-driven adaptive control algorithms were proposed [98, 99]. In [100], a

data-driven technique was employed to characterize model uncertainty of a mobile

stereo camera, which can affect the stability of the system. In [101], a data-driven

model combined with a single layer recurrent neural network was proposed, which

shows that it can reconstruct the unknown system dynamics based on available I/O

data. Therefore, it can be foreseen that the combination of the data-driven method

and neural network method can take advantages of each other and the exploration

of the information stored in data can facilitate the convergence of neural network

and improve the system performance.
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Conventional applications of adaptive or learning control in robotic systems are

mainly limited to estimating the uncertain kinematics and dynamics. In human-

robot interaction systems, task requirements learning through demonstration is an-

other emerging area where adaptive and learning control can fully stretch out. In

traditional robot applications, the task requirements are usually specified in ad-

vance by users and it is difficult for the robot to learn and perform a new task

by itself. It is anticipated that task specifications through human’s demonstration

would be one of the effective ways for robots to understand or imitate human’s

behaviours, especially during human-robot interactions. In [102], the robot was ex-

pected to repeat the tasks based on the observation of human behaviours. In [103],

a structure support vector machine algorithm was used to learn the task require-

ments according to human’s activities observed from recorded RGB-D videos. In

[104], a self-supervising algorithm was developed for robot to learn the grasping task

by itself. To learn the motion skill form human’s demonstrations, an expectation-

maximization based reinforcement learning algorithm was proposed in [105], which

was used to learn the new value of the gain matrix from demonstrations for PD

controller. In [106] the combination of the programming by demonstrations and

adaptive control was presented to teach the robot the physical interaction tasks.

A hierarchical control strategy was presented in [107] and the inner loop was used

to deal with the impedance model and in the outer loop, reinforcement learning

[108] was employed to seek an optimal impedance parameters set so as to minimize

human effort and optimize the closed-loop behavior of the human-robot interaction

system for a given task. The different interaction dynamics of various users during

human-robot interactions were considered in [109] for a human-powered augmen-

tation lower exoskeleton and by combining several learning algorithms, the robot

was able to adapt itself according to different motion trajectories acquired from

the demonstrations. However, most existing results on task learning are limited to

learning a specific motion. The task is specified in either position or trajectory and

the learning algorithm is used to obtain a good motion trajectory for the specific

problem in a pre-defined environment. For human-robot interaction applications,
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the task requirements or robot behaviours may change according to different situa-

tions or environments. It is important to enable the robot to learn a set of tasks or

behaviours using a single task function that allows the robot to change its behaviours

smoothly during human-robot interaction.
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Chapter 3

Unified Control Framework for

Human-Robot Interaction

In this chapter, a new control framework of human-robot interaction is proposed,

which can be used to achieve various robot tasks and interaction tasks by simply ad-

justing some task parameters at user level without having to modify the program or

controller. A new general task function is proposed for specifying different task re-

quirements and a dynamic potential energy function is developed to realize smooth

energy transfer between robot task and human-robot interaction task. We intro-

duce the interactive weight that is used to specify the robots interaction behaviours

based on human’s movements. Specific interaction modes such as human-dominant

interaction and robot-dominant interaction are given in details to illustrate the ap-

plications of proposed control algorithm. The proposed control framework can be

applied to both velocity control mode and torque control mode and thus can be

easily integrated into existing robot control systems. To demonstrate the feasibility

of torque control method, we present a new adaptive controller for human-robot

interaction and analyse the stability in presence of dynamic uncertainty by using

Lyapunov-like method. The proposed task function and controller are implemented

on industrial robots to illustrate the performance.
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This chapter is organized as follows. In section 3.1, the kinematics and dynamics

of the robotic systems are briefly reviewed. In section 3.2, a general potential en-

ergy function is proposed, which can be used to describe various task requirements.

Then, a unified control framework that can be used to achieve varied human-robot

interaction tasks and modes is presented in section 3.3. In section 3.4, the sta-

bility analysis of the proposed control system is presented. Experimental results

are presented in section 3.5 to illustrate the performance of the proposed control

framework. Finally, section 3.6 summarizes and concludes this chapter.

3.1 Robot dynamics and kinematics

In this section, the robot dynamics and kinematics are briefly reviewed. Let r ∈ ℜpk

denote the position of robot’s end effector in Cartesian space and q ∈ ℜn represent

the joint vector of robot. The Cartesian-space vector r is dependent on the joint

configuration and can be expressed as a function of joint-space displacements as:

r = h(q) (3.1)

where h(·) ∈ ℜn → ℜpk represents a nonlinear function that computes the Cartesian-

space position variables from the joint-space position variables. Let ṙ denote a

velocity vector in Cartesian space. The Cartesian-space velocity ṙ is related to

joint-space velocity q̇ as

ṙ = Jr(q)q̇ (3.2)

where Jr(q) ∈ ℜpk×n is the Jacobian matrix from the joint space to the Cartesian

space.

When sensors such as cameras, are employed to measure the motion of the end

effector, a vector of feature points in the sensory space can be specified to describe

the position of the robot end effector. Denote x ∈ ℜp as a vector of sensory-space
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variables. The relationship between the velocities of sensory task-space variables ẋ

and the velocities of the end effector in Cartesian space ṙ is given as

ẋ = Js(q)ṙ (3.3)

where Js(q) ∈ ℜp×pk denotes the Jacobian matrix from Cartesian space to sensory

space. Substituting Eq.(3.2) into Eq.(3.3) yields

ẋ = Js(q)Jr(q)q̇ = J(q)q̇ (3.4)

where J(q) = Js(q)Jr(q) ∈ ℜp×n and is the overall Jacobian matrix [110] from joint

space to sensory task space.

The dynamics model of the robot manipulator with n degrees of freedom is given

as [1]:

M(q)q̈ + [
1

2
Ṁ(q) + S(q, q̇)]q̇ + g(q) = τ (3.5)

where M(q) ∈ ℜn×n is the inertia matrix; [1
2
Ṁ(q) + S(q, q̇)]q̇ ∈ ℜn denotes the

centripetal and Coriolis torques, and S(q, q̇) ∈ ℜn×n is a skew-symmetric matrix;

g(q) ∈ ℜn represents the gravity vector; τ ∈ ℜn denotes the torque vector applied

to actuators.

3.2 General potential energy function

The potential function based approaches have been widely used to achieve various

robot tasks such as collision avoidance [111], position control [1][112], navigation

[113][114] and region reaching [115]. Due to the different natures of tasks, these

potential functions were specifically defined according to the task requirements and

each one is effective for a corresponding task only. To deal with a new task require-

ment, a new task function that is specific for the task has to be specified.
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For position control, the desired position of the end effector can be defined in task

space and the control objective is to achieve z = x−xd = 0, where z is the task-space

position error and x and xd denote the actual position and desired position of end

effector respectively. According to the energy shaping method [1][112], an artificial

potential energy function can be defined as

P (z) =
1

2
zTKpz (3.6)

where Kp is a proportional control gain. The gradient of the potential function P (z)

is defined as:
ϑP (z)

ϑz
= Kpz. (3.7)

Note that z is zero when the gradient of the potential function is zero and a control

term can be specified as the negative gradient.

3.2.1 General task function

In human-robot interaction applications, the robots are required to perform various

tasks with different task requirements, which therefore cannot be specified by (3.6) or

(3.7) alone. For different task requirements, different potential energy functions with

different shapes and structures are usually required and therefore lead to the design

of different controllers for different tasks in existing work. That is, one particular

potential energy function with an unique shape is used to describe only one specific

task requirement and when a different task is required, a different potential function

with a different shape or controller should be specified. It is interesting to note that

if a task function can be specified in such way that the potential energy function

can be shaped in various forms by simply adjusting various parameters, then it is

possible to describe various task requirements in a general way. Along this path,

a general task function that can be used to describe various task requirements is
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proposed as:

y(z) = K(1− b
−( s1

√∑p
i=1(

|zi|
l1i

)rs1−R1)

1 ) · (1− b
−( s2

√∑p
i=1(

|zi|
l2i

)rs2−R2)

2 ) (3.8)

where z = [z1, z2, · · · , zp] ∈ ℜp is a feedback task variable and K, b1, b2, R1, R2, s1, s2,

rs1, rs2, l1i and l2i are parameters to be defined. Based on this general task function,

a general potential energy function is introduced as

P (z) = min[0, y(z)]N + Po (3.9)

where Po is a constant positive offset to ensure that P (z) is positive, N is a task

parameter assembled with the potential energy function and is normally chosen as

N ≥ 3 to ensure that it is at lease twice differentiable. Its gradient ε is defined as:

ε , ϑP (z)

ϑz
. (3.10)

The parameters of the general potential energy function are classified into three main

groups as task type parameters, region-shape parameters and gradient parameters.

3.2.2 Task type parameters

Generally, different tasks have different task requirements and therefore require dif-

ferent task functions or specifications. A specific task function normally leads to

a specific shape of the corresponding potential function. For the proposed general

potential function defined in (3.9), the task requirements can be easily changed by

adjusting the parameters K,R1, R2 and N and various potential functions can be

formed in different shapes according to different combinations of the task param-

eters. Among these parameters, K is set as either 1 or -1, R1 and R2 are set as

either 0 or 1 and N is chosen as either even number or odd number (see Table 3.1).

For example, if K = −1, N is even number (such as N = 4) and R1 = R2 = 0, the
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potential energy function illustrated in 2D task-space is shown in Fig.3.1, which is

corresponding to the Task I of Table 3.1. This kind of potential function is in fact

the standard potential function (similar to (3.6)) that is used to achieve the tradi-

tional robot tasks including setpoint or trajectory tracking tasks [1][112]. Next, if

the parameters R1 and R2 are set as R1+R2 = 1, the desired objective is expanded

to a region around the origin (represented in a red line) as shown in Task II of Table

3.1, which can be used to achieve region reaching or tracking tasks [116][117]. The

size of the desired region is adjustable and can be scaled down to an arbitrary small

region when precision is required. Besides, the desired region can be specified as a

hollow structure as shown in Task III if R1 and R2 are set as R1 = R2 = 1. It can be

used in the human-robot interaction tasks that require the robot to follow human

while keeping a safe distance. It is interesting to note that certain combinations

of the parameters K,N,R1, R2 can be used to shape the potential energy functions

such that there exist more than one regions where the gradients are equal to 0. For

example, in Task V, the gradients of P (z) are zero in both regions indicated by

green line and red line. The region which corresponds to a higher energy can be

defined as inactivated region where the gradients of P (z) are equal to 0 and the

robot control actions stop, and the regions which corresponds to a lower energy can

be defined as the desired region. In both the inactivated region and desired region,

the robot would not move unless human manually move it. Therefore, human can

take control of the robot in the inactivated region for human-guided manipulation

tasks. When the robot is out of the inactivated region where the gradient is not

equal to zero, the robot move towards desired region and then eventually stop when

the gradient reduces to zero. The inactivated region is like a plateau located in the

potential energy field where human may contribute and interact with the robot to

perform interaction tasks. Therefore, the existence of inactivated region provides

additional flexibility in integrating human control with robot control depending on

the task requirements. Other possibilities of shaping the potential energy functions

for various tasks are illustrated in Table 3.1.
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Table 3.1: Task specifications

Task type K N R1 R2 PE shape

Task I -1 Even 0 0 z
- 0 +

P
(z

)

0

Task II -1 Even 0/(1) 1/(0) z
- 0 +

P
(z

)

0

Task III -1 Even 1 1 z
- 0 +

P
(z

)

0

Task IV -1 Odd 0 0 z
- 0 +

P
(z

)

0

Task V -1 Odd 0/(1) 1/(0) z
- 0 +

P
(z

)

0

Task VI -1 Odd 1 1 z
- 0 +

P
(z

)

0

Task VII 1 Even 0/(1) 1/(0) z
- 0 +

P
(z

)

0

Task VIII 1 Even 1 1 z
- 0 +

P
(z

)

0

Task IX 1 Odd 0/(1) 1/(0) z
- 0 +

P
(z

)

0

Task X 1 Odd 1 1 z
- 0 +

P
(z

)

0
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Figure 3.1: An illustration of potential energy function P (z) in 2D task-space with
K = −1, N = 4, R1 = R2 = 0

3.2.3 Region-shape parameters

Specifying the desired objective as a region can provide more flexibility for the robot

to perform the tasks [116][110]. According to different applications, the desire region

can be specified in different shapes such as sphere or cube in 3D task-space. To vary

the shapes of the desired regions, users can adjust the parameters rs1, rs2, l1i and

l2i.

According to the task specifications, when R1 or R2 is set as 1, the corresponding

desired position is scaled up from a point to a region. To adjust the shape and

size of the desired region, the parameters rs1 and l1i are used to shape the region

related to R1 if R1 = 1 and the parameters rs2 and l2i are applied to shape the

region related to R2 if R2 = 1. For example, if R1 = 1 and R2 = 0, by choosing the

different values of rs1 such as rs1 = 1, rs1 = 1.5, rs1 = 2, rs1 = 3 and rs1 = 10,

different desired region shapes can be formed as shown in Fig.3.2. In particular,

with increasing value of the parameter rs1, the shape of desired region is gradually

changed from rhombus shape to circular shape and finally to the rectangular shape

with round corners. Next, changing the task parameter l1i can vary the size of

desired region along the corresponding zi axis. For instance, if l1i is changed from
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(a) Rhombus shape by setting rs1 = 1 (b) Circular shape by setting rs1 = 2

(c) Square shape with round corners by
setting rs1 = 10

Figure 3.2: Desired shape of region in 2D task-space with different rs1

l11 = 1, l12 = 1 in Fig.3.2(b) to l11 = 1, l12 = 2, the shape of desired region is thus

changed from the circular shape to the oval shape as shown in Fig.3.3. Similarly, if

R1 = 0, R2 = 1, adjusting the parameters rs2 and l2i can lead to the different shapes

of desired region.

The desired region is shaped as a hollow structure in 2D task-space, if the parameters

R1 and R2 are both set as 1. Normally, l2i is set to be greater than l1i and thus

adjusting the parameters rs1 and l1i can change the shape of the inner region, while

adjusting the parameters rs2 and l2i can change the shape of outer region. For
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Figure 3.3: Desired region shape by setting l11 = 1, l12 = 2

Table 3.2: Desired shape specifications

rsi Desired region shape

1 rhombus shape
...

...
2 oval shape
...

...
large value rectangular shape with round corners

example, through setting different rs1, l1i and rs2, l2i, the desired region in different

hollow structures can be obtained as shown in Fig.3.4. A cutaway view of desired

region in 3D task-space is shown in Fig.3.5 when rs1 = 10, l11 = 1, l12 = 1 and

rs2 = 2, l21 = 2, l22 = 2.

Note that the parameters l1i and l2i are positive and the parameters rs1 and rs2

should be greater or equal to 1 so as to guarantee the positive indexes of the items

zrs1−1
i and zrs2−1

i that appear in the gradient of potential energy function in order

to ensure the existence of gradient at z = 0. The general effects of the parameters

rs1, rs2, l1i and l2i on the desired shapes of region are shown in Table 3.2 when rsi

is continuously increased from 1 to a large value of rsi.
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(a) Inner rhombus shape and outer cir-
cular shape by setting rs1 = 1, l11 =
0.5, l12 = 0.5 and rs2 = 2, l21 = 1, l22 =
1

(b) Inner square shape with round cor-
ners and outer circular shape by set-
ting rs1 = 10, l11 = 1, l12 = 1 and
rs2 = 2, l21 = 2, l22 = 2

(c) Inner oval shape and outer square
shape with round corners by setting
rs1 = 2, l11 = 1, l12 = 2 and rs2 =
10, l21 = 2, l22 = 2

Figure 3.4: Different shapes of desired regions in 2D task-space when R1 = 1, R2 = 1
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Figure 3.5: Cutaway view of desired region in 3D task-space by setting R1 = R2 = 1

3.2.4 Gradient parameters

The remaining task parameters b1, b2, s1 and s2 are used to adjust the gradient of the

potential energy function. Typically, a steep gradient may lead to a short rise time

but a large overshoot, while a gradual gradient may result in steady-state position

error.

The parameters b1 and b2 are used to adjust the gradient of the potential energy

function P (z), once the type of the task is defined. The parameters b1 and b2

can be set as the different values, but they should be chosen from the same range

among (0, 1) or greater than 1. Here, a special case where b1 and b2 are chosen to

be the same, is presented to illustrate the influence of b1 and b2 on P (z). When

b1 = b2 ∈ (0, 1), smaller values of b1 and b2 result in steeper gradient of the potential

energy function as illustrated in Fig.3.6(a), while when b1 = b2 > 1, the gradient

of the potential energy function becomes steeper if b1 and b2 are larger (as shown

in Fig.3.6(b)). Besides, the parameters s1 and s2 which are set as positive values,

can also be used to adjust the slope of the potential function. Compared with b1

and b2, the parameters s1 and s2 are mainly used to adjust the slope of potential

function P (z) around the origin. By increasing the values of s1 and s2, the slope

of the potential function P (z) around the origin at z = 0 is gradually increased as
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Figure 3.6: Effects of b1 and b2 on P (z)

illustrated in Fig.3.7.

A summary of the specifications of all the task parameters are shown in Table 3.3.

3.2.5 Property of the general potential energy function

It is interesting to note that this general potential energy function can be bounded

by choosing b1 and b2 to be greater than 1. Since sj

√∑n
i=1(

|zi|
lji
)rsj where j =

1, 2, is always greater or equal to 0, therefore sj

√∑n
i=1(

|zi|
lji
)rsj − Rj ≥ −Rj and

−( sj

√∑n
i=1(

|zi|
lji
)rsj − Rj) ≤ Rj. As specified in section 3.2.2, Rj is set as either 0

or 1. If Rj = 0, then −( sj

√∑n
i=1(

|zi|
lji
)rsj) ≤ 0 and thus |(1 − b

−( sj

√∑n
i=1(

|zi|
lji

)rs1 )

j )| <

1. If Rj = 1, then −( sj

√∑n
i=1(

|zi|
lji
)rsj − 1) ≤ 1. Since bj > 1, it yields that

b
−( sj

√∑n
i=1(

|zi|
lji

)rsj−1)

j ≤ bj, which means that |(1 − b
−( sj

√∑n
i=1(

|zi|
lji

)rsj−Rj)

j )| is bounded

by |1− bj|. Therefore, this general potential energy function is always bounded as

|P (z)| < max[|KN |+ Po, |(K(1− b1))
N |+ Po,
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Figure 3.7: Effects of s1 and s2 on P (z)

Table 3.3: The purpose of three groups of task parameters

Name
Task

parameters
Range Purpose

Task type
parameters

K -1 or 1
determine the main

task type (see Table 3.1)
R1 0 or 1
R2 0 or 1
N N ≥ 3

Region-shape
parameters

rs1 rs1 ≥ 1 adjust the shape and size of
the desired region when
R1 or R2 is set as 1 (see
Fig.3.2-3.5 and Table 3.2)

rs2 rs2 ≥ 1
l1i l1i > 0
l2i l2i > 0

Gradient
parameters

b1 0 < b1 < 1 or b1 > 1
adjust the gradient of

the potential energy function
(see Fig.3.6-Fig.3.7)

b2 0 < b2 < 1 or b2 > 1
s1 s1 > 0
s2 s2 > 0
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|(K(1− b2))
N |+ Po, |(K(1− b1)(1− b2))

N |+ Po], (3.11)

if the parameters b1 and b2 are set to be greater than 1.

3.2.6 Implementation of the general potential energy func-

tion

The proposed general potential energy function P (z) defined in (3.9) can be em-

ployed in various applications in such way that the gradient ε defined in (3.10) can

be specified as a task feedback error and integrated into the existing controllers

to achieve different tasks through adjusting the task parameters as illustrated in

section 3.2.2-3.2.4. Therefore, we can state the following lemma:

Lemma 3.1. The shape of the general potential function P (z) as described by (3.9)

can be varied by adjusting the parameters as listed in Table 3.3. The corresponding

gradient as described by (3.10) can be used as feedback control variables to achieve

various tasks.

3.3 Control framework of human-robot interac-

tion

In this section, a dynamic potential energy function is proposed for the development

of a control framework for human-robot interaction such that it is smoothly switched

between two general potential functions that describe the robot tasks and human-

robot interaction tasks. Besides, in this control framework, the interaction mode

can be easily specified by normal users and two specific modes are given in details

including human-dominant interaction mode and robot-dominant interaction mode

to illustrate the implementation of the proposed method.
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3.3.1 Task functions of robot tasks and human-robot inter-

action tasks

Traditional robot tasks are limited to the isolated workspace where human is away

from the robot. The task variable is typically defined as position error for setpoint

control or trajectory tracking control. In human-robot interaction tasks, robot and

human need to share the same workspace to perform interaction tasks. Due to the

different nature of the robot tasks and human-robot interaction tasks and also the

various possibilities of the robot tasks and interaction tasks, it is difficult to use a

single task variable such as position error to represent all the robot tasks or human-

robot interaction tasks. The general potential function defined in (3.9) exhibits the

capabilities to achieve various tasks, which can be used to resolve this problem.

We define two general potential functions for robot tasks and human-robot interac-

tion tasks as follows:

1) Robot tasks:

Pr(∆xdr) =
Kr1

Nr

(min(0, yr(∆xdr)))
Nr (3.12)

yr(∆xdr) = Kr2(1− b
−( sr1

√∑n
i=1(

|∆xdri|
lr1i

)rsr1−Rr1)

r1 )×

(1− b
−( sr2

√∑n
i=1(

|∆xdri|
lr2i

)rsr2−Rr2)

r2 ) (3.13)

where Pr(∆xdr) denotes the potential energy function according to the robot tasks,

yr(∆xdr) is the general robot task function,Kr1, Kr2, br1, br2, Rr1, Rr2, sr1, sr2, rsr1, rsr2, lr1i

and lr2i are the task parameters for the robot tasks and the variable ∆xdr =

x(t) − xdr(t) ∈ ℜp is the feedback task variable with x(t) defined as the position

of end effector and xdr(t) ∈ ℜp defined as the desired trajectory of robot tasks and

ẋdr(t), ẍdr(t) are the desired velocity and acceleration respectively that are specified

to be bounded.
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According to Pr(∆xdr), the gradient related to the position error ∆xdr is defined as

∂Pr(∆xdr)

∂∆xdr

= Kr1(min(0, yr(∆xdr)))
Nr−1∂yr(∆xdr)

∂∆xdr

, εr (3.14)

where εr denotes the robot task variable.

2) Human-robot interaction tasks:

Ph(∆xdh) =
Kh1

Nh

(min(0, yh(∆xdh)))
Nh (3.15)

yh(∆xdh) = Kh2(1− b
−( sh1

√∑n
i=1(

|∆xdhi|
lh1i

)rsh1−Rh1)

h1 )×

(1− b
−( sh2

√∑n
i=1(

|∆xdhi|
lh2i

)rsh2−Rh2)

h2 ) (3.16)

∂Ph(∆xdh)

∂∆xdh

= Kh1(min(0, yh(∆xdh)))
Nh−1∂yh(∆xdh)

∂∆xdh

, εh (3.17)

where Ph(∆xdh) and yh(∆xdh) denotes the potential energy function and the inter-

action task function for interaction tasks, Kh1, Kh2, bh1, bh2, Rh1, Rh2, sh1, sh2, rsh1,

rsh2, lh1i and lh2i are the task parameters for the interaction tasks, ∆xdh ∈ ℜp is the

feedback task variable defined as ∆xdh = (x(t)− xdh(t)) with xdh(t) defined as the

position of human which is obtained from a measurement. εh is the interaction task

variable.

For Pr(∆xdr) and Ph(∆xdh), the bases br1, br2, bh1 and bh2 are all set to be greater

than 1 so as to guarantee that both functions are bounded as illustrated in section

3.2.5. Therefore, the interaction tasks are only specified within a certain range such

that when human is far away from the robot, the robot should continue performing

the robot tasks until human is near the robot, then the robot should perform the

interaction tasks with human. Besides, it can also avoid unnecessary activation of

the interaction tasks in some situations such as when people are just passing by.
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3.3.2 Human-dominant interaction

For human-dominant interaction, the robot should perform its usual tasks when

human is not within the workspace but when human enters the workspace, the

robots should react or interact with human in the way as specified by the user.

That is, once the interaction task is activated, the robot task should be disabled.

Two conditions are required to activate the interaction task: i) when human is

inside the robot’s workspace such that the horizontal distance between human and

the robot’s base xrh is less than a specified value R which is slightly less than the

robot’s maximum horizontal reach. This condition is defined as Ω1 = {x : xrh ≤ R},

and ii) human is within an interaction range such that the potential function for

the interaction tasks is activated (εh ̸= 0). This condition is defined as Ω2 = {x :

εh(x) ̸= 0}.

Next, we define a region which acts as a protective region around the human so that

the robot tasks are strictly disabled when x is within this region. To achieve this,

we define a condition Ω3 as follows:

Ω3 = {x : [( shi

√√√√ n∑
j=1

(
∆xhj

lhij
)rshi −Rhi)]

2 ≤ d2, (i = 1, 2)}. (3.18)

where d is a positive constant value which defines the desired range of the region.

Once robots are too close to the human i.e. inside Ω3, the robot tasks are disabled.

Two illustrations of the protective region are shown in Fig.5.3.1 with two different

types of tasks. A list of the various conditions is summarised in Table 3.4.

Table 3.4: A List of Conditions for human-dominant interaction

Condition Description

Ω1 human is inside the workspace
Ω2 human intends to interact with the robot (εh ̸= 0)
Ω3 robot is inside the protective region around human
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To activate the interaction tasks, an overall condition EH is defined as:

EH = {Ω1

∩
Ω2} (3.19)

which denotes that the interaction tasks are activated once human enters the workspace

and intends to interact with the robot.

(a) Saturated attractive potential energy

(b) Bounded repulsive potential energy

Figure 3.8: Two cases of Ph(∆xdh) for interaction tasks. For each case, the region
Ω3 is defined as protective region around human to ensure the safety of human.
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For the robot task, it should be activated if human is outside the workspace i.e. Ω̄1 or

the interaction is not activated i.e. Ω̄2 and the robot is away form human to ensure

the safety of human i.e. Ω̄3 which implies that the robot is outside the protective

region around human as shown in Fig.5.3.1. Therefore, an overall condition ER to

activate the robot tasks is defined as:

ER = {Ω̄1

∪
(Ω̄2

∩
Ω̄3)} (3.20)

which denotes that the robot tasks are activated only when human does not intend

to interact with the robot and meanwhile the activation of the robot tasks will not

pose any danger to human.

To ensure the dominance of the interaction task over the robot task, the interaction

task is activated and the robot task is disabled when condition in (3.19) is satisfied

such that EH == 1. When the condition in (3.19) is not satisfied such that EH ==

0, and the condition in (3.20) is satisfied such that ER == 1, the robot task is

activated and the interaction task is disabled. If EH == 0, ER == 0 such that

1):human is inside the workspace, 2): and the interaction task is completed or not

activated i.e. εh = 0, 3): and human is still near the robot i.e. Ω3 is true, then the

robot should perform neither the interaction task nor the robot task and instead

stops.

Therefore, to ensure the dominant role of the interaction tasks over the robot tasks,

we define a human-dominant function H(EH , ER) as:

H(EH , ER) =


SH , if EH is satisfied

SR, elseif ER is satisfied

SS, else.

(3.21)

where SH denotes a state to activate the interaction tasks, SR denotes a state to

activate the robot tasks and SS denotes a state to stop the robot. This function
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Figure 3.9: Flow chart of human-dominant interaction

ensures the priority of the activation of interaction tasks over the robot tasks, which

is able to achieve the human-dominant interaction between human and the robot.

3.3.3 Dynamic general potential energy function

During the human-robot interaction, the activated role can be switched between

the interaction tasks and robot tasks according to different triggering conditions.

To achieve this, a dynamic general potential function Pdg(∆xdes) is specified as:

Pdg(∆xdes) = a(Sact, t)Pg(∆xdes) (3.22)

where ∆xdes = x(t) − xdes(t) denote the position errors between the positions of

the robot x(t) and desired trajectory xdes(t) that is switched between the desired

trajectory of the robot tasks xdr(t) and the desired trajectory of interaction tasks

xdh(t) according to different conditions, a(Sact, t) denotes the interactive weight that

is preset as 1 and used to switch the activated role, Sact denotes the state to activate

the switching, Pg(∆xdes) denotes the general potential function with task variable

∆xdes that is switched between Pr(∆xdr) and Ph(∆xdh). A gradient εdg is defined
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as:

εdg ,
ϑPdg(∆xdes)

ϑ∆xdes

= a(Sact, t)
ϑPg(∆xdes)

ϑ∆xdes

= a(Sact, t)εg (3.23)

where εg = ϑPg(∆xdes)

ϑ∆xdes
denotes the gradient that is switched between εr defined in

(3.14) and εh defined in (3.17).

The state Sact is defined as Sact = Scur ⊕ Snxt, with ⊕ denotes the exclusive-OR

operator, Scur denotes the current state and Snxt denotes the next state and can be

defined as Snxt = H(EH , ER) for human-dominant interaction, which means that

only when the current state and next state are different, then the activated task

should be switched from one to another. In order to enable smooth switching of

the activated role between interaction tasks and robot tasks, the interactive weight

a(Sact, t) is specified as:

a(Sact, t) =



1, if Sact == 1

fdec(t),

0, Update xdes(t), ẋdes(t), εdg according to Snxt

as shown in Table 3.5 and Scur = Snxt

finc(t),

1 End of switching

(3.24)

where fdec(t) denotes a function to continuously decrease from 1 to 0 and finc(t)

denotes a function to increase from 0 to 1 continuously (See Appendix 6.2). For ex-

ample, if Scur = SS and Snxt = SR, then a(Sact, t) is reduced to 0, xdes(t), ẋdes(t), εdg

are updated to be xdes(t) = xdr(t), ẋdes(t) = ẋdr(t), εdg = a(Sact, t)εr and thus the

robot tasks are activated, when a(Sact, t) is increased to 1 again; if Scur = SR and

Snxt = SH , then a(Sact, t) is reduced to 0 again, xdes(t), ẋdes(t), εdg are updated to

be xdes(t) = xdh(t), ẋdes(t) = ẋdh(t), εdg = a(Sact, t)εh and the interaction tasks are

activated, when a(Sact, t) is increased to 1.

Therefore, in human-dominant interaction, the interactions between human and
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Table 3.5: Specification of xdes(t), ẋdes(t), εdg

State xdes(t) ẋdes(t) εdg

SH xdh(t) ẋdh(t) εh
SR xdr(t) ẋdr(t) εr
SS xcur 0 0

xcur denotes the current position of the robot.

robot work in such manner that when human is outside the workspace, the robot

performs the robot task; when human moves into the workspace but still far away

from the robot, which implies that human is not supposed to interact with the robot,

the robot keeps performing the robot task; when human approaches to the robot

and the robot task is disabled first, then the interaction task is activated and the

robot interacts with human as the way specified by human. The overall process of

human-dominant mode is illustrated in Fig.3.9.

3.3.4 Robot-dominant interaction

In some applications, the robot is required to strictly perform the robot tasks and

pass the active role to human only when it requires assistances. To achieve this

interaction mode, we define a robot-dominant interaction mode which works in

such a way that robot should always perform the robot tasks but when it requires

assistance, the active role is switched from the robot to human so as to resolve any

problem that cannot be handled by the robot alone.

Therefore, the interaction task is activated only when i) robot requires the assis-

tances from human, which is denoted as condition Ω4 and is defined as:

Ω4 = {Cs : Cs = 1} (3.25)

where Cs is the control signal detected by sensors when the robot requires assistance
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Table 3.6: A List of Conditions for robot-dominant interaction

Condition Description

Ω4 robot requires the assistances from human
Ω5 human intends to take control from robot

or unexpected situations happen. That is:

Cs =

0, normal

1, robot requires assistances ;

(3.26)

and ii) human intends to take control by setting Ch = 0, where Ch denotes a control

signal triggered by human and is defined as

Ch =

0, else

1, human takes control .

(3.27)

This condition is defined as Ω5 = {Ch : Ch = 1}. A list of the various conditions is

summarised in Table 3.6.

Similarly, to activate the interaction tasks, the overall condition EH can be easily

re-specified as:

EH = {Ω4

∩
Ω5} (3.28)

which denotes that the interaction tasks are activated only when the robot requires

the assistances from human and human intends to take control.

In robot-dominant interaction mode, the robot tasks are activated once i): the

control signal returns to normal such that Cs = 0, i.e. Ω̄4; and ii): human has

released the control from the robot such that Ch = 0, i.e. Ω̄5. Therefore, the overall

condition ER is re-specified as:

ER = {Ω̄4

∩
Ω̄5}. (3.29)
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To ensure the dominant role of the robot tasks over the interaction tasks, we define

a robot-dominant function R(EH , ER) as:

R(EH , ER) =


SR, if ER is satisfied

SH , elseif EH is satisfied

SS, else.

(3.30)

The next state Snxt defined in Eq.(3.34) for robot-dominant interaction mode is re-

specified as: Snxt = R(EH , ER) and thus the robot tasks always take the dominant

role over the interaction tasks.

3.3.5 Safety feature in extreme circumstances

In extreme circumstances when some unexpected events happen, the robot should

immediately stop to ensure the safety of human. In this situation, an extra safety

feature that can be easily integrated into the proposed framework is introduced to

immediately stop the robot in presence of unexpected events.

A condition ES is stated as:

ES = {Cn|Cn = 1} (3.31)

where

Cn =

0, normal

1, unexpected event .

(3.32)

with Cn denotes the safety signal. Then, the condition ES can be added by modifying
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the human-dominant function as follow:

H(ES, EH , ER) =



SSF , if ES is satisfied

SH , elseif EH is satisfied

SR, elseif ER is satisfied

SS, else.

(3.33)

where SSF denotes the state to immediately stop the robot. Accordingly, if Snxt =

SSF , xdes(t), ẋdes(t), εdg are all updated to be 0 by setting all the task parameters

of Pg(∆xdes) to be 0 and thus in the presence of any unexpected event, the robot

should immediately stop to ensure the safety of human and human needs to reset

the system so that the control signal Cn returns to 0 in order to restart any task .

Remark 1. In this section, we present a human-robot interaction mode which does

not involve any physical contact between human and robot. It is worth noting that

result can also be similarly applied to other operation modes or applications by mod-

ifying the conditions to activate or disable the dominant tasks. For example, if the

interaction force can be measured, then the proposed framework can be modified to

deal with the physical human-robot interaction (pHRI) by specifying EH and ER as:

EH = {f : f > Fc}, and ER = {f : f ≤ Fc} with f as interaction force and Fc as

the threshold force value. The parameter d can be set as 0 and thus the protective

region disappears. In the controller part, the gradient εh is replaced by the interac-

tion force f . Therefore, when the interaction force surpasses the threshold value, the

robot task is disabled and human takes the control from the robot to perform some

pHRI tasks.

Besides, through re-specifying EH , ER and Snxt, it can also be used to achieve

many other different interaction modes as done in human-dominant mode and robot-

dominant mode. It is also interesting to note that the conditions can also be specified

to switch between several robot tasks or interaction tasks, rather than between the

robot tasks and interaction tasks. In this way, the complex task can be divided into
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several sequential subtasks and the proposed method is able to achieve a series of

tasks in a sequential way.

3.4 A General human-robot interaction task vari-

able

In robot control systems, the control input is either specified as velocity or torque

command. The general task error εdg can be used in both velocity and torque

command as a general human-robot interaction task variable to achieve different

robot tasks and interaction tasks with different interaction behaviours. In this

section, we develop a joint velocity reference control command for the industrial

robots with velocity command and an adaptive controller for the robots with torque

command to implement the general human-robot interaction task variable εdg in

different kinds of robotic systems.

3.4.1 Velocity control mode

According to (3.24), the desired velocity ẋdes is switched between ẋdr(t) and ẋdh(t)

and is updated when a(Sact, t) is reduced to 0. Specifically, to achieve the smooth

desired velocity switching, a velocity weight ār(a(Sact, t), t) is defined as:

ār(a(Sact, t), t) =



1, if Sact == 1 and a(Sact, t) == 0

fdec(t),

0, Update ẋdes(t) according to Snxt

finc(t),

1 End of switching.

(3.34)
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Therefore, when Sact == 1, a(Sact, t) starts to decrease from 1 to 0; when a(Sact, t) ==

0, ār(a(Sact, t), t) starts to decrease from 1 to 0; when ār(a(Sact, t), t) == 0, ẋdes(t)

is updated according to Snxt; then ār(a(Sact, t), t) is increased from 0 to 1 and finally

when ār(a(Sact, t), t) == 1, a(Sact, t) starts to increase from 0 to 1 and the whole

switch is completed. The use of the parameter ār(a(Sact, t), t) provides additional

flexibility in designing the switching sequences of the desired velocity.

Therefore, to implement on modern industrial robotic systems whose control com-

mand is specified as joint velocity, a joint velocity reference control signal is specified

using the general human-robot interaction task variable as

q̇rg = J+(q)ār(a(Sact, t), t)ẋdes − J+(q)εdg. (3.35)

For regulation or setpoint control problems with ẋdes = 0, a joint position reference

control command qrg can also be specified as:

qrg = q − J+(q)εdg (3.36)

Therefore, the proposed joint velocity command q̇rg defined in (3.35) or joint position

command qrg defined in (3.36) can be directly used in most of the current industrial

robotic systems to perform various human-robot interaction tasks.

3.4.2 Torque control mode

To demonstrate the feasibility of using the general human-robot interaction task

variable εdg in torque control methods, an adaptive controller can be defined as:

τ = −kpJ
T (q)εdg︸ ︷︷ ︸

term a

−Kssg︸ ︷︷ ︸
term b

+Yd(q, q̇, q̇rg, q̈rg)θ̂d︸ ︷︷ ︸
term c

(3.37)
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with

sg = q̇ − q̇rg = q̇ − J+(q)ār(a(Sact, t), t)ẋdes + J+(q)εdg. (3.38)

where kp ∈ ℜ is a positive proportional gain, Ks ∈ ℜn×n is a gain matrix which

is symmetric and positive definite , sg ∈ ℜn is a sliding vector, Yd(q, q̇, q̇rg, q̈rg) ∈

ℜn×h is the regressor matrix and θ̂d ∈ ℜh is an estimation of an unknown dynamic

parameter vector θd ∈ ℜh of the manipulator.

In (3.37), term a denotes general human-robot interaction task variable part, which

is used to achieve different scenarios of human-robot interaction. Term b denotes

the sliding vector part and term c denotes the adaptive part and is employed to

compensate the uncertain dynamic model. The regressor matrix in (3.37) is defined

as:

M(q)q̈rg + [
1

2
Ṁ(q) + S(q, q̇)]q̇rg + g(q) = Yd(q, q̇, q̇rg, q̈rg)θd (3.39)

and the updated law of θ̂d is given as:

˙̂
θd = −LdY

T
d (q, q̇, q̇rg, q̈rg)sg. (3.40)

Using (3.38), (3.39), the robot dynamics (3.5) can be written as:

M(q)ṡg + [
1

2
Ṁ(q) + S(q, q̇)]sg + Yd(q, q̇, q̇rg, q̈rg)θd = τ (3.41)

Substituting (3.37) into (3.41) yields the following closed-loop equation:

M(q)ṡg + [
1

2
Ṁ(q) + S(q, q̇)]sg +Kssg

+ Yd(q, q̇, q̇rg, q̈rg)∆θd + [kpJ
T (q)εdg] = 0. (3.42)

Based on property in section 3.2.5, if the finite task parameters br1, br2, bh1, bh2 are

all set to be greater than 1, both of the potential functions Pr(∆xdr) and Ph(∆xdh)

are bounded and thus Pg(∆xdes) is bounded. As the workspace of a fixed based
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manipulator is finite, the saturated potential function Pr(∆xdr) for the robot task is

specified in a way that the effective range (εr ̸= 0) of Pr(∆xdr) covers the entire robot

workspace, which means that the saturated part of the potential function Pr(∆xdr)

is outside the workspace. For the interaction task, human is the one who controls

the relative distance between human and the robot, which means that if human

stays far away from the robot, the robot is inside the saturated part of Ph(∆xdh)

(i.e. interaction task is not activated), while if human intends to interact with the

robot by staying near the robot, the robot is then inside the effective range (εh ̸= 0)

of Ph(∆xdh) and thus interaction task is activated.

We can now state the following theorem:

Theorem 3.1. For a finite task space such that the Jacobian matrix is of full rank,

the closed-loop system is stable such that ∆xdes,∆ẋdes,∆θd are bounded when the

activated task is switched from one to another, i.e. a(Sact, t) is reduced from 1 to 0

and then increased back to 1 again.

Proof. To show the stability, a Lyapunov-like function based on the overall dynamic

potential function defined in (3.22) is proposed as follows:

Vg =
1

2
sTg M(q)sg + Pdg +

1

2
∆θTd L

−1
d ∆θd (3.43)

Differentiating (3.43) and using (3.40) and (3.42) yields:

V̇g = −sTg Kssg − kps
T
g [J

T (q)εdg + Yd(q, q̇, q̇rg, q̈rg)∆θd]− ˙̂
θTd L

−1
d ∆θd

+ a(Sact, t)(ẋ− ẋdes)
T (

ϑPg(∆xdes)

ϑ∆xdes

)T + ȧ(Sact, t)Pg(∆xdes)

= −sTg Kssg − kp[q̇ − J+(q)ār(a(Sact, t), t)ẋdes]
TJT (q)εdg − kpε

T
dgεdg

+ (ẋ− ẋdes)
Tkpεdg + ȧ(Sact, t)Pg(∆xdes)

= −sTg Kssg − kpε
T
dgεdg + ȧ(Sact, t)Pg(∆xdes)− kp[ẋ− ār(a(Sact, t), t)ẋdes]

Ta(Sact, t)εg

+ kp(ẋ− ẋdes)
Ta(Sact, t)εg (3.44)
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Let ζ , −kp[ẋ − ār(a(Sact, t), t)ẋdes]
Ta(Sact, t)εg + kp(ẋ − ẋdes)

Ta(Sact, t)εg. When

there is no task switching, a(Sact, t) = ār(a(Sact, t), t) = 1 and thus ζ is simplified as

−kp[ẋ− ẋdes]
T εg + kp(ẋ− ẋdes)

T εg = 0, i.e. the 2 terms cancel out each other; when

activated task is switched from one to another such that a(Sact, t) is reduced from

1 to 0, then ār(a(Sact, t), t) is still equal to 1 and thus ζ is simplified as −kp[ẋ −

ẋdes]
Ta(Sact, t)εg+kp(ẋ−ẋdes)

Ta(Sact, t)εg = 0; when a(Sact, t)=0, thus ζ = 0 and the

desired velocity ẋdes is updated based on the definition of ār(a(Sact, t), t) in (3.34);

when a(Sact, t) is increased from 0 to 1, the update of ẋdes has been completed and

ār(a(Sact, t), t) is equal to 1 and thus ζ is simplified as −kp[ẋ − ẋdes]
Ta(Sact, t)εg +

kp(ẋ − ẋdes)
Ta(Sact, t)εg = 0. Finally, we can conclude that ζ is always equal to 0

and (3.44) can be simplified as:

V̇g = −sTg Kssg − kpε
T
dgεdg + ȧ(Sact, t)Pg(∆xdes). (3.45)

Next, (3.45) can be rewritten as

V̇g = −W + ȧ(Sact, t)Pg(∆xdes) (3.46)

where

W = sTg Kssg + kpε
T
dgεdg. (3.47)

Integrating (3.46) over [0, t] yields

Vg(t)− Vg(0) = −
∫ t

0

W (σ)dσ +

∫ t

0

ȧ(Sact, σ)Pg(∆xdes)dσ. (3.48)

Since W is always non-negative, we obtain

Vg(t) ≤ Vg(0) +

∫ t

0

ȧ(Sact, σ)Pg(∆xdes)dσ. (3.49)

Since Pg(∆xdes) is bounded and ȧ(Sact, t) is not equal to 0 only when the activated

task is switched from one to another as shown in Fig.3.10, its integration is a closed
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Figure 3.10: ȧ(Sact, t) vs t(s)

space in the time domain and thus is bounded, which signifies the boundness of∫ t

0
ȧ(Sact, σ)Pg(∆xdes)dσ. Therefore, Vg(t) is bounded, which leads to the bounded-

ness of sg, Pdg(∆xdes),∆θd.

For the robot task, if the initial position of the robot is inside the effective range

of Pr(∆xdr), then the robot will not reach the saturated area as it is outside the

workspace, which implies that the boundedness of Pr(∆xdr) leads to the bounded-

ness of εr and ∆xdr. For the interaction task, when human approaches and stays

near the robot such that the interaction task is activated and the robot is then

inside the effective range (εh ̸= 0) of Ph(∆xdh), which implies that the boundedness

of Ph(∆xdh) leads to the boundedness of εh and ∆xdh. Since ∆xdes is specified as

either ∆xdr or ∆xdh, ∆xdes is bounded. The desired velocity ār(a(Sact, t), t)ẋdes is

bounded due to the boundedness of ẋd, ār(a(Sact, t), t), ẋh. Due to the boundedness

of sg, εdg, ār(a(Sact, t), t)ẋdes, q̇ is bounded and ẋ = J(q)q̇ is bounded as J(q) is

trigonometric function of q or constant. Therefore, the system when the activated

task is switched from one to another, remains stable.

Based on the aforementioned analysis, ∆xdes,∆ẋdes,∆θd are bounded when the

activated task is switched from one to another. We now state the following theorem

on the convergence of the task errors and proof it by using Barbalat’s lemma [118]:

Theorem 3.2. The closed-loop system in (3.42) gives rise to the convergence of the
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general human-robot interaction task variable such that εdg → 0 as t → ∞ after

switching from one task to another.

Proof. When ȧ(Sact, t) = 0, then (3.45) is rewritten as:

V̇g = −sTg Kssg − kpε
T
dgεdg. (3.50)

Since Vg ≥ 0 and V̇g ≤ 0, Vg is bounded, which leads to the boundedness of

sg, Pdg(∆xdes) and ∆θd. The boundedness of Pdg(∆xdes) results in the bounded-

ness of εdg and ∆xdes. The boundedness of ār(a(Sact, t), t)ẋdes, εdg and sg ensure

the boundedness of q̇, and hence ẋ = J(q)q̇ is bounded. Then ε̇dg is bounded

as the boundedness of ẋ and ẋdes. q̈r is bounded as the desired acceleration ẍdes is

bounded. From (3.42), ṡg is bounded. Thus V̈g = −2 ·sTg Ksṡg−2kpε
T
dgε̇dg is bounded

as εdg, ε̇dg, sg and ṡg are bounded. Therefore V̇g is uniformly continuous and apply-

ing Barbalat’s lemma, we obtain that V̇g → 0, which signifies that sg → 0, εdg → 0.

Next, εdg → 0 and sg → 0 implies ẋ → ẋdes as t → ∞.

When the robot task is activated, xdes(t), ẋdes(t), εdg are updated to be xdes(t) =

xdr(t), ẋdes(t) = ẋdr(t), εdg = εr and thus the proposed controller in (3.37) can

guarantee the convergence of εr and ∆ẋdr such that εr → 0 and ẋ(t) → ẋdr(t)

as t → ∞, and thus the robot task is achieved; similarly when the interaction

task is activated, xdes(t), ẋdes(t), εdg are updated to be xdes(t) = xdh(t), ẋdes(t) =

ẋdh(t), εdg = εh and the proposed controller in (3.37) can guarantee the convergence

of εh and ∆ẋdh such that εh → 0 and ẋ(t) → ẋdh(t) as t → ∞ and thus the

interaction task is achieved.

Remark 2. In task-space control, it is assumed that the robot is operating in a finite

task space where the Jacobian matrix is of full rank. The standard ways of dealing

with singularity issue of the Jacobian matrix include using a singularity robust in-

verse of the Jacobian matrix [119], imposing constraints to avoid singularity, or by

bounding the Jacobian matrix.
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3.5 Experiment

To demonstrate the feasibility of the proposed control framework, the proposed

adaptive controller defined in (3.37) and the joint velocity reference control com-

mand defined in (3.35) were implemented on two robotic systems : i) a SCARA

robot (Sony SRX-4CH) with torque control mode, and ii) a UR10 robot ( Uni-

versal Robots UR10) with velocity control mode, and the robotic systems run in

human-dominant interaction mode. By using these controllers with the general task

variable, various robot tasks and interaction tasks can be specified by simply adjust-

ing the corresponding parameters at the user level as illustrated in section 3.2. To

illustrate this, the parameters were adjusted to achieve various tasks according to

different applications. A Kinect 2 sensor, which can detect the position information

of 25 joints in the human’s body, is used to determine the position of the human.

3.5.1 Interacting with human by keeping a safe distance

This experiment was to demonstrate the human-dominant interaction mode with

the scenario that when the robot was performing the robot tasks, human entered

the workspace and the robot continued working until human was too close to the

robot that the robot could pose a danger to the human and then it would move

away from human to maintain a safe distance. The robot tasks were specified as the

region reaching task (Task II) for SCARA robot and the trajectory tracking task

(Task I) for UR10 robot as shown in Table 3.1 and the human-robot interaction

task was defined as maintaining a minimum distance with human (Task IV). In this

experiment, the distance between human and the robot was chosen as the shortest

distance between the filtered 25 joint positions of human body and the robot.
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Figure 3.11: Scara robot

3.5.1.1 Collision avoidance by using SCARA robot

The SCARA robot (Sony SRX-4CH) is a classical industrial manipulator as shown

in Fig.3.11. The joint motors of the robot are driven by servo amplifiers which are

connected to a ISA-bus-based general purpose data acquisition card (ServoToGo I/O

card, model II). The optical incremental encoders in the robot are used to monitor

the joint positions with a resolution of 500 lines. Joint velocities are obtained from

differentiation of the joint angles. A computer serves as the controller in which

one Pentium III 450-MHz processor and 128-MB dynamic RAM are installed. The

control signals are fed through the digital-to-analog converters of the servo I/O card

to the amplifiers. The digital-to-analog converters have a 13-bit resolution and the

output voltage has a -10 to +10 V range.

The task parameters based on Pr(∆xdr) defined in (3.12) is specified as: Kr1 =
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96, N = 4, Kr2 = −1, b1 = b2 = e,Rr1 = 0, Rr2 = 1, sr1 = sr2 = 3.2, rs1 = rs2 =

2, lr11 = lr12 = 1, lr21 = lr22 = lr23 = 5 and it was specified as two directions,

x axis and y axis, such as Pr = Prx + Pry. The parameters of Ph(∆xdh) defined

in (3.15) were specified as: Kh1 = 3, N = 3, Kh2 = −1, bh1 = bh2 = e,Rh1 =

Rh2 = 0, sh1 = sh2 = 2.2, rsh1 = rsh2 = 2, lh11 = lh12 = 0.01, lh21 = lh22 = 0.05.

The control parameters in (3.37) were set as: kp = 10, Ks = diag{0.5, 0.5}. The

desired region xdr for the robot task was specified as a square region in the plane

as: −35 cm < xdx < −45 cm, 15 cm < xdy < 25 cm and the safe distance of human-

robot interaction task was set as ∆xdh ≥ 0.5 m. The desired velocities were set as

ẋdr = 0 and the parameter of Ω3 in (3.18) is defined as d = 0.2 m.

The experimental results are presented in Fig.3.12 and Fig.3.13. As seen in Fig.3.12,

when human entered the workspace, the robot stayed inside the desired region until

human was too close to robot, then it moved away to keep a safe distance and when

human moved out the workspace, the robot moved back to the desired region to

perform the robot task. Fig.3.13 shows the position errors of the robot task during

the interaction. The robot’s position was converged to the desired region once the

robot task was activated.
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Figure 3.12: Path of end effector for the collision-avoidance with human by using
SCARA robot.
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Figure 3.13: Experimental results of the collision-avoidance with human by using
SCARA robot.

Figure 3.14: UR10 robot

3.5.1.2 Collision avoidance by using UR 10

UR 10 robot is an advanced industrial and collaborative robot with 6 revolute joints

as shown in Fig.3.14. With a reach radius of up to 130cm, the UR10 industrial

robot is designed to be more effective at tasks across a larger area.

To communicate with the UR 10 robot, the control computer and UR 10 robot

were connected together so that the computer can send the control input to the

UR 10 robot and simultaneously UR 10 robot can pass the position information
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of end effector and joint position back to the computer. UR10 robot is driven by

joint position or velocity commands, which is similar to most of current industrial

robots. Therefore, the control input for UR 10 robot is specified as the joint velocity

command defined in (3.35).

The parameters of Pr(∆xdr) were specified as: Kr1 = 80, Nr = 4, Kr2 = −1, br1 =

br2 = 2, Rr1 = Rr2 = 0, sr1 = sr2 = 8, rsr1 = rsr2 = 2, lr11 = lr12 = lr13 = lr21 =

lr22 = lr23 = 1. The parameters of Ph(∆xdh) were specified as: Kh1 = 3, Nh =

3, Kh2 = −1, bh1 = br2 = 2, Rh1 = Rr2 = 0, sh1 = sh2 = 1.8, rsh1 = rsh2 = 2, lh11 =

lh12 = lh21 = lh22 = 0.03. The desired trajectory xdr(t) of the robot task was

specified as a circle defined in the space as: xdx = 0.5 m,xdy = −0.5+ 0.15sin(0.3t)

and xdz = 0.55+0.15cos(0.3t) and the safe distance of human-robot interaction task

was specified as ∆xdh ≥ 0.3 m. The desired velocity were set as: ẋdx = 0, ẋdy =

0.045cos(0.3t) and ẋdz = −0.045sin(0.3t). The parameter of Ω3 in (3.18) is defined

as d = 0.8 m.

The experimental results with UR 10 robot are presented in Fig.3.15 and Fig.3.16.

In Fig.3.15, the hollow arrows denote the current movement and the solid arrows

denote the next movement. It can be seen that when human entered the workspace

(blue arrow) but was still away from the robot, the robot kept performing the robot

task. When human approached, robot stopped first and then the interaction task

was activated to move the robot away (red arrow) from human to keep a safe distance

and when human moved far away from robot, the robot task was activated again and

robot performed the robot task. The gradient εr of the robot task function during

the experiments is shown in Fig.3.16 and when EH was detected and the interaction

task was activated, εr reduced to 0 and when ER was detected and the robot task

was activated again, εr increased from 0 to control the robot. Video showing the

experimental results can be found at https://youtu.be/7rg2oPdUwWw.
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(a) human entered the workspace but still kept
a safe distance with robot, robot performed the
robot task (tracking a circle);

(b) human moved towards the robot and it
stopped;

(c) human moved closer and the interaction
task was activated and the robot kept a safe
distance with human;

(d) human moved out of the workspace and the
robot moved back to draw the circle;

Figure 3.15: Collision avoidance with human by using UR 10 robot.
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Figure 3.16: Experimental results of collision avoidance with human by using UR
10 robot.
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3.5.2 Following human’s motion

The main aim of the second experiment was to illustrate that the task requirements

can be changed by simply adjusting some parameters without changing the controller

or program. Thus, the robot’s interaction behaviour is changed from moving away

from human to following human. The robot task was still specified as the region

reaching for SCARA robot and trajectory tracking task for UR10 robot and human-

robot interaction task was specified as following human’s motion with a safe distance

kept (Task III). In this experiment, the human’s position xdh was specified as the

center of human.

3.5.2.1 Following task by using SCARA robot

The control parameters and the task parameters of Pr(∆xdr) were still the same as

used in section 3.5.1.1. The parameters of Ph(∆xdh) were re-specified as: Kh1 =

4, N = 4, Kh2 = −1, bh1 = bh2 = e,Rh1 = Rh2 = 1, sh1 = sh2 = 1.3, rsh1 = rsh2 =

2, lh11 = lh12 = 0.2, lh21 = lh22 = 0.3. The desired region of the robot task was still

the same as used in section 3.5.1.1 and the desired region of human-robot interaction

task was specified as 0.2 m ≤ ∆xdh ≤ 0.3 m. The desired velocity ẋdr = 0 and the

parameter of Ω3 in (3.18) is defined as d = 0.2 m.

The experimental results are shown in Fig.3.17. As seen in Fig.3.17, when human

entered the workspace and approached the robot, the robot task was disabled and

human-robot interaction task was activated and the robot moved toward human to

follow human. When human moved away, the robot also followed the human. When

human moved too far away from the robot, the robot task was activated again and

the robot moved back to the desired region to perform the robot task. Fig.3.18

shows that the robot’s position was converged to the desired region once the robot

task was activated.
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(b) t=11s, human entered the workspace and
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(c) t=12.5s, human moved forward and the
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(d) t=13.4s, human moved backward and the
robot followed but maintained a safe distance;
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(e) t=17s, human moved out of the workspace
and the robot task was activated again;
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(f) t=25s, the robot moved back to the robot
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Figure 3.17: Path of end effector for human-following experiment with SCARA
robot.
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Figure 3.18: Experimental results of following human’s motion with SCARA robot

3.5.2.2 Following task by using UR 10 robot

The parameters of Pr(∆xdr) for robot task were specified the same as used in section

3.5.1.2. The parameters of Ph(∆xdh) were specified as: Kh1 = 4, Nh = 4, Kh2 =

−1, bh1 = br2 = 2, Rh1 = Rr2 = 1, sh1 = sh2 = 1.2, rsh1 = rsh2 = 2, lh11 = lh12 =

lh13 = 0.35, lh21 = lh22 = lh23 = 0.4. The desired trajectory xdr(t) of the robot

task was specified as a circle defined in the plane as: xdx = −0.1 m,xdy = −0.6 +

0.15sin(0.3t) and xdz = 0.55 + 0.15cos(0.3t) and the desired region of human-robot

interaction task was specified as 0.35 m ≤ ∆xdh ≤ 0.4 m. The parameter of Ω3 in

(3.18) is defined as d = 0.5 m.

The experimental results with UR 10 robot are presented in Fig.3.19 and 3.20. As

seen in Fig.3.19, when human entered the workspace (blue arrow) and approached

the robot, the interaction task was activated and robot followed human while main-

taining a safe distance kept (red arrow). When human moved too far away from the

robot, the robot task was activated again and robot moved back to do the robot

task. The change of εr during the following task is shown in Fig.3.20 and εr reduced

to 0 once the interaction task was activated and εr increased to control the robot

when the robot task was activated again. Video showing the experimental results

can be found at https://youtu.be/7rg2oPdUwWw.
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(a) human was outside the workspace and
robot performed the robot task (drawing a cir-
cle);

(b) human approached to the robot and the
robot task was disabled and the interaction
task was activated;

(c) human moved towards the robot and the
robot moved away to keep a safe distance;

(d) human squatted down and the robot fol-
lowed human;

(e) human stood up again and the robot fol-
lowed;

(f) human moved to right side and robot fol-
lowed;

(g) human moved to left and robot moved to
left;

(h) human moved out of the workspace and
robot moved back to draw the circle.

Figure 3.19: Following human’s motion with UR 10.
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Figure 3.20: Experimental results of following human’s motion with UR 10

3.5.3 Human-guided co-manipulation

In section 3.3 (see remark 1), a physical human-robot interaction control scheme is

introduced such that normally the robot performs the robot task, while human can

take control from the robot to perform physical human-robot interaction tasks when

physical contacts are detected by a robot sensor. This experiment is to demonstrate

that the proposed control algorithm with human-dominant mode can also be applied

to the physical human-robot interaction applications. In this experiment, a position

sensitive detector (PSD) camera was used to detect the physical contact such that

the contact was detected if the light spot from the LED installed on the robot

was blocked by human and thus cannot be detected by PSD camera. The robot

task was specified as trajectory tracking task (Task I). Normally, the robot would

follow the given trajectory. When the physical contact was detected by the sensor,

the robot task was disabled such that the interactive weight a(Sact, t) in (3.24) was

reduced to 0 and thus human could manually move and guide the robot i.e. to follow

paths that cannot be well defined by mathematical expressions or to deviate from

the desired trajectory due to unforseen circumstance. When human released the

control, the robot task was activated again to control the robot to follow the pre-

planned trajectory. Note that at anytime when the human intends to take control
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by making contact with the robot, the robot task would be disabled and thus the

robot could act as a compliant mechanism when human manually moves it.

In this experiment, the task parameters of Pr(∆xdr) were set as: Kr1 = 80, Nr =

4, Kr2 = −1, br1 = br2 = 2, Rr1 = 1, Rr2 = 1, sr1 = sr2 = 2, rsr1 = rsr2 = 2, lr11 =

lr12 = 1, lr21 = lr22 = 1 (Task I). The control parameters were set as: kp = 20, Ks =

diag{2, 2}. The proposed control scheme was implemented on the first two joint of

the SCARA robot. In this experiment, the physical contact was detected by the

robot once the PSD sensor was covered by human’s hand.

The experimental results are shown in Fig.3.21. Normally, the robot moved between

two points [−0.28, 0.37](m) and [−0.42, 0.21](m) along a desired path as shown in

Fig.3.21(a); when the physical contact was detected by sensors, the robot task was

disabled as shown in Fig.3.21(c) and thus human took control and manually moved

and guided the robot to follow a path that shown in Fig.3.21(b); when human

released control, the robot task was activated again as shown in Fig.3.21(c) and the

robot continued to perform the robot task and moved between the two points again

as shown in Fig.3.21(b).
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Figure 3.21: Experimental results for human-guided co-manipulation
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3.5.4 Implementation of the general task function in various

application

In section 3.5.1-section 3.5.3, experimental results have been presented to show

that the proposed control scheme can be used to smoothly switch between the

robot task and the interaction task and the proposed general task function can be

used to describe different task requirements. To further explore the generality of

the proposed general task function, in this section, two additional experiments are

presented to show that this task function can be used for other applications. In

these experiments, we focused on the physical human-robot interaction applications

and the switching between the robot task and interaction task is disabled.

3.5.4.1 Rehabilitation training

Every year millions of people suffer from stroke or neurological injury, which results

in losing motion functionalities. It is now known that effective and repeated reha-

bilitative training can dramatically increase the possibility of recovery. Robot is a

good automated mechanism in dealing with repetitive and time-consuming tasks and

therefore provides the possibility of replacing human therapists in rehabilitation.

Normally, in order to gain more effective rehabilitation training, the patients should

follow the predefined trajectory and are encouraged to perform the training by them-

selves as much as possible. The assistances from the robot is provided only when

needed, such as to regulate the movements when human is deviated from the prede-

fined path. In this experiment, to achieve assist-as-needed rehabilitation training,

the task parameters of Pr(∆xdr) were set as: Kr1 = 0.5, Nr = 4, Kr2 = 1, br1 = br2 =

2, Rr1 = 1, Rr2 = 1, sr1 = sr2 = 2, rsr1 = rsr2 = 2, lr11 = lr12 = 0.05, lr21 = lr22 = 0.1

(Task VIII). The illustration of Pr(∆xdr) is shown in Fig.3.22. By using this task

function, the whole workspace is divided into four regions including human-move

region (HM), robot-guide region (RG), ineffective-region (IR) and safety-stop region
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(a) The shape of Pr(∆xdr) for rehabilitation
purpose
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Figure 3.22: Illustration of Pr(∆xdr) for rehabilitation purpose
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(SSR). The human-move region is defined around the predefined trajectory xdr(t).

Since the gradient εr of Pr(∆xdr) is always equal to 0 in the human-move region,

human can manually move to perform the rehabilitation training, which means that

patient’s movements along the predefined path are encouraged so as to gain the effec-

tive rehabilitation training as much as possible. When the patient’s movements are

deviated from the desired path such that it moves into the robot-guide region, the

gradient εr is not equal to 0 and the robot control is activated to guide the patient

back to the human-move region so as to continue to perform rehabilitation train-

ing. However, the patient may keep deviating away and reach the ineffective-region

where the effect of the rehabilitation training is dramatically reduced. Generally, the

given training trajectory is defined in the comfort area where the patient’s muscles

can fully stretch up and when the movements are far away from this comfort area,

it may reach to strange postures during the training that may hurt the patient’s

muscles. Therefore, when the patient moves into the ineffective-region, the robot

should gradually stop the movements by assisting the patient to reach the safety-

stop region so as to avoid the ineffective training and the potential damage. Inside

the safety-stop region, the robot stops and the rehabilitation training is terminated.

Note that all the four regions are moved along the desired trajectory xdr(t) and thus

the movements of the patient will follow around the predefined path xdr(t).

The proposed control algorithm was implemented on the first two joints of the

SCARA robot whose end-effector was connected to an unactuated planar arm sup-

port as shown in Fig.3.23. The purpose of this experiment was to test the func-

tionality of the proposed control method by using the general task function and

thus only a healthy human was involved. In this experiment, the condition EH was

always set as 0 and the condition ER was set as 1, which means only the robot task

was activated to work and there was no switching between the robot task and inter-

action task. During the training, human was required to move between two points

[−0.28, 0.37](m) and [−0.42, 0.21](m) along the pre-planed path. The human-move

region radius was set as l1i = 0.05(m) and the robot-guided region was set as roughly
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Figure 3.23: Experimental setup for rehabilitation training

0.072(m). The desired position was moved between two positions [−0.28, 0.37](m)

and [−0.4, 0.25](m) inside the human-move region as shown in Fig.3.24(a). The

control parameters in (3.37) were set as: kp = 20, Ks = diag{2, 2}.

The experimental results are presented in Fig.3.24. Normally, human moved his

hand along the predefined path as shown in Fig.3.24(a) to perform the rehabilitation

training; when human deviated from the predefined path and moved into the robot-

guided region, the robot assisted human back to human-move region to continue the

training as shown in Fig.3.24(b); if human kept deviating, the robot stopped inside

the safety-stop region as shown in in Fig.3.24(c) to terminate the rehabilitation

training so as to ensure human’s safety. The distance between the desired position

xdr(t) and actual position x(t) is presented in Fig.3.24(d).
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Figure 3.24: Experimental results of rehabilitation training
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Figure 3.25: Illustration of Pr(∆xdr) for limited sensory zone

3.5.4.2 Limited sensory zone

Visual servo control has been extensively used in many robotic applications due to

its effectiveness and robustness. Generally, the tasks are defined in image space and

the control input is generated based on the visual feedback. However, due to limited

field of view (FOV) of cameras, when the robot is outside the FOV where the sensory

feedback is unavailable, visual servo control fails. Therefore, external assistances are

required to guide the robot back to FOV. In order to integrate the human’s assis-

tance, a saturated potential function as shown in Fig.3.25 is obtained by setting the

task parameters of Pr(∆xdr) as: Kr1 = 0.1, Nr = 4, Kr2 = −1, br1 = br2 = 3, Rr1 =

Rr2 = 0, sr1 = sr2 = 2, rsr1 = rsr2 = 2, lr11 = lr12 = 0.3, lr21 = lr22 = 0.3 (Task

I) and the workspace is thus divided into two regions including visual region where

the accurate visual feedback is available and black region where is out of effective

camera view. When the robot is outside the visual region, human is expected to

take control by manually moving the robot towards the visual region. When the

robot reaches to the visual region, the visual servo control is then activated. Thus,

human can release control and the robot will move to the desired position based on

the visual feedback.
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Figure 3.26: Experimental results for limited field of view

In this experiment, the condition EH was always set as 0 and the condition ER

was set as 1, which means there was no switching between the robot task and

interaction task. A position sensitive detector (PSD) camera mounted on the top of

the SCARA robot was used to measure the position of the end-effector. The sensory

region radius in PSD camera space was set as 2.5 (volt) which was about 0.125 (m)

in corresponding Cartesian space and the desired position xdr in PSD camera space

was defined as xdr = [−0.4, 1](volt) which was [−0.338, 0.414](m) in Cartesian space.

The control parameters in (3.37) were set as: kp = 2.5, Ks = diag{0.01, 0.01}.

The experimental results are presented in Fig.3.26. The end-effector started outside

the visual region and thus human manually moved it towards the visual region

as shown in Fig.3.26(a); when the end-effector entered the visual region, human

released control and the visual feedback control was activated to drive the end-

effector to the desired position as shown in Fig.3.26(a). The position error in sensory

space is shown in Fig.3.26(b).
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3.6 Summary

In this chapter, the human-robot interaction control problem for the scenario of

human and robot coexisting in the same workspace has been formulated and solved

by developing a control framework which can achieve various robot tasks and in-

teraction tasks. It has been shown that the proposed general task function can be

used to achieve various tasks by using a single controller through adjusting the task

parameters at user level. The proposed human-robot interaction control method

can be applied to both velocity control mode and torque control mode and thus can

be easily integrated into existing robot control systems. Experimental results have

been presented to illustrate the performance of proposed control framework.
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Chapter 4

Data-driven learning algorithm for

human-robot interaction

In traditional robot applications, robots are isolated from human due to safety

reason, while in human-robot interaction systems, human and robots share the same

workspace and perform tasks together. Robots are required to detect the changes of

surroundings and make adjustments accordingly. To enhance the robot’s capabilities

in perception and reaction, external sensory systems are normally required during

human-robot interaction and thus the kinematics or sensory Jacobian matrix are

required in the controller design. In chapter 3, an adaptive controller has been

proposed where the exact Jacobian matrix is required. Since different configurations

and types of sensors result in different sensory transformation or Jacobian natives

and thus lead to different kinematic models, it is difficult for operators or users

in factory to model the sensory systems and specify the controllers. To alleviate

this problem, in this chapter, we propose a new data-driven learning algorithm

that can ba used to estimate the sensory transformation or Jacobian matrixes such

that various external sensors can be easily integrated into the controller defined in

(3.37) to provide the sensory information for human-robot interaction task execution

without any information of the model.
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4.1. STRUCTURE OF THE PROPOSED MULTI-LAYER NEURAL

NETWORK

This chapter is organized as follows. Section 4.1 describes the structure of the pro-

posed multi-level neural network. Then, the convergence analysis of the proposed

data-driven learning algorithm is presented in section 4.2. In section 4.3, experi-

mental results are presented by using the proposed method to estimate the robot

kinematics. Section 4.4 shows the experimental results of the human-robot inter-

action with the estimated kinematic models. Finally, section 4.5 summarizes and

concludes this chapter.

4.1 Structure of the proposed multi-layer neural

network

Let y ∈ ℜh denote the output of the unknown nonlinear function and z ∈ ℜo

denote the input of the unknown nonlinear function. The proposed structure NN is

illustrated in Fig.4.1. In the first level, the objective function y is expressed as

y = f(z) = WL1θL1(z) + e1 =

p1∑
j1=1

wL1[j1]θL1(j1)(z) + e1 (4.1)

where WL1 ∈ ℜh×p1 denotes an unknown ideal matrix, θL1(z) ∈ ℜp1 denotes an

activation function vector, e1 denotes an approximation error vector, wL1[j1] denotes

the [j1]
th column vector of WL1 and θL1(j1)(z) denotes the (j1)

th element of θL1(z).

Let wL1[j1] be represented as two parts:

wL1[j1] = wcL1[j1] +wvL1[j1] (4.2)

wherewcL1[j1] ∈ ℜh denote the weight vectors whose elements are constant or remain

the same for different input data (input-independent) and wvL1[j1] ∈ ℜh denote

the weight vectors whose elements are time-varying or not the same for different

input data (input-dependent). Let hv1[j1] denote the number of input-dependent

weights in the vector wL1[j1] and hc1[j1] denote the number of the remaining input-
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Figure 4.1: Structure of the proposed multi-layer NN

independent weights such that h = hv1[j1] + hc1[j1]. Let ϕhv1[j1]
denote a set of index

corresponding to the input-dependent weights of wL1[j1] and ϕhc1[j1]
denote a set of

index corresponding to the input-independent weights of wL1[j1]. Since the input-

dependent weights are still related to the input, it is a function of input z and thus

can be estimated by another set of weights as follows:

wvL1[j1] = WL2[j1]θL2(z) + e2 =

p2∑
j2=1

wL2[j1,j2]θL2(j2)(z) + e2 (4.3)

where WL2[j1] ∈ ℜh×p2 denotes an unknown ideal matrix corresponding to the vec-

tor wvL1[j1], θL2(z) ∈ ℜp2 denotes an activation function vector, e2 denotes an

approximation error vector, wL2[j1,j2] denotes the [j2]
th column vector of WL2[j1] and

θL2(j2)(z) denotes the (j2)
th element of θL2(z). Let k1 ∈ ϕhc1[j1]

denote the index of

the input-independent weights and then the kth
1 row elements of WL2[j1] are all set

as 0. Similarly, wL2[j1,j2] can be represented as two parts including the constant or

input-independent part and the varying or input-dependent part and another level is

then added to estimate the input-dependent weights. This loop continues until the

network reaches to a level where all the ideal weights are constant or the function

is well approximated.

Based on the proposed structure, the nonlinear function f(z) is therefore represented

as follows:

1st level y = f(z) = WL1θL1(z) + e1 =

p1∑
j1=1

wL1[j1]θL1(j1)(z) + e1 (4.4)
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NETWORK

wL1[j1] = wcL1[j1] +wvL1[j1] (4.5)

2nd level wvL1[j1] = g1(z) = WL2[j1]θL2(z) + e2 =

p2∑
j2=1

wL2[j1,j2]θL2(j2)(z) + e2

(4.6)

wL2[j1,j2] = wcL2[j1,j2] +wvL2[j1,j2] (4.7)

...

ith level wvL(i−1)[j1,··· ,ji−1] = gi−1(z) = WLi[j1,··· ,ji−1]θLi(z) + ei

=

pi∑
ji=1

wLi[j1,··· ,ji]θLi(ji)(z) + ei (4.8)

wLi[j1,··· ,ji] = wcLi[j1,··· ,ji] +wvLi[j1,··· ,ji] (4.9)

...

Last level wvL(n−1)[j1,··· ,jn−1] = gn−1(z) = WLn[j1,··· ,jn−1]θLn(z) + en

=

pn∑
jn=1

wLn[j1,··· ,jn]θLn(jn)(z) + en (4.10)

wLn[j1,··· ,jn] = gn = wcLn[j1,··· ,jn] (4.11)

where for ith level, WLi[j1,··· ,ji−1] ∈ ℜh×pi denotes an unknown ideal weight ma-

trix corresponding to the vector wvL(i−1)[j1,··· ,ji−1], θLi(z) ∈ ℜpi denotes an ac-

tivation function vector, ei denotes an approximation error, wLi[j1,··· ,ji] denotes

the [ji]
th column vector of WLi[j1,··· ,ji−1] and θLi(ji)(z) denotes the (ji)

th element

of θLi(z). Let hv(i−1)[ji−1] denote the number of input-dependent weights in the

vector wvL(i−1)[j1,··· ,ji−1] and hc(i−1)[ji−1] denote the number of the remaining input-

independent weights such that h = hv(i−1)[ji−1] + hc(i−1)[ji−1]. Let ϕhv(i−1)[ji−1]
denote

a set of index corresponding to the input-dependent weights of wvL(i−1)[j1,··· ,ji−1] and

ϕhc(i−1)[ji−1]
denote a set of index corresponding to the input-independent weights of

wvL(i−1)[j1,··· ,ji−1]. Let ki−1 ∈ ϕhc(i−1)[ji−1]
denote the index of the input-independent

weights corresponding to the vector wvL(i−1)[j1,··· ,ji−1] and then the kth
i−1 row elements

of WLi[j1,··· ,ji−1] are all set as 0. Then, the vector wLi[j1,··· ,ji] can be represented as

two parts including input-independent part wcLi[j1,··· ,ji] and input-dependent part
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wvLi[j1,··· ,ji].

4.2 Data-driven learning algorithm

4.2.1 Progressive learning algorithm

Based on the proposed structure in section 4.1, a data-driven learning algorithm is

proposed in this section, which is processed in such way that the desired function is

estimated level by level as defined in (4.4)-(4.11) until all the weights are constant

or input-independent. In this algorithm, the next level is activated only when the

previous level has settle down such that the estimation errors are within certain

error bound. During the training of the current level, the estimated neuron weights

are collected and used as data to train the next level so that the desired model can

be better approximated if needed.

Specifically, let ŴL1 ∈ ℜh×p1 denote the estimated weight matrix of WL1 and in

the first level, an estimated output ŷ1 ∈ ℜh is proposed as:

ŷ1 =

p1∑
j1=1

ŵL1[j1]θL1(j1)(z) + ko1

∫ t

0

(y− ŷ1)dς (4.12)

where ŵL1[j1] denotes the [j1]
th column vector of ŴL1 and ko1 denotes a positive

gain. The estimated weight vector ŵL1[j1] in (4.12) is updated according to the

estimation errors as follows:

˙̂wL1[j1] = −k1ŵL1[j1] + ky1Lo1θL1(j1)(z)[

∫ t

0

(y− ŷ1)dς] (4.13)

where k1, ky1 is a positive gain and Lo1 ∈ ℜh×h denotes a positive diagonal matrix.

Through constructing ŷ1 as (4.12) and updating ŵL1[j1] as (4.13), the estimation

errors can finally converge to certain error bound.
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From (4.4) and (4.12), we have

y− ŷ1 =

p1∑
j1=1

wL1[j1]θL1(j1)(z) + e1

−
p1∑

j1=1

ŵL1[j1]θL1(j1)(z)− ko1

∫ t

0

(y− ŷ1)dς

= −ko1

∫ t

0

(y− ŷ1)dς + e1 +

p1∑
j1=1

(wL1[j1] − ŵL1[j1])θL1(j1)(z) (4.14)

To show the convergence, we define a scalar function as follows:

V1 =
ky1
2
[

∫ t

0

(y− ŷ1)dς]
T [

∫ t

0

(y− ŷ1)dς]

+

p1∑
j1=1

1

2
(wL1[j1] − ŵL1[j1])

TL−1
o1 (wL1[j1] − ŵL1[j1]) (4.15)

Differentiating V1 and using (4.14), we have

V̇1 = ky1[y− ŷ1]
T [

∫ t

0

(y− ŷ1)dς]

+

p1∑
j1=1

(ẇL1[j1] − ˙̂wL1[j1])
TL−1

o1 (wL1[j1] − ŵL1[j1])

= ky1[−ko1

∫ t

0

(y− ŷ1)dς + e1

+

p1∑
j1=1

(wL1[j1] − ŵL1[j1])θL1(j1)(z)]
T [

∫ t

0

(y− ŷ1)dς]

+

p1∑
j1=1

(ẇL1[j1] − ˙̂wL1[j1])
TL−1

o1 (wL1[j1] − ŵL1[j1])

= −ky1ko1[

∫ t

0

(y− ŷ1)dς]
T [

∫ t

0

(y− ŷ1)dς] + ky1e
T
1 [

∫ t

0

(y− ŷ1)dς]

+

p1∑
j1=1

[ky1(wL1[j1] − ŵL1[j1])θL1(j1)(z)]
T [

∫ t

0

(y− ŷ1)dς]

+

p1∑
j1=1

(ẇL1[j1] − ˙̂wL1[j1])
TL−1

o1 (wL1[j1] − ŵL1[j1]) (4.16)
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Substituting (4.13) into (4.16) yields

V̇1 = −ky1ko1[

∫ t

0

(y− ŷ1)dς]
T [

∫ t

0

(y− ŷ1)dς] + ky1e
T
1 [

∫ t

0

(y− ŷ1)dς]

+

p1∑
j1=1

[ky1(wL1[j1] − ŵL1[j1])θL1(j1)(z)]
T [

∫ t

0

(y− ŷ1)dς]

−
p1∑

j1=1

[−k1ŵL1[j1] + ky1Lo1θL1(j1)(z)[

∫ t

0

(y− ŷ1)dς]]
T

· L−1
o1 (wL1[j1] − ŵL1[j1]) +

p1∑
j1=1

ẇT
L1[j1]

L−1
o1 (wL1[j1] − ŵL1[j1])

= −ky1ko1[

∫ t

0

(y− ŷ1)dς]
T [

∫ t

0

(y− ŷ1)dς] + ky1e
T
1 [

∫ t

0

(y− ŷ1)dς]

+

p1∑
j1=1

[ẇT
L1[j1]

L−1
o1 (wL1[j1] − ŵL1[j1])

+ k1ŵ
T
L1[j1]

L−1
o1 (wL1[j1] − ŵL1[j1])] (4.17)

where we note that ẇL1[j1] is not necessarily zero. Since

eT1 [

∫ t

0

(y− ŷ1)dς] ≤
γ1
2

∥
∫ t

0

(y− ŷ1)dς ∥2 +
1

2γ1
∥ e1 ∥2 (4.18)

ẇT
L1[j1]

L−1
o1 (wL1[j1] − ŵL1[j1]) ≤

κ1

2lo1
∥ wL1[j1] − ŵL1[j1] ∥2 +

1

2κ1lo1
∥ ẇL1[j1] ∥2

(4.19)

ŵT
L1[j1]

L−1
o1 (wL1[j1] − ŵL1[j1]) ≤

1

2lo1
[∥ wL1[j1] ∥2 − ∥ wL1[j1] − ŵL1[j1] ∥2] (4.20)

where γ1, κ1 are positive values and lo1 denotes the minimum eigenvalue of Lo1.

Substituting (4.18)-(4.20) into (4.17) leads to

V̇1 ≤ −ky1(ko1 −
γ1
2
) ∥

∫ t

0

(y− ŷ1)dς ∥2

−
p1∑

j1=1

(k1 − κ1)

2lo1
∥ wL1[j1] − ŵL1[j1] ∥2 +ξ1 (4.21)
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t
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Input-dependent weight
Input-independent weight

Figure 4.2: An example of the input-dependent weight and input-independent
weight

where

ξ1 =
ky1
2γ1

∥ e1 ∥2 +
p1∑

j1=1

[
1

2κ1lo1
∥ ẇL1[j1] ∥2 +

k1
2lo1

∥ wL1[j1] ∥2]. (4.22)

Since ∥ e1 ∥, ∥ ẇL1[j1] ∥, ∥ wL1[j1] ∥ are all bounded, ξ1 is bounded. The parameters

ko1, k1 are chosen to be sufficiently large so that ky1(ko1− γ1
2
) and (k1−κ1)

2lo1
are positive.

Let φ1 = min{ky1(ko1 − γ1
2
), (k1−κ1)

2lo1
} and then we have

V̇1 ≤ −φ1V1 + ξ1. (4.23)

Therefore, we can conclude that
∫ t

0
(y−ŷ1)dσ and (wL1[j1]−ŵL1[j1]) are uniformly ul-

timately bounded [120][121]. From (4.14), it can be shown that (y− ŷ1) is uniformly

ultimately bounded.

Ideally, the estimated weight matrix ŴL1 is supposed to well approximate the ideal

weight matrixWL1 and remains constant for different inputs after training. However,

it is difficult to predict the sufficient number of neurons and thus in the first level,

estimation errors may exist. To improve the accuracy of the estimation, a novel

structure of NN is proposed in (4.4)-(4.11) such that the estimated weight matrix

ŴL1 that is obtained is divided into two parts including input-independent part and

input-dependent part, and the input-dependent part is then used as training data
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together with the output of data in next level to further improve the estimation

accuracy. Since the ideal weight matrix WL1 is unknown, the initial values of the

estimated weight matrix ŴL1 are set to 0 and thus the estimation errors during the

transient stage of learning may not be good. Therefore, this part of the data may

not be a good training data for next level. However, a subset of ŴL1 such that the

corresponding estimation errors are within a small error bound can be used for the

training of the next level as shown in Fig.4.2. That is

∥ y− ŷ1 ∥≤ ϵo1 for all t ≥ t1 (4.24)

where ϵo1 denotes bound and t1 denotes the moment when the estimation errors are

within the bound. Then, we check each element in ŴL1 and if it is a constant value

such that it remains the same or change very slowly for different input values, it is

regarded as input-independent weight, while if it is changing according to different

input values, it is then regarded as the input-dependent weight as shown in Fig.4.2.

Therefore, the [j1]
th column vector ŵL1[j1] can be represented as two parts including

the input-independent weight vector ŵcL1[j1] that is the same for different input

values and the input-dependent weight vector ŵvL1[j1] that is varying for different

input values. The input-dependent weights are used as training data in the second

level and are regarded as another desired data. Similarly, let ŵL(i−1)[j1,··· ,ji−1] denote

the [ji−1]
th column vectors of the estimated weight matrix ŴL(i−1)[j1,··· ,ji−2] ∈ ℜh×pi−1

obtained in (i − 1)th level and then the vector ŵL(i−1)[j1,··· ,ji−1] can be divided into

two parts as:

ŵL(i−1)[j1,··· ,ji−1] = ŵcL(i−1)[j1,··· ,ji−1] + ŵvL(i−1)[j1,··· ,ji−1] (4.25)

where ŵcL(i−1)[j1,··· ,ji−1] denotes the estimated input-independent weight vector and

ŵvL(i−1)[j1,··· ,ji−1] denotes the estimated input-dependent weight vector. To distin-

guish the estimated input-dependent weight vector and the data of the estimated

input-dependent weight vector, we use the vector wLd(i−1)[j1,··· ,ji−1] to represent the

data of the estimated input-dependent weight vector according to the estimated
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input-dependent weight vector ŵvL(i−1)[j1,··· ,ji−1] and the vector wLd(i−1)[j1,··· ,ji−1] is

used to train the next level so that the estimation errors can be further reduced if

necessary.

Let ŴLi[j1,··· ,ji−1] ∈ ℜh×pi denote the estimated weight matrix of WLi[j1,··· ,ji−1] de-

fined in (4.8). In the ith level, the estimated input-dependent weight vector of the

(i− 1)th layer ŵvL(i−1)[j1,··· ,ji−1] is estimated based on wLd(i−1)[j1,··· ,ji−1] as:

ŵvL(i−1)[j1,··· ,ji−1] = kwi

∫ t

0

(wLd(i−1)[j1,··· ,ji−1]−ŵvL(i−1)[j1,··· ,ji−1])dς+

pi∑
ji=1

ŵLi[j1,··· ,ji]θLi(ji)(z)

(4.26)

where ŵLi[j1,··· ,ji] denote the [ji]
th column vectors of ŴLi[j1,··· ,ji−1],and kwi denote the

positive gains.

From (4.4)-(4.9), for ith level, we have

y =

p1∑
j1=1

[wL1[j1]θL1(j1)(z)] + e1

=

p1∑
j1=1

[wcL1[j1]θL1(j1)(z)]+

p1∑
j1=1

p2∑
j2=1

[wL2[j1,j2]θL2(j2)(z)θL1(j1)(z)]+

p1∑
j1=1

e2θL1(j1)(z)+e1

=

p1∑
j1=1

[wcL1[j1]θL1(j1)(z)] +

p1∑
j1=1

p2∑
j2=1

[wcL2[j1,j2]θL2(j2)(z)θL1(j1)(z)]

+

p1∑
j1=1

p2∑
j2=1

p3∑
j3=1

[wL3[j1,j2,j3]θL3(j3)(z)θL2(j2)(z)θL1(j1)(z)] +

p1∑
j1=1

p2∑
j2=1

e3θL2(j2)(z)θL1(j1)(z)

+

p1∑
j1=1

e2θL1(j1)(z) + e1

...

=
i−1∑
m=1

p1∑
j1=1

· · ·
pm∑

jm=1

wcLm[j1,··· ,jm]θLm(jm)(z) · · · θL1(j1)(z)

+

p1∑
j1=1

· · ·
pi∑

ji=1

wLi[j1,··· ,ji]θLi(ji)(z) · · · θL1(j1)(z) + eyi (4.27)

where
∑i−1

m=1

∑p1
j1=1 · · ·

∑pm
jm=1wcLm[j1,··· ,jm]θLm(jm)(z) · · · θL1(j1)(z) denote the sum of
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NN nodes with constant ideal weights in previous total i− 1 levels,

eyi =
∑i−1

m=1

∑p1
j1=1 · · ·

∑pm
jm=1 em+1θLm(jm)(z) · · · θL1(j1)(z) + e1 denotes sum of the

approximation errors at various levels. Then, the estimated output ŷi in the ith

level is proposed as

ŷi =
i−1∑
m=1

p1∑
j1=1

· · ·
pm∑

jm=1

ŵcLm[j1,··· ,jm]θLm(jm)(z) · · · θL1(j1)(z)

+

p1∑
j1=1

· · ·
pi∑

ji=1

ŵLi[j1,··· ,ji]θLi(ji)(z) · · · θL1(j1)(z) + koi

∫ t

0

(y− ŷi)dς (4.28)

where ŵcLm[j1,··· ,jm] denote the estimated input-independent weight vector of

wcLm[j1,··· ,jm],
∑i−1

m=1

∑p1
j1=1 · · ·

∑pm
jm=1 ŵcLm[j1,··· ,jm]θLm[jm] · · · θL1[j1] denote the sum of

NN nodes with constant estimated weights in previous total i− 1 levels and koi is a

positive gain. The estimated weight vector ŵLi[j1,··· ,ji] in the ith level is then updated

according to both the weight errors and the estimation errors as follows:

˙̂wLi[j1,··· ,ji] = kdiLoiθLi(ji)(z)[

∫ t

0

(wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])dς]

− kiŵLi[j1,··· ,ji] + kyiLoiθLi(ji)(z) · · · θL1(j1)(z)[
∫ t

0

(y− ŷi)dς] (4.29)

where ki, kdi, kyi denote positive gains and Loi ∈ ℜh×h denotes positive diagonal

matrices.

From (4.8), we have:

wvL(i−1)[j1,··· ,ji−1] =

pi∑
ji=1

wLi[j1,··· ,ji]θLi(ji)(z) + ei (4.30)

and using (4.26), we can obtain

wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1] = −(wvL(i−1)[j1,··· ,ji−1] −wLd(i−1)[j1,··· ,ji−1])

+ (wvL(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])

= −(wvL(i−1)[j1,··· ,ji−1] −wLd(i−1)[j1,··· ,ji−1])
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− kwi

∫ t

0

(wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])dς

+

pi∑
ji=1

[(wLi[j1,··· ,ji] − ŵLi[j1,··· ,ji])θLi(ji)(z)] + ei. (4.31)

From (4.27) and (4.28), we have

y− ŷi =
i−1∑
m=1

p1∑
j1=1

· · ·
pm∑

jm=1

(wcLm[j1,··· ,jm] − ŵcLm[j1,··· ,jm])θLm(jm)(z) · · · θL1(j1)(z)

+

p1∑
j1=1

· · ·
pi∑

ji=1

(wLi[j1,··· ,ji] − ŵLi[j1,··· ,ji])θLi(ji)(z) · · · θL1(j1)(z)

+ eyi − koi

∫ t

0

(y− ŷi)dς. (4.32)

Similarly, we can show the convergence of the estimation errors by using a scalar

function for ith level that is defined as follows:

Vi =
kyi
2
[

∫ t

0

(y− ŷi)dς]
T [

∫ t

0

(y− ŷi)dς]

+

p1∑
j1=1

· · ·
pi−1∑

ji−1=1

kdi
2
[

∫ t

0

(wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])dς]
T

· [
∫ t

0

(wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])dς]

+

p1∑
j1=1

· · ·
pi∑

ji=1

1

2
(wLi[j1,··· ,ji] − ŵLi[j1,··· ,ji])

TL−1
oi (wLi[j1,··· ,ji] − ŵLi[j1,··· ,ji]) (4.33)

Differentiating Vi and using (4.29), (4.31) and (4.32), we have

V̇i = kyi[(y− ŷi)]
T [

∫ t

0

(y− ŷi)dς]

+

p1∑
j1=1

· · ·
pi−1∑

ji−1=1

kdi[(wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])]
T

· [
∫ t

0

(wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])dς]
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+

p1∑
j1=1

· · ·
pi∑

ji=1

(ẇLi[j1,··· ,ji] − ˙̂wLi[j1,··· ,ji])
TL−1

oi (wLi[j,j1,··· ,ji] − ŵLi[j,j1,··· ,ji])

= kyi[
i−1∑
m=1

p1∑
j1=1

· · ·
pm∑

jm=1

(wcLm[j1,··· ,jm] − ŵcLm[j1,··· ,jm])θLm(jm)(z) · · · θL1(j1)(z) + eyi

+

p1∑
j1=1

· · ·
pi∑

ji=1

(wLi[j1,··· ,ji] − ŵLi[j1,··· ,ji])θLi(ji)(z) · · · θL1(j1)(z)

− koi

∫ t

0

(y− ŷi)dς]
T [

∫ t

0

(y− ŷi)dς]

+

p1∑
j1=1

· · ·
pi−1∑

ji−1=1

kdi[−(wvL(i−1)[j1,··· ,ji−1] −wLd(i−1)[j1,··· ,ji−1])

− kwi

∫ t

0

(wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])dς

+

pi∑
ji=1

(wLi[j1,··· ,ji]−ŵLi[j1,··· ,ji])θLi(ji)(z)+ei]
T [

∫ t

0

(wLd(i−1)[j1,··· ,ji−1]−ŵvL(i−1)[j1,··· ,ji−1])dς]

−
p1∑

j1=1

· · ·
pi∑

ji=1

[kdiLoiθLi(ji)(z)

∫ t

0

(wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1])dς

−kiŵLi[j1,··· ,ji]+kyiLoiθLi(ji)(z) · · · θL1(j1)(z)
∫ t

0

(y−ŷi)dς]
TL−1

oi (wLi[j1,··· ,ji]−ŵLi[j1,··· ,ji])

+

p1∑
j1=1

· · ·
pi∑

ji=1

ẇT
Li[j1,··· ,ji]L

−1
oi (wLi[j1,··· ,ji] − ŵLi[j1,··· ,ji])

= −kyikoi(

∫ t

0

∆ydς)T (

∫ t

0

∆ydς) + kyic
T
a

∫ t

0

∆ydς

+

p1∑
j1=1

· · ·
pi−1∑

ji−1=1

[−kdikwi(

∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς)
T (

∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς)

+ kdie
T
i

∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς − kdi∆wT
Ld(i−1)[j1,··· ,ji−1]

∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς]

+

p1∑
j1=1

· · ·
pi∑

ji=1

[ẇT
Li[j1,··· ,ji]L

−1
oi ∆wLi[j1,··· ,ji] + kiŵ

T
Li[j1,··· ,ji]L

−1
oi ∆wLi[j1,··· ,ji]]. (4.34)

where

ca = [
i−1∑
m=1

p1∑
j1=1

· · ·
pm∑

jm=1

(wcLm[j1,··· ,jm] − ŵcLm[j1,··· ,jm])θLm(jm)(z) · · · θL1(j1)(z) + eyi],

∆y = y− ŷi, ∆wLd(i−1)[j1,··· ,ji−1] = wvL(i−1)[j1,··· ,ji−1] −wLd(i−1)[j1,··· ,ji−1],
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∆ŵLd(i−1)[j1,··· ,ji−1] = wLd(i−1)[j1,··· ,ji−1] − ŵvL(i−1)[j1,··· ,ji−1] and ∆wLi[j1,··· ,ji]

= wLi[j1,··· ,ji] − ŵLi[j1,··· ,ji]. Note that

cTa [

∫ t

0

∆ydς] ≤ γi
2
∥
∫ t

0

∆ydς∥2 + 1

2γi
∥ca∥2 (4.35)

eTi [

∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς] ≤
ωi

2
∥
∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς∥2 +
1

2ωi

∥ei∥2 (4.36)

−∆wT
Ld(i−1)[j1,··· ,ji−1]

[

∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς] ≤
ρi
2
∥
∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς∥2

+
1

2ρi
∥∆wLd(i−1)[j1,··· ,ji−1]∥2 (4.37)

ẇT
Li[j1,··· ,ji]L

−1
oi ∆wLi[j1,··· ,ji] ≤

κi

2loi
∥∆wLi[j1,··· ,ji]∥2 +

1

2κiloi
∥ẇLi[j1,··· ,ji]∥2 (4.38)

ŵT
Li[j1,··· ,ji]L

−1
oi ∆wLi[j1,··· ,ji] ≤

1

2loi
[∥wLi[j1,··· ,ji]∥2 − ∥∆wLi[j1,··· ,ji]∥2] (4.39)

where γi, ωi, ρi, κi are positive values and loi denotes the minimum eigenvalue of Loi.

Thus, we have

V̇i ≤ −kyi(koi −
γi
2
)∥

∫ t

0

∆ydς∥2 −
p1∑

j1=1

· · ·
pi∑

ji=1

(ki − κi)

2loi
∥∆wLi[j1,··· ,ji]∥2

−
p1∑

j1=1

· · ·
pi−1∑

ji−1=1

kdi(kwi −
ωi

2
− ρi

2
)∥

∫ t

0

∆ŵLd(i−1)[j1,··· ,ji−1]dς∥2 + ξi (4.40)

where

ξi =
kyi
2γi

∥ca∥2 +
p1∑

j1=1

· · ·
pi−1∑

ji−1=1

[
kdi
2ρi

∥∆wLd(i−1)[j1,··· ,ji−1]∥2 +
kdi
2ωi

∥ei∥2]

+

p1∑
j1=1

· · ·
pi∑

ji=1

[
1

2κiloi
∥ẇLi[j1,··· ,ji]∥2 +

ki
2loi

∥wLi[j1,··· ,ji]∥2]. (4.41)

Note that ∥ca∥2, ∥ei∥2, ∥ẇLi[j1,··· ,ji]∥2, ∥wLi[j1,··· ,ji]∥2 are all bounded. Since the ideal

weight vector wvL(i−1)[j1,··· ,ji−1] can be estimated by wLd(i−1)[j1,··· ,ji−1] in (i − 1)th

within a bound,

∥∆wLd(i−1)[j1,··· ,ji−1]∥2 is bounded and thus ξi is bounded. The parameters koi, kwi, ki

are chosen to be sufficiently large so that kyi(koi − γi
2
), (ki−κi)

2loi
and kdi(kwi − ωi

2
− ρi

2
)
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are always positive. Therefore, let φi = min{kyi(koi − γi
2
), (ki−κi)

2loi
, kdi(kwi − ωi

2
− ρi

2
)}

and we have

V̇i ≤ −φiVi + ξi. (4.42)

Therefore, we can conclude that
∫ t

0
∆ydς,

∫ t

0
∆ŵLd(i−1)[j1,··· ,ji−1]dς and ∆wLi[j1,··· ,ji]

are uniformly ultimately bounded [120][121]. From (4.32), it can be shown that

(y− ŷi) is uniformly ultimately bounded.

Therefore, the proposed algorithm can be used to progressively update the weights so

as to achieve a good estimation of the objective function. This method is summarised

in Algorithm 1 and it will keep updating the weights until all the weights reach

constant values or the estimation errors are good enough.

Algorithm 1 Overview of the proposed data-driven off-line learning algorithm

Initialization: randomly initialize ŴL1 and set initialization values of ŷ1 to be
the same as the measured y;
while ∥y− ŷ1∥ > ϵo1 do
Update ŷ as (4.12);
Update ŴL1 as (4.13);

end while
Collect the data of input-dependent weight matrix and saved as WLd1;
for ith, (i > 1) level with WLd(i−1) obtained from (i− 1)th level do

while ∥∆y∥ > ϵoi or ∥∆ŴLd(i−1)∥ > ϵwi do

Update ŴvL(i−1) as (4.26);
Update ŷi as (4.28);
Update ŴLi as (4.29);

end while
if all the estimated weights are input-independent or the estimation errors are
good enough then
Break;

else
Collect the data of input-dependent weight matrix and saved as WLdi;
i=i+1;

end if
end for
return ŴL1, . . . ,ŴLi;
Final tuning as illustrated in section 4.2.2 if necessary.

ϵo1 ϵoi, ϵwi denote small bounds specified by users

Remark 3. Comparing to the some other existing approaches such as adaptive
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control and observer based control, the main unique feature of the proposed algorithm

is that it does not require any model information and is able to achieve function

approximation in a progressive way. In the observer based control design, normally

the plant model is required and thus the exact model information should be specified

by users. However, in practical applications, it is difficult to derive the exact system

model due to that the physical parameters are hard to estimate exactly. Adaptive

control is one effective way to handle the model uncertainty, while it normally limits

to estimate the dynamic systems. More importantly, for the commonly-use adaptive

control such as regressor based adaptive control [2], it is required to have a linearity-

in-parameters property. Therefore, the structure of the model is still required in

these methods and the derivation of the regressor itself still requires modelling of the

dynamics. Since the structure of the regressor is different from robot to robot, the

control algorithm that is developed for a specific robotic system can not be directly

implemented on other system.

4.2.2 Final tuning algorithm

The proposed learning algorithm preserves the linearity in weights property of the

overall NN, which is useful for final tuning and on-line learning. Based on the

proposed data-driven learning algorithm, the structure of NN can be progressively

constructed and the desired model is finally estimated by a set of input-independent

weights wcL1[j1],wcL2[j1,j2], . . . ,wcLn[j1,··· ,jn] as:

y =
n∑

m=1

p1∑
j1=1

· · ·
pm∑

jm=1

wcLm[j1,··· ,jm]θLm(jm)(z) · · · θL1(j1)(z) + eo (4.43)

where eo denotes the overall approximation error. After the whole structure of NN

is determined, a final tuning can be done if necessary, by specifying the estimated

output as
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ŷ =
n∑

m=1

p1∑
j1=1

· · ·
pm∑

jm=1

ŵcLm[j1,··· ,jm]θLm(jm)(z) · · · θL1(j1)(z) + kf

∫ t

0

(y− ŷ)dς

+ kssgn(

∫ t

0

(y− ŷ)dς) (4.44)

where kt, ks denote the positive gain, sgn(·) denotes the sign function and ŵcLm[j1,··· ,jm]

denotes the estimated weight vector of wcLm[j1,··· ,jm]. Then, ŵcLm[j1,··· ,jm] is updated

as

˙̂wcLm[j1,··· ,jm] = LmθLm(jm)(z) · · · θL1(j1)(z)[
∫ t

0

(y− ŷ)dς] (4.45)

where Lm ∈ ℜh×h denote a positive diagonal matrix.

The convergence of the proposed final tuning algorithm can be shown by using the

following function as:

Vf =
1

2
[

∫ t

0

(y− ŷ)dς]T [

∫ t

0

(y− ŷ)dς]

+
n∑

m=1

p1∑
j1=1

· · ·
pm∑

jm=1

(wcLm[j1,··· ,jm]− ŵcLm[j1,··· ,jm])
TL−1

m (wcLm[j1,··· ,jm]− ŵcLm[j1,··· ,jm]).

(4.46)

Differentiating Vf and using (4.43) (4.44) and (4.45), we have

V̇f = (y− ŷ)T [

∫ t

0

(y− ŷ)dς]

+
n∑

m=1

p1∑
j1=1

· · ·
pm∑

jm=1

(− ˙̂wcLm[j1,··· ,jm])
TL−1

m (wcLm[j1,··· ,jm] − ŵcLm[j1,··· ,jm])

= −kf [

∫ t

0

(y− ŷ)dς]T [

∫ t

0

(y− ŷ)dς]

− [kssgn(

∫ t

0

(y− ŷ)dς)− eo]
T [

∫ t

0

(y− ŷ)dς] (4.47)

Note that −[kssgn(
∫ t

0
(y − ŷ)dς) − eo]

T [
∫ t

0
(y − ŷ)dς] ≤ −(ks − b) ∥ [

∫ t

0
(y − ŷ)dς] ∥

where b denotes the upper bound of eo. Therefore, if the control gain ks is chosen
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sufficiently large so that

ks > b, (4.48)

we have

V̇f ≤ −kf [

∫ t

0

(y− ŷ)dς]T [

∫ t

0

(y− ŷ)dς] ≤ 0. (4.49)

Since V̇f ≤ 0, Vf is bounded. The boundedness of Vf leads to the boundedness of∫ t

0
(y− ŷ)dς and (wcLm[j1,··· ,jm] − ŵcLm[j1,··· ,jm]). Therefore, ŵcLm[j1,··· ,jm] is bounded.

Since ŵcLm[j1,··· ,jm] and
∫ t

0
(y− ŷ)dς are bounded, (y− ŷ) is bounded, which implies

that [
∫ t

0
(y− ŷ)dς] is uniformly continuous. From (4.49), it is obtained that [

∫ t

0
(y−

ŷ)dς] ∈ L2

∩
L∞. Using Barbalat Lemma [118], we can conclude that

[

∫ t

0

(y− ŷ)dς] → 0 as t → ∞. (4.50)

Note that the initial value of ŷ can be set as ŷ(0) = y(0). Therefore, the finial

tuning algorithm can ensure that the estimation errors finally converge to 0.

Remark 4. In the proposed algorithm, the structure of neural network is not fixed

and the number of levels that are required in the neural network is determined through

observing the estimation errors of each layer. For example, if the estimation errors

of the first levels are good enough, then one level is sufficient, while if the estimation

errors are not good, then another level is added to further improve the approximation

until the estimation errors are satisfactory.

4.3 Experiments on estimating the robot kine-

matics

The proposed algorithm was implemented on two robotic systems including the UR

10 industrial robot and the SCARA robot, with different kinematic structures to

estimate the unknown kinematic models. Three experiments are presented including

the estimation of kinematic model of scara robot with a position sensitive detector
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(PSD) camera system and kinematic model of UR 10 robot.

4.3.1 Estimation of kinematic model of scara robot with a

position sensitive detector (PSD) camera system

In this experiment, a PSD camera was used to detect the position of the SCARA

robot’s end-effector xsc in the camera space and the desired output y in (4.43) was

specified as:

y = ẋsc = Jsc(q)q̇ = Wθ + E (4.51)

where ẋsc denoted the velocity vector obtained by differentiating xsc, Jsc(q) ∈ ℜ2×2

denoted the Jacobian matrix from joint space to PSD camera space, W was defined

as a 2 × 2 × 9 matrix and θ was defined as θ = θL1q̇ with the activation function

defined as

θL1 =
1

1 + e−u1
(4.52)

where u1 denoted the inputs which were the combinations of q. The parameters in

the update law were set as: ko1 = 1, k1 = 0.01, Lo1 = 30I, ky1 = 0.1, with I denoted

as the identity matrix.

In this experiment, the actual velocity ẋsc and the joint velocity q̇ were obtained

by differentiating xsc measured from PSD camera and joint position q read from

encoders respectively and hence were full of noises. Therefore, a low pass filter was

used to filter the noises. The experimental results in Fig.4.3 show that the desired

velocity ẋsc was well approximated by the proposed learning algorithm.

4.3.2 Estimation of kinematic model of UR 10 robot

UR 10 robot is an advanced industrial robot with closed architecture control system

as shown in Fig.3.14. In this experiment, the UR robot was run in off-line mode such
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Figure 4.3: The estimation of Jsc(q)
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that it followed the given trajectory defined in Cartesian space with position control

commands. When the robot was performing the task, the position of end-effector

rur in Cartesian space and the joint position q were recorded. Then, the velocity

ṙur and the joint velocity q̇ were obtained by differentiating rur and q respectively.

In this experiment, the desired output y in (4.43) was specified as:

y = ṙur = Jrur(q)q̇ = Wθ + E (4.53)

where Jrur(q) ∈ ℜ3×3 denoted the Jacobian matrix of UR 10 robot from joint space

to Cartesian space, W was defined as a 3 × 3 × 9 × 9 matrix and θ was defined as

θ = [θL1q̇; θL2θL1q̇] with the activation functions defined as

θL1 =
1

1 + e−u1
, θL2 =

1

1 + e−u2
(4.54)

where u1, u2 denoted the inputs which were the combinations of q. The parameters

were set as: ko1 = 1.2, ko2 = 1, k1 = k2 = 0.01, Lo1 = 20I, Lo2 = 360I, ky1 =

0.1, ky2 = 0.1, kw2 = 1, kd2 = 0.0003. The parameters of final tuning algorithm was

set as: kf = 1, ks = 0.00528, L = 0.198I.

The experimental results are shown in Fig.4.4 and the vector ˙̂r denote the estimated

velocity obtained by proposed learning algorithm. The results show that the desired

velocity ṙ was well approximated by the proposed learning algorithm. Besides, a

comparison of the estimation errors of first layer and second layer is given in Fig.4.5,

which shows that the estimation errors were improved from first level to second

level according to most of joint inputs. Therefore, the proposed method is able to

progressively estimate the desired model level by level.

The tracking errors (r−r̂f ) during the training based on the final tuning algorithm in

section 4.2.2 are shown in Fig.4.6 and r̂f denote the estimated velocity vector defined

in (4.44). As seen from Fig.4.6, the tracking errors converged to 0. A comparison

of norm error of the second level and final tuning is also given in Fig.4.5. The sums

Nanyang Technological University Singapore



96 4.3. EXPERIMENTS ON ESTIMATING THE ROBOT KINEMATICS

of norm error of with final tuning and with out final tuning are shown in Fig.4.7,

which shows that final tuning can further improve the approximation.
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ṙ
-
˙̂ r
‖

-0.01

0

0.01

0.02

0.03

(d) Norm error of estimating the kinematic model of UR 10

Figure 4.4: The estimation of Jr(q)
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4.4 Human-robot interaction with estimated Ja-

cobian matrix

In section 4.3.1, the Jacobian matrix Jsc(q) ∈ ℜ2×2 from joint space to PSD camera

space is estimated by the proposed data-driven learning algorithm and let Ĵsc(q) ∈

ℜ2×2 denote the estimated Jacobian matrix. In section 3.4.2, we have developed an

adaptive controller by using the general human-robot interaction task variable εdg

and the experimental results including interacting with scara robot and following

task with scara robot are presented in section 3.5.1.1 and section 3.5.2.1 respectively.

In this section, the estimated Jacobian matrix Ĵsc(q) was used to replace the actual

Jacobian matrix Jsc(q) in the developed adaptive controller and thus, the controller

defined in 3.37 is modified as:

τ = −kpĴ
T
sc(q)εdg −Kssg + Yd(q, q̇, q̇rg, q̈rg)θ̂d. (4.55)

Therefore, robots are required to perform the interaction tasks with estimated kine-

matics.

4.4.1 Interacting with scara robot by using the estimated

Jacobian matrix

The experimental setup remained the same as section 3.5.1.1. The robot task was

specified as region reaching and the interaction task was specified as keeping a safe

distance with human. During the interaction, the robot should move to the desired

region, while keep a safe distance with human.

The experimental results are presented in Fig.4.8. As seen in Fig.4.8(a), the distance

between the robot and human is always greater or equal to the safe distance during

the interaction. The experimental results in Fig.4.8(b) show that when the robot
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Figure 4.8: Collision avoidance with the estimated Jacobian matrix

task was activated, the robot moved to the desired region and the position errors

are within the desired regional error; when the interaction task was activated, the

robot moved away from the desired region to keep a safe distance with human.

4.4.2 Following task with scara robot by using the estimated

Jacobian matrix

The experimental setup remained the same as section 3.5.2.1. The robot task was

specified as region reaching and the interaction task was specified as following hu-

man’s motion with a safe distance kept. During the interaction, the robot should

move to the desired region, unless the interaction task is activated and then the

robot move to follow human’s motion with a safe distance kept.

The experimental results are presented in Fig.4.9. As seen in Fig.4.9(a), once the

interaction task was activated, the distance between the robot and human was

always within the desire region of the following task. The experimental results

in Fig.4.9(b) show that when the robot task was activated, the robot moved to the

desired region and the position errors are within the desired regional error; when

the interaction task was activated, the robot moved away to follow human.
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Figure 4.9: Following task with the estimated Jacobian matrix

4.5 Summary

In this chapter, a data-driven learning algorithm has been proposed and used to

estimate the unknown kinematics or Jacobian matrix. A novel multi-layer neural

network structure is employed in the proposed algorithm such that the desired model

can be estimated layer by layer. It has been shown that the convergence of proposed

learning algorithm can be guaranteed. Experimental results have been presented to

illustrate the performance of proposed method. The kinematic models estimated by

the proposed learning algorithm were applied in human-robot interaction task exe-

cutions and the experimental results have validated the effectiveness of the proposed

learning algorithm.
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Chapter 5

Task specification through

demonstration

In chapter 3, a unified method has been developed based on the proposed general

potential energy function to achieve various human-robot interaction tasks and in

chapter 4, a learning algorithm has been proposed and used to estimate the un-

known kinematic models so that various sensory systems can be easily integrated

into the controller to provide the sensory information for human-robot interaction

task execution without any information of the model. For the general potential en-

ergy function, there are twelve task parameters in total and different combinations

of the task parameters lead to different task requirements. As some of them do not

correspond to any physical meaning, it is in general difficult for normal users such as

production operators to set the task parameters according to a specific interaction

task.

In traditional robotic applications such as pick-and-place and welding operations,

the task requirements can be specified as desired positions or trajectories and users

can easily re-define the tasks by changing the desired position or trajectory. In the

scenario of human-robot interaction, robots are required to share the same workspace
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with human and perform various tasks, some of which may be even composed of

a sequential combination of several tasks. Those task requirements may not be

easily specified. Therefore, in this chapter, we propose a task learning algorithm

that allows the users to specify the task requirements through demonstrations. In

the proposed task learning method, the task requirements are modeled as motion

behaviours rather than motion trajectories and thus once the robot learns a motion

behaviour from a demonstration, it can perform the same behaviours at any location

in the workspace without requiring to conduct the training again.

This chapter is organized as follows. Section 5.1 describes the task requirement

learning algorithm, which composes of two parts including the estimations of poten-

tial energy function through demonstrations and the developed learning algorithm

that enables the robot to learn a set of task requirements from human’s demon-

strations. Then, a controller that is able to achieve a series of sequential tasks

demonstrated by human, is developed in section 5.2. Experimental results are pre-

sented in section 5.3 to illustrate the performance of the proposed task requirement

learning algorithm. Finally, section 5.4 summarizes and concludes this chapter.

5.1 Task requirement learning algorithm

5.1.1 Reconstruction of task energy function from human’s

demonstrations

Among the task parameters, the region-shape task parameters including rs1, rs2, l1i, l2i

that are used to define the shape and size of the desired region, have specific physical

definitions and thus are specified by users directly. The remaining task parameters

that do not correspond to any physical meaning can be obtained from human’s

demonstrations through reconstructing the potential energy function.
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We present a method to estimate the shape of the potential energy function based

on the robot’s position and velocity data obtained from human’s demonstrations.

Different motion behaviours can be described by shaping the dynamic potential

energy function as shown in Table 3.1 and the motion behaviour features or task

requirements underlying the demonstrations can thus be obtained by reconstructing

the shape of potential energy in the demonstration. Let xt
i denote the ith position

information in the recorded training data when human manually moves the robot

to demonstrate the task and xt
N denote the last position information recorded in

the training data. To reconstruct the equivalent shape of potential energy in the

demonstration, a task energy function Pd is defined as

Pd(x
t
i − xt

r) =
i∑

k=N

∥(xt
k − xt

r)− (xt
d − xt

r)∥∥ẋt
i∥, (i = N,N − 1, · · · , 1) (5.1)

where xt
r is a reference position and denotes the center of potential energy, xt

d denotes

the target position, ẋt
i denotes the corresponding speed at position xt

i and is obtained

by differentiating xt
i. In the demonstration, human would first arbitrarily set a

fixed reference position xt
r and a fixed target position xt

d. Therefore, when human

is demonstrating a task such that ∥ẋt
i∥ > 0, the potential energy is calculated

and when human stops moving the robot such that ∥ẋt
i∥ = 0, which means that

robots have reached to the target position xt
d, then Pd(x

t
i − xt

r) = 0. Note that the

corresponding task energy value is equal to 0 when robots are inside the desired

region. If the same demonstration is repeated, the average data can be used to

reconstruct the task energy function. Based on this method, the task requirements

of demonstrations can be described in term of potential energy and thus it can be

learned by robots through the dynamic potential energy function.

For some tasks that are composed of two task requirements such as i) following the

target and ii) keeping a safe distance, the entire task requirements can be demon-

strate to the robot one at a time. That is, human can teach the robot the basic
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motion behaviours first such as following behaviour or keeping a safe distance. After

learning the basic motion behaviours, the robot can perform the task containing two

basic motion behaviours by combining the corresponding task energy functions, such

as following the target with a safe distance kept as shown in Fig. 5.4. Therefore,

the overall energy function can be defined as:

Pd(x
t(i)− xt

r) =
M∑
j=1

Pdj(x
t
ji
− xt

rj
) (5.2)

where Pdj(x
t
ji
− xt

r1
) denotes the task energy function of task j demonstrated by

human, xt
ji
is the recorded data in the demonstration of task j, xt

rj
is the reference

position in the demonstration of task j and defined as xt
rj

= xt
r + Cj with Cj as

constant value specified by users to shift the corresponding task energy function so

as to specify all the task energy functions in the same coordinate.

5.1.2 Task learning based on human’s demonstration

Through reconstruction of the energy function Pd based on human’s demonstrations,

the task requirements of Pd can be learned by robots through seeking a suitable task

parameter set of the dynamic potential energy function P so that the shapes of Pd

and P in the task-space are similar. The task-requirement learning algorithm is

composed of two parts: i) task type identification and ii) performance learning.

5.1.2.1 Task type identification

The task parametersN,K,R1, R2 are used to determine the task type of the dynamic

potential energy function and different combinations of N,K,R1, R2 lead to different

shapes of the dynamic potential function as shown in Table 3.1. For ease of reference,

Table 3.1 is reproduced here as shown in Table 5.1. It is interesting to note that

for each shape or task type, the change of the gradient is different from each task
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type when the task variable z increases from 0 to infinity. For example, for Task

III in Table 5.1, when the task variable z > 0, the gradient ε defined in equation

(3.10) starts from negative value to 0 and keeps 0 and finally increases from 0 to

positive value with the increase of z. Let “ − ” denote the negative status of the

gradient ε, 0 denote the zero status, “+′′ denote the positive status and 0 → 0 denote

the maintenance of zero status. Therefore, we can obtain the unique change of the

gradient ε for each task type as shown in Table 5.2. Since the mapping form the task

type to change of gradient is unique, it can be used to determine the combination

of the task parameters N,K,R1, R2 and task type. Let εd denote the gradient of

the task energy function Pd, which is obtained by differentiating Pd with respect

to (xt
i − xt

r) and through check the change of εd when (xt
i − xt

r) is increased from

0 to infinity, the discrete task parameters N,K,R1, R2 can be determined based

on Table 5.2 and thus the task type of the task energy function Pd obtained from

demonstrations can be determined.

For a specific type, once the robots learn the task requirements from a demon-

stration and the parameters N,K,R1, R2 are determined, human do not need to

teach the robots again. By manually adjusting the region-shape task parameters

rs1, rs2, l1i, l2i, robots can do the similar task with different desired region sizes. For

example, when robots are taught to follow a target, by changing the parameters l1i

and l2i, users can adjust the following distance between the target and robots.

5.1.2.2 Performance learning

The remaining task parameters b1, b2, s1, s2 are used to adjust the gradient of the

dynamic potential energy function and they are then learned from human’s demon-

strations such that the gradient can be specified to be steep or gradual according

to the speed when human moves robots in the demonstration. More specifically,

if human moves the robot towards the target at a fast speed during the demon-

strations, the gradient of the dynamic potential energy function should be steep so
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Table 5.1: Task specifications

Task type K N R1 R2 PE shape

Task I -1 Even 0 0 z
- 0 +

P
(z

)

0

Task II -1 Even 0/(1) 1/(0) z
- 0 +

P
(z

)

0

Task III -1 Even 1 1 z
- 0 +

P
(z

)

0

Task IV -1 Odd 0 0 z
- 0 +

P
(z

)

0

Task V -1 Odd 0/(1) 1/(0) z
- 0 +

P
(z

)

0

Task VI -1 Odd 1 1 z
- 0 +

P
(z

)

0

Task VII 1 Even 0/(1) 1/(0) z
- 0 +

P
(z

)

0

Task VIII 1 Even 1 1 z
- 0 +

P
(z

)

0

Task IX 1 Odd 0/(1) 1/(0) z
- 0 +

P
(z

)

0

Task X 1 Odd 1 1 z
- 0 +

P
(z

)

0
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Table 5.2: Task specifications based on the change of gradient

Task type K N R1 R2 Change of gradient ε when z > 0

Task I -1 Even 0 0 +
Task II -1 Even 0/(1) 1/(0) 0 → +
Task III -1 Even 1 1 − → 0 → 0 → +
Task IV -1 Odd 0 0 − → 0
Task V -1 Odd 0/(1) 1/(0) 0 → − → 0
Task VI -1 Odd 1 1 + → 0 → 0 → − → 0
Task VII 1 Even 0/(1) 1/(0) + → 0 → − → 0
Task VIII 1 Even 1 1 0 → + → 0 → − → 0
Task IX 1 Odd 0/(1) 1/(0) − → 0 → + → 0
Task X 1 Odd 1 1 0 → − → 0 → + → 0

that robots quickly approach the target after training, while if human moves robots

slowly, the gradient of the dynamic potential energy function should be gradual so

that the robots slowly move to the target after training. Therefore, by acquiring the

parameter b1, b2, s1, s2 based on human’s demonstrations, robots can act similarly

according to the demonstrations.

To identify b1, b2, s1, s2, a residual error r is first defined as:

r =
Pd

∥Pd∥
− P

∥P∥
(5.3)

where Pd

∥Pd∥
is the normalized potential energy of Pd and P

∥P∥ is the normalized dy-

namic potential energy function. A cost function C is defined as

C = 0.5 · rT · r. (5.4)

Its gradient respect to the task parameters is obtained as

∆C = JT
r · r. (5.5)

where Jr is the Jacobian matrix of r respect to task parameters. The update law
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for b1, b2, s1, s2 is defined as

Sn+1 = Sn +Kgsp (5.6)

where S = [b1; b2; s1; s2], Kg denotes a positive diagonal gain matrix and sp denotes

the update step which is calculated by the following normal equation as

(JT
r Jr)sp = −JT

r · r (5.7)

The update continues until the norm of sp,∥ sp ∥ and the norm of the gradient,

∥ ∆C ∥, fall below a predefined tolerance value ϵ.

Therefore, the whole process to learn the task requirements based on Pd can be

summarized by the following Algorithm 2.

Algorithm 2 Updating the task parameters based on human’s demonstrations

Record the data xt
r, x

t
d, x

t from human’s demonstrations;
Reconstruct the task energy function Pd based on obtained data;
Randomly set positive initial values of s1 and s2;
Obtain εd from Pd and specify N,K,R1, R2 based on Table 5.2
for ∥ sp ∥> ϵ or ∥ ∆C ∥> ϵ do
for all the recorded position xt in date set do

rn =
Pdn (x

t−xt
r)

∥Pdn (x
t−xt

r)∥
− Pn(xt−xt

r)
∥Pn(xt−xt

r)∥
;

end for
C = 0.5 · rTn · rn;
∆C = JT

rn · rn;
Sn+1 = Sn + sp;
sp = −(JT

rnJrn)
−1JT

rn · rn;
end for
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5.2 Event trigger human-robot interaction con-

trol

In practical robotic applications, the given task may contain several sub-tasks with

different task requirements and the robots may need to perform the tasks in a sequen-

tial way. In the proposed algorithm, the combination of several sequential sub-tasks

can be achieved by shaping the dynamic potential energy function sequentially so

that robots would act in different motion behaviours according to different events.

We define an event-based task variable a(Ei, t)∆ε as:

a(Ei, t)∆ε , a(Ei, t)
ϑP (∆x)

ϑ∆x
(5.8)

where a(Ei, t) is an event-based weight function, ∆ε denotes the task variable of

dynamic potential energy function and ∆x = x(t) − xd(t) is the position error

between the robot position x(t) and desired position xd(t). The event-based weight

a(Ei, t) is defined as:

a(Ei, t) =



1, Event i detected

fdec(t),

0, Update N,K, b1, b2, R1, R2, s1, s2, rs1, rs2, l1i, l2i

according to event i

finc(t),

1 End of switch

(5.9)

where Ei denotes the event i, fdec(t) denotes a function to continuously decrease

from 1 to 0 and finc(t) denotes a function to increase from 0 to 1 continuously.

a(Ei, t) is at least twice differentiable and its derivative with respect to time ȧ(Ei, t)

is bounded. Hence, once an event is detected by the robots, at is reduced to 0 and

task variable loose the control of robots. Then, the task parameters are updated
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according to the detected event and after that, at is increased from 0 to 1 again and

the task variable would drive robots to perform the new task. Therefore, human can

teach robots the task one by one based on the task-requirement learning algorithm

and specify the events in a sequential way so that robots can achieve a series of

sequential tasks.

The proposed event-based task variable a(Ei, t)∆ε can be integrated into different

controllers for different kinds of robotic systems as a control feedback variable and

thus the developed task learning algorithm can be easily implemented on various

robots. For example, to implement on the robotic systems whose control command

is specified as joint velocity, a joint velocity reference control signal is defined as

q̇r = J+(q)ẋd − J+(q)a(Ei, t)∆ε (5.10)

where q̇r is the joint velocity reference control, q denotes the joint position of robots,

J+ is the pseudo-inverse of Jacobian matrix J(q) that is from joint space to task

space and ẋd denotes the desired velocity.

To demonstrate the feasibility of using the event-based task variable in torque control

modes, based on the robot dynamic model defined in (3.5) in chapter 3, an adaptive

controller is specified as:

τ = −Kss−Kpa(Ei, t)∆ε+ Yd(q, q̇, q̇r, q̈r)θ̂d (5.11)

where Kp ∈ ℜ is a positive proportional gain, Ks ∈ ℜn×n is a gain matrix which is

symmetric and positive definite , s ∈ ℜn is a sliding vector, Yd(q, q̇, q̇r, q̈r) ∈ ℜn×h

is the regressor matrix and θ̂d ∈ ℜh is an estimate of unknown dynamics parameter

vector θd ∈ ℜh of the manipulator. The sliding vector s is defined as

s = q̇ − q̇r = q̇ − J+(q)ẋd + J+(q)a(Ei, t)∆ε, (5.12)

Nanyang Technological University Singapore



5.2. EVENT TRIGGER HUMAN-ROBOT INTERACTION CONTROL 113

and the regressor matrix in Eq.(5.11) is defined as

M(q)q̈r + [
1

2
Ṁ(q) + S(q, q̇)]q̇r + g(q) = Yd(q, q̇, q̇r, q̈r)θd. (5.13)

The updated law for θ̂d is given as

˙̂
θd = −LdY

T
d (q, q̇, q̇r, q̈r)s (5.14)

Thus, by substituting Eq.(5.11), (5.12), (5.13) into Eq.(3.5), the closed-loop system

is given as

M(q)ṡ+ [
1

2
Ṁ(q) + S(q, q̇)]s+Kss+ Yd(q, q̇, q̇r, q̈r)∆θd

+ [KpJ
T (q)a(Ei, t)∆ε] = 0. (5.15)

where ∆θd = θd − θ̂d.

To show the stability of the proposed adaptive controller, a Lyapunov-like function

is proposed as:

V =
1

2
sTM(q)s+ a(Ei, t)P +

1

2
∆θTd L

−1
d ∆θd (5.16)

Differentiating Eq.(5.16) and substituting Eq.(5.14)and (5.15) into it yields:

V̇ = −sTKss−Kp[a(Ei, t)∆ε]T [a(Ei, t)∆ε] + ȧ(Ei, t)P (5.17)

When the robot is performing a human-robot interaction task, ȧ(Ei, t) is equal to

0. Note that ȧ(Ei, t) is not equal to 0 only during the smooth transition stage from

one task to another when triggered by another event. Therefore, when robots is

performing a given task, ȧ(Ei, t) = 0 and thus V̇ < 0, and for each task, the task

variable of the dynamic potential energy function ∆ε converges to zero [118]. That

is, s → 0,∆ε → 0 as t → ∞. For the transition stage after another event is detected
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and ȧ(Ei, t) ̸= 0, we can conclude from Eq.(5.17) that

V (t) ≤ V (0) +

∫ t

0

ȧ(Ei, σ)P dσ (5.18)

From the definition of a(Ei, t) and the bounded property of P , it is clear that

the integration of ȧ(Ei, t)P is bounded and hence V is bounded. The system re-

mains stable during the transition. Therefore, the proposed adaptive controller by

integrating the event-based task variable a(Ei, t)∆ε is able to drive robots in a sta-

ble manner and allow robots to perform a series of sequential tasks acquired from

demonstrations.

5.3 Experiments

The proposed control strategy was implemented on the first two joints of the SCARA

robot as shown in Fig. 5.1. The experiments were carried out with human’s demon-

strations in section 5.3.1 and human-robot interaction tasks implementation in sec-

tion 5.3.2.

5.3.1 Human demonstration

5.3.1.1 Demonstration setup

In the demonstrations, the robot was operated in off-line mode and human manually

moved the robot to demonstrate the tasks. For each demonstration, human would

first set an arbitrary reference position xt
r which was detected by s PSD camera

mounted on the top of workspace as shown in Fig. 5.1. Then, human would per-

form the demonstration by manually moving the robot’s end-effector. The position

xt and speed ẋt of the end-effector were recorded, which was used to automatically

reconstruct the task energy function. Two demonstrations including tracking or
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Figure 5.1: Human’s demonstration setup

following demonstration and collision avoidance demonstration, were given to il-

lustrate the process of human’s demonstrations in the proposed algorithm. Other

task requirements as shown in Table 5.1 can be specified by combining the basic

demonstrations as illustrated in section 5.3.1.4.

5.3.1.2 Demonstration of tracking or following task

The aim of this demonstration was to teach the robot the motion behaviour of track-

ing or following a target. The demonstration was conducted in such way that human

first set a reference position xt
r away from the robot’s end-effector in the workspace

as shown in Fig.5.1 and then human manually moved the end-effector towards the

reference position xt
r until reaching it, which demonstrated the behaviour of tracking

or following the target.

The shape of the reconstructed task energy function Pd1 based on this demonstration

was presented in Fig.5.2(a). Since the potential energy function is symmetric, the
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Table 5.3: Obtained task parameters based on demonstrations

Data K N R1 R2 b1 b2 s1 s2 Iteration

Pd1 -1 4 0 1 2.2488 2.4117 10.2587 1.8585 881
Pd2 -1 3 0 0 1.33687 2.3813 0.2039 0.8795 251

Pd1 + Pd2 -1 4 1 1 1.4915 3.1651 0.1503 0.9755 1939

representative part is sufficient for learning. The initial values were set as: b1 =

2.5, b2 = 2.5, s1 = 2, s2 = 2. Based on the obtained Pd1, the task parameters were

obtained by using the developed algorithm as shown in Table 5.3. The remaining

task parameters were specified by users directly as: rs1 = 2, rs2 = 2, l11 = 1, l12 =

1, l21 = 0.1, l22 = 0.1 and thus the desired region is specified as circle around the

desired position with the radius as 0.1(m). Fig.5.2(b) shows the changes of the

shape of the potential energy function P when updating the task parameters as

defined in Eq.(5.6) and finally, its shape can well estimate the shape of Pd1 as shown

in Fig.5.2(a). Therefore, once the robot detected the target, the robot would move

towards the target until the distance between them was less than 0.1(m).
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(a) The estimated task energy function Pd1 and
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Figure 5.2: Experimental results on acquiring the task requirement of tracking or
following task from human’s demonstrations
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5.3.1.3 Demonstration of collision avoidance task

The aim of this demonstration was to teach the robot the motion behaviour of

keeping a safe distance from the target. Similarly, human would set a reference

position xt
r but in this demonstration, human would start to move the end-effector

away from xt
r, which was to show the behaviour of moving away from the target.

The safe distance that the robot should keep with human, was specified by users

and normally set as the distance between the reference position xt
r and the position

when the human stopped the robot. Therefore, the robot would always keep this

safe distance when human was too close.

Based on this demonstration, the reconstructed task energy function Pd2 was pre-

sented in Fig.5.3(a). The initial values were set as: b1 = 2.5, b2 = 2.5, s1 = 2, s2 = 2.

The task parameters were obtained based on the obtained Pd2, as shown in Table 5.3.

The remaining task parameters were specified by users directly as: rs1 = 2, rs2 =

2, l11 = 0.03, l12 = 0.03, l21 = 0.1, l22 = 0.1 and the safe distance was specified around

0.25(m). Fig.5.3(b) shows the changes of the shape of the dynamic potential energy

function P when updating the task parameters and finally, it was shaped as shown

in Fig.5.3(a). Therefore, when the robot was away from the target, the robot would

not move but once the target approached to the robot (distance less than 0.25(m)),

the robot would move away to keep a safe distance.
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(a) The estimated task energy function Pd2 and
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Figure 5.3: Experimental results on acquiring the task requirement of collision avoid-
ance task from human’s demonstrations
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5.3.1.4 Combination of two demonstrations: following with a safe dis-

tance kept

The task of following with a safe distance has two different task requirements: i)

following and ii) keeping a safe distance. These two task requirements had been

demonstrated by human in the previous experiments and thus this new task can

be achieved by combining two demonstrations using Eq.(5.2). Here, C1, C2 were

specified as: C1 = 0, C2 = −0.25 and thus Pd1 was shifted to right 0.25(m) as shown

in Fig.5.4(a). Therefore, the dynamic potential energy function P was reshaped as

shown in Fig.5.4(a) and the shape change of P were shown in Fig.5.4(b). The initial

values were set as: b1 = 2.5, b2 = 2.5, s1 = 2, s2 = 2. The task parameters learned

from Pd were illustrated in Table 5.3. The remaining task parameters were specified

by users as: rs1 = 2, rs2 = 2, l11 = 0.25, l12 = 0.25, l21 = 0.35, l22 = 0.35 and the

desired region here was specified as 0.25(m) < ∥∆xh∥ < 0.35(m). Therefore, the

robot would start to move towards the target once the target moved away (distance

between them greater than 0.35(m)), while keeping a safe distance (greater than

0.25(m)).
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(a) The estimated task energy function Pd2 and
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Figure 5.4: Experimental results on acquiring the task requirement of following with
a safe distance kept from human’s demonstrations
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5.3.2 Implementation: performing human-robot interaction

tasks with the dynamic potential function

5.3.2.1 Experimental results on following human

According to the task parameters obtained in section 5.3.1.2, the proposed adaptive

controller in Eg.(5.11) was used to control the robot to follow human’s hand motion.

The control gain were set as: Ks = 0.01, Kp = 3. In this experiment, the center

of the desired region was specified as human’s hand which can be detected by a

PSD camera and the robot would follow the hand motion. The illustration of this

experiment are given in Fig.5.5. The results in Fig.5.6(a) shows that when human

moved the hand, the robot always followed human’d hand motion by keeping the

distance between them within 0.1(m) and the distance between human and robot

during the interaction is given in Fig.5.6(b). Video showing the experimental results

can be found at https://youtu.be/Z65CXf1bjvU.
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(a) Robot moved towards human’s hand (b) When human moved the hand forward, the
robot followed it

(c) When the robot was inside the desired re-
gion, the control input τ was reduced to 0 and
human can manually move the robot

(d) Human moved the hand away and the
robot followed it

Figure 5.5: Illustration of the experiment on following human
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Figure 5.6: Experimental results on the implementation of following human
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5.3.2.2 Experimental results on collision avoidance with human

By using the task parameters obtained in section 5.3.1.3, the proposed adaptive

controller was able to perform the collision avoidance task. The control gains were

still the same. In this experiment, human’s hand was still specified as the center

of the desired region and the robot should move away from human’s hand to keep

a safe distance when the hand was approaching it. The illustration is given in

Fig.5.7. The results presented in Fig.5.8(a) shows that when human approached the

robot, the robot always moved away to maintain a safe distance with human during

the interaction and the distance between human and robot during the interaction

is given in Fig.5.8(b). Video showing the experimental results can be found at

https://youtu.be/Z65CXf1bjvU.
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(a) Human moved the hand towards the robot
and the robot moved away to keep a safe dis-
tance

(b) Human moved the hand away, the robot
moved back to the position

(c) Human’s hand approached again and the
robot moved away

(d) Human’s hand moved out and the robot
moved back again

Figure 5.7: Illustration of the experiment on collision avoidance with human
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Figure 5.8: Experimental results on the implementation of collision avoidance with
human

5.3.2.3 Experimental results on following human with a safe distance

kept

According the task parameters obtained in section 5.3.1.4, the robot was able to

follow human’s hand but keep a safe distance. The control gains were the same and

the center of the desired region was still the human’s hand. The results of following

human’s motion with a safe distance kept are illustrated in Fig.5.9. Fig.5.10(a)

shows that when human moved the hand away from the end-effector, the robot

followed, but when human’s hand was too close to it, the robot moved away so as to

keep a safe distance. The distance between human and robot during the interaction

is shown in Fig.5.10(b). Video showing the experimental results can be found at

https://youtu.be/Z65CXf1bjvU.
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(a) Human moved the hand towards the robot
and the robot moved away to keep a safe dis-
tance

(b) Human moved the hand away and the
robot followed the hand’s movements

(c) Human’s hand approached again and the
robot moved away again to keep a safe distance

(d) Human moved the hand and the robot fol-
lowed again

Figure 5.9: Illustration of the experiment on following human’s hand motion with
a safe distance kept
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Figure 5.10: Experimental results on the implementation of following human with
a safe distance kept

Figure 5.11: Human’s gesture detection system

5.3.3 Combination of several sequential tasks

In the previous subsections, the experimental results show that the proposed con-

trol strategy is effective for learning different task requirements through human’s

demonstrations and also executing the tasks. In this subsection, we present a ex-

perimental result based on a combination of the demonstrated tasks in a sequential

way. A human’s gesture detection system is developed based on a Kinect 2 sensor

as shown in Fig.5.11 and when different human’s gesture is detected, the robot will

adjust its interaction behaviours according to the detected gesture. Each interac-
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tion behaviour is demonstrated by human in advance and then learned by the robot

based on the proposed task requirement learning algorithm.

The experimental results are presented in Fig.5.8 and it shows that when different

human’s gestured was detected, the robot would adjust its interaction behaviour ac-

cordingly and perform as demonstrated by human. Video showing the experimental

results can be found at https://youtu.be/Z65CXf1bjvU.
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(a) Following task was detected

(b) The robot moved towards human’s hand

(c) Human moved hand forward and the robot moved forward
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(d) Human moved hand to left and the robot moved to left

(e) Human moved hand to right and the robot moved to right

(f) Collision avoidance task was detected
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(g) Human’s hand approached

(h) Human’s hand kept approaching and the robot moved away

(i) Human’s hand kept approaching and the robot moved away
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(j) Following with a safe distance kept task was detected

(k) The robot moved towards human’s hand

(l) Human’s hand approached and the robot moved away
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(m) Human’s hand moved backward and the robot moved back-
ward

(n) Human’s hand moved forward and the robot moved forward

(o) Human’s hand moved backward and the robot moved backward

Figure 5.8: Event trigger human-robot interaction
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5.4 Summary

In this chapter, we have proposed a control strategy with a task learning algorithm

that can be used to learn a set of different task requirements through demonstra-

tions. The motion behaviours demonstrated by human have been formulated in

a way that can be acquired and learned by the robot systems through adjusting

the task parameters of the dynamic potential function. It has been shown that

the proposed control strategy can be used to perform similar tasks demonstrated

by human and change it behaviours during human-robot interaction according to

different applications in a stable manner. The stability of the proposed control strat-

egy have been shown by using Lyapunov-like analysis and experimental results have

been presented to illustrate the performance of the proposed learning algorithm and

controller.
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Chapter 6

Conclusion and Recommendations

6.1 Conclusion

For human-robot interaction systems, the robots are required to perform the nomi-

nal robot tasks while interact with humans. According to various applications, there

are many different robot tasks and interaction tasks. In traditional human-robot

interaction control schemes, the task functions of the main robot tasks and interac-

tion tasks were specified in advance and fixed for the specific scenarios, which results

in a fixed control structure and therefore is difficult for normal users to adjust or

re-specify the tasks according to different requirements. Besides, due to different na-

tures of the robot tasks and interaction tasks, different controllers may be required

when the task is switched from one to another. In this thesis, the control prob-

lem for the scenario of human-robot interaction involving multiple tasks has been

formulated and solved. A unified control framework has been developed, where var-

ious external sensors can be easily integrated and various task requirements can be

easily specified by users. With the proposed control scheme, various robot tasks,

interaction tasks and interaction modes can be easily achieved by robots.

A general task function has been firstly proposed in this thesis, which can be used
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to describe various task requirements through simply adjusting the task parameters,

which provides a way for normal users to specify the task requirements easily and

flexibility. With the development of the dynamic potential energy function, a unified

control framework has been proposed, which can be used to achieve various robot

tasks and interaction tasks, and is capable of switching between robot tasks and in-

teraction tasks smoothly and stably according to different human-robot interaction

modes and applications. Two specific interaction modes including human-dominant

mode and robot-dominant mode, have been presented to illustrate the performance

of the control framework. It has been shown that the control framework can be

easily integrated into most of existing robotic systems and the stability of proposed

adaptive control strategy can be guaranteed by using Lyapunov-like method in pres-

ence of uncertain dynamics. Experimental results have been presented to illustrate

the performance of the proposed control framework.

To cope with uncertain kinematics, a new data-driven learning algorithm has been

proposed with a novel multi-layer neural network structure and used to estimate

the unknown kinematics or sensory Jacobian matrixes in the control scheme. With

the proposed learning algorithm, various external sensory systems can be easily

integrated into the developed control framework to provide the sensory information

for human-robot interaction task execution without requiring any information of

the model. This enables the implementation of the proposed control framework

to be easy and user-friendly, and the normal users are able to specify or adjust

the human-robot interaction tasks according to various sensory information without

modifying the inner controllers. The convergence analysis of the proposed learning

algorithm is presented and the performance is validated by the experiments on

estimating the unknown robot kinematics. Finally, experimental results on human-

robot interaction have been presented to illustrate the performance of the proposed

learning method when applied in the proposed control framework.

To enable users to specify the interaction tasks through demonstrations, a task re-

quirements learning algorithm has also been proposed. In this algorithm, the motion
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behaviours demonstrated by human have been formulated in a way that can be ac-

quired and learned by the robot systems through adjusting the task parameters of

the dynamic potential function. For applications involving multiple task require-

ments, the overall task requirement can be demonstrated and taught to robots one

by one. It has been shown that the developed control algorithm can be used to con-

trol the robot to perform the similar tasks demonstrated by human and to achieve

the sequence tasks according to human’s intention. The stability of the overall sys-

tem is guaranteed by using Lyapunov-like method and experimental results have

been presented to illustrate the performance of the proposed control method.

6.2 Recommendations for further research

Some future research works and possible extensions are given as follows.

This thesis presents a general task function which can be used to specify various

task requirements in a general way. Experimental results have been presented to

show that various human robot interaction applications such as following, maintain-

ing safe distance, collision avoidance, co-manipulation, rehabilitation training can

be achieved. Future work would be devoted to exploring the implementations of

the proposed method to other wearable robot systems such as exoskeleton. Nor-

mally, exoskeletons are designed to amplify the human’s power so as to achieve the

tasks that beyond the physical limits of human’s body, which requires the exoskele-

tons to move synchronously with human’s motion. A slow assisted mechanism may

result in the wearable systems being lagging behind human’s movements, while a

sensitive assisted mechanism may lead to the uncontrollable high-speed oscillatory

motion. Therefore, a fast and accurate assistive positioning control strategy should

be developed to improve the performance of the exoskeletons.

The proposed control scheme is able to achieve various human-robot interaction

tasks by using a unified controller, but currently the results are limited to the in-
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teraction of single human with single robot. The cooperations of multiple robots

and humans give the flexibility and capability in task execution and can dramati-

cally increase the efficiency, while it also pose new challenges in interaction control.

Besides, additional control strategies are required to operate multiple robots in a co-

ordinated way so as to complete the tasks. Future work would be devoted to solving

the control problems involving interaction between multiple robots and humans.

In this thesis, robots are required to move away from human to ensure safety once

it may pose danger to human. However, in the extreme situations where collisions

can not be avoided, the robots may hurt human. To minimize the impact to human,

robots should act compliantly. In addition, the collisions may happen at any part

of the robot, which also increases the difficulties in collision detections and robot

control. Recently, some low cost sensors which can be adhered to the whole robot’s

body to detect the external contacts, have been developed. They are able to transmit

the specific contact point information back to robot control systems, which makes it

possible to control the robots to be compliant by rotating the corresponding joints

according to the specific location of collisions such that the impact between human

and robots is minimized. Therefore, future research efforts would be devoted to

developing a new control scheme to control the robot’s joints separately according

to the locations of the contact points, so as to enable the robots to act compliantly

when colliding with human.
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Appendix

Increasing function and decreasing function

The function fdec(t) is defined as:

fdec(t) =


1, ∆t = 0;

− 6
C5∆t5 + 15

C4∆t4 − 10
C3∆t3 + 1, 0 < ∆t < C;

0, ∆t = C;

(6.1)

where C denotes the transition time and ∆t = t− tdec with tdec as the time instant

when fdec(t) starts to decrease.

The function fin(t) is defined as:

fin(t) =


0, ∆t = 0;

6
C5∆t5 − 15

C4∆t4 + 10
C3∆t3, 0 < ∆t < C;

1, ∆t = C;

(6.2)

where ∆t = t− tin with tin as the time instant when fin(t) starts to increase.
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