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Human-Robot Interaction with Pose Estimation and Dual-Arm
Manipulation Using Artificial Intelligence
Hailin Ren
(ABSTRACT)
This dissertation focuses on applying artificial intelligence techniques to human-robot interaction, which involves human pose estimation and dual-arm robotic manipulation. The motivating application behind this work is autonomous victim extraction in disaster scenarios using a conceptual design of a Semi-Autonomous Victim Extraction Robot (SAVER). SAVER
is equipped with an advanced sensing system and two powerful robotic manipulators as well
as a head and neck stabilization system to achieve autonomous safe and effective victim
extraction, thereby reducing the potential risk to field medical providers. This dissertation
formulates the autonomous victim extraction process using a dual-arm robotic manipulation system for human-robot interaction. According to the general process of Human-Robot
Interaction (HRI), which includes perception, control, and decision-making, this research
applies machine learning techniques to human pose estimation, robotic manipulator modeling, and dual-arm robotic manipulation, respectively. In the human pose estimation, an
efficient parallel ensemble-based neural network is developed to provide real-time human
pose estimation on 2D RGB images. A 13-limb, 14-joint skeleton model is used in this
perception neural network and each ensemble of the neural network is designed for a specific limb detection. The parallel structure poses two main benefits: (1) parallel ensembles
architecture and multiple Graphics Processing Units (GPU) make distributed computation
possible, and (2) each individual ensemble can be deployed independently, making the processing more efficient when the detection of only some specific limbs is needed for the tasks.
Precise robotic manipulator modeling benefits from the simplicity of the controller design
and improves the performance of trajectory following. Traditional system modeling relies

on first principles, simplifying assumptions and prior knowledge. Any imperfection in the
above could lead to an analytical model that is different from the real system. Machine
learning techniques have been applied in this field to pursue faster computation and more
accurate estimation. However, a large dataset is always needed for these techniques, while
obtaining the data from the real system could be costly in terms of both time and maintenance. In this research, a series of different Generative Adversarial Networks (GANs)
are proposed to efficiently identify inverse kinematics and inverse dynamics of the robotic
manipulators. One four-Degree-of-Freedom (DOF) robotic manipulator and one six-DOF
robotic manipulator are used with different sizes of the dataset to evaluate the performance
of the proposed GANs. The general methods can also be adapted to other systems, whose
dataset is limited using general machine learning techniques. In dual-arm robotic manipulation, basic behaviors such as reaching, pushing objects, and picking objects up are learned
using Reinforcement Learning. A Teacher-Student advising framework is proposed to learn
a single neural network to control dual-arm robotic manipulators with previous knowledge
of controlling a single robotic manipulator. Simulation and experimental results present the
efficiency of the proposed framework compared to the learning process from scratch. Another concern in robotic manipulation is safety constraints. A variable-reward hierarchical
reinforcement learning framework is proposed to solve sparse reward and tasks with constraints. A task of picking up and placing two objects to target positions while keeping them
in a fixed distance within a threshold is used to evaluate the performance of the proposed
method. Comparisons to other state-of-the-art methods are also presented. Finally, all the
three proposed components are integrated as a single system. Experimental evaluation with
a full-size manikin was performed to validate the concept of applying artificial intelligence
techniques to autonomous victim extraction using a dual-arm robotic manipulation system.

Human-Robot Interaction with Pose Estimation and Dual-Arm
Manipulation Using Artificial Intelligence
Hailin Ren
(GENERAL AUDIENCE ABSTRACT)
Using mobile robots for autonomous victim extraction in disaster scenarios reduces the potential risk to field medical providers. This dissertation focuses on applying artificial intelligence
techniques to this human-robot interaction task involving pose estimation and dual-arm manipulation for victim extraction. This work is based on a design of a Semi-Autonomous Victim Extraction Robot (SAVER). SAVER is equipped with an advanced sensing system and
two powerful robotic manipulators as well as a head and neck stabilization system attached
on an embedded declining stretcher to achieve autonomous safe and effective victim extraction. Therefore, the overall research in this dissertation addresses: human pose estimation,
robotic manipulator modeling, and dual-arm robotic manipulation for human pose adjustment. To accurately estimate the human pose for real-time applications, the dissertation
proposes a neural network that could take advantages of multiple Graphics Processing Units
(GPU). Considering the cost in data collection, the dissertation proposed novel machine
learning techniques to obtain the inverse dynamic model and the inverse kinematic model of
the robotic manipulators using limited collected data. Applying safety constraints is another
requirement when robots interacts with humans. This dissertation proposes reinforcement
learning techniques to efficiently train a dual-arm manipulation system not only to perform
the basic behaviors, such as reaching, pushing objects and picking up and placing objects,
but also to take safety constraints into consideration in performing tasks. Finally, the three
components mentioned above are integrated together as a complete system. Experimental
validation and results are discussed at the end of this dissertation.

DEDICATION

This dissertation is dedicated to
My Parents: Heli Ren and Xuefeng Geng
and
My Girlfriend: Xiaoyun Liu

v

ACKNOWLEDGEMENTS
I would like to express my deepest gratitude to my advisor Dr. Pinhas Ben-Tzvi for his
support and guidance. I would like to thank the members of my doctoral committee Dr.
Pinhas Ben-Tzvi, Dr. Andrew Kurdila, Dr. Corina Sandu and Dr. Daniel Stilwell for their
constructive comments. I would like to thank all of the faculty and staff of Virginia Tech
who helped me in my work, directly and indirectly over the last four years.
I would like to pay my special regards to Dr. Anil Kumar, Dr. Bijo Sebastian, Adam
Williams, Brielle Lee for their friendship and support in my first two years of my Ph.D
studies. I would like to thank Xinran Wang, Jingyuan Qi, Xiaoxue Han, Jiteng Yang and
Xiaoyun Lei for their friendship and help in completing my dissertation. I would like to
thank Peter Racioppo, Eric Refour, Shumin Feng, Yujiong Liu, Taylor Njaka, Wenda Xu,
Yunfei Guo and all the other current and former colleagues for their support and help during
my stay at the Robotics and Mechatronics Lab.
I am very grateful to my parents and my girlfriend for their tremendous amount of love and
support over the years.
I also gratefully acknowledge the support of NVIDIA Corporation with the donation of
the Titan Xp GPU. This work was supported in part by the US Army Medical Research
& Material Command’s Telemedicine & Advanced Technology Research Center (TATRC),
under Contract No. W81XWH-16-C-0062. The views, opinions, and/or findings contained
in this report are those of the authors and should not be construed as an official Department
of the Army position, policy, or decision unless so designated by other documentation.

vi

TABLE OF CONTENTS

ABSTRACT

ii

GENERAL AUDIENCE ABSTRACT

iv

DEDICATION

v

ACKNOWLEDGEMENTS

vi

TABLE OF CONTENTS

vii

LIST OF FIGURES

xii

LIST OF TABLES

xvi

LIST OF ABBREVIATION

xvi

NOMENCLATURE

xxv

CHAPTER 1:

INTRODUCTION

1

1.1

Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

1

1.2

Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . .

3

1.3

Dissertation Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

4

1.4

Related Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5

vii

CHAPTER 2:

LITERATURE REVIEW

2.1

Background of Search and Rescue Robots with a Focus on Extraction Systems

2.2

Human-Robot Interaction Techniques . . . . . . . . . . . . . . . . . . . . . .

CHAPTER 3:
3.1

3.2

7
7
13

PROBLEM STATEMENT AND PROPOSED SOLUTION 17

Novel Robotic Solution for Victim Extraction . . . . . . . . . . . . . . . . .

17

3.1.1

Need for a Safe Victim Extraction Robot . . . . . . . . . . . . . . . .

17

3.1.2

Semi-Autonomous Victim Extraction Robot (SAVER) . . . . . . . .

18

Autonomous Victim Extraction . . . . . . . . . . . . . . . . . . . . . . . . .

19

3.2.1

Procedures for Autonomous Victim Extraction using SAVER . . . .

22

3.2.2

Summary of Contributions towards Autonomous Victim Extraction .

22

CHAPTER 4:

HUMAN POSE ESTIMATION USING PARALLEL DEEP
LEARNING ENSEMBLES

25

4.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

25

4.2

Review of Human Pose Estimation Techniques . . . . . . . . . . . . . . . . .

26

4.3

Proposed Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

28

4.3.1

Overall Neural Network Design . . . . . . . . . . . . . . . . . . . . .

29

4.3.2

Human Model and Body Part Presentation . . . . . . . . . . . . . .

32

4.3.3

Postprocessing of the Neural Network Prediction . . . . . . . . . . .

34

4.3.4

Training and Results . . . . . . . . . . . . . . . . . . . . . . . . . . .

38

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

39

4.4

CHAPTER 5:

ADVISING DUAL-ARM MANIPULATION AGENT USING KNOWLEDGE OF CONTROLLING A SINGLE ARM
40

MANIPULATOR
5.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
viii

40

5.2

Review of Reinforcement Learning for Robot Control . . . . . . . . . . . . .

42

5.3

Related Work on Reinforcement Learning for Robot Control . . . . . . . . .

46

5.3.1

Reinforcement Learning . . . . . . . . . . . . . . . . . . . . . . . . .

46

5.3.2

Deep Deterministic Policy Gradients . . . . . . . . . . . . . . . . . .

48

5.3.3

Hindsight Experience Replay . . . . . . . . . . . . . . . . . . . . . .

49

5.3.4

Teacher-Student Framework with a Budget . . . . . . . . . . . . . .

49

Proposed Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

50

5.4.1

Teacher-Student Framework towards Scaling Agents

. . . . . . . . .

51

5.4.2

Training and Results . . . . . . . . . . . . . . . . . . . . . . . . . . .

56

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

68

5.4

5.5

CHAPTER 6:

DUAL-ARM HUMAN POSE MANIPULATION WITH
CONSTRAINTS

70

6.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

70

6.2

Review of Reinforcement Learning with Constraints . . . . . . . . . . . . . .

72

6.3

Related Work of Reinforcement Learning with Constraints . . . . . . . . . .

74

6.3.1

Constrained Markov Decision Process

. . . . . . . . . . . . . . . . .

74

6.3.2

Advising Framework . . . . . . . . . . . . . . . . . . . . . . . . . . .

75

6.3.3

Variable-reward Transfer Learning . . . . . . . . . . . . . . . . . . .

75

Proposed Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

76

6.4.1

Advising Framework with Variable-reward Transfer Learning . . . . .

77

6.4.2

Simulated Dual-Arm Manipulation Environments with Constraints .

78

6.4.3

Baselines Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . .

81

6.4.4

Training and Results . . . . . . . . . . . . . . . . . . . . . . . . . . .

81

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

83

6.4

6.5

ix

CHAPTER 7:

SYSTEM MODELING AND IDENTIFICATION OF ROBOTIC
MANIPULATORS USING GENERATIVE ADVERSARIAL NETWORKS

86

7.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

86

7.2

Review of System Modeling and Identification . . . . . . . . . . . . . . . . .

90

7.2.1

Inverse Kinematics and Inverse Dynamics . . . . . . . . . . . . . . .

90

7.2.2

Generative Adversarial Networks (GANs) and Variants . . . . . . . .

93

Proposed Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

96

7.3

7.3.1

7.4

Conditional Generative Adversarial Networks and Least Squares Generative Adversarial Networks . . . . . . . . . . . . . . . . . . . . . .

96

7.3.2

Bidirectional Generative Adversarial Networks . . . . . . . . . . . . .

98

7.3.3

Dual-Generative Adversarial Networks . . . . . . . . . . . . . . . . .

99

7.3.4

Data Standardization and Hyperparameter Tuning . . . . . . . . . . 100

7.3.5

Data Collection for Robotic Manipulators . . . . . . . . . . . . . . . 101

7.3.6

Training and Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

CHAPTER 8:

EXPERIMENTAL VALIDATION OF THE INTEGRATED
HUMAN POSE ESTIMATION AND MANIPULATION
SYSTEM

115

8.1

Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

8.2

Integrated Control System Setup . . . . . . . . . . . . . . . . . . . . . . . . 117

8.3

Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

CHAPTER 9:

CONCLUSION AND FUTURE WORK

121

9.1

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

9.2

Directions for Future Work

. . . . . . . . . . . . . . . . . . . . . . . . . . . 122
x

9.2.1

Improvement in Human Pose Estimation . . . . . . . . . . . . . . . . 122

9.2.2

Improvement in System Identification and Control Adaptation . . . . 123

9.2.3

Improvement in Reinforcement Learning Towards Safety Constraints
for Human-Robot Interaction . . . . . . . . . . . . . . . . . . . . . . 124

Bibliography

125

Appendices

155

xi

LIST OF FIGURES

2.1

Search and Rescue Robots with Casualty Extraction Function . . . . . . . .

10

2.2

Operator Control Units for Search and Rescue Robots . . . . . . . . . . . .

12

2.3

Human-Robot Interaction for Search and Rescue Robots . . . . . . . . . . .

13

3.1

Conceptual Design of SAVER . . . . . . . . . . . . . . . . . . . . . . . . . .

19

3.2

Mechatronics Design of SAVER . . . . . . . . . . . . . . . . . . . . . . . . .

20

3.3

Proposed Victim Extraction Procedure using SAVER . . . . . . . . . . . . .

21

3.4

System Architecture of the Proposed Autonomous Victim Extraction using
SAVER . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

23

4.1

Proposed 13-link human skeleton model. . . . . . . . . . . . . . . . . . . . .

29

4.2

Architecture of the 2-stage 13-parallel CNN ensemble network. . . . . . . . .

30

4.3

Joint confidence and PAF for right knee-right ankle body linkage. . . . . . .

33

4.4

Model training performance. . . . . . . . . . . . . . . . . . . . . . . . . . . .

34

4.5

Body part parsing: (A) Estimated proximal joint location, (B) Estimated

4.6

distal joint location C). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

36

Pose Estimation results on COCO 2017 human keypoint validation dataset. .

38

xii

5.1

Scenarios of Human-Robot Interaction using dual-arm manipulation for human extraction purposes: (a) dual-arm for human pose manipulation, (b)
dual-arm for human body rolling, (c) dual-arm for human limbs manipulation during extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

44

5.2

Diagram of Actor-Critic method in Reinforcement Learning . . . . . . . . .

47

5.3

Training environment in simulation: (a) pushing an object to a target position
using a single arm, (b) picking and placing an object at a desired location using
a single arm, (c) pushing objects to target places using the dual-arm system,
and (d) picking and placing objects at desired locations using the dual-arm
system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5.4

The training process from scratch: (a) training process for pushing object and
(b) training process for pick and place object . . . . . . . . . . . . . . . . . .

5.5

57

60

Simulation results showing the performance of different advising strategies
and thresholds in the push task: (a) comparison of the performance of different strategies, (b) comparison of the performance of MC-Q with different thresholds, (c) comparison of the performance of MC-ACT with different
thresholds, (d) comparison of the performance of MC-ACTABS with different
thresholds . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5.6

61

Simulation results showing the performance of different advising strategies
and thresholds in the pick and place task: (a) comparison of the performance
on different strategies, (b) comparison of the performance on MC-Q with
different thresholds, (c) comparison of the performance on MC-ACT with
different thresholds, (d) comparison of the performance on MC-ACTABS with
different thresholds. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
xiii

61

5.7

Simulation results showing the mean Q-value of different advising strategies
and thresholds in the push task: (a) comparison of the mean Q-value on different strategies, (b) comparison of the mean Q-value of MC-Q with different
thresholds, (c) comparison of the mean Q-value of MC-ACT with different
thresholds, (d) comparison of the mean Q-value of MC-ACTABS with different thresholds . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5.8

63

Simulation results showing the mean Q-value of different advising strategies
and thresholds in the pick and place task: (a) comparison of the mean Q-value
on different strategies, (b) comparison of the mean Q-value on MC-Q with
different thresholds, (c) comparison of the mean Q-value on MC-ACT with
different thresholds, (d) comparison of the mean Q-value on MC-ACTABS
with different thresholds . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5.9

63

Real world experiment using dual arm: (a-d) pushing objects to the target
positions using dual arms, and (e-f) picking and placing objects at the desired
locations using dual arms. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

6.1

Simulation results of the standardized constrained RL algorithms from OpenAI. (A) CPO, (B) TRPO-Lagrangian and (C) PPO-Lagrangian. . . . . . .

6.2

82

Simulation results of (A) the proposed variable-reward advising framework,
(B) the proposed advising framework, and (C) HER. . . . . . . . . . . . . .

6.3

66

83

One case study using well-trained constraint-conditioned policy (A,B) and
well-trained constraints-unaware policy (C,D). . . . . . . . . . . . . . . . . .

84

7.1

4-DOF MICO robotic manipulator with coordinate frame assigment. . . . .

90

7.2

8-DOF Fetch robotic manipulator with coordinate frame assigment. . . . . .

91

7.3

Network structure of Generative Adversarial Networks (GANs). . . . . . . .

93

7.4

Conditional Generative Adversarial Networks (CGANs) for the IK and the ID. 96
xiv

7.5

Bidirectional Generative Adversarial Networks (BiGAN) for the IK and the ID. 97

7.6

Dual Generative Adversarial Networks (DualGAN) for the IK and the ID. .

7.7

The control and monitoring system was built in Simulink with QUARC.™ . 101

7.8

One sample of the trajectories of MICO Robotic Manipulator in a real exper-

99

iment. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
7.9

The control and monitoring system was built in ROS. . . . . . . . . . . . . . 103

7.10 One sample of the trajectories of Fetch Robotic Manipulator in real experiment.104
8.1

Proposed Experiment Test Bench . . . . . . . . . . . . . . . . . . . . . . . . 116

8.2

Proposed Integrated Control System Architecture . . . . . . . . . . . . . . . 117

8.3

Experimental Validation on the Test Bench . . . . . . . . . . . . . . . . . . 119

xv

LIST OF TABLES
5.1

Environment and Neural Network Summary . . . . . . . . . . . . . . . . . .

59

5.2

Performance Summary of Different Advising Strategies . . . . . . . . . . . .

65

5.3

Details of Robot Specification . . . . . . . . . . . . . . . . . . . . . . . . . .

66

5.4

Performance Summary of Real-world Experiments . . . . . . . . . . . . . . .

67

7.1

DH parameters and joint ranges of the MICO robotic manipulator. . . . . .

91

7.2

DH parameters and joint ranges of the Fetch robotic manipulator. . . . . . .

92

7.3

Hyperparameter tuning for neural networks. . . . . . . . . . . . . . . . . . . 100

7.4

Comparisons on the MICO Robotic Manipulator over the whole testing trajectory with different dataset sizes and standard deviations. . . . . . . . . . 106

7.5

Comparisons of Proposed Methods on the Fetch Robotic Manipulator over the
whole testing trajectory with different dataset sizes and standard deviations. 108

8.1

Coordinates of the Devices on the Test Bench . . . . . . . . . . . . . . . . . 116

8.2

Computing Hardware Details of the Integrated Control System . . . . . . . . 118

8.3

Performance Summary of the Integrated System Experimental Validation . . 119

1

Mass properties of MICO robotic manipulator parts. . . . . . . . . . . . . . 156

2

Mass properties of Fetch robotic manipulator parts. . . . . . . . . . . . . . . 156

xvi

LIST OF ABBREVIATION

ADL

Activities of Daily Living

AMBOT

the American Robot Company

ANN

Artificial Neural Network

AR

Augmented Reality

AUV

Autonomous Underwater Vehicles

BEAR

Battlefield Extraction-Assist Robot

BiGANs

Bidirectional Generative Adversarial Networks

CAD

Computer Aided Drawing

CCS

Common Control System

CGANs

Conditional Generative Adversarial Networks

CMDP

Constrained Markov Decision Process

CMR

Constraints-met Rate

CoM

Center of Mass

DDPG

Deep Deterministic Policy Gradient

DH

Denavit-Hartenberg

DOF

Degree-of-Freedom
xvii

DPG

Deterministic Policy Gradient

DQN

Deep Q Network

DualGAN

Dual Generative Adversarial Networks

FKIE

the Fraunhofer Institute for Communication Information Processing and Ergonomics

GANs

Generative Adversarial Networks

GPS

Global Positioning Systems

GPU

Graphics Processing Unit

GSR

Goal Success Rate

HDMS

Highly Dexterous Manipulation System

HMD

Head Mounted Display

HRI

Human-Robot Interaction

ID

Inverse Dynamics

IK

Inverse Kinematics

IMU

Inertial Measurement Unit

LSGANs

Least Square GANs

MDP

Markov Decision Process

MLP

Multilayer Perceptron Network

OCU

Operator Control Units
xviii

PAF

Part Affinity Fields

RBF

Radial Basis function network

ReLU

Rectified Linear Unit

RL

Reinforcement Learning

RMSE

Root Mean Squared Error

SAR

Search and Rescue

SAVER

Semi-Autonomous Victim Extraction Robot

SMSS

Squad Mission Support System

SR

Success Rate

TAGS CX

Tactical Amphibious Ground Support system Common Experiment

TATRC

the U.S. Army Telemedicine and Advanced Technology Research Center

UAV

Unmanned Aerial Vehicle

VR

Virtual Reality

VRRL

Variable-reward Hierarchical Reinforcement Learning

VTRL

Variable-reward Transfer Learning
xix

NOMENCLATURE
α

absolute threshold for action filter

q̈

The vectors of joint acceleration

δp

The width of a region along the vector from high joint to the low joint

q̇

The vectors of joint velocity

ϵ

precision threshold

ϵc

mean of threshold

γ

discounted factor for the reward

µc

mean of distance

π

policy that indicates how an agent acts in a certain state

π∗

optimal policy

ρ

action taken by agent

ρπ

ratio of the expected total reward to the expected total time for N steps from
state s as N goes to infinity

τ

The vectorized force

θπ

parameter of actor network

θQ

parameter of critic network

A

a set of action via which the agent interacts with the environment

a

The labels for fake data
xx

at

an action

Ap,q
l,h

individual skeletons

b

The labels for real data

C

The generalized bias force including Coriolis, centrifugal forces, and friction
terms

c

The value that G wants D to believe to be for fake data

p
Cm,n

The value to whether the high joint and low joint pairs are connected or not

D

The original GANs network architecture discriminator

d

The standard deviation

di

data of agent i

di

upper bound on expected cost

E

Environment in discrete time-steps

F

The external force applied to the end effector

f

The total loss

fis

state feature mapping function from target to source environment

fisg

goal conditioned state mapping function

fg

achieved goal at a state

fg

function mapping to an achieved goal g from state s

G

The gravitational force
xxi

G

The original GANs network architecture generator

g

goal

ga

achieved goal

hai (a)

inverse mapping function for agent

hπ (s)

bias

I

Data

I(s)

state importance value

J

The Jacobin matrix

Jn

human joints detected by the proposed neural network

Jnh

High joint

Jnl

Low joint

Jci

expected cost

L

Additional optimization loop

L(θπ )

loss function of actor network

L(θQ )

loss function critic network

Lp

The PAF sets

L2

The corresponding loss function of the loop

Ln

Links between two associated joints

lp

The length of a region along the vector from high joint to the low joint
xxii

M

The generalized inertial matrix

N

The number of parts detected by the proposed neural network

n

The number of intermediate frames

np

The number of body parts detected in the input image

O

Data

O

observation of the environment

Pn

The parts detected by the proposed neural network

Pn1

The first predicting stage

Pn2

The second predicting stage

q

The vectors of joint position

Qπ (st , at )

state-aciton value function describes the expected return value

qk

joint states

R

reward that the agent receives

Rt

accumulated discounted reward

rt′

reward received at time t′

S

a set of state that describes the environment E

s

a state

st

initial state

sjh,i p

The ground truth of the high joint of the pth body part for the ith person
xxiii

sjl,i p

The ground truth of the low joint of the pth body part for the ith person

T

time step at which the learning episode terminates

t

fixed value threshold

ta

threshold for the Action Filter

tI

threshold for the Q-value Filter

V (D, G)

The minimax objective for the GANs

VCp

The total voting score for connecting joint pairs

p
Vm,n

The associated voting score

VW GAN (Dw , G) A value function used to optimize the training process
x

produces of GANs

x(u)

Interpolated position between the high joint and low joint

xjh,i p

The ground truth position of the high joint of the pth body part for the ith
person

xpjh,m

The high joint pair candidate positions

p
Xjh

The high joints peak sets X

xjl,i p

The ground truth position of the low joint of the pth body part for the ith
person

xpjl,m

The low joint pair candidate positions

Xjlp

The low joints peak sets X
xxiv

z

The latent vectors

∗

JHp

The loss functions defined for the high joints of the pth body respectively

∗

JHp

The loss functions defined for the links of the pth body respectively

∗

JLp

The loss functions defined for the low joints of the pth body respectively

∗

Lpi

The PAF ground truth of body part p of the individual, i

0

PE

The position vector of the end-effector in the base frame, respectively

0

RE

The rotation matrices from the base frame to the end-effector frame

i

f

The total loss of ith person

i

fJ

The loss functions for the joint’s confidence map

i p
fJ

The loss functions for the joint’s confidence map for pth person

i

The loss functions for the link PAF

fL

i p
fJH

The loss functions for the high joint’s confidence map for pth person

i p
fJL

The loss functions for the low joint’s confidence map for pth person

i

Tj

The transformation matrix from frame i, Fi , to frame j, Fj

i

W

The binary mask indicator

xxv

Chapter 1
INTRODUCTION

1.1

Background

The focus of this dissertation is to explore and develop artificial intelligence techniques to
perform safe human-robot interaction, with specific applications to the autonomous victim
extraction in disaster scenarios using a conceptual design of a Semi-Autonomous Victim
Extraction Robot (SAVER). The use of robots in search and rescue has been an important
and exciting topic in the last few decades. The indefatigable robots improve the capability
of field medics and protect them from being exposed to potential risks from the dangerous
surroundings. But a majority of the developed robotic platforms is either remotely controlled
via teleportation or semi-autonomously controlled by a companion field medic. This poses
high requirements for the communication setup and risks to the companion field medics. To
address the above issues, this dissertation proposes a novel autonomous victim extraction
system to safely extract the victim with the least amount of intervention from remote or companion field medics. The overall research is divided into three main tasks, including human
pose estimation, robotic manipulator modeling, and robotic human pose manipulation.
Human pose estimation serves as the fundamental process in this human-robot interaction
application. Real-time and accurate human pose estimation provides the system with robust vision feedback to guide and control the robotic arm manipulators. Machine learning,
especially deep learning, has gain great success in human pose estimation. However, the com1
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putation involved in deep neural networks always delays the vision feedback to the robot
system and results in unsafe and unstable behaviors. To this extent, this dissertation proposes a novel neural network architecture that takes advantage of distributed computing
using multiple GPUs to achieve fast and accurate human pose estimation.
Accurate model of the robotic manipulators benefit the controller design in both simplicity
and performance. Traditional methods rely heavily on the first principle, prior knowledge and
simplifying assumptions, and the resulting analytical model may differ from the real system a
lot if any imperfections exist in the fundamental assumptions. Machine Learning techniques
have been developed and applied to solve the system modeling and identification problems;
however, these data-driven learning methods stem from the big dataset. This dissertation
proposes a series of Generative Adversarial Networks (GANs) to address problems with
limited data.
Reinforcement learning techniques present great potential in solving highly nonlinear problems in unseen situations. In some applications, reinforcement learning results in comparable or even better performance than general human performance. Applying reinforcement
learning techniques to control a dual-arm manipulation system is also presented in this dissertation. A novel advising framework is proposed in order to reuse previous knowledge
of controlling a single robotic manipulator to learn the strategy of controlling two robotic
manipulators. Also, safety constraints are additional considerations that need to be taken
into account in human-robot interaction. Therefore, this dissertation further extends the advising framework towards reinforcement learning with constraints. The advising framework
is proved to be an efficient approach in both learning rate and final success rate.

1.2. Summary of Contributions

1.2

3

Summary of Contributions

This dissertation explores artificial intelligence techniques with application to autonomous
victim extraction using a dual-arm manipulation system with vision feedback in the fields
of perception, decision-making and control. The major contributions of this dissertation can
be broadly summarized as follows:

1. Perception: A review of existing machine learning techniques for human pose estimation is presented along with their major limitations. To address the shortcomings of the
state-of-the-art methods in the real-time application of autonomous victim extraction,
a parallel deep learning ensemble-based neural network is presented.
2. Decision-making: A review of the latest reinforcement learning techniques towards
scaling agents and safety constraints is presented. The teacher-student framework is
extended towards learning the strategy of controlling multiple agents using the previous knowledge of controlling a single agent. Furthermore, safety constraints are also
considered in the proposed framework.
3. Control: A review of both traditional modeling methods and machine learning methods
is presented along with their limitations. To obtain more fidelitous models of the
robotic manipulators and overcome the requirement of large dataset using general
machine learning methods, a series of GANs are developed and their performance are
evaluated using different dataset sizes.
4. Experimental validation: The proposed components are integrated as a whole system to perform autonomous victim extraction. A test bench including two robotic
manipulators, one Kinect V2 and a full-size manikin was set up. Experimental results are present to validate the concept of applying artificial intelligence techniques
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to autonomous victim extraction.

1.3

Dissertation Structure

The outline of this dissertation is described as follows:
Chapter 1 introduces the topic and outlines the main contributions of the dissertation.
Chapter 2 presents a detailed review of existing state-of-the-art search and rescue robots
with victim extraction systems, and human-robot interaction techniques applied in Search
and Rescue (SAR) operations.
Chapter 3 presents the design description of an autonomous victim extraction robot referred
to as Semi-Autonomous Victim Extraction Robot (SAVER). The overall research topic is
divided into three sub-topics. The challenges and proposed solutions in each sub-topic are
also detailed in chapters 4 − 7, followed by the conclusions in each sub-topic.
Chapter 4 details the need of human pose estimation using vision feedback. Considering
the real-time application requirements of autonomous victim extraction, the capabilities
and limitations of existing state-of-the-art machine learning techniques are detailed. To
address the concluded limitations, proposed methods are detailed in terms of human model
presentation, neural network design and performance evaluation.
Chapter 5 presents existing reinforcement learning techniques in training robotic manipulators to learn basic behaviors and the need for techniques that could make use of previous
well-learned knowledge towards scaling controllable agents. The proposed framework and
its training environment are described in detail along with experimental validations.
Chapter 6 discusses the need for safety constraints in robotic manipulations. Existing
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reinforcement learning techniques with consideration of safety constraints are presented with
their capabilities and limitations in real-world applications. A framework is proposed to
adapt the variable-reward into the learning process to solve the tasks with safety constraints.
Chapter 7 discusses the existing methods to identify the system model, including both
analytical and numerical methods. More accurate and more efficient data-driven methods
are proposed and experimentally evaluated using two types of robotic manipulators.
Chapter 8 details the experimental setup and the integrated system setup for the autonomous victim extraction. Experimental results are also presented and analyzed. The
proposed framework and its training environment with safety constraints are described in
detail, followed by the training results with comparison to existing methods.
Chapter 9 concludes the dissertation by providing a summary of the presented work and
includes a discussion about potential directions for future research.

1.4

Related Publications

Disclosure: This dissertation uses content directly adapted from the following peer-reviewed
journal publications and conference proceedings:
Journals:

• Ren, H., Ben-Tzvi, P., ”Learning Inverse Kinematics and Dynamics of a Robotic Manipulator using Generative Adversarial Networks”, Robotics and Autonomous Systems,
vol. 124, p. 103386, Feb 2020.
• Ren, H., Ben-Tzvi, P., ”Advising Reinforcement Learning Agents Towards Scaling in
Continuous Control Environments with Sparse Rewards”, Engineering Applications of
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Artificial Intelligence, vol. 90, p.103515, Apr 2020.
• Ren, H., Kumar, A., Ben-Tzvi, P., ”LOSA-X: Expandable 3D Motion Tracking System”, IEEE Sensors Journal, Vol. 19, Issue 9, pp. 3288-3295, May 2019.

Conferences:
• Ren, H., Qi, J., Ben-Tzvi, P., ”Learning Flatness-based Controller using Neural Network”, Proceedings of the ASME 2019 Dynamic Systems and Control Conf. (DSCC
2019), Park City, Utah, Oct. 8 - Oct. 11, 2019.
• Ren, H., Feng, S., Wang, X., Ben-Tzvi, P., ”Mobile Robot Obstacle Avoidance Base
on Deep Reinforcement Learning”, Proceedings of the 2019 ASME IDETC/CIE, 43nd
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2017.

Chapter 2
LITERATURE REVIEW

2.1

Background of Search and Rescue Robots with a
Focus on Extraction Systems

The goal of Search and Rescue (SAR) operations is to locate and provide aid to people in the
aftermath of disasters or combat scenarios. Over the last 10 years, 2 billion people have been
affected by natural hazards and many casualties could be prevented by administering medical
treatment within a short period of time following the injuries [1]. In medical emergency
theory, the window of opportunity, or more specifically the golden hour, describes this critical
time period that necessary medical and surgical treatments should be provided in order to
save the lives of critically injured personnel. In 2009, the Secretary of Defense mandated the
‘golden hour’ medevac policy, which requires pre-hospital helicopter transport of critically
injured combat casualties in 60 minutes or less. According to the combat casualty care
statistics of U.S. troops from 2001 to 2014, this policy resulted in the reduction of the
mortality rates in both Afghanistan and Iraq by about 44% [2, 3]. Even though the validity
of the ’golden hour’ has been questioned by other medical literature, avoiding delays in
providing timely medical treatment is agreed upon by most medical professionals with a
recommendation that different critical periods need to be set for different injuries [4, 5, 6].
In SAR operations, rescuers need to locate the victims and provide necessary medical treat7
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ment on site or extract the victims to a nearby medical center for severe injuries. The time
spent in both the searching procedure and rescuing procedure accounts for the success of
the SAR missions. To improve the success rate, one or more multi-disciplinary teams with
advanced equipment and transportation vehicles are always deployed for a single mission
[7, 8]. However, this leads to the large cost associated with the SAR operations, and the
dangerous disaster site also poses great risks to both the rescuers and the injured [9, 10].
Compared to human rescue teams, SAR robots provide a better, faster and safer solution to
the SAR mission [11]. Equipped with sophisticated sensing systems, such as high-resolution
video cameras, thermal cameras, Lidars and sensors to measure chemical or biological contamination, robots provide a better situational awareness [12]. In addition, robots such as
Unmanned Aerial Vehicles (UAVs) and Autonomous Underwater Vehicles (AUVs) provide
different and better insights of the affected surroundings that are hard to be obtained by
humans [13, 14]. Robot swarm techniques also enable faster and more accurate mapping
of the affected area and thus reduce the time spent in locating the victims [15, 16, 17].
Another advantage is that robots, with sufficient power sources, could continue working at
high efficiency without feeling fatigued [18]. With specific sensing systems and mechanical
designs, the robot-assisted rescue operations would not be halted due to rough environment
conditions such as nighttime or heavy rain, in which human rescue operations could not be
performed due to the safety consideration of the human rescuers themselves. In this case, deploying robust robots could further reduce the overall rescue time. Furthermore, robots can
explore the area that poses life-threatening risks to humans or that humans cannot access
[19]. All the above benefits make SAR robots an ideal solution to SAR operations.
Since the first time robots were deployed to assist human rescuers in a real SAR mission
in 2001, a lot of research is being done towards SAR missions in the fields of mobility,
perception, communication networks, human-robot interaction, and intelligent assistance.

2.1. Background of Search and Rescue Robots with a Focus on Extraction Systems
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Despite being categorized as ”search and rescue” robots, the majority of research done over
the last few decades focused on the search aspect while giving less attention the rescue aspect
of the SAR mission [20]. Few robots have been designed for the extraction purpose and these
have been limited to a laboratory testing environment. This may be due to the fact that
extraction of a human victim is a more complex task that requires more complicated design
in both hardware and software.
In terms of hardware, SAR robots that are capable of extracting a victim out of a danger zone
are always larger in dimension, and equipped with more powerful actuators and dexterous
manipulators, compared to SAR robots that only focus on the search aspect. Different
victim handling methods with various manipulator designs have been proposed over the last
decade. However, some of the state-of-the-art techniques are still not mature enough to
handle victims with server injuries.
Based on the PackBot and NEOMOVER (Warrior prototype) platforms, iRobot Corporation
built a casualty recovery robot, Valkyrie, with the support of the U.S. Army Telemedicine
and Advanced Technology Research Center (TATRC) in 2003 [21, 22]. To perform the
extraction, the casualty needs to get into a Sled-like flexible stretcher that could be towed
by robots as shown in Fig. 2.1 A. In 2008, a novel dual vehicle design, Tactical Amphibious
Ground Support system – Common Experiment (TAGS CX), was developed by Applied
Perceptions Inc with contracts through TATRC [23]. The complete system consists of a
small, mobile manipulator (REX) for short range response and a larger faster vehicle (REV)
for long range transportation, as shown in Fig. 2.1 B(1 2). But still no active casualty
extraction mechanism was integrated into the system. The casualty still needs to climb onto
the stretcher by themselves. Robokiyu, owned by Tokyo Fire Department, can use its two
movable arms to drag a person’s body up and slide the person into the platform as shown in
Fig. 2.1 C. Even though it is designed to extract a casualty from any situation, however, fresh
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Figure 2.1: Search and Rescue Robots with Casualty Extraction Function

oxygen can be pumped through the robot to save the presumed casualty [24]. In 2010, the
U.S. Army tested a humanoid (or perhaps a bearmanoid) robot, the Battlefield ExtractionAssist Robot (BEAR), to locate, lift and carry wounded soldiers. With two hydraulic arms,
the BEAR can carry up to 500 pounds (227 kg) of payload, and its hands and fingers allow
it to carryout fine motor tasks. Two casualty extraction strategies were available: (1) to lift
and carry the casualty using the two arms, and (2) to tow a Sked stretcher as shown in Fig.
2.1 D(1 2). Its two independent sets of tracked “legs” can also help the robot look over the
wall and transverse high obstacles [25]. With a similar design as Robokiyu, Mini Robocue,
developed by Kikuchi Manufacturing, can slide the casualty into itself. With independent
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front and back tank treads, it gets improved mobility to swivel in place and climb steps
inside of a building as shown in Fig. 2.1 E. Marek, from a military academy in Warsaw, has
a big grabber and large excavator shovel, making it easy to lift the casualty by digging into
the ground underneath as shown in Fig. 2.1 F. Compared to the large physical dimensions
of Marek, GARM, built by RUAG in Switzerland in collaboration with engineers from the
Fraunhofer Institute for Communication, Information Processing and Ergonomics (FKIE), is
a more compact robot that can even climb stairs and get around tight corners [26]. GARM
uses a manipulator that could attach a hook to the gear of the wounded person and tow the
wounded back to a safe zone. In 2016, the U.S. Navy tested its Common Control System
(CCS) to present the potential use of unmanned systems for casualty evacuations [27]. A
stretcher mounted on the top of a GRP, an unmanned vehicle built by the American Robot
Company (AMBOT) [28], was used to transport the wounded person as shown in Fig. 2.1 H.
A proof-of-concept mobile rescue robot, ResQbot, was built to perform a casualty-extraction
procedure. After the stretcher brings the body of the victim onto the stretcher, a stretcher
trap will fasten to the victim’s body to ensure safe transportation as shown in Fig. 2.1 I.
In the area of casualty extraction, one critical challenge is to create handling mechanisms
that could safely interact with wounded persons. In the above methods, using a passive
stretcher is a common method; however, it requires the wounded person to climb into the
stretcher by themselves or a companion medic is needed to lift the wounded person to the
extraction vehicle. Active stretchers were developed, but safety is still a big concern when
lifting a wounded person into the robot using either robotic arms or slides. The robotic
arm may further injure the wounded person, especially individuals with neck injuries. Slides
limit their application to certain situations where flat ground under the person is needed.
To avoid the risk posed in the affected area to the rescuers, all of the aforementioned robots
are remotely teleoperated using Operator Control Units (OCU) in either wired or wireless
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Figure 2.2: Operator Control Units for Search and Rescue Robots

communication. Packbot, the base robot of Valkyrie, is controlled by uPoint Multi-Robot
Control system, featuring a touchscreen-based tablet controller, as shown in Fig. 2.2 A.
Remote controller can be customized to fit into specific tasks. A special M-4 rifle grip
controller is designed for BEAR when involved in a battlefield and an AnthroTronix iGlove
motion glove that can directly convey hand gestures, as shown in Fig. 2.2 B, is used to
handle a wounded person more safely and efficiently compared to using general joystickbased controllers [25]. With a similar idea, a jacket in which an inertial measurement unit
(IMU) is placed at each part of the arm, as shown in Fig. 2.2 C, can be worn by the
operator to control the manipulator of GARM [26, 29]. A screen is always integrated with
the above OCU to present vision feedback from cameras and other sensors. Virtual Reality
(VR) techniques provide immersive feedback to operators with the virtual reality headset
[30]. One critical challenge with using OCU is the communication setup. Reliable, high
bandwidth and low-latency wire/wireless communication is needed to convey the in-field
sensing to the remote operators as well as send accurate and time-sensitive commands to
the robots.
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Figure 2.3: Human-Robot Interaction for Search and Rescue Robots

2.2

Human-Robot Interaction Techniques

Human-Robot Interaction (HRI) studies how humans collaborate and interact with robots
and develop more natural and effective interaction between humans and robots. In robotassisted SAR operations as shown in Fig. 2.3, both humans and robots are highly involved,
making it a challenging area for researchers in robotics [31]. In general, there are two main
data flows in robot-assisted SAR operations. Situational information in the affected zone is
sensed by robots and then delivered to the remote operator, who will make a decision based
on the visualization of the information. Another data flow includes the control commands
sent from the operator to the robot and then the robot performs the desired behaviors. The
detailed structure of the data flow varies according to the autonomy level of the robots,
making it a crucial factor in determining the effectiveness of the HRI system. Detailed
studies on different levels of autonomy show that a higher level of autonomy yields higher
effectiveness with less human intervention but need more sophisticated forms of interaction
[32]. In this work, systems are divided into three types of control, including full control,
semi-autonomous control and autonomous control. In full control mode, the commands could
consist of low level control of the robots, for example moving the end-effector using joysticks,
while in the semi-autonomous control, high-level commands, such as autonomous navigation
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commands, can be deployed. In autonomous control mode, the remote human operator is
replaced by high-level controllers that are integrated with the robots. The robot itself makes
the decision to complete the tasks without interventions from the human operators.
To gain efficient HRI in SAR operations, analysis of the robot-assisted SAR operations
were performed to develop guidelines for the design in perception, visualization (computer
interface to human operators), control (interface to the robots), and manipulation (robot
behaviors) based on real-world data or simulated data [33, 34]. Evaluation methods and
criteria were also proposed to compare different approaches towards HRI in SAR operations
[35]. A set of heuristics were adapted to evaluate HRI systems and demonstrated their
effectiveness against the standard heuristics [36]. At the initial stage of the robot-assisted
SAR development, most robots are designed to be semi-autonomous or fully controlled by
a remote human operator, and the portability and manipulability of robots were the focus
of the research. The concept of human-to-robot ratio for transportation and operation was
proposed and set to 1:1 as the ideal goal, which means one person could carry and control
one robot [37].
In robotic perception, various sensors, such as high resolution cameras, thermal cameras,
Inertial Measurement Units (IMU) and Global Positioning Systems (GPS), are installed on
the robot platforms to sense the surrounding environment and report the current state of
the robots in real-time. This helps the robot operators reduce the significant time spent
in gathering information about the state of the robots and the state of the environment by
communicating with the in-field rescuers [34]. This data with rich information helps the
operators to build a good situational awareness, with which robots can more easily explore
and react to the environment. Deploying heterogeneous groups of robots is a good practice
in SAR operations as it can provide more complete situational awareness from different
points of view [38]. Along with semi-autonomous techniques, the robot is able to address the
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exploration and victim identification in the SAR environment [39, 40]. Within an information
sharing framework, robots or robot-human teams could fuse data from different individuals
and build the overall situational awareness with more details. The fused perception makes
minimizing the overall exploration time and finding victims possible [39].
In visualization, computer interface to the operator was emphasized in both user-friendly
design and stable information delivery to build the operator’s confidence in robots [33].
Analyses on the data from rescue robot competitions were performed to provide guidance
for design along with evaluation criteria [33, 41]. Simplified GUI design, complete information with a target focus, and visualized states of the robot were recommended in the
initial stage of the visualization design. With various sensors installed on the robot, communication bandwidth became the bottleneck for the visualization. Low bandwidth, time
lags and motion effects decrease the overall performance of the operators. Research directions were then guided to immersive stereoscopic displays, multi-modal interfaces, and
semi-autonomous control [42]. The importance of spatial information and situational context attracted researchers’ attention. An ecological interface paradigm that combines video,
map and 3D simulated robot states was proposed [43]. As the mechatronics technique was
improved, head mounted display (HMD) with an integrated/mounted head-tracker appears
as an ideal solution to visualization. HMD was developed to create immersive sensations for
the operators, resulting in a more intuitive and less error prone teleoperation of the robots
[44, 45]. This direction further leads to the application of Augmented Reality (AR) and
Virtual Reality (VR) into SAR operations.
In terms of manipulation, robots directly react to the environment and victims by following
the commands from a higher level controller. Various tools have been developed to perform
different tasks in SAR operations [11]. To perform safe interaction with victims, force/torque
sensors are integrated with the end-effecters [46]. Soft robots were also developed to go
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through narrow spaces and perform passive and safe interactions with wounded victims
[47, 48]. Advanced control techniques were also applied to perform actions with safety
considerations, such as series elastic control and addition of virtual damping on the stability
[46, 49, 50].
In terms of control, depending on the level of autonomy, different requirements are set for
the equipment. Joysticks and keyboards are always the primary choices for the control
of either robot navigation or robotic arm manipulation [37]. Touch screens integrate basic
control options with display, making them more portable for rescuers [22]. Wearable devices,
such as gloves and jackets, were also developed to provide more convenient and intuitive
control interfaces to complex manipulators [25, 26], for example dexterous robotic hands.
Specific shaped controllers were also designed for various tools, for example a specialized
rifle grip mounted on an M4 carbine was used [25]. Within heterogeneous groups of robots
in SAR operations, different robots can apply each of their strong points to address various
challenges [38]. Besides the control interface, the autonomy of the robots can also reduce the
complexity of the operations. By assessing human workload and error together with overall
performance in experiments using different modes of robot autonomy, both the usability
of the interface and the effectiveness of autonomous robot behavior were evaluated [51].
Higher levels of autonomy present great potential in reducing instances of operational error,
decreasing human workload and increasing overall performance.
Research in areas of intimate collaboration with humans in manipulation tasks, human control for hazardous environments, and social interaction with robots is in its initial stages [52].
Ensuring human safety is one of the most important considerations within the field of HRI. In
addition to simply prevent undesired collision between humans and robots, physical contact
with safety consideration through control, motion planning, prediction, and consideration of
psychological factors is still an open research topic. [53]

Chapter 3
PROBLEM STATEMENT AND
PROPOSED SOLUTION

3.1

Novel Robotic Solution for Victim Extraction

In the last few decades, a lot of research has been performed in the development of robots
for Search and Rescue Operations. A majority of this research focuses on the search aspect
and has achieved a significant success; however, research on the rescue aspect, especially
when direct human-robot interaction is involved, is still at its initial stages. With experience
gained from previous research and advanced knowledge of human-robot interaction and the
latest techniques, the research community continues to push the frontiers of robotic solutions
for safe victim extraction.

3.1.1

Need for a Safe Victim Extraction Robot

Previous work has developed various extraction methods with their own research focus.
Towing methods, implemented by Valyrie, REX and BEAR, are with the simplest design
and easiest operation, but require the victim to be able to get into the Sked stretcher. Using
a manipulator to attach a hook to the gear of the victim and towing the victim back to a safe
zone is another simple method, but poses great risk to further injure the victim during the
17
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towing process. Compared to these towing methods, active slide stretchers take the victim
to the inside of the robot, providing a protective shelter during the extraction process.
However, this method raises challenges to both the victim pose and the ground situation.
Using robotic arms is a more dexterous way to handle the victim in different situations.
However, the complicated operation requires long-term training for the operators. Also,
the efficiency of this method could be largely reduced in poor-communication situations,
posing great risk to the victims when large time delays occur. Using large grabbers and
large excavator shovels make it easy to lift the victim; however, its efficiency is low when
considering the consumed energy and its bulky dimensions. Besides the concerns mentioned
above, further injury to the victim during the extraction process could lead to unrecoverable
damage and even death. For example, a victim with an injury in their head or the neck area
would need stabilization tools to support their cervical spine. In summary, safety concerns,
workload of the operators, and intuitive operation should be the next research focuses in the
victim extraction process.

3.1.2

Semi-Autonomous Victim Extraction Robot (SAVER)

Based on the analysis of the previous state-of-the-art research in robots with victim extraction functions, a novel rescue robot design is proposed: Semi-Autonomous Victim Extraction
Robot (SAVER). SAVER design has been developed in the Robotics and Mechatronics Laboratory in Virginia Tech, with collaboration of RE2 under contract from the US Army Medical Research & Material Command’s Telemedicine & Advanced Technology Research Center
(TATRC). The SAVER was designed to rescue a victim (soldier) with full gear, weighting 300
lbs and measuring 6 feet tall. This led to the design dimensions of the proposed extraction
robot, SAVER, of size 2.21m × 1.2m × 1.25m(L × W × H). The conceptual design of SAVER
is shown in Fig. 3.1, and Fig. 3.2 presents the corresponding mechatronics design. SAVER
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Figure 3.1: Conceptual Design of SAVER
is equipped with an omnidirectional communication system to provide long range, stable,
and high-bandwidth communication with remote operators. A powerful drive system and
tracked locomotion system ensure robust transversability over rough terrains. To accurately
and efficiently locate the victim in complicated environments, such as low-light, rain, and
fog, an integrated sensing system is installed at the top of the robot. To manipulate the
victim pose, one Highly Dexterous Manipulation System (HDMS) is mounted on each lateral
side of the robot. Declining stretcher bed, and head and neck support system are developed
to safely extract the victim from the ground to the robot.

3.2

Autonomous Victim Extraction

One of the major challenges in robot-assist SAR operations is to autonomously extract the
victim in a safe and efficient way. The affected zone after natural or man-made disasters
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Figure 3.2: Mechatronics Design of SAVER

always pose great difficulty in setting up stable, low latency and high-bandwidth communication, making remote teleoperated robots unable to perform tasks successfully. This raises
the great need for autonomous victim extraction.

3.2. Autonomous Victim Extraction

Figure 3.3: Proposed Victim Extraction Procedure using SAVER
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Procedures for Autonomous Victim Extraction using SAVER

SAVER is designed to push the state-of-the-art techniques to perform autonomous victim
extraction. The proposed procedure is presented in Fig. 3.3.
First, SAVER is deployed at the scene using a long-range vehicle, for example, Squad Mission
Support System (SMSS), or dropped by a helicopter. With the integrated sensing system,
SAVER can quickly locate the victim and navigate to the area of the victim. Precise control
of the tracked locomotion or using HDMS can align the victim with the SAVER. After the
victim’s body is aligned with SAVER, the stretcher bed will decline to the ground. The head
and neck support system will slide down to the front side of SAVER and two shoulder hooks
along with the lateral neck support blocks will stabilize the neck and head of the victim to
avoid further damage during the extraction process. The moving stretcher bed system will
transport the victim onto the robot. The dual-arm manipulation system will further adjust
the victim pose to avoid collision between limbs and SAVER tracks. After the victim is
fully carried into the SAVER, SAVER will safely transport the victim to a safe zone or to a
long-range transport vehicle.

3.2.2

Summary of Contributions towards Autonomous Victim Extraction

The system architecture of the proposed autonomous victim extraction system using artificial
intelligence is presented in Fig. 3.4. The integrated sensing system, installed on the top
of the SAVER, captures 2D images of its surroundings. The perception system applies
human pose estimation neural network to detect the human pose inside the 2D images and
obtains its 3D positions in SAVER’s coordinates using its corresponding depth information.
Human pose information is then fed into the decision-making component. The robotic
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Figure 3.4: System Architecture of the Proposed Autonomous Victim Extraction using
SAVER
manipulation neural network, embedded inside the decision making component, will generate
desired trajectories to manipulate the human pose in order to safely extract the victim into
the SAVER. The desired trajectories will then be passed to the low-level controller, which
is a neural network-based controller that will map the desired trajectories in the workspace
to the trajectories in the joint space and finely control the joint motors of the dual-arm
manipulation system.
The specific contributions of this dissertation in autonomous victim extraction using artificial
intelligence can be summarized as follows:

Human Pose Estimation
To perform real-time and accurate human pose estimation, a parallel deep learning ensemblesbased neural network is proposed. With the proposed distributed computing architecture,
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the proposed neural network achieves similar accuracy as the state-of-the-art methods, but
with much faster processing speed. The human model presentations, individual parsing
method and analysis of the processing time are also detailed.

Safe and Cooperative Robotic Manipulations
To obtain fast training process of the cooperative robotic manipulations, a Teacher-Student
framework is proposed, and different advising strategies are developed and analyzed. The
improved performance of the proposed framework has been experimentally validated. The
framework is further adapted for manipulations with constraints. Comparisons with other
state-of-the-art methods are also presented in detail.

Robotic Manipulator Modeling
Accurate modeling of robotic manipulators leads to simpler controller design and better
tracking performance of robotic manipulation. A series of Generative Adversarial Networks
are proposed to obtain higher fidelity models with limited real-world data. Two types of
robotic manipulators are used to experimentally evaluate the proposed methods with different dataset sizes. Comparisons with an analytical model and traditional machine learning
method are also presented.
Each of the above contributions is discussed in detail in the following chapters.

Chapter 4
HUMAN POSE ESTIMATION
USING PARALLEL DEEP
LEARNING ENSEMBLES

4.1

Introduction

As recent progress in computational capabilities enable machines to come into the real-world
from a lab setting, it becomes important to understand and study nearby human activity
to address safety concerns. Human pose estimation is already an active research problem
for machine perception systems in self-driving cars, search and rescue systems, automated
surveillance and other Human-Robot Interaction (HRI) applications [54]. Accurate and
efficient human pose estimation is critical in achieving high-level tasks such as pedestrian
avoidance, lifting and moving victims in automated robotic lifting and moving victims for
search and rescue applications, human behavior recognition, etc.
In the proposed autonomous victim extraction system, the perception component takes in the
sensing data captured from the integrated system and imitates the capability of the remote
operators in the teleportation mode to accurately detect human pose from the complicated
background. The perception component needs to address two main issues to ensure the
25
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success of the autonomous victim extraction: accurate estimation and fast processing speed.
Accurate estimation of the human pose is the foundation of all latter processes in autonomous
victim extraction. Deep neural network has been gaining great success in this field and
researchers are developing deeper and deeper neural networks for higher accuracy. Beside
increasing the depth of the neural network, different architectures of the neural network
have been proposed. Fusing features from different levels and building multiple stages of the
neural network to refine the initial estimation always achieve better performance.
Processing speed is an important factor in real-time applications. Similar to the time delay caused by communication in teleoperated mode, fast processing speed of the perception
will ensure the latter processes, decision-making and manipulation, react to the situations
timely, thereby decreasing the overshoot of certain behaviors, and thus ensuring the stability
of the overall control system. In the last five years, GPUs gained a large improvement along
with the associated software development. The main computation of the neural network
immigrated from CPU to GPU and gained faster processing speed. Distributed computing presents an ideal solution to improving the running time performance of large neural
networks.
In this chapter, a deep neural network architecture for multi-person pose estimation using
parallel Convolutional Neural Networks (CNN) ensembles is presented with consideration of
both accuracy estimation and fast processing speed.

4.2

Review of Human Pose Estimation Techniques

Based on the application and the availability of sensing modalities, the input data could be
either 2D images [55, 56, 57, 58, 59], 3D point clouds [60, 61], one single frame or a sequence
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of frames (motion-tracking) [62]. For the past several decades, researchers have focused on
model-based algorithms which deploy finely tuned feature extractors such as SIFT [58] and
HoG [63] along with different human models such as Pictorial Structures [64] and Active
Shape Models [59]. In more recent years, as artificial intelligence has become significantly
more popular amongst HRI researchers due to advancements in computing technologies,
exploration of neural networks for human pose estimation has also picked up the pace.
On the same track, Toshev and Szegedy [55] utilized sequentially connected convolution
layers and fully connected layers to build one deep neural network for high precision pose
estimation. Li et al. proposed a pose-joint repressor with body-part detector using a single
deep neural network [57]. In a slightly different approach, Tompson et al. proposed a
hybrid architecture using both convolutional neural networks and Markov Random Field
[56]. While other researchers explored human pose estimation in still-imagery, the computer
vision group from UC Berkeley looked into the use of R-CNNs for both pose estimation and
gait/action recognition in video input [65, 66]. Recognition of the pose of a single person
[58, 59, 67, 68, 69, 70, 71] in an image sets up the foundation for pose estimation of multiple
persons [62, 65, 72, 73, 74, 75].
One straightforward approach for multi-person pose-estimation is to apply a person detector
on the input image, and then for each person detector proposal, apply a single person pose
estimation method. This approach is called a top-down method [74, 75] and suffers from
early commitment, meaning that there is no chance to detect a person that is not proposed
by a person detector such as in Faster RCNN [76]. The computation cost of this approach
is proportional to the number of detector proposals coming out of one image. Another set
of approaches for multi-person pose estimation are the bottom-up methods [72]. In these
methods, the network detects the ‘body parts’ of the person visible in the input imagery
first and then assembles them to multiple individuals according to some policy. This kind of
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approach solves the early commitment problem but suffers from a computation cost problem
since associating different parts to individuals is an NP-hard problem [73].
One such example of the bottom-up approaches builds upon a deep convolution network to
detect both joints and body links and assembled joints to form pose-skeletal by integrating
the link representation, Part Affinity Fields (PAF), using a greedy policy [77]. Insafutdinov
et al. used a strong detector to detect a person’s joints and assemble those joints using
image-conditioned pairwise terms [72].
Cao et al. proposed the use of joint heat map with part affinity fields to estimate 2D human
poses by using multi-stage, sequentially connected CNN branches [77]. In their approach,
each branch was responsible for predicting one specific body linkage in terms of joint heat
maps and a 2D vector field (PAF) representing the direction shape of the linkage mask.

4.3

Proposed Method

The proposed system models the human pose using a 13-link, 14-joint skeleton model
as shown in Fig. 4.1. The method presented in this paper consists of two tasks: (1)
body part detection, and (2) pose regression. The body parts are denoted by a set Pn =
{P1 , P2 , ..., PN } ∈ Rw×h×3 , where Pn ∈ Rw×h×3 and N is set to 13 representing the number
of parts detected by the proposed neural network. Each part Pn consists of 2D vector fields
of the link Ln and a confidence map of two associated joints Jn , where Ln ∈ Rw×h×2 and
Jn ∈ Rw×h . The two associated joints are denoted as proximal joint Jnh and distal joint Jnl
separately. Jnh denotes the joint that is connected with former body part while Jnl denotes the
w×h
l
joint that is connected with a the later body part, more specifically, Jnh ∈ Rw×h
>0 , Jn ∈ R<0 .

For example, the ‘right shoulder - right elbow’ body part consists of two associated joints
Jn , right shoulder joint and right elbow joint and one link Ln that connects these two joints.
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Figure 4.1: Proposed 13-link human skeleton model.
In this body part, the right shoulder joint is defined as a proximal joint Jnh while the right
elbow joint is the distal joint Jnl .
In the body part detection task, the proposed neural network takes one single 3-channel
color image with size (h × w × 3) as the input and produces the 2D location and orientation
tensor of the size (h′ × w′ × 39) for each body part of persons visible in the input image. The
pose regression process then assembles the body parts for all individuals in the input image
using greedy inference.

4.3.1

Overall Neural Network Design

As shown in Fig. 4.2, the proposed neural network architecture can be divided into three
stages: the preprocessing stage followed by two prediction stages. In the preprocessing stage,
the color input image,I , is fed into a pre-trained VGG19 network [78] to obtain the feature
map F. In each predicting stage, there exist 13 CNN ensembles to independently predict
the link fields and joint confidence maps for each of the 13 skeletal model linkages. The
first predicting stage takes the feature map as inputs and produces a 2D location and an
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Figure 4.2: Architecture of the 2-stage 13-parallel CNN ensemble network.
orientation tensor, which can be denoted by Pn1 = ρ1n (F ), n ∈ {1, ..., 13}. The outputs of
the first prediction stage merge with the feature maps F to generate one single tensor of
size h′ × w′ × 167 which then serves as the input for the second prediction stage. The
second prediction stage’s output can be denoted as Pn2 = ρ1n (P 1 , F ), n ∈ {1, ..., 13}. The
independent architecture of each branch is aimed at achieving an independent prediction
behavior for each linkage. The merging of the stage one output with the original feature
maps to be fed to stage two is aimed at providing a reference to stage two for refining the
linkage predictions of each body part. The outputs of each branch present the position and
orientation of a body part as a tensor of size h′ × w′ × 3, whose last dimension presents
the channels. The first and second channels present the X and Y component of the PAF
of the link, respectively. The third channel is the heat map of the two associated joints.
Supervision is provided at the end of each stage similar to the architecture proposed by [77].
To train the network to detect all thirteen body linkages, the loss function for each part
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has been defined by incorporating the confidence of the associated joints and the PAF for
each linkage. In multi-person images, the loss function consists of all the loss functions of
the individuals. However, some individuals who are labeled in the database should not be
considered. Based on the policy applied by [77], weighted functions are used to compute the
total loss, f , as follows,
f=

X

i

W if

(4.1)

i

where i W is the binary mask indicator. It is zero when the annotation to the ith person is
missing. Therefore, i W helps avoid penalizing the neural network when the ground truth is
missing in the dataset. The total loss function of the ith person, i f , which includes the loss
function of all the body parts is

i

f = i fJ + i fL =

X

p
p
(i fJH
+ i fJL
+ i fLp )

(4.2)

p

where i fJ and i fL are the loss functions for the joint’s confidence map and link PAF, respectively. Due to the different properties of the two associated joints, i fJp is further divided
p
p
into i fJH
and i fJL
for the high and distal joints of pth body part. The loss functions for the

joints and the links are presented as follows,

i p
fJH

p
p
= JH,i
− ∗ JH,i

2 i p
, fJL
2

p
p
= JL,i
− ∗ JL,i

2 i p
, fL
2

= LPi − ∗ Lpi

2
2

,

(4.3)

where ∗ JHp , ∗ JLp , and ∗ Lp are the loss functions defined for the proximal joints, distal joints,
and links of the pth body, respectively.
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Human Model and Body Part Presentation

To evaluate the loss function, a three channel-ground truth for each body part was generated
for each image pixel using the annotated 2D keypoints from the COCO dataset. The ground
truth label is generated for each image pixel wherever any body part element is visible. The
location and orientation of each link is represented using PAF while the joint location is
expressed using a bipolar Gaussian joint confidence map. The proximal joint has a positive
confidence map while the distal joint uses a negative confidence map to distinguish between
each other. Let xpjh,i ∈ R2 , xpjl,i ∈ R2 be the ground truth of the proximal joint and the
distal joint of the pth body part for the ith person. The values of spjh,i , spjl,i for this joint at
any pixel location x∈ R2 are calculated as follows,
spjh,i = exp −

x − xpjh,i
σ2

2!
2

, spjl,i = −exp −

x − xpjl,i
σ2

2!
2

(4.4)

where the standard deviation, δ, controls the spread of the peaks. The aggregation of the
proximal joint’s and the distal joint’s ground truth are the maximum absolute values of the
individuals, with the assumption that no proximal joint for any linkage p coincides with its
corresponding lower joint. Fig. 4.3 shows the bipolar Gaussian joint confidence map for the
right knee-right ankle linkage.
To obtain a strong orientation and position representation of the body parts, part affinity
fields (PAF) [77] are used to represent the body part linkages. The 2D vector field for the
right knee-right ankle body linkage is shown in Fig. 4.3. The PAF ground truth of body
part p of the individual, i, ∗ Lpi , at any pixel x depends on whether or not the pixel is on
the part link defined by a region along the vector from the proximal joint to the distal joint
is defined with length lp and width δp in pixels. The PAF vector field ∗ Lpi is computed as
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Figure 4.3: Joint confidence and PAF for right knee-right ankle body linkage.
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kxpjl,i −xpjh,i k2 


 0 ≤ v ⊥ · (x − xpjh,i ) ≤ σp 








0, otherwise

(4.5)

where v ⊥ is the unit 2D vector perpendicular to v. If more than one person is visible in an
image then the PAF ground truth of any body-part p in the image is the average of all the
PAFs from the visible persons,
∗

Lp =

1 X∗ p
Li
nP i

where np denotes the number of body parts detected in the input image.

(4.6)
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Figure 4.4: Model training performance.

4.3.3

Postprocessing of the Neural Network Prediction

The proposed model was implemented using the Keras framework [79] with TensorFlow [80]
as the backend engine. Multiple stochastic gradient descent optimizers are used to optimize
the neural network with a total epoch of 43. The learning rate for the network training was
set to 2 × 10−4 with a decay rate of 0.33. The system training performance is shown in Fig.
4.4 in the form of decay in system loss (2) with training epochs. The model was trained
with 52, 597 image samples from the COCO dataset on an Intel Xeon™ (6-Cores, 1.8 GHz)
workstation with 32GB RAM and an NVIDIA GTX1080 GPU. The training process lasted
129 hours and delivered an estimation accuracy of the joint confidence map of 0.9879 in 43
epochs.

Body Part Parsing
After the confidence map of body parts has been generated by the trained network, the
human body pose estimation process takes charge of associating the body parts to their
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respective persons. The pose estimation process takes place in two consecutive steps, (1)
Body Parts Parsing: assemble part link with its associated joints, and (2) Individual Parsing:
assembling all body parts to an individual body skeleton.
In this process, the association of the proximal joints, distal joints, and body part links are
determined by computing the integral of the PAF between the two joint candidates. A voting
mechanism has been used to produce the joint-link pairs. For the proximal joint and distal
joint pair candidate positions, xpjh,m , xpjl,n , the associated voting score can be calculated as
follows:

Z
p
Vm,n

xpjh,n − xpjl,m

u=1

L (x(u)) ·
p

=

xpjh,n − xpjl,m

u=0

du

x(u) = (1 − u) · xpjh,n + u · xpjl,m

(4.7)

(4.8)

where x(u) denotes the interpolated position between the proximal joint and distal joint.
p
The input to the pth body part parsing is a set of the proximal joints peak sets Xjh
, distal
p
joints peak sets Xjlp and PAF sets Lp , which can be expressed as {Xjh
, Xjlp , Lp }. The output

of the body part parsing is a set of proximal joint and distal joint pairs, {(xpjh,n , xpjl,m ) : n ∈
p
p
{1, ..., Njh
}, m ∈ {1, ..., Mjlp }}. For each part p, a variable Cm,n
∈ {0, 1} is used to indicate

whether the proximal joint and distal joint pairs (xpjh,n , xpjl,m ) are connected or not. The
body parsing process aims to maximize the total voting score for connecting joint pairs via
the following:
max
VCP = max
p
p
Cm,n

Cm,n



XX
m

p
p
Vm,n
· Cm,n

n

∀m ∈ 1, . . . , MjlP ,

X

p
≤1
Cm,n

n

X

P
p
∀n ∈ 1, . . . , Njh
,
Cm,n
≤1
m

The equation ensures that no joints are used to construct more than one body part.

(4.9)
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Figure 4.5: Body part parsing: (A) Estimated proximal joint location, (B) Estimated distal
joint location C).
Individual Parsing
After the body part parsing, the individual parsing assembles all the body parts to form
individual skeletons by assembling rules Ap,q
l,h ∈ {0, 1}, which indicate whether the distal
joints of p can be connected to the proximal joints of q and then merged as one joint.
Another variable stores whether the distal joints of p, xpjl are merged with the proximal
p,q
joints of q, xQ
jH . A voting score Vl,h is then used to determine the possibility of the two

joints merging into one joint,

p,q
Vl,h

=−



J p xpjl,l · J q xqjh,h
xpjl,l − xqjh,h

2

(4.10)
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Here, the negative sign is assigned to generate positive scores due to the negative values of
the predicted confidence map of the distal joints. The score will decrease as the joints grow
further away. The only exception to this rule applies to the neck joints where five different
body linkages get connected with their proximal joints,
′

p,q
Vh,h
=



J p xpjh,h · J q xqjh,h
xpjh,h − xqjh,h

(4.11)

2

The multiple-person pose parsing process becomes one optimization problem to maximize
the total assembling score
max
VCP,Q = max
p,q
p,q
Cl,h

Cl,h

XX
l

′

p,q
p,q
p,q
p,q
p,q
Vl,h
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l,h · Cl,h + Vh,h · Ah,h · Ch,h
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N
≤1
l,h
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l

Here, VCP,Q presents the possibility that joints could be merged into one single joint. The
connected joint position is then refined by weighting the predicted position of the joints from
the two body parts. The new connected joint position can be refined using the following
expression:
xpjl,l

=

xqjh,h

=

J p xpjl,l



Jp


· xpjl,l + J q xqjh,h · xqjh,h


xpjl,l + J q xqjh,h

(4.13)

Once common joints are located, the connected links can be identified as 2D human pose
skeletons.

38

Chapter 4. HUMAN POSE ESTIMATION USING PARALLEL DEEP LEARNING
ENSEMBLES

Figure 4.6: Pose Estimation results on COCO 2017 human keypoint validation dataset.

4.3.4

Training and Results

The COCO human keypoint dataset contains 57k images, out of which approximately 52k
samples were used for the training dataset and the remaining 5k samples were used for
validation. During the training of the neural network, the testing that was done on the
validation set is performed at the end of each epoch. Fig. 4.6 shows some examples from
the validation set processed on the fully trained network. A good match in the predicted
and the estimated pose was observed. As reported in the training section, a loss of 37.72
was obtained in joint confidence map generation.

4.4. Conclusions

39

The runtime of the proposed algorithm comprises of two major components: (1) the body
parts detection process time, which is invariant to the number of persons shown in the
image, with runtime complexity of O(1); (2) the body parts assembling process time, whose
runtime complexity is O(n2 ). Hence, the runtime increases with the number of persons (n)
in the input image. Compared to the body parts assembling process time, the body parts
detection process time influences the total processing time even more. With a lesser number
of sequential stages compared to [77], the proposed networks better take advantage of parallel
computing and estimates the human pose in a more efficient way.

4.4

Conclusions

This chapter presented one parallel, multi-branch deep neural network architecture along
with a corresponding post-processing method for multiple person 2D-pose estimation in the
monocular image. Each trained branch (CNN ensemble) of the proposed neural network was
trained to detect one specific body part (associated joints and link) for the human skeleton
model and delivered an overall detection accuracy of > 98%. The highly parallel architecture
achieves similar performance to previous deep architecture [77] but runs faster on parallel
computing devices such as a GPU. This saves time for post-processing and the ensuing higher
level tasks. The proposed system will be augmented with multispectral imagery to enable
the detection of human poses in multiple lighting conditions. Efforts are being made to
improve the network architecture and post-processing algorithms to achieve better efficiency
and faster runtime for purposes of deployment on embedded systems. The proposed system
will be deployed on an autonomous mobile robotic platform to assist with the search and
rescue of casualties in disaster management and war-like scenarios.

Chapter 5
ADVISING DUAL-ARM
MANIPULATION AGENT USING
KNOWLEDGE OF CONTROLLING
A SINGLE ARM MANIPULATOR

5.1

Introduction

The focus of this chapter is to perform dual-arm pick and place tasks as well as push tasks
without internal collisions. These are the initial steps towards safe autonomous victim pose
manipulation and extraction based on real-time human pose estimation results [81]. Following the development of push, as well as pick and place tasks, a learning architecture to
enable dual-arm object manipulation in the presence of constraints will be developed. But
this will be performed as part of the next chapter. Even though the proposed research aims
to enable safe victim interaction as the overall goal, the proposed approach has a wide range
of applications, including situations that need fast training of a target network to control
multiple agents based on the knowledge of a single trained agent. For instance, robot arms
are widely used for manufacturing, assembling, and packaging in industry. They can also
be used as an assistive tool for the disabled in their activities of daily living (ADL). En40
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abling an autonomous robotic system to perform these high level complicated tasks require
the development of fundamental functions including picking and placing, as well as pushing
objects to a target position.
Techniques to control a single robotic arm using explicit kinematic and dynamic models
(glass box, also referred to as white box) have been developed previously to fulfill these
requirements. Artificial intelligence (black box) [82] can also be used to enable autonomous
execution of the above tasks. However, as the task becomes more complicated, the need
to control multiple robotic arms cooperatively arises. In traditional control, a hierarchical
system could be built with a global controller/planner for overall path planning and making
each arm be aware of other arms, while local controllers enforce local path following. The
design of a local controller using a glass box approach can take an advantage of the experience
of designing a controller for a single arm. In contrast, designing a hierarchical system using
a black box approach may introduce redundant layers and the computational need for preprocessing, which can include feature extraction and encoding as well as design and training
of a global planner. The increased computation may present a heavy burden to the control
system in real-time applications and thus decrease the performance of the deployed algorithm.
However, training from scratch faces sampling inefficiency as the state and action spaces
increase dramatically. This situation leads to the need for training of a scaling multi-agents
problem using the prior knowledge of a well-trained single agent.
In this chapter, a reinforcement learning advising framework is proposed along with three
heuristic strategies. The proposed advising framework fastens the learning speed of a neural
network agent in controlling a dual-arm manipulation system to perform push tasks and pick
and place tasks.
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5.2

Review of Reinforcement Learning for Robot Control

After obtaining great success in performing basic tasks such as solving classical control
problems, designing stable legged locomotion gaits, and playing classical Atari games [83],
Reinforcement Learning (RL) associated with deep neural networks has been gaining success
in solving highly nonlinear problems without using explicit mathematical modelling. These
problems are not suited for hand-engineered/heuristic solutions and are hard to be expressed
through explicit mathematical models, making them difficult to be solved using traditional
approaches. For instance, a physical Shadow Dexterous Hand could perform vision-based
object reorientation solely based on simulated training without any demonstration [84]. This
approach surpassed all existing non-learning-based approaches. Another work [85] explored
the use of active scheduling and execution of auxiliary policies to perform a sequence of
‘correct’ actions to complete tasks with sparse rewards using a Kinova Jaco Arm [86]. Apart
from performing complicated single agent tasks, reinforcement learning was also applied in
multi-agent tasks, where multiple robots cooperate with each other to complete one specific task with action optimization [87]. Despite these great successes, solving complicated
problems and achieving shorter convergence time remain major challenges in the domain of
reinforcement learning research.
This work focuses on addressing the challenges associated with training multiple agents to
collaboratively solve a given problem. This problem hereon referred to as ”scaling agents
problem”, comes up mainly when trying to transfer knowledge from a single agent to multiple
agents. Existing research has focused on teaching a single agent to complete tasks with a
high level of complexity. However, complicated tasks in general require multiple agents to
cooperate, which requires learning towards scaling agents. The different existing techniques
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to control multi-agent systems can be broadly classified into three categories: (1) training
the agents from scratch, (2) building a hierarchical structure and reusing a welltrained single agent neural network, and (3) transfer learning approach which involves
transferring the knowledge from a well-trained agent in an old environment to a new training
agent in a new environment so that it is provided with a basic understanding to quickly
start the learning process. There are many methods that address the above problem, but a
comprehensive discussion summarizing all of the existing work in this domain is beyond the
scope of this work. Interested readers should refer to [88] for more details.
Training from scratch without any guidance will be computationally expensive, especially as more agents become involved in the target tasks. Based on existing literature,
learning from scratch can gain faster convergence either through a careful design of the reward function [89, 90] or through demonstration data that could be expensive to be collected
[91]. Using model guidance [92], or inverse RL [93] could also benefit learning to perform
complicated tasks.
Building a hierarchical structure is also a traditional approach, for example, a global and
local planner/controller will be built and connected together. The global planner/controller
(high-level scheduler) generates a sequence of tasks according to an overall schedule, while
the local one solves the planned sub-tasks in a small time period [85].
The transfer learning approach aims to reduce the need for samples from the target
tasks by using prior knowledge obtained from the source tasks. Existing work succeeded
in generalizing or imitating well-trained behaviors from prior experience and gaining faster
learning in the target tasks [94, 95, 96]; however, existing work focuses mainly on learning
among single agent tasks.
Each of the above-mentioned approaches have their own specific strengths and weaknesses.
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Figure 5.1: Scenarios of Human-Robot Interaction using dual-arm manipulation for human
extraction purposes: (a) dual-arm for human pose manipulation, (b) dual-arm for human
body rolling, (c) dual-arm for human limbs manipulation during extraction

As such, the specific application requirements need to be taken into consideration before
choosing any of the above methods. In order to realize safe victim interaction, this work
will focus on developing a framework to teach a dual-arm manipulation system using a welltrained single arm manipulation system. As an initial step in this direction, the proposed
work aims to enable dual-arm pick and place tasks as well as push tasks without internal
collisions between the arms, using a trained single arm architecture.
Training a dual-arm manipulation system from scratch may fail or become computationally
expensive when using dedicated reward functions as well as the collection of demonstration
data. Applying a hierarchical structure needs large memory for both global and local planner/controller, which in turn limits real-life applications. Based on the specific requirements
of the application at hand, this work explores the application of transfer learning approach
to achieve faster convergence on dual-arm manipulation learning.
The proposed transfer learning framework is based on teacher-student frameworks, which
help a knowledgeable agent to teach a new agent to perform specific tasks. The teacherstudent framework in reinforcement learning was first introduced by Torrey et al. along with
a set of heuristic teaching algorithms which only require an agreement on the action set between teachers and students, and allows different state representations [97]. The convergence
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of these teaching algorithms is guaranteed even if using sub-optimal teacher policy [98]. To
avoid the manual parameter tuning inside the heuristic teaching algorithms, learning-based
teaching algorithms were studied to determine when to give advice to the student agent
[99, 100]. Fachantidis et al. further explored the impact of the reward factor on the students’
learning performance using learning-based teaching algorithms [100]. Even though learningbased teaching algorithms do not require manual parameter tuning, the computational expense associated with these methods is still high. Compared to the slight improvement
obtained from using learning-based teaching algorithms, this work explores heuristic-based
approaches. Besides applying the teacher heuristics in which the teacher decides when to
provide advice, various student heuristics were also explored as interactive training strategies
[101]. However, most of the student heuristics performed worse than the teaching heuristics.
Multiple agents learning from each other was also studied in [88, 102, 103]. Knowledge of
individual agents to perform the same task in a shared environment can be transferred to
each other and thereby achieve a faster learning and cooperative behavior. This is similar to
the idea of distributed learning using multiple threads. All the frameworks mentioned above
are designed for learning among single agents. This chapter is proposes methods to improve
the learning performance of scaling agents. The main contributions described in this chapter
are as follows:

• The success of the teacher-student framework is extended in transferring knowledge between single agents towards multi-agents problem. Different approaches are proposed and
compared in two case studies using an experimental setup with a dual-arm manipulation
system.
• Compared to existing work that focus on performing discrete-control tasks, this work
proposes procedures in the teacher-student framework to solve continuous-control tasks.
• Experimental evaluation of the proposed framework is also provided. Based on the results,
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the proposed framework has a faster learning rate in the training process as compared to
training from scratch. This makes it more suitable for real-life robotic applications.

5.3

Related Work on Reinforcement Learning for Robot
Control

In this section, the reinforcement learning background and related algorithms that were
developed in this chapter are introduced. To perform continuous control and stable learning,
an off-policy and policy-gradient actor-critic algorithm was chosen as the main method used
in this work. Hindsight Experience Replay is presented to improve positive sampling in the
sparse reward environment. One teacher-student framework with a budget, which this work
is based on, is also described in this section.

5.3.1

Reinforcement Learning

Considering a standard reinforcement learning setup, an agent interacts with an environment
E in discrete time-steps, which can be formalized as a Markov Decision Process (MDP) and
defined by a tuple (S, A, T, R, ρ, γ), where S is a set of states that describes the environment,
E, and is assumed equal to the observation, O. In this work, A is a set of actions via which
the agent interacts with the environment. T : S × A × S → [0, 1] presents the distribution
of transition to the next state, s′ ∈ S, after taking an action a ∈ A from the state s ∈ S.
R : S × A → R is the reward that the agent receives when starting from the state s and
taking the action a, ρ : S → [0, 1] is the distribution of the initial state s0 , and γ ∈ [0, 1]
is the discounted factor for the reward which determines the importance of the short-term
reward over the long-term ones. The accumulated discounted reward, Rt , is defined as
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Figure 5.2: Diagram of Actor-Critic method in Reinforcement Learning

Rt =

PT

t′ =t

′

γ t −t rt′ , where rt′ ∈ R is the reward received at time t′ and T is the time step at

which the learning episode terminates. π is the policy that indicates how an agent acts in a
certain state. The aim of reinforcement learning is to determine the optimal policy π ∗ that
maximizes the expected accumulated discounted reward using
π ∗ = arg max Es0 ∼ρ,ai ∼π,ri ,si+1 ∼E [R0 ]

(5.1)

π

Qπ (st , at ), as shown in (5.2), is the state-action value function that describes the expected
return value conditioned on taking an action, at , at the initial state, st , and thus taking
actions according to the policy, π.

Qπ (st , at ) = Eai ∼π,ri ,si+1 ∼E [Rt |st , at ]

(5.2)
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5.3.2

Deep Deterministic Policy Gradients

Deep Deterministic Policy Gradient (DDPG) [104] is a model-free reinforcement learning
approach for continuous control which combines the actor and critic frames as shown in Fig.
5.2, and thus inherits the policy gradient from the Deterministic Policy Gradient (DPG)
[105] and the value function gradient from the Deep Q Network (DQN) [106]. The actor
approximates the target deterministic policy, π : S → A, which maps states to a specific
action with parameters θπ while the critic approximates the state-action value function,
Q : S × A → R, which presents the value of the state-action pair parameterized by θQ . The
critic is meant to drive the value function to the optimal state-action value function Q∗ . The
actor is trained to obtain the policy by maximizing the expected return, J, from the start
of the distribution,
J = Es0 ∼ρ,ai ∼π,ri ,si+1 ∼E [R0 ]

(5.3)

A replay buffer and a separate target network are used to avoid the unstable training [106,
107], making the learning approach off-policy. In practice, the actor is optimized using the
mini-batch gradient descent on the loss by rewriting (5.3) as

L(θπ ) = −Es Q(s, π(s|θπ ))

(5.4)

where s are the samples from the replay buffer.
The critic is trained in a similar way as the Q-function in DQN to minimize the approximation
loss,
L(θQ ) = Eai ∼π,ri ,si+1 ∼E [(Q(st , at |θQ ) − yt )2 ]

(5.5)

where the target, yt = rt + γQ(st+1 , π(st+1 |θπ )|θQ ), is computed using actions outputted by
the actor.
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Hindsight Experience Replay

Similar to the human ability to learn from unwanted outcomes along with desired ones,
hindsight replay experience [82] becomes a goal conditioned policy learning. It extends the
concept of the universal value function approximator [108] to include goals, g ∈ G, into the
MDPs. The training policy and the value functions are modified to take g as additional
inputs. Thus, the policy and value function become goal conditioned, π : S × G → A and
Q : S × A × G → R. Changes are made to the replay buffer such that a subset of other goals,
achieved goal ga in the episode, will be stored in the transitions along with the original goal,
(st |g, at , rt , st+1 |g, ga ), which makes the transitions more informative. During the training,
a subset of samples are modified in which the original g is replaced by the achieved goal,
ga ∈ G, to improve the positive sampling and encourage the learning process. It should also
be noted that the reward in each sample needs to be recalculated based on the new goal,
e.g. rt (st+1 , g) = −(kfg (st+1 ) − gk > ϵ), where fg presents the achieved goal at a state, s,
and ϵ is a precision threshold.

5.3.4

Teacher-Student Framework with a Budget

The teacher-student framework for discrete control reinforcement learning under a limited
amount of advice is introduced with a set of heuristic strategies to decide when to give advice
such as early advising, importance of advising, mistake advising, and predictive advising [97].
The advice used in this work is the action recommended from the teacher agent. The teacher
agent is first well-trained before the teaching process in the environment to gain a decent
policy. It is then used to guide one student agent to behave in the same environment,
which has the same state and action space as in the teacher training environment. In this
teacher initiated teaching [97], state importance is used to decide the importance of giving
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advice at the state, s ∈ S, by computing the difference between the maximum and minimum
Q-function of a well-trained teacher as in,

I(s) = max Qtr (s, a|θtr ) − min Qtr (s, a|θtr )
a

a

(5.6)

The condition of the state importance value, I(s) ≥ t, is then used along with other criteria to
determine whether advice is given or not, where t represents a fixed value threshold. Mistake
correcting methods take one more condition: whether the student-announced action is the
same as the output of the teacher policy, πst (s|θst ) 6= πtr (s|θtr ). Predictive advising uses the
action from another prediction model of the student instead of using the output from the
student policy, π̃st (s|θst ) 6= πtr (s|θtr ). It is worth noting that the state-importance based
teacher-student framework is limited to applications with finite discrete control due to the
computational requirements of the state importance at each advising process in (5.6). As
the discrete action space increases, the computation of deciding when to teach becomes more
expensive and infeasible, thus cannot be applied directly in continuous action.

5.4

Proposed Method

In this section, we introduce the teacher-student framework which is adapted to an environment with a continuous action space. The algorithm is also further modified for scaling the
number of agents in the tasks, in which the teacher policy is trained for a single agent while
the student policy is designed for multiple agents in performing the same type of a task.
Similar to the idea as in inter-task mapping [109], the proposed algorithm is based on the
assumption that the state feature, ŝi , of the ith agent can be reconstructed from the state in
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the target environment, s, to be in the form of the state in the source environment,

ŝi = fis (s) : ŝi ∈ Str , s ∈ Sst

(5.7)

where fis is a state feature mapping function from the target environment to the source
environment for each agent, i. The action in the target environment can be constructed
from the action in the source agent policy via the mapping function,

a = f a (a1 , a2 , ..., an ) : a ∈ Ast , ai ∈ Atr

(5.8)

ai = hai (a) : a ∈ Ast , ai ∈ Atr

(5.9)

and vice versa,

where hai (a) is the inverse mapping function for agent i.

5.4.1

Teacher-Student Framework towards Scaling Agents

In this section, the proposed procedures will be discussed, including early advising, mistake
correcting with Q-value and mistake correcting with an action filter. The proposed procedures, mistake correcting with Q-value and mistake correcting with an action filter, require
student feedback in action selection for the next step.

Early Advising
A student agent benefits from a guided action data set generated by an expert policy, which
is similar to using the demonstration data directly in the same target and source environment [110]. In this way, a student agent could gain a basic understanding of tasks and the
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environment, thus obtaining an early start to the learning process. Since the scaling problem
addresses different target and source environments with the assumption that the state in the
target environment can be mapped to the source state, the proposed procedure is designed
as follows:
Procedure 1 EARLY ADVISING
(πtr , {fisg }, f a , nb )
1:

for each target environment state, s do

2:

if (nb > 0) then

3:

nb ← nb − 1

4:

for each agent, i do

5:
6:
7:
8:
9:
10:
11:
12:

Compute state that feeds into teacher policy
ŝi = fisg (s)
Compute teacher policy output action
ai = πtr (ŝi )
end for
a = f a (a1 , a2 , ..an )
end if
end for

where fisg is a goal conditioned state mapping function in (5.7), nb is the advice budgets.

Mistake Correcting with a Q-value Filter
Importance Advising and Mistake Correcting are proposed separately for tasks with a discrete action space [97]. In Importance Advising, a teacher agent provides advice whenever
the state importance value exceed the threshold, while Mistake Correcting only considers
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giving advice when the action proposed by the student agent is different from the teacher’s.
Importance Advising saves time by not acquiring the proposed action from a student agent.
This is different from processing in the discrete action space. In discrete action space, the
maximum and the minimum value of the Q-function can be easily found. On the other
hand, estimating the state importance value in a continuous space is expensive and infeasible. Instead, the proposed procedure utilizes the teacher policy to estimate the proposed
action from the student agent and compared it with the optimal action calculated from the
teacher policy. If the difference reaches some threshold, the teacher proposed action will be
applied to the agent. This approach was named as ”Mistake Correcting” since it involves
both the calculation from the teacher and the student neural network while the “Importance
Advising” only involves the calculation from the teacher neural network. To distinguish
whether the heuristic is based on the q value or the action, “Mistake Correcting Q-value”
and “Mistake Correcting Action” were named separately. In both heuristics, the modified
state-action importance was denoted as,

Ii (s) = Qtr (ŝi , πtr (ŝi )|θtr ) − Qtr (ŝi , hai (πst (s))|θtr )

(5.10)

The proposed procedure pertaining to the Mistake Correcting with a Q-value Filter is described as follows,
Procedure 2 MISTAKE CORRECTING Q-VALUE
(πtr , {fisg }, f a , {hai }, nb )
1:
2:

for each target environment state, s do
if (nb > 0) then

3:

Advise = False

4:

for each agent, i do

5:

Compute proposed actions from teacher and student policy
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6:

sg
st
a
atr
i = πtr (fi (s)), ai = hi (πst (s))

7:

ai = ast
i

8:

Compute state-action importance, Ii (s) = Qtr (ŝi , πtr (ŝi )|θtr )−Qtr (ŝi , hai (πst (s))|θtr )

9:

if Ii (s) > tI then
ai = atr
i , Advise = True

10:
11:

end if

12:

end for

13:

a = f a (a1 , a2 , ..an )

14:

if Advise then

15:
16:
17:
18:

nb ← nb − 1
end if
end if
end for

where tI is the threshold for the Q-value Filter to indicate whether a proposed action will
lead the agent to a valued state.

Mistake Correcting with an Action Filter

One difference between the discrete control space and the continuous control environment
is that the actions selected for the discrete control problem are always distinguishable to
each other. This makes the original Mistake Correcting approach judge whether the proposed actions from the teacher and the student policy are different. However, continuous
control does not judge the difference under a certain range, which led to the idea of Mistake
Correcting with an Action Filter. In this approach, the teacher agent only provides advice
when the proposed actions from the student agent are different enough from the teacher’s
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policy in a certain range. This can be understood as following a proposed trajectory with a
certain precision. A distance function is designed to measure the distance an action is from a
proposed action. In this work, the Euclidean distance was used where D(a1 , a2 ) = ka1 −a2 k2 .
The proposed procedure pertaining to the Mistake Correcting with an Action Filter is described as follows,
Procedure 3 MISTAKE CORRECTING ACTION
(πtr , {fisg }, f a , {hai }, nb )
1:
2:

for each target environment state, s do
if (nb > 0) then

3:

Advise = False

4:

for each agent, i do

5:
6:
7:

Compute proposed actions from teacher and student policies
sg
a
st
atr
i = πtr (fi (s)), ai = hi (πst (s))
st
tr
st
if D(atr
i , ai ) = kai − ai k2 > ta then

ai = atr
i , Advise = True

8:
9:

end if

10:

end for

11:

a = f a (a1 , a2 , ..an )

12:

if Advise then

13:
14:
15:
16:

nb ← nb − 1
end if
end if
end for

where ta is the threshold for the Action Filter to specify the maximum distance that one
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action can be from the action proposed by the teacher agent. According to whether ta relies
on the value of the teacher action output, these methods are divided into relative (MC_ACT)
and absolute versions (MC_ACT_ABS).



α,
ta =

MC_ACT.



α ∗ πtr (fisg (s)), MC_ACT_ABS.

(5.11)

where α is a positive constant chosen as the absolute threshold for the action filter.

5.4.2

Training and Results

This section is organized as follows. The RL environments for training the teacher policy
and the student policy with guidance from the teacher policy is described first. And then
the simulation results from different teaching strategies along with the impact of different
thresholds on the learning process and analysis is presented. Finally, the physical experiments
with the dual-arm manipulation system using the trained policy is detailed.

Simulated Single and Dual Arm Manipulation Environments
To train the agent policy and to test the proposed methods, the simulation environment was
setup using the 6-DOF Kinova Jaco arm, which has a three-finger gripper. The gripper has
multiple DOFs but is activated through a single input corresponding with the opening and
closing of all the fingers together. The robot is simulated using the MuJoCo physics engine
[111]. Figure 5.3 (a,b) presents the training environment for the teacher policy. The neural
network is trained to control only one Jaco arm for the push as well as pick and place tasks.
Figure 5.3 (c,d) shows the training environment for student policy, where a different neural
network is trained to control two Jaco arms to complete the scaled tasks. In the push task,
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Figure 5.3: Training environment in simulation: (a) pushing an object to a target position
using a single arm, (b) picking and placing an object at a desired location using a single arm,
(c) pushing objects to target places using the dual-arm system, and (d) picking and placing
objects at desired locations using the dual-arm system.

the arm needs to push the objects to a desired location on the table while the gripper of
the arm is not used. In the pick and place task, the aim is to pick up the objects placed on
the table and then place them at the target positions. The target positions can be either
in air or on the table and the three fingers are actuated symmetrically by one single input
state. Soft contact between the objects and the fingers are simulated in MuJoCo to oppose
the slip in the tangential plane and rotation around the contact normal direction. In both
tasks, the initial position of the gripper and the object, and the target position of the object
are randomly sampled within the workspace of the Jaco arm. Inspired by [112], the gripper
orientation is fixed toward the desk at all times. A Timestep of 0.002s is set in the simulator
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to perform fast and accurate simulation of the dynamic model and soft contact.
Observations: The states of the system are obtained from the MuJoCo engine and consist
of the robots gripper states and object states including the orientation, position, and velocity.
The teacher training environment consists of the states of one robot and one object while
the student training environment consists of a pair of robots and objects with states in the
same order as in the teacher training environment.
Actions: Instead of controlling the joint angles of the robot directly, position of the endeffectors are used as the control input for the robot. This allows for transferability among
different robotic arms. In real world applications, the desired joint angles can be calculated
using an inverse kinematic model. The orientation of the end-effector is fixed towards the
ground during the task. The actions consist of position of the end-effector along with one
state for controlling the gripper to open/close, Atr = {ai : ai ∈ R4 } and Ast = {ai : ai ∈ R8 }.
Goals: The goals are defined as the set of target positions of objects: Gtr = {gi : gi ∈ R3 }
is for the teacher environment and Gst = {gi : gi ∈ R6 } is for the student environment.
In this work, the observation, goal, and reward in the student environment are constructed
by appending the corresponding data from the individual agents, dst = d1 ||d2 , where di
represents the data of agent i.
Rewards:

In both teacher and student training environments, sparse rewards are used

as, rt (st+1 , g) = −(kfg (st+1 ) − gk > ϵ), where fg maps the state, s, to an achieved goal, g,
and ϵ determines the control precision in the task. The agent only receives a reward of 1
when getting the object within a threshold of the target position; otherwise, a reward of 0
is received. The deterministic policies are represented as Multi-Layer Perceptrons (MLPs)
with Rectified Linear Unit (ReLU) activation functions. Three layers of perceptrons are used
in training the teacher policy while four layers are used in training the student policy, due to
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Table 5.1: Environment and Neural Network Summary
Model Structure
Task
Agent
States
Goal
Actions

Source Environment
3 × [256] MLP
Push Pick and Place
–
–
R28
R28
R6
R6
3
R
R4

Target Environment
4 × [256] MLP
Push
Pick and Place
Student Teacher Student Teacher
R56
R28
R56
R28
R6
R3
R6
R3
6
3
8
R
R
R
R4

larger number of input features and the increased complexity of the problem. The discount
factor of the cumulative reward is set to 0.98 in all training and testing environments. The
environments and neural network model summary of both the training and teaching scenarios
are shown in Tab. 5.1.
Advice:

In the student training environments, the advice given by the teacher agent

refers to the recommended action output by the teacher policy. In all the following training
algorithms, the advice budget is set to 500,000.

Simulation Results
Sixteen workers, each having two rollouts, were used to improve the training efficiency and
the parameters are updated after every episode. Each worker is fixed to a CPU core and
the rollouts start with different initial and target conditions, but with the same policy. To
achieve a stable optimization, a target network and a main network were deployed with the
same architecture. The target network and the main network are in the same architecture,
while the target network is updated at a slower pace than the main network using a ployakaveraged version of the main network [113]. The target network parameters are stored
globally and downloaded to the workers before running each episode. In this work, each
epoch consists of generating 50 episodes and training the neural network with 40 batches of
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Figure 5.4: The training process from scratch: (a) training process for pushing object and
(b) training process for pick and place object
256 transitions.
To compare the performance of the teaching framework for the sparse rewards and the
continuous action space environment to obtain the teacher policy, the deterministic policy
was trained from scratch without advice in the push, and pick and place environments using
the single arm and dual-arm systems as shown in Fig. 5.3. The actor and the critic used in
the single arm scenario consists of three layers with 256 neurons per layer. For the dual-arm
scenario there are four layers with the same number of neurons. Both training processes
used the HER buffer[82]. Figure 5.4 shows the success rate of the training procedures. The
single arm manipulation achieved 90% success rate after 12 and 43 epochs in push, and pick
and place tasks, respectively. The dual arm manipulation achieved 90% success rate after
898 epochs in the pick and place task, but failed in the push task. This reflects the fact
that the task complexity grows rapidly as the dimensionality of the control space increases
from the single arm to the dual-arm case as well as the interaction between agents increases.
Compared to the pick and place task using dual-arm, the push task using dual-arm and
locked grippers made it more likely to interact with each other in 2D than in 3D.
Figures 5.5(a) and 5.6(a) show the performance of different strategies in the push, and the
pick and place environments, including “No Advice” (NA), “Early Advising” (EA), “Early
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Figure 5.5: Simulation results showing the performance of different advising strategies and
thresholds in the push task: (a) comparison of the performance of different strategies, (b)
comparison of the performance of MC-Q with different thresholds, (c) comparison of the
performance of MC-ACT with different thresholds, (d) comparison of the performance of
MC-ACTABS with different thresholds

Figure 5.6: Simulation results showing the performance of different advising strategies and
thresholds in the pick and place task: (a) comparison of the performance on different strategies, (b) comparison of the performance on MC-Q with different thresholds, (c) comparison
of the performance on MC-ACT with different thresholds, (d) comparison of the performance
on MC-ACTABS with different thresholds.
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Advising and Mistake Correcting” (EAMC), “Mistake Correcting with Q-value Filter with
0.1 threshold” (MC-Q01), “Mistake Correcting with Action Filter with 0.1 threshold” (MCACT01) and “Mistake Correcting with Action Filter with 0.1 absolute threshold” (MCACTABS01). The EAMC procedure applies EA for the first half of the advice budgets and
then applies MC for the other half of the advice budgets. It can be seen from the figure that
NA converges much slower than all the others in both cases. The inspired epoch is defined
as the epoch at which the strategy achieves 10% of the maximum success rate it achieved
in its training process. Among all the strategies, the inspired epoch of the MC-Q01 is the
lowest, 63 in push task and 86 in pick and place task. All the other strategies gained a lower
inspired epoch as compared to NA. MC-ACT001 obtained the shortest rise time, which is
defined as the number of epochs it takes to increase from 10% to 90% of the maximum
success rate it achieved. MC-Q01 outperforms other strategies in the push task and achieves
a maximum success rate of 0.9583. EA is the best strategy in the pick and place task with
a maximum success rate of 0.9750. Figures 5.7 and 5.8 show the mean Q-value in push and
pick and place tasks. Similar to the success rate, the Q-value converges faster when using
advising framework.

To estimate the impact of the threshold of Mistake Correcting on

learning performance, three different threshold values were picked, t = {0.01, 0.05, 0.1} and
the convergence speed was analyzed. As the threshold changes from 0.01 to 0.1, the inspired
epoch of Mistake Correcting with Q-value Filter decreases significantly from 140 to 63 in
push tasks and from 220 to 86 in pick and place tasks, while it does not have a great impact
on the Mistake Correcting with Action Filter methods. This may be due to the fact that the
range of action is constrained by the motor while the Q value can be ranged from negative
infinity to positive infinity such that Mistake Correcting with Q-value is more sensitive to the
threshold value. This shows that the more loosely the teacher advises the students in the new
environment, the more freely the student explores the new environment and thereby obtains
knowledge about the new environment as compared to agents with a more strict teacher.
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Figure 5.7: Simulation results showing the mean Q-value of different advising strategies and
thresholds in the push task: (a) comparison of the mean Q-value on different strategies, (b)
comparison of the mean Q-value of MC-Q with different thresholds, (c) comparison of the
mean Q-value of MC-ACT with different thresholds, (d) comparison of the mean Q-value of
MC-ACTABS with different thresholds

Figure 5.8: Simulation results showing the mean Q-value of different advising strategies
and thresholds in the pick and place task: (a) comparison of the mean Q-value on different
strategies, (b) comparison of the mean Q-value on MC-Q with different thresholds, (c)
comparison of the mean Q-value on MC-ACT with different thresholds, (d) comparison of
the mean Q-value on MC-ACTABS with different thresholds
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This observation could be attributed to the fact that the student with a loose teacher gains
more opportunities to try new actions as compared to the students with a stricter teacher.
This allows the student to gain positive samples via its own policy and knowledge of the
new environment, after obtaining a certain amount of advice. Another concern in transfer
learning is the time that one spends to achieve a decent success rate. Effective learning rate
is defined as 90% of the maximum success rate divided by the number of epochs it takes to
reach that success rate. In push task, MC-Q005 achieved a higher effective learning rate as
compared to other strategies, while the effective learning rate of all advising strategies in pick
and place task are almost equal and they outperform NA. This may be due to the intrinsic
complexity of the push task where the trajectories are constrained on the table surface and
attention is provided to avoid collision, resulting in strategies with diverse performance. The
details of the impact factor on the performance of different advising strategies is summarized
in Tab. 5.2.
It is important to note that the EA slightly outperforms all the other strategies with large
advising threshold in the pick and place task. The strategies with a large threshold result
in more fluctuation in the success rate and lowers it in general for the pick and place task.
However, in the push task this phenomenon is not apparent.

Experimental Validation

This section presents the real-world experimental validation of the trained policy obtained
from the simulation on two Kinova Mico arms with Quanser SDK. The algorithm used to
generate the workspace trajectories for the arms to complete the tasks is agnostic to the
robot. This claim is experimentally validated by transferring the knowledge obtained from
a 6-DOF arm, in simulation to a 4-DOF arm used for the experiments.
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Table 5.2: Performance Summary of Different Advising Strategies
IE1
NA
NaN
EA
252
EAMC
116
MC-Q001
140
MC-Q005
46
MC-Q01
63
MC-ACT001
214
MC-ACT005
215
MC-ACT01
216
MC-ACTABS001 217
MC-ACTABS005 214
MC-ACTABS01
213
1
2
3
4
5

Push Task
Pick and Place
RT2 MSR3
ELR4
IE RT
MSR
0
336 489 0.9219
NaN
0
363 0.9333 0.0014 228 96 0.9750
139 0.9417 0.0033 135 178 0.9250
105 0.9583 0.0035 220 93 0.9250
195 0.9583 0.0036 174 156 0.9417
229 0.9583 0.0030 86 209 0.8417
71
0.9333 0.0029 225 82 0.9167
96
0.9500 0.0027 224 134 0.9167
80
0.9500 0.0029 226 85 0.9167
101 0.9625 0.0027 225 104 0.9167
91
0.9500 0.0028 229 85 0.9250
104 0.9500 0.0027 222 108 0.9083

Task
ELR
0.0010
0.0027
0.0027
0.0027
0.0026
0.0026
0.00275
0.0023
0.0027
0.0025
0.0027
0.0025

IE: Inspired Epoch
RT: Rise Time
MSR: Maximum Success Rate
ELR: Effective Learning Rate
Compared in Double Data Type

Two Quanser Mico arms [114] used for the push, and the pick and place experiments are
shown in Fig. 5.9. The Mico arm is a 4-DOF robotic arm with a 2-finger gripper, retrofitted
by Quanser with a real-time control interface capable of running in MATLAB and Simulink
[115]. The Simulink blocks, provided by the Quanser SDK, allows for precise joint and torque
control. The 2-finger gripper is programmed to be controlled by one input during the pick
and place experiment while it is kept locked in the push tasks. The specifications of the
robotic arms can be found in Tab. 5.3.
The desired trajectories, the position of the end-effector and the open/close commands for
the gripper, are generated by the well-trained dual-arm student policy. The Quarc simulator
from Quanser was used to check the feasibility of the proposed trajectories before they were
executed by the real robots. Object positions were kept to be the same for both the tasks
in the simulation and real-world experiments. But the size of the objects for the push task
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Figure 5.9: Real world experiment using dual arm: (a-d) pushing objects to the target
positions using dual arms, and (e-f) picking and placing objects at the desired locations
using dual arms.
were modified from 5.6 cm to 9 cm in the real-world experiments for compatibility with the
grippers.
To evaluate the improvements brought about by the proposed methods, the from scratch
method of training was used as the baseline method for this work. The best well-trained
policies generated from the proposed methods and the baseline method to the robotic manipulators were applied to perform the tasks, respectively. For push, as well as pick and
Table 5.3: Details of Robot Specification

Arm DOF
Gripper DOF
Max Reach
Max Linear Arm Speed
Joint Range
Max Payload
Control Interface
Joint Sensor
Finger Sensor

Mico Robot Arm
Jaco Robot Arm
4
6
2
3
55 cm
70 cm
20 cm/s
20 cm/s
±27.7 rev
±27.7 rev
0.75 kg full extension 0.8 kg full extension
1.25 kg mid-range
1.3 kg mid-range
Matlab
ROS and Kinova SDK
Encoder (index, absolute), torque sensor,
motor current, motor temperature
Encoder (relative)
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Table 5.4: Performance Summary of Real-world Experiments
1

Baseline Method
Proposed Method3
1
2

Push Task Pick and Place Task
0/50
30/50
40/50
38/50

Baseline method refers to the method of training from scratch without the
advising framework
Proposed methods refers to the methods of training with the proposed advising framework

place tasks, 50 trials of the real-world experiments were performed with different initial and
target conditions generated randomly using either policy. In the push task, 40 out of 50
trials ended with success using the proposed methods while all trials failed using the baseline method. In the pick and place task, 38 out of 50 trials resulted in success using the
proposed methods while 30 out of 50 trials resulted in success using the baseline method.
The experimental results are presented in Tab. 5.4.
For the 10 failed trials of the push task using the proposed methods, the robot arm failed
to move the object in the right direction as the object rolled away from the gripper during
the push process. This could be due to the difference in the grippers used in the experiment
as compared to the training environment. Inaccuracies in modelling physical properties of
objects inside the simulated environment could also result in poor performance of the trained
policy. All trials using the baseline method ended in either case of exceeding the testing time
or breaking the safety rules such as collision with each other or with the table.
In the 12 failures in the pick and place tasks using the proposed methods, the gripper failed
to grasp the object while moving in 3D. This could also be due to the difference in physical
properties such as deformation and friction of the objects in real life as compared to the
simulation. Even though the real world experiments sometimes failed due to inaccuracies in
modelling object-gripper contact and interaction, no collisions of the robot arms were seen
in the real-world experiments. This indicates that the teacher-student framework assists the
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student in learning the additional requirements that come with the multi-agent problem (in
this case collision avoidance). Among the 20 failures in the pick and place tasks using the
baseline method, 8 failures were caused by reaching the target position inaccurately, while
the other failures were caused by failing to grasp the object firmly during the movement.

5.5

Conclusions

Solving problems using multiple agents is an effective approach towards tackling complicated
tasks that typically involve high dimensional workspace. Unlike the classical method of
stacking the individual controller with explicit mathematical model to create a hierarchical
controller, stacking multiple well-trained single-agent neural networks is prone to make the
overall system redundant and expensive for real-time computation. Training a new super
agent for multiple agent control from scratch is computationally intensive and requires careful
design of hyperparameters to guarantee convergence.
In order to handle the scaling problem in training multiple agents to perform a specified
task, this chapter extends prior research on advising framework by leveraging the knowledge
of a well-trained-single agent. Furthermore, this work adapts the previous advising framework to allow for continuous control and presents a set of advising strategies that accelerate
the learning process as compared to training from scratch. The performance resulting from
different strategies are analyzed using different hyperparameters and demonstrated using
physical experiments with a dual-arm robotic system. The experimental validations demonstrated the benefits in using different advising strategies. ”Mistake Correcting with Q-value
Filter” outperformed all the others in the push task, ”Early Advising” gained the highest
success rate in the pick and place task, ”Mistake Correcting with Action Filter with 0.01
threshold” obtained the shortest rise time in both tasks. This shows that different strategies
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have different benefits and they need to be chosen based on the requirements of the task at
hand. This provides directions for future applications of the above techniques. Even though
the threshold may need to be tuned for different tasks to obtain the best performance, all
the strategies showed the benefit of a faster convergence rate under the proposed approach.
While the strategies proposed in this chapter were implemented in a deterministic environment, they could also be applied in a stochastic case. However, a more robust solution could
be developed for a purely stochastic case. For example, deciding whether or not to give an
advice could be evaluated based on the similarity between the policy distributions of the
teacher and the student agents.
Having addressed the scaling problem effectively, the next step in multi-agent learning is to
enable cooperative behavior at a higher level by implementing behavioral constraints. In the
next chapter, we will further explore the advising framework towards tasks with constraints.

Chapter 6
DUAL-ARM HUMAN POSE
MANIPULATION WITH
CONSTRAINTS

6.1

Introduction

The focus of this chapter is to perform dual-arm pick and place tasks with safety constraints.
Following the initial step that achieved dual-arm pick and place, and push tasks, this is a
step towards safe autonomous victim pose manipulation and extraction. Safety constraints,
in this chapter, are defined as constraints that ensure the safety of the human in the humanrobot interaction process. In autonomous victim extraction, many safety constraints need
to be addressed in order to safely extract the victim without posing additional injuries to
the victim, including collision, applying force/torque to certain body parts of the victim,
velocity/acceleration limits of the end-effector of the robotic manipulators, etc.
To solve these safety constraints related problems, various soft robots and advanced control
methods are being developed in the research community. Working in the same direction, this
chapter focuses on developing a new controller using reinforcement learning. As the initial
step to address safety constraints in autonomous victim extraction, this chapter explores the
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distance constraint among all the constraints, one of the most important and fundamental
constraint when extracting a victim into a SAVER. Most additional damage to existing
injuries, such as open wounds and broken bones, can be prevented by keeping a constant
distance between the grasping points.
In the previous work on dual-arm manipulation, a penalty in both redundant actions and
needless processing time is added to the training environment. Thus, the well-trained policy
learned from that environment generates the shortest path to the goal without collision,
while neglecting other constraints, for example, the distance between two grasping objects.
However, the inner collision of the dual-arm manipulation system and the collision between
the dual-arm manipulation system and the surrounding objects (such as table and grasping
objects) are avoided by the physics engine of the simulator. Also, the applied force/torque
and maximum velocity and acceleration of the end-effector can be either limited by the
low-level controller in either the training process (the environment simulator) or real-world
applications.
Developing reinforcement learning algorithm with safety constraints is still at its initial
stages. Previous studies either embedded the constraints into the overall reward/cost shaping
functions to guide the learning agent or used standalone shaping functions to represent
the constraints requirements. Both methods complicate the training environment design
as more care is needed in designing and balancing the shaping functions in the direction
of achieving the overall task goal and meeting the constraints at each time step. Sparse
reward, as mentioned in the previous chapter, is more convenient in designing the training
environments. By representing both task goal and constraints using sparse reward function,
the training processes becomes more challenging as the positive sampling becomes more
sparse. Based on the variable-reward reinforcement learning, this chapter further extends the
advising framework towards constraints conditioned policy learning within a sparse reward
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and constraints-met environment.

6.2

Review of Reinforcement Learning with Constraints

Reinforcement learning (RL) associated with deep neural network has been gaining a wide
range of applications towards solving difficult sequential decision-making problems. This
includes simulated games, such as playing Atari games [106], defending amateur human
teams at video games [116], discovering complex tools in hide-and-seek environments [117],
as well as real-world applications such as manipulating objects using a Shadow Dexterous
Hand [84], Learning agile and dynamic motor skills for legged robot [118], etc.
As RL is being used in more and more complex tasks, especially when human-robot interaction is involved, safety is becoming an important concern. Learning agent needs to take
safety into consideration when exploring the environment to find the optimal solution. In
a typical RL formula, a reward function is always carefully engineered to guide the learning agent in RL to complete the task in the designed environments [90], either simulated
[119] or constructed in the real-world [120]. Currently, the approach used in most research
involves embedding the safety constraints either into the environment or into the reward
function. For example, physics simulator [111, 121] will avoid the collision into each other
among the simulated objects, and actuators can also be constrained by the controller in the
simulated environment or on the robot side [122]. However, most engineering safety constraints are hard to be engineered into the training environment. Instead, a safety constraint
works either alone as a separate reward or merged with the task objective as a single reward
[123, 124, 125]. General reinforcement learning algorithms that include one value function
estimator, can be easily adapted to the training environment with a single mixed reward
function. However, it’s time-consuming and difficult to design a shaped function that guides
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the learning agent properly to learn the optimal policy. On the other hand, to address safety
constraint as a separate reward along with task reward, the value function approximator in
general reinforcement learning algorithms needs to be adapted to approximate both task
reward and constraints-met reward. However, additional computing resources need to be
allocated for the increased size of the value function approximator in such methods, making
the running speed of the algorithms slower.
To further improve the existing methods, this work is designed to work with a single sparse
reward combining both task reward and constraints-met. Inspired by the progressive learning
pattern of humans, this work also adapted the variable-reward hierarchical reinforcement
learning (VRRL) [126] towards teaching a new learning agent to achieve certain tasks with
additional safety constraints. Even though the original proposed variable-reward transfer
learning was tested only in simple environments, the idea of speeding up the learning of new
MDP by transferring experience from previous MDPs in the same dynamics (environment)
with different reward functions is validated. The main contributions described in this chapter
are as follows:
• The success of the advising framework and variable-reward reinforcement learning towards
performing desired tasks with additional safety constraints is discussed. Besides the basic
task completing behavior, the resulting learning agent is able to guarantee the safety
constraints.
• Compared to existing work that focuses on embedding constraints as an additional cost/reward item and applying shaping functions to guide the learning agent, this work presents
goal success and constraint cost via a single binary sparse reward signal, making the
proposed algorithm more practical for real-world applications.
• Evaluation of the proposed framework and comparison to existing methods are also provided. Based on the results, the proposed framework gained a faster learning and achieved
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higher success rate.

6.3

Related Work of Reinforcement Learning with Constraints

6.3.1

Constrained Markov Decision Process

In a standard reinforcement learning, an agent interacts with an environment, which can
be formalized as a MDP and defined as a tuple by (S, A, T, R, ρ, γ). The agent feels free to
take any action as long as it leads to a better performance. However, this cannot be held
in exploring environments, in which some states or actions will lead to danger or result in
safety issues, for example, crashing into walls during navigation. Safety constraints need to
be added to the standard reinforcement learning in order to deploy well-learned agents to
our daily-life activities. The reinforcement learning with safety constraints can be formalized
as a Constrained Markov Decision Process (CMDP). Similar to the reward functions, each
constraint in the environment can be represented by using a separate function, ci . The
associated constraints thus can be represented as a set c1 , c2 , ..., ck . The policy set that
satisfies the safety constraints can be denoted as , ΠC , and expressed as,
ΠC = {π : Jci (π) ≤ di , i = 1, ..., k}

(6.1)

where Jci is the cost-based constraint function for constraint ci , and di is the threshold set
by environment designer for constraint ci . An optimal policy, π ∗ , can thus be given as,
π ∗ = arg max Jr (π)
π∈ΠC

(6.2)
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where Jr is the reward-based objective function. In this work, both Jr and Jci are the finite
horizon discounted return as mentioned in the previous chapter.

6.3.2

Advising Framework

The reinforcement learning advising framework is designed to speed-up the training of a
new learning agent by transferring the knowledge from a previous well-trained agent. The
advising framework has validated its success in transferring knowledge between agents that
share the same or similar environment dynamics. In the advising framework, the teacher
agent can give a limited advice to the student agent to help it gain a faster understanding
of the training environment. Depending on the designed heuristic, the teacher agent decides
on whether or not to give the advice to the student agent. Commonly used heuristics
include the importance of a state, Q value I(s) = max Q(s, a) − min Q(s, a), and the action
a

variance

st
D(atr
i , ai )

=

katr
i

−
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i k2 ,

a

the difference between recommended action and the

student proposed action. Three types of strategies are proposed in the previous chapter to
speed-up the learning in continuous reinforcement learning environment with sparse rewardnamely, early advising, Mistake Correcting with a Q-value Filter, and Mistake Correcting
with an Action Filter.

6.3.3

Variable-reward Transfer Learning

Transfer learning has been widely used in many fields of deep learning, such as computer
vision and natural language processing. Transfer learning in these fields directly deploy part
of the neural network into the new neural network and fix their weight in the new training
process. For example, in Chapter 4, the proposed human pose estimation neural network
uses the first ten layers of VGG19 as its front layers. These layers serve as the pre-trained
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pre-processing layers to extract rich features and thus improve the overall learning process.
Variable-reward Transfer Learning (VRTL) in reinforcement learning speeds up the learning
process by transferring the knowledge of the environment dynamics. VTRL assumes that the
new environment shares the same dynamics as the previous environments but with different
reward functions. Another important assumption is that the reward functions are weighted
linear combinations of reward features, but with different weights across the environments.
The family of these variable-reward environments can be formalized as a family of MDPs and
defined as a tuple (S, A, T, f, ρ, γ). The S, A, T, ρ, and γ are the same as defined in Chapter
4. f stands for an n-dimensional vector of reward feature components, < f1 , f2 , ..., fn >.
A weight vector, w =< w1 , w2 , ..., wn >, denotes the weights of the reward function for a
specific environment MDP, in which the reward function is R = w.f. All the MDPs in a
variable-reward family share the same states, actions, state transition function, but could
have different weights for the reward function.

6.4

Proposed Method

In this section, we further extend the proposed advising framework presented in Chapter 5
and incorporate the variable-reward transfer learning into it. The training environment is
also modified to provide feedback and record the constraints-met information to the learning agent. Also, a nonlinear combination of the reward features is used in the training
environment to further simplify the reward function design.
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Advising Framework with Variable-reward Transfer Learning

One of the most challenging issues in deploying a sparse reward function, which includes both
the goal objective and the constraints-met objective, is how far from the sparse reward the
learning agent could get during the training process. The mixed negative samplings, compared to the situations in which only the goal objective is included, discourages the learning
agent, thus resulting in a failure in the training. Inspired by the hierarchical architecture of
the advising framework and transferring knowledge among same environment dynamics but
with different reward functions using VRTL, the proposed advising framework divides the
overall learning process into three stages, including the teaching stage, the stretching stage
and the exploring stage. Two different reward functions are deployed among these stages to
both encourage the learning agent to explore and guide it to the optimal policy searching.
In the teaching stage, the proposed advising framework in Chapter 5 is deployed. The teacher
agent teaches the student agent how to perform basic behaviors. The reward function which
serves as the evaluation and guidance of the learning agent’s performance, is only related to
the goal objective. The teacher agent could be trained from a different environment as the
one the student agent is learning from. In this work, the teacher agent is the well-trained
policy to control a single robotic manipulator while the student agent is learning to control
a dual-arm robotic manipulation system. The teaching stage ends when the advice budget
is used up.
The stage following the teaching stage is the stretching stage. In this stage, the environment
keeps the same reward function as the one in the previous stage. Without the intervention
of the teacher agent, the learning agent explores the environment using its own policy, and
is guided by the reward function to achieve the goal objective. This stage presents a fast
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learning and quick adaption of the learning agent to the goal objective environment. At the
end of this stage, the learning agent should be able to fully perform the goal objective task
within its capability.
The final stage of this advising framework is the exploring stage. In this stage, the environment dynamics remains the same but the reward function changes. The constraints-met
objective is added to the reward function along with the original goal objective. This stage
further polishes the performance of the learning agent in completing the tasks by adding
additional constraints. Besides using a linear combination of these two reward features, this
work also explores a nonlinear combination of these two reward features. The reward function design will be detailed in the following section. The overall algorithm is presented in
Algorithm. 1.

6.4.2

Simulated Dual-Arm Manipulation Environments with Constraints

The simulated environment used in this chapter is picking and placing objects using two
6-DOF Kinova Jaco arms and it is similar to the one in Chapter 5. The only difference
between these two environments is the objects’ initial positions and target positions sampling
methods. In the previous environment, the objects’ initial and target positions were sampled
around the manipulators within a threshold to ensure they are in the reachable workspace.
In the simulated environment with safety constraints, the objects’ initial positions and target
positions are carefully chosen to ensure that the distance of the objects in both positions are
within the constraints threshold.
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Algorithm 1 Advising Framework using Variable-Reward Transfer Learning
Given:
An off-policy Actor-Critic RL algorithm A
A goal objective function fg and a constraints-met objective function fc
A reward function R = R(fg , fc )
Initialize a constraint requirement c
1: Initialize critic network Q(s, a, c|θ Q ) and actor µ(s, c|θ µ ) in both main and target neural
networks of A
2: Initialize replay buffer B
3: for episode = 1, M do
4:
Set stage ∈ {teaching, stretching, exploring} according to the heuristic
5:
Randomly initialize the training environment E with a goal g and initial state s0
6:
for t = 0, T − 1 do
7:
switch stage do
8:
case teaching
9:
Compute proposed actions using advising framework at
10:
case stretching, exploring
11:
Compute proposed actions from student policy at
12:
Execute the action at , observe the new reward rt , new state st+1
and new constraint state ct+1
13:
Store the transition: (st ||g||c, , at , rt , st+1 ||g||c, ct+1 ) in B
14:
Sample a random minibatch of N transitions (st ||g||c, , at , rt , st+1 ||g||c, ct+1 ) from B
15:
switch stage do
16:
case teaching, stretching
17:
Random sampling n in N and replace g with achieved goal in future g ′ ∈ G′
18:
Recompute reward r in minibatch using R = fg
19:
case exploring
20:
Random sampling n in N , replace g with achieved goal in future g ′ ∈ G′
and replace c with achieved c′ in the next state
21:
Recompute reward r in minibatch using R = R(fg , fc )
22:
Perform one step of optimization using A and minibatch B
23:
end for
24: end for
Constraints Objective Function
A Constraint is defined as the distance between the two objects that are picked up and placed
by the dual-arm robotic manipulation system. To ensure autonomous victim extraction, the
constraint value is set based on the average shoulder width in the U.S., µc = 0.35 m. To
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both encourage the learning process and consider the actual application, a threshold of the
constraint i is set to be ϵc = 1.5 cm. The constraint objective function is formulated as,
fc = −(kfc (st+1 ) − µc k > ϵc )

(6.3)

where fc (st+1 ) is the mapping function from state s to the constraint state c. In this work,
it is the distance between two objects. The constraints objective function component in the
reward prevents the learning agent from breaking the constraints.

Reward Objective Function
Similar to the reward function in Chapter 5, the reward objective function used in this
chapter is defined as
fg = −(kfg (st+1 ) − gk > ϵ)

(6.4)

The reward objective function component in the reward guides the learning agent towards
completing the tasks.

Rewards
The rewards are a direct measure to optimize the neural network. In the VTRL, the reward
function is made up by the reward feature components. The Constraints objective function
and the Reward objective function serve as the two reward features in this work. Instead
of using a linear combination of the reward feature components, a nonlinear combination,
R = min(fc , fg ), is used to make the reward received remain in the same set, r ∈ {−1, 0}.
This helps with avoiding a large change of outputs of the critic approximator. In return,
only small parameter changes occur in the critic neural network, thereby making the training
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process more stable.

6.4.3

Baselines Methods

To compare with the proposed variable-reward advising framework towards safety constraints
reinforcement learning, existing standardized constrained RL algorithms from OpenAI [127]
were evaluated on the proposed environment.

These algorithms include CPO, TRPO-

Lagrangian and PPO-Lagrangian. TRPO-Lagrangian and PPO-Lagrangian are TRPO [128]
and PPO [129] combined with the Lagrangian approach. To make the policy conditioned
on the constraints, slight modifications on the neural networks are made to enable HER [82]
and the proposed advising framework in Chapter 5 to solve the proposed environment.

6.4.4

Training and Results

The neural networks are implemented using Tensorflow [80]. Each neural network has 8
hidden layers, whose first 2 layers include 512 neurons and the other layers include 256
neurons. The activation function is ReLu and the optimizer is Adam. The same architecture
is applied in the target network and the main network, while the target network is updated
at a slower speed than the main network. In this work, Early Advising is used to speed up
the learning agent within the first 200 epochs and then the stretching stage lasts for another
100 epochs. The whole training process takes 900 epochs.
To evaluate the performance of the algorithms, Constraints-met Rate (CMR), Goal Success
Rate (GSR) and Success Rate (SR) are used. CMR defines the rate of obeying the constraints
during the testing episodes. GSR is same as the success rate defined in Chapter 6, denoting
the success rate of achieving the goals. SR represents the success rate of both achieving the
goals at the end of the episode and obeying the constraints during each episode. To ensure
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Figure 6.1: Simulation results of the standardized constrained RL algorithms from OpenAI.
(A) CPO, (B) TRPO-Lagrangian and (C) PPO-Lagrangian.

the different algorithm testing in the same environments, the same random seeds are applied.
The neural networks are trained using AMD Threadripper 2950x CPU and an NVIDIA Titan
Xp GPU or AMD Threadripper 1950x CPU and an NVIDIA 1080 GPU. To improve the
training efficiency, a similar distributed training approach is deployed in these 16-cores and
32 treads computers. Also, the same version of the software packages and random seeds are
used in either computer to reduce training differences.
The training performance of CPO, TRPO-Lagrangian and PPO-Lagrangian are presented
in Fig. 6.1. All these methods failed in the training process. Figure 6.2 presents the training
performance of the proposed variable-reward advising framework, the proposed advising
framework and the modified HER algorithm. Even with the hindsight experience replay
buffer, the modified HER algorithm could not achieve any success rate in the training. The
proposed advising framework, presented in Chapter 6, gained a slight success rate during the
training. However, the success rate kept on dropping from the middle of the training, which
could be due to the increasing perception of negative samples in the replay buffer, thereby
discouraging the learning agent. The proposed algorithm gained the best performance among
all these algorithms, achieving a maximum SR of around 70%.
Figure 6.3 presents a case study of the constraints awareness of the well-trained policy
obtained from the proposed variable-reward advising framework (A, B) and well-trained
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policy obtained from the advising framework (C, D) in Chapter 6. Figures 6.3 (A) and (C)
show the objects’ distance along the pick and place process. The region in between the read
dash lines is the region that satisfies the defined constraints. It can be seen in performing
the same task in that same environment that the policy with constraints-awareness tries
to maintain the object distance within the threshold while the policy without constraintsawareness could pull the objects out of the safety region. Figures 6.3 (B) and (D) show the
3D trajectories of both the grippers (solid lines) and objects (dash lines). The trajectories
start from the green circles and end at the red circles.

6.5

Conclusions

Addressing the safety constraints in reinforcement learning is still at its initial stage. However, it is one of the most crucial stages of applying artificial intelligence into daily robots,
especially the ones that interact with humans. Motivated by autonomous victim extraction,
this chapter further extended the advising framework developed in Chapter 6 to incorporate
the variable-reward transfer learning.
One study of picking up and placing objects at target positions with distance constraints was
performed in this chapter. Grasping objects within a distance threshold is a fundamental

Figure 6.2: Simulation results of (A) the proposed variable-reward advising framework, (B)
the proposed advising framework, and (C) HER.
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Figure 6.3: One case study using well-trained constraint-conditioned policy (A,B) and welltrained constraints-unaware policy (C,D).
behavior to manipulate the human pose during the extraction. Further damage to an injured
person’s open wounds and broken bones can be efficiently avoided with this behavior. This
well-trained policy can also be used to manipulate heavy rigid objects using the dual-arm
manipulation system.
Compared to other constrained RL algorithms, the proposed method achieved a higher
success rate in the same training environment and training period. More sparse rewards
and challenging dynamics embedded in the task make the training process more unstable.
The proposed advising framework in Chapter 6 even gets a decreasing success rate after
the middle of the training process. With a eight-hidden-layer neural network, the welltrained policy obtained by the proposed advising framework can achieve a maximum SR of
around 70%. Compared to the unconstrained RL, the training with constraints consideration
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is challenging. As an initial step towards reinforcement learning with safety constraints,
more studies are needed in this direction, including desiccated neural network architecture
design that could efficiently take in constraints as additional inputs, studying the constraints
feature transfer learning to speed up learning with the same constraints but in different
environments, and hyperparameters tuning to decrease the overall size of the neural network
in the learning agent.

Chapter 7
SYSTEM MODELING AND
IDENTIFICATION OF ROBOTIC
MANIPULATORS USING
GENERATIVE ADVERSARIAL
NETWORKS

7.1

Introduction

Identification of the Inverse Kinematics (IK) and the Inverse Dynamics (ID) plays an important role in precise robot control and trajectory tracking [130, 131]. Existing literature
details various approaches aimed at obtaining precise models of the system to lower feedback
gain and improve adaptability in designing a stable controller [132, 133]. These techniques
can be broadly classified into two categories: analytical methods, and numerical methods.
Analytical methods involve deriving an explicit mathematical model of the system under consideration from first principles. However, these methods rely on simplifying assumptions,
prior knowledge, and experimental parameter estimations using the real system. Imperfec86

7.1. Introduction

87

tions in any of the above can cause the analytical model to differ from the real system. In
most cases, deriving the underlying mathematical model is unnecessarily complicated, and
could suffer from singularities and nonlinearities [134, 135]. In contrast, numerical methods
are data-driven and can provide approximate solutions within a desired tolerance [136]. With
dedicated algorithms and sufficient data collected from real-world experiments, numerical
methods can learn the uncertainty part in the real system that is difficult to model, and
thereby providing better predictions of the system behavior [137].
Over the past few decades, the applicability of machine learning has improved greatly along
with improvements in the computational capability of hardware. Many techniques have
been developed to solve highly nonlinear problems, such as learning the sequences of motion
primitives for robot manipulation [138], cleaning a table [139], and generating trajectories
for biped robots to follow ZMP critics [140]. The majority of existing techniques have
focused on solving high-level tasks or trajectory planning, while using a general model-based
controller for the low-level actions, resulting in a hybrid control system. Reinforcement
learning techniques became popular in the research community due to the applicability of
physics engine simulations [141] and a replay buffer [104]. However, in many cases, relying
on the analytical model behind the physics engine instead of using real-world data builds a
gap between the simplified analytical model and the complex real-world system.
Applying machine learning techniques to acquire the IK and ID of a given system has a
history of almost two decades in the research community. Karlik et al. worked on finding the
best Artificial Neural Network (ANN) configuration to solve the IK problem for a six Degreeof-Freedom (DOF) robotic arm [142]. Comparison of Radial Basis function network (RBF)
and Multilayer Perceptron Network (MLP) in solving IK of a 6-DOF arm was performed
in [143]. A neural network architecture, combined with evolutionary techniques were used
to solve the IK of a 6-DOF Stanford robotic manipulator in [144]. In addition to planar
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manipulators [145], the IK of a spatial 3-DOF structure was studied in [146]. Instead of
using a single-agent neural network to solve the kinematic problem, Ansari et al. applied
actor-critic architecture (two agents in one neural network architecture) to learn the IK of
a 6-DOF robotic manipulator inside a reinforcement learning environment. However, this
work explored only a discrete action space (joint space) instead of the continuous action space
[147]. In addition to offline training techniques, an adaptive online strategy based on the
Lyapunov stability theorem was presented to solve for the IK of redundant manipulators in
[148]. Multiple soft computing algorithms for solving the IK of different robotic manipulators
were compared in [136]. However, the majority of existing work used analytical models as
ground truth or used analytic models embedded inside physics-based simulations, instead of
using the data set collected from the real world.
Compensation methods using reinforcement learning were developed for better trajectory
following, and the learning process was demonstrated in real-world online conditions [130].
Even though the compensator was learned, analytical models inside the controller were also
used.
Compared to the IK, learning the ID is more difficult due to the high dimensionality of
the input. To address this issue, existing techniques in this domain have used analytical
models along with learning approaches to handle the modelling error. To this extent, Meier
et al. proposed a nonlinear function approximator to learn a constant error model in order
to improve tracking performance on specific trajectories [149]. On the other hand, Rayyes et
al. proposed learning the inverse statics model by taking advantage of the symmetry of the
robot [150]. However, the improved efficiency offered by this method is limited to symmetric
robot designs. Machine learning methods have also been used to learn rich dynamics as in
the case of a soft robotic manipulator [137, 151, 152]. Deep learning networks along with
physics-based simulators have also been used to study robot dynamics [153]. Reinforcement
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learning techniques have also been used to learn the closed-loop predictive controller for a
real robot [137].
Similar to other numerical methods, the need for a large dataset plays an important role in
training the neural network to approximate the target model. As such, data collection is the
most time consuming and expensive part in the global estimation of the ID. The proposed
approach in [137] requires real-world data collection lasting approximately two hours to
develop a closed-loop controller from scratch. To overcome the problem of training a neural
network with limited data, Generative Adversarial Networks (GANs) were proposed by the
computer vision research community. The idea was to create additional ”fake” data similar
to the real world data, and thereby enlarge the total dataset available for training the target
neural network [154, 155, 156]. GANs have also been used in inverse reinforcement learning
to recover the reward functions embedded in training environments to perform specific tasks
[95, 157]. In a similar fashion, this work aims to approximate the real model globally using a
limited real-world dataset, which is augmented with fake data generated using GANs. The
main contributions described in this chapter are as follows:
• The success of GANs used in the domain of computer vision towards learning the IK
and the ID in extended in cases where real-world data collection is expensive and highly
nonlinear with high dimensional inputs.
• Four types of popular GANs, namely, CGANs [158], LSGANs [159], BiGANs [160], and
DualGANs [161] were modified for applicability towards solving the IK and the ID problems. Performance of these methods was compared over the unseen real-world trajectories.
• Experimental evaluation of these methods was performed on a 3-DOF MICO robotic
manipulator [114] and a 8-DOF Fetch robotic manipulator. To test the efficiency of the
proposed modified GANs, all training processes were performed on a limited real-world
dataset (collected over a period of 40 mins). The performance of the training process was
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Figure 7.1: 4-DOF MICO robotic manipulator with coordinate frame assigment.
also evaluated using different sizes of the partial dataset and different deviations for the
generator in the GANs.

7.2
7.2.1

Review of System Modeling and Identification
Inverse Kinematics and Inverse Dynamics

Kinematics describe the relationship between the coordinates in the joint space, q and the
ones in the task space, x. The forward kinematics map the joint space to the task space,
F K : q → x while the inverse kinematics presents the opposite mapping, IK : x → q. Many
methods have been developed to solve the kinematics problem, such as the geometric method
and the Denavit-Hartenberg (DH) method. The closed loop equations have singularities and
nonlinearities and thereby make the IK solving computationally expensive [134].
In this chapter, we use a MICO robotic manipulator [114] and a Fetch robotic manipulator
[162] as the experimental platforms for solving the IK and ID problems. As shown in Fig.
7.1 and Fig. 7.2, the standard Denavit-Hartenberg (DH) method was used for the coordinate
frame assignments. With respect to the Fetch robotic manipulator, the head pan and tilt
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Figure 7.2: 8-DOF Fetch robotic manipulator with coordinate frame assigment.
motions are trivial, and thus not considered. The transformation matrix from frame i, Fi ,
to frame j, Fj , is denoted as i Tj . The transformation matrix from the base frame to the
end-effector frame, 0 TE , can thus be obtained by multiplying the transformation matrices
between intermediate frames, i Ti+1 , recursively,

0

TE =

n
Y
i=0

i

0
 RE
Ti+1 = 
0


0

PE 

1

(7.1)

where 0 RE , 0 PE are the rotation matrices from the base frame to the end-effector frame
and the position vector of the end-effector in the base frame, n is the number of intermediate frames. The corresponding DH parameters are presented in Table 7.1 and Table 7.2,
respectively.
Dynamics correlates the torque and the force in each joint to the position, velocity and
Table 7.1: DH parameters and joint ranges of the MICO robotic manipulator.
Joint i
1
2
3
4

ai−1
0
0
L2
0

αi−1 (rad)
di
0
L0 + L1
−π/2
0
0
0
−π/2
L3 + L4

θi (rad)
θi limitations(rad)
q1
[−π, π]
q2
[−11/18 ∗ π, 1/9 ∗ π]
q3
[−23/36 ∗ π, 5/36 ∗ π]
q4
[−π, π]
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acceleration of the joint along with the external forces applied to the robot. The dynamics
problem can be solved by various methods such as the Newton-Euler method, Lagrangian
method, or Hamilton method. In this chapter, the Newton-Euler method was applied along
with the DH parameters to solve for the dynamic model of the robotic arm. The inverse
dynamics of the robotic arm can be expressed as,
τ = M (q)q̈ + C(q, q̇)q̇ + G(q) + J ⊤ F

(7.2)

where, M is the generalized inertial matrix, C is the generalized bias force including Coriolis,
centrifugal forces, and friction terms, G is the gravitational force, J is the Jacobin matrix,
and F is the external force applied to the end effector. Table 1 and Table 2 in Appendix A
show the geometric and inertial properties of each link obtained from the Computer Aided
Drawing (CAD) files for the MICO and the Fetch robotic manipulators, respectively. The
moment of inertia is measured at the Center of Mass (CoM) of each link, aligned with its
local coordinate system. q, q̇, q̈, τ present the vectors of joint position, velocity, acceleration
and generalized force variables, respectively. The inverse statics model can be obtained by
setting the vectors of joint velocity and acceleration to zero, q̇ = q̈ = 0. In this work, we do
not apply any external force and torque to the end effector, which results in F = 0.

Table 7.2: DH parameters and joint ranges of the Fetch robotic manipulator.
Joint i ai−1
1
L0
2
L2
3
0
4
0
5
0
6
0
7
0
8
0

αi−1 (rad)
0
−π/2
−π/2
π/2
−π/2
π/2
−π/2
0

di
L1 + D1
L3
0
L4 + L5
0
L6 + L7
0
L8 + L9

θi (rad)
0
θ1
−π/2 + θ2
θ3
θ4
θ5
θ6
θ7

θi , Di limitations(rad, mm)
[0, 400]
[−23/45 ∗ π, 23/45π]
[−7/18 ∗ π, 29/60 ∗ π]
Continuous
[−43/60 ∗ π, 43/60 ∗ π]
Continuous
[−25/36 ∗ π, 25/36 ∗ π]
Continuous
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Generative Adversarial Networks (GANs) and Variants

GANs and Conditional GANs
Goodfellow et al. introduced Generative Adversarial Networks (GANs) for the first time in
2014 [163], followed by a series of GANs-family methods being developed for a wide variety of
problems including generative tasks and discriminative tasks. Figure 7.3 shows the original
network structure of GANs. In the original formulation, GANs includes a generator G and
a discriminator D. The generator is trained to learn a mapping from a low-dimension latent
vector, z ∈ Z independent and identically distributed samples from a known prior pz , to
points in the space of natural data X , while the discriminator, D is trained to learn a map
X 7→ [0, 1] that could determine if a sample x ∈ X is from the natural dataset, x ∼ pdata (x),
or generated from the generator, x ∼ G; z ∼ pz . Thus, the training process is to optimize
the D to assign correct labels to both the natural dataset and the samples from the G, and
optimize the G to minimize log(1 − D(G(z))) simultaneously. The minimax objective for the
GANs is formulated as follows

min max V (D, G) = Ex∼pdata (x) [log D(x)] + Ez∼pz (z) [log(1 − D(G(z)))]
G

D

(7.3)

The Conditional Generative Adversarial Networks (CGANs) [154, 158] extended the original

Figure 7.3: Network structure of Generative Adversarial Networks (GANs).
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GANs to make both the Generator and the Discriminator be conditioned on additional
information y, G(z|y) and D(x|y). The generator, G, takes the combined information of y
and latent vector z as inputs while the discriminator, D, takes data x and y as inputs. The
objective function of CGANs thus becomes,

min max V (D, G) = Ex∼pdata (x) [log D(x|y)] + Ez∼pz (z) [log(1 − D(G(z|y)))]
G

D

(7.4)

Least Square GANs (LSGANs)

The cross-entropy loss function proposed in the original formulation, Eq. 7.3, minimizes the
Jensen-Shannon divergence between pdata (x), the data distribution, and pg (z), the implicit
distribution of the generator when z ∼ PZ [163]. To overcome the difficulty and failure in
training GANs using the original objective function, Mao et al. adopted a least squares loss
function with a − b coding scheme for the discriminator and showed that minimizing the
objective function of LSGANs yields a minimization of the Pearson χ2 divergence [159]. The
proposed objective functions in LSGANs are defined as follows,
1
1
min VLSGAN (D) = Ex∼pdata (x) [(D(x) − b)2 ] + Ez∼pz (z) [(D(G(z)) − a)2 ]
D
2
2
1
min VLSGAN (D) = Ez∼pz (z) [(D(G(z)) − c)2 ]
G
2

(7.5)

where a and b denote the labels for fake data and real data, respectively. c denotes the value
that G wants D to believe to be for fake data. Suggested by the parameters selection in
[159], 0 − 1 binary encoding scheme is used in this chapter, where a = 0, b = 1, c = 1.
Similarly, Arjovsky et al. suggested to minimize the smoother Wasserstein-1 distance between the generated and the natural data distributions, thereby proposing the Wasserstein
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GANs [164],
W (pdata , pz ) = sup Ex∼pdata (x) [f (x)] − Ez∼pz (z) [f (z)]

(7.6)

∥f ∥L ≤1

where kf kL ≤ 1 : X 7→ R is the family of functions that are 1-Lipschitz. To minimize the
Wasserstein distance, a similar value function is used to optimize the training process,

VW GAN (Dw , G) = Ex∼pdata (x) [Dw (x)] − Ez∼pz (z) [Dw (G(z))]

(7.7)

With this formulation, Dw : X 7→ R is trained to serve as a function in computing the
Wasserstein distance.

Bidirectional GANs (BiGANs) and DualGANs

Besides exploring the optimization in the objective functions, efforts have also been applied
in designing a new architecture. Bidirectional Generative Adversarial Networks (BiGANs)
provide Generative Adversarial Networks (GANs) with the means for learning the inverse
mapping, projecting the data, x ∈ X , back into its latent space, z ∈ Z, [160]. An encoder,
E, in BiGANs is trained to invert the generator G without direct communication with the
generator, G. Similar to the BiGANs, DualGANs was proposed with two discriminators and
two generators to learn the mappings between the two spaces, X and Z. The primal GANs
learns the translation from space Z to space X , while the dual GANs learns to invert the
task. With two discriminators and closed loop architecture, DualGANs perform better in
translating between the two spaces [161].
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Figure 7.4: Conditional Generative Adversarial Networks (CGANs) for the IK and the ID.

7.3

Proposed Method

This section describes the proposed GAN architecture to approximate the IK and the ID of
both MICO and Fetch robotic manipulators using real-world data.

7.3.1

Conditional Generative Adversarial Networks and Least Squares
Generative Adversarial Networks

In the original GANs, the generator priors on latent vectors z ∈ Z as the inputs and produces
the data x ∈ X . To satisfy the mathematical model of the IK and the ID, each piece of
data, [I k O] ∼ Pdata , consists of both the input I and the expected output O for IK and
ID. k represents the concatenated form of data I and O in the dataset. In solving the IK,
the position vector of the end effector in the workspace xe ∈ Xend is used as the input I,
while the joint states qk ∈ Qk that result in the corresponding position of the end effector
form the output O. For the ID, the joint states along with their first and second derivatives,
q, q̇, q̈, are used as the input I, while the vectorized force, τ , presents the output O. As
shown in Fig. 7.4, the discriminator, D, takes in one piece of data, [IkO] or [I ∗ kO∗ ] and
outputs the validity of whether this piece of data is from the natural dataset or generated
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Figure 7.5: Bidirectional Generative Adversarial Networks (BiGAN) for the IK and the ID.

from the generator, G. We denoted [I ∗ kO∗ ] as the data generated from the generator. Based
on the I part of the data sampled from the natural dataset with the predefined variance, σ 2 ,
I ∗ is sampled using Gaussian Distribution N (I, σ 2 ) along with each input dimension. I ∗ is
then fed into the generator, and it outputs O∗ . I ∗ is then concatenated with O∗ as a single
instance of fake data to pit against the discriminator. The objective function of the modified
CGANs is,
min max V (D, G) = E[I∥O]∼pdata ([I∥O]) [log D(O|I)] + EI ∗ ∼N (I,σ2 ) [log(1 − D(G(I ∗ )|I ∗ ))] (7.8)
G

D

In accordance with the approach described in [159], the proposed LSGAN architecture replaces the cross-entropy loss term in the objective function Eq. 7.8 above, with the 0 − 1
binary coding scheme in order to enforce the generator-discriminator architecture to produce
realistic data,
1
1
min VLSGAN (D) = E[I∥O]∼pdata ([I∥O]) [(D(O|I) − 1)2 ] + EI ∗ ∼N (I,σ2 ) [(D(G(I ∗ )|I ∗ ))2 ]
D
2
2
1
min VLSGAN (D) = EI ∗ ∼N (I,σ2 ) [(D(G(I ∗ )|I ∗ ) − 1)2 ]
G
2
Details in picking the standard deviation σ for training are presented in Sec. 7.3.6

(7.9)
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7.3.2

Bidirectional Generative Adversarial Networks

Bidirectional Generative Adversarial Networks (BiGANs) provide one extra component, encoder E, to the Generative Adversarial Networks. The encoder E in the original BiGANs
aims to learn the hidden mapping from the data space to the latent noise space. With this
architecture, BiGANs can learn both the forward and inverse mapping at the same time during the training process. With the same idea, the proposed network architecture, as shown
in Fig. 7.5, embeds an encoder to provide the inverse mapping of the studied problem. An
additional sampler is built to generate additional ”fake” data, O′ , based on the sample data,
O, from the natural dataset. These additional samples O′ and the correspondingly generated
I ′ are then used to train the encoder E and the discriminator for the generator G. In the
original formula of BiGANs [160], the data pairs [I ′ kO′ ] generated from the encoder E are
believed to be natural data. To supervise the encoder’s learning process of inverse mapping
and thereby improve the stability of the optimization procedure, one additional optimization
loop, L, is proposed in the network. In the added loop, the generator takes in data I and
outputs data O. The data O is then mapped back to I ′ via the encoder. The corresponding
loss function of the loop is defined as the L2 distance between the original data I and the
processed data I ′ ,
L = kI − I ′ k2 = kI − E(G(I))k2

(7.10)

The following loop loss is added to the BiGANs objective function,
min max V (D, G) =E[I∥O]∼pdata ([I∥O]) [log D(O|I)] + EI ∗ ∼N (I,σI2 ) [log(1 − D(G(I ∗ )|I ∗ ))
GE

D

∗

(7.11)

∗

+ EO∗ ∼N (O,σO2 ) [log(1 − D(O |E(O )))]
Details in picking the standard deviations σI and σO for training are presented in Sec. 7.3.6.
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Figure 7.6: Dual Generative Adversarial Networks (DualGAN) for the IK and the ID.

7.3.3

Dual-Generative Adversarial Networks

DualGANs were proposed to create the mapping between two domains I and O. Compared
to the derivatives of the GANs mentioned above, it consists of two GANs roughly with one
GAN for forward mapping learning and one for inverse mapping learning. As shown in
Fig. 7.6, the proposed DualGANs are composed of GAN-A and GAN-B. GAN-A (whose
components are denoted with subscript A) is built to generate ”fake” O prior on I, while
GAN-B does the inverse job. Two additional optimization loops L1 and L2 are embedded
in the network architecture. In optimization loop 1, samples I are transferred to O space
via generator GA then transferred back to I space via generator GB as I ∗ . The L2 distance
between I and I ∗ are used as the objective function to optimize both GA and GB . A similar
procedure is being performed in loop 2. As advocated in the original DualGANs [161],
Wasserstein-1 distance is used to define the loss of both discriminators, DA and DB ,
d
lA
(I, O) = DA ([I ∗ kGA (I ∗ )]) − DA ([IkO])

(7.12)

d
(I, O) = DB ([GB (O′ )kO′ ]) − DB ([IkO])
lB

(7.13)
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Table 7.3: Hyperparameter tuning for neural networks.
Parameters

Choices

Number of Layers

[3, 4, 5, 6, 7, 8]

Number of Neurons
in Hidden Layers
Activation Functions
in Hidden Layers
Parameters for ’Leaky ReLU’

7.3.4

[128, 256, 512, 1024]
[’ReLU’, ’Sigmoid’
, ’Leaky ReLU’]
[0.1, 0.3, 0.4, 0.5, 0.7, 0.9]

Final selected parameters
3 for IK
5 for ID
256
’Leaky ReLU’
0.1

Data Standardization and Hyperparameter Tuning

Feature scaling is an important process for data preparation in machine learning, especially
when the range of values of raw data varies widely [165]. Considering the different ranges
of the joint position as shown in Table 7.1 and Table 7.2, the real-world data collected is
standardized by removing the mean and scaling to unit variance before being processed to
the training and validation dataset. With a unit variance for each data channel, standard
deviation can be selected for the generator to generate input samples. A comparison of using
different standard deviations for the generators is performed to evaluate their impact on the
training performance in the Sec. 5.4.2.
To ensure optimal performance of each of the proposed methods, Hyperopt [166] was used
for hyperparameters tuning. The tuned hyperparameters include the number of layers nl ,
the number of neurons in each layer nn , the activation functions used for the neurons in each
layer, except the final output layer fa , and the parameters for the activation, fp , if needed.
In order to ensure realistic comparison, tuning was performed to optimize the cumulative
performance of all proposed methods, and the same set of tuned parameters were used across
all proposed architectures. Details of the choices and tuned hyperparameters are presented
in Tabel 7.3.
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7.3.5

Data Collection for Robotic Manipulators

Data Collection for MICO Robotic Manipulator
To avoid overfitting of the training model in local paths, random trajectories, instead of
predefined trajectories, were generated for the end-effector of the MICO robotic manipulator to follow. Each trajectory consisted of multiple waypoints, distributed over the whole
actuation space (joint space). In sampling the waypoints, two criteria were used to ensure
the feasibility and safety in achieving the desired motion: (1) the joint positions should fall
within the feasible configuration space and, (2) the z position of end effector, calculated from
the forward kinematics, should be greater than 0.2 m to avoid the robotic manipulator from
crashing into the table where the base was fixed. Cubic polynomials were used to generate
the desired smooth motion between two consecutive waypoints in the trajectories, ensuring
zero velocity constraints at each waypoint.

f (t) = a + bt + ct2 + dt3

(7.14)

Figure 7.1 shows the experimental setup. MATLAB Simulink and Quanser’s QUARC™software
were used to control and monitor the MICO robotic manipulator as shown in Fig. 7.7. The
trajectory is planned in the joint space, q_traj, and then sent to a QUARC Simulink block
to control the low-level joint actuators. The status data, such as the torque at each of the

Figure 7.7: The control and monitoring system was built in Simulink with QUARC.™
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Figure 7.8: One sample of the trajectories of MICO Robotic Manipulator in a real experiment.
joints and the real-time joint positions were also collected using the QUARC Simulink block.
Besides the joint status, the QUARC Simulink block also provides the position of the endeffector using a predefined forward kinematics model. A data logger was built inside the
system to collect all the data necessary for the neural network training.
Six trajectories were tracked, and each trajectory lasted for 800 seconds, with 100 intermediate waypoints. The interval between each consecutive waypoint was set to be 8 seconds
taking into consideration the actuator specifications. Random seeding was used inside the
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Figure 7.9: The control and monitoring system was built in ROS.
trajectory generation program to avoid similar trajectories from being generated. The raw
data was collected at 500 Hz, including the position, velocity, acceleration, and torque in the
joint space, as well as the position of the end effector in the Cartesian coordinates. The data
at the beginning and the end of the trajectories was removed, and the rest was downsampled
to reduce the data size. A low-pass filter with a window size of 50 was applied to remove
noise and then further downsampled. The post-processed data for each trajectory lasts for
about 120 seconds with 12,000 data samples. Figure 7.8 shows one of the trajectories without
standardization as an example.

Data Collection for Fetch Robotic Manipulator
The Fetch robotic manipulators are controlled and system states can be monitored via Robot
Operating System (ROS) [167]. With similar approach in generating the random trajectories
of MICO robotics manipulator, waypoints are sampled over the actuation space except for the
head pan and head tilt joints. As shown in Fig. 7.9, the waypoint generator sends waypoint
samples to the MoveIt trajectory planner. The built-in MoveIt trajectory planner is in charge
of determining whether the proposed waypoints are feasible or not by considering self-collision
and collision with the ground plane. Only the feasible waypoints will be used to generate
smooth trajectories by MoveIt and then performed by the real-world robotic manipulator.
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Figure 7.10: One sample of the trajectories of Fetch Robotic Manipulator in real experiment.

A ROS bag is created to record the system states, such as the frame coordinates, joint
position and force/torque applied on the joints. Two trajectories were randomly generated
and performed by the Fetch robotic manipulator. Each Trajectory lasts for 2400 seconds with
around 600 feasible intermediate waypoints and raw data was collected at 100 Hz. Similar
process was performed on the collected data to remove the noise and achieve downsampling,
and the final dataset for each trajectory includes around 60,000 data samples. Figure 7.10
shows one of the trajectories without standardization as an example.
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Training and Results

The neural network architecture was built using Keras [79] with TensorFlow [80] running
in the backend. To compare the performance between each network architecture, the same
hyperparameters and optimizer were used. This includes the number of layers (three layers
for the IK and five layers for the ID), number of neurons in each layer (256), activation
function (Leaky ReLU with α = 0.1) and the optimizer (Adam[168]).
For the MICO robotic manipulator, five of the performed trajectories were used to build the
dataset for training purposes while the remaining trajectory was used for final performance
testing, which is defined as the test dataset in this chapter. For the Fetch robotic manipulator,
one trajectory was used for training purposes and the other one was used as the test dataset.
The dataset was standardized in either case to remove the wide range difference among
different data channels (feature) to gain faster convergence and more stable training process.
Different standard deviation values (σ ∈ {0.0, 0.2, 0.4, 0.6}) were selected for the generator
G in the GANs to evaluate the training performance of the proposed methods.
To evaluate the training performance of the proposed methods using limited data, a comparison of using different sizes of the overall data (p ∈ {1, 2, 3, 4, 5, 6} × 10, 000) for the training
process was performed. In each training process, the dataset is further split into training
and validation sets randomly. The training set consists of 80% of the whole data while the
validation set covers the remaining 20%.
The training process was performed using an AMD Threadripper 2950x CPU and an NVIDIA
Titan Xp GPU. Root Mean Squared Error (RMSE) was used for quantitative evaluation of
q P
n
1
2
the training, RM SE =
i=1 (Yi − Ŷi ) , where Ŷi is the predicted values of Yi . Each
n
pair of dataset size and standard deviation was applied to the proposed methods and the
baseline method to perform training for the IK and ID. Each training process includes
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Table 7.4: Comparisons on the MICO Robotic Manipulator over the whole testing trajectory
with different dataset sizes and standard deviations.
Algorithm

BiGANs1

DualGANs

GANs

LSGANs

Base2

Inverse Kinematics3
Da1-Dev04 0.12

0.4

0.75

0.73

0.11

Da1-Dev1

0.08

0.48

0.62

0.7

0.09

0.395 0.87

Da1-Dev2

0.09

0.44

0.78

0.76

0.11

0.46

0.81

0.98

Da1-Dev3

0.5

0.53

0.8

0.8

0.11

0.41

0.97

1.02

Da2-Dev0

0.1

0.34

0.52

0.64

0.09

0.31

0.19

0.38

Da2-Dev1

0.1

0.46

0.52

0.66

0.16

0.36

0.12

0.37

Da2-Dev2

0.08

0.37

0.56

0.65

0.17

0.38

0.11

0.55

Da2-Dev3

0.18

0.38

0.55

0.68

0.16

0.38

0.09

0.37

Da3-Dev0

0.15

0.28

0.27

0.5

0.09

0.26

0.42

0.8

Da3-Dev1

0.13

0.32

0.32

0.51

0.08

0.29

0.08

0.33

Da3-Dev2

0.22

0.38

0.29

0.5

0.1

0.3

0.09

0.54

Da3-Dev3

0.14

0.33

0.32

0.48

0.15

0.34

0.17

0.75

Da4-Dev0

0.11

0.22

0.33

0.47

0.1

0.25

0.16

0.29

Da4-Dev1

0.1

0.23

0.31

0.43

0.1

0.27

0.09

0.23

Da4-Dev2

0.1

0.24

0.28

0.4

0.11

0.24

0.16

0.68

Da4-Dev3

0.11

0.26

0.37

0.54

0.11

0.26

0.1

0.27

Da5-Dev0

0.15

0.22

0.25

0.36

0.1

0.2

0.16

0.23

Da5-Dev1

0.11

0.22

0.2

0.33

0.11

0.23

0.14

0.24

Da5-Dev2

0.1

0.23

0.49

0.6

0.11

0.24

0.15

0.26

Da5-Dev3

0.12

0.25

0.29

0.43

0.17

0.24

0.15

0.25

Da6-Dev0

0.15

0.18

0.14

0.17

0.13

0.18

0.14

0.18

Da6-Dev1

0.13

0.18

0.15

0.19

0.13

0.17

0.13

0.18

Da6-Dev2

0.16

0.19

0.19

0.22

0.13

0.17

0.12

0.18

0.4

0.92

1.04
1
0.04

0.54

0.03

0.36

0.05

0.29

0.06

0.26

0.06

0.22

0.09

0.16
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Da6-Dev3

0.16

0.19

0.22

0.24

0.13

0.2

0.12

0.21

Inverse Dynamics6
Da1-Dev0

0.07

0.45

0.48

0.72

0.1

0.47

0.12

0.51

Da1-Dev1

0.03

0.47

0.33

0.57

0.03

0.51

0.03

0.48

Da1-Dev2

0.05

0.46

0.34

0.61

0.04

0.5

0.04

0.5

Da1-Dev3

0.07

0.47

0.36

0.62

0.05

0.5

0.04

0.52

Da2-Dev0

0.04

0.37

0.28

0.42

0.08

0.38

0.15

0.38

Da2-Dev1

0.03

0.39

0.45

0.55

0.03

0.37

0.04

0.36

Da2-Dev2

0.06

0.38

0.31

0.46

0.04

0.39

0.05

0.41

Da2-Dev3

0.08

0.38

0.29

0.5

0.06

0.41

0.07

0.39

Da3-Dev0

0.04

0.36

0.25

0.46

0.06

0.36

0.08

0.36

Da3-Dev1

0.03

0.36

0.31

0.47

0.03

0.36

0.04

0.36

Da3-Dev2

0.05

0.36

0.25

0.46

0.04

0.36

0.06

0.37

Da3-Dev3

0.07

0.37

0.3

0.48

0.06

0.36

0.07

0.36

Da4-Dev0

0.03

0.34

0.26

0.4

0.06

0.32

0.06

0.34

Da4-Dev1

0.03

0.33

0.27

0.4

0.03

0.32

0.04

0.32

Da4-Dev2

0.05

0.34

0.28

0.38

0.04

0.32

0.05

0.33

Da4-Dev3

0.07

0.33

0.34

0.43

0.07

0.33

0.07

0.34

Da5-Dev0

0.04

0.33

0.31

0.38

0.05

0.3

0.05

0.3

Da5-Dev1

0.03

0.32

0.26

0.41

0.03

0.3

0.03

0.3

Da5-Dev2

0.05

0.32

0.29

0.36

0.04

0.29

0.06

0.3

Da5-Dev3

0.08

0.31

0.32

0.41

0.07

0.32

0.08

0.3

Da6-Dev0

0.04

0.23

0.17

0.25

0.05

0.22

0.06

0.22

Da6-Dev1

0.04

0.23

0.18

0.29

0.04

0.22

0.04

0.22

Da6-Dev2

0.07

0.24

0.31

0.35

0.06

0.23

0.06

0.23

Da6-Dev3

0.09

0.24

0.39

0.43

0.09

0.23

0.1

0.24

0.01

0.3

0.02

0.26

0.02

0.25

0.02

0.21

0.02

0.19

0.02

0.14

Chapter 7. SYSTEM MODELING AND IDENTIFICATION OF ROBOTIC MANIPULATORS
108
USING GENERATIVE ADVERSARIAL NETWORKS

1

The first subcolumn under each method is the validation loss and the second
subcolumn is the test loss.

2

A fully connected neural network is applied as the baseline.

3,6

The loss was calculated using RMSE, each term of the loss function was

inverse-transformed back to the original data scale by the standard scaler.
4

Da#-Dev#, first digit indicates the size of data used for training , the second
digit indicates the applied standard deviation for the generator. For example,
Da4-Dev2 indicates that 4 × 10, 000 data is used for training process and
σ = 2 × 0.2 is used for the generator.

5

The bold value indicates the best performance among the methods using the
same-size dataset.

Table 7.5: Comparisons of Proposed Methods on the Fetch Robotic Manipulator over the
whole testing trajectory with different dataset sizes and standard deviations.
Algorithm

BiGANs1

DualGANs

GANs

LSGANs

Base2

Inverse Kinematics3
Da1-Dev04 0.94

0.96

0.93

0.95

1

1.01

2.14

2.14

Da1-Dev1

0.95

0.96

0.93

0.95

0.97

0.98

1.26

1.26

Da1-Dev2

0.92

0.96

0.93

0.95

0.95

0.97

1.17

1.17

Da1-Dev3

0.94

0.95

0.93

0.95

0.95

0.97

2.5

2.5

Da2-Dev0

0.97

0.98

0.9

0.91

1.01

1.02

1.06

1.06

Da2-Dev1

0.97

0.97

0.96

0.96

0.97

0.97

1.42

1.42

Da2-Dev2

0.96

0.98

0.92

0.92

1

1.01

1.12

1.12

Da2-Dev3

0.95

0.97

0.92

0.94

0.98

0.99

1.14

1.14

Da3-Dev0

1.05

1.05

0.91

0.93

0.99

0.98

1.08

1.08

Da3-Dev1

1

1

0.9

0.92

1.02

1.02

1.06

1.06

Da3-Dev2

1.02

1.03

0.91

0.93

1.04

1.02

1.02

1.02

0.61

0.925

0.71

0.9

0.72

0.89
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Da3-Dev3

1.02

1.05

0.9

0.92

0.98

1.02

1.1

1.1

Da4-Dev0

1.04

1.05

0.9

0.91

0.99

0.99

1.19

1.19

Da4-Dev1

0.99

1

0.92

0.94

1

1.04

1.15

1.15

Da4-Dev2

1

1.02

0.9

0.93

1.02

1.05

1.22

1.22

Da4-Dev3

1

1.03

0.91

0.92

1.02

1.04

1.2

1.2

Da5-Dev0

0.98

1

0.93

0.94

1.04

1.05

1.15

1.15

Da5-Dev1

1

1.04

0.91

0.92

1.01

1.03

1.13

1.13

Da5-Dev2

1.03

1.05

0.92

0.94

1.07

1.1

1.08

1.08

Da5-Dev3

0.99

1.01

0.9

0.92

1

1.03

1.18

1.18

Da6-Dev0

1

1.04

0.91

0.93

1.01

1.07

1.15

1.15

Da6-Dev1

1.02

1.07

0.92

0.94

0.97

1

1.17

1.17

Da6-Dev2

0.99

1.02

0.9

0.92

0.99

1.03

1.16

1.16

Da6-Dev3

1.03

1.06

0.9

0.93

1.02

1.06

1.08

1.08

0.74

0.89

0.76

0.89

0.73

0.9

1.4

14.22

1.45

13.6

1.5

13.23

1.6

13.07

Inverse Dynamics6
Da1-Dev0

2.77

13.43

15.46

14.32

2.88

13.65

3.51

13.66

Da1-Dev1

2.16

13.45

16.6

13.84

2.45

13.95

2.94

13.39

Da1-Dev2

2.5

13.5

14.43

13.65

2.57

13.83

2.37

13.68

Da1-Dev3

2.93

13.77

13.58

14.6

3.07

13.89

2.62

14.1

Da2-Dev0

2.45

13.39

14.89

13.43

3.76

13.27

3.12

13.31

Da2-Dev1

2.06

13.24

12.87

13.78

2.61

13.5

2.53

13.27

Da2-Dev2

2.54

13.26

14.58

13.61

2.65

13.55

2.43

13.36

Da2-Dev3

3.02

13.49

14.31

13.7

3.06

13.54

2.76

13.4

Da3-Dev0

2.49

13.18

14.25

13.44

2.89

12.88

3.21

12.97

Da3-Dev1

2.29

13.31

13.41

13.23

2.48

13

2.81

13.11

Da3-Dev2

2.54

12.9

13.54

13.29

2.85

13.17

2.51

13.17

Da3-Dev3

3.08

12.99

13.39

13.38

3.41

13.38

3.25

13.24

Da4-Dev0

2.42

13.12

13.19

13.28

2.68

12.79

3.16

12.85
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Da4-Dev1

2.3

12.99

13.17

13.28

2.59

13.13

2.71

12.83

Da4-Dev2

2.61

12.89

13.3

13.43

3.2

13.25

2.66

13.13

Da4-Dev3

3.28

12.87

12.29

13.43

3.67

13.18

3.19

12.96

Da5-Dev0

2.47

12.83

13.38

13.33

2.93

12.88

3.19

12.81

Da5-Dev1

2.51

12.8

13.31

13.22

2.65

12.67

2.79

12.97

Da5-Dev2

2.99

12.84

12.71

13.21

3.68

12.96

3.06

12.9

Da5-Dev3

3.34

12.76

12.35

13.44

3.77

13.06

3.38

12.83

Da6-Dev0

3.11

12.91

13.58

13.47

3.02

12.87

3.51

12.7

Da6-Dev1

2.92

12.89

13.57

13.6

3.35

12.91

3.46

12.94

Da6-Dev2

2.99

12.94

12.85

13.37

4.14

13.16

3.31

12.92

Da6-Dev3

3.79

13.01

13.19

13.33

4.31

13.04

3.94

12.84

1

1.63

12.92

2.04

13.01

The first subcolumn under each method is the validation loss and the second subcolumn is the test loss.

2

A fully connected neural network is applied as the baseline.

3,6

The loss was calculated using RMSE, each term of the loss function was inverse-

transformed back to the original data scale by the standard scaler.
4

Da#-Dev#, first digit indicates the size of data used for training , the second digit
indicates the applied standard deviation for the generator. For example, Da4-Dev2
indicates that 4 × 10, 000 data is used for training process and σ = 2 × 0.2 is used
for the generator.

5

The bold value indicates the best performance among methods using the same-size
dataset.

100 training epochs, and each training epoch covers all the training dataset. At the end
of the each training epoch, validation dataset is used to evaluate the performance of the
well-trained neural network on the unseen dataset selected for training, which is relatively
smaller than the test dataset. To test the overall performance and the generalization of the
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well-trained neural network using the limited dataset, test dataset was used to estimate its
overall performance over the whole actuation space. The training process of each proposed
method and the baseline method takes around 23 mins to to train the whole 60,000 dataset.
The execution time of the generator neural network takes around 0.17ms to perform a single
prediction. For every IK and ID learning task, all of the proposed neural network algorithms
converged.
Table 7.4 and 7.5 detail the best performance of each proposed method using different dataset
sizes and standard deviations for the generator for the IK and ID of the MICO and Fetch
robotic manipulators, respectively. Each column of the method has two sub-columns, the first
one is the loss function evaluated by the evalution dataset and the second one is evaluated
by the test dataset. For every task, 6 different sizes of dataset were used and defined by
the first digit of Da#-Dev#. For example, Da4 indicates that 4 × 10, 000 data points were
used for the training. For every task and every size of the dataset, 4 different standard
deviations were used for the generator, which is defined by the second digit of Da#-Dev#.
For example, Dev2 indicates σ = 2 × 0.2 is applied in the generator. In the loss function
evaluation of both validation dataset and training dataset, the predicted and ground-truth
values were transformed back to the original data scale by the standard scaler. Considering
training on the same dataset size, the value of the best performance is highlighted in the
table.
In solving the IK task of the MICO robotic manipulator, the proposed method, GANs,
achieved the best performance when using the dataset in the least size. As the size of the
dataset used for training increases, this advantage becomes smaller. All the proposed methods and the baseline achieved similar performance when using the whole dataset (including
all five trajectories). In solving the ID task of the MICO robotic manipulator, the baseline
methods slightly outperformed all the proposed methods considering the wide range of the
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generalized force executed at each joint. GANs and LSGANs achieve the best performance
among all the proposed methods and achieved a loss around 0.22Nm, while the baseline
method achieved 0.14Nm. For ID, the analytical model, which uses the mass properties
estimated from CAD, performed the worst with an RMSE of 0.4082 Nm.
In solving the IK task of the Fetch robotic manipulator, the proposed methods achieved similar performance as the baseline. DualGANs outperformed all the other proposed methods
and achieved a total loss of 0.91 while the baseline methods gained the least loss of 0.89.
In solving the ID task of the Fetch robotic manipulator, almost all trials of the proposed
methods performed better in the test evaluation than the baseline method. GANs gained
the best performance with a loss of 12.67 while the baseline achieved 12.92 as the best value.
The analytical model achieved an RMSE of 40.00.
It can also be noted that the baseline method has a much lower loss in the validation dataset
than the proposed methods even if it performs similarly or worse in the test dataset. This
”hidden” overfitting in a limited dataset may fail to generalize the neural network in the
overall actuation space while the proposed methods are robust in such situations. Standard
deviation also plays an important role in the training performance, and it can be seen that
in the ID task of the Fetch robotic manipulator, a ”suitable” standard deviation gained the
best performance compared to the same methods with either too large or too small standard
deviation.
The results from the experimental validation show that the proposed algorithms can handle
the estimation of the uncertainty components present in the system when compared to
existing analytical methods. This could be attributed to the fact that unlike existing methods
the proposed techniques were trained on real-world dataset instead of using a simplified
analytical model such as physics-based simulations. In comparison to simplified analytical
data, real-world dataset provide rich information including the effects of friction, damping,
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actuator properties, and mass-inertia effects of different links in the most realistic manner.
This enables the trained neural network to perform precise predictions.
The experimental results also show that the proposed technique works well in cases with
limited dataset compared to the widely used fully connected neural network, and even when
the manipulator is used to track previously unseen trajectories. This validates the global
approximation capabilities of the proposed techniques. The proposed technique was trained
using trajectories generated randomly over the entire task space, making all points equally
probable in the training dataset. This along with the sample generator and the generatordiscriminator frameworks enables neural network training over the neighborhood of natural
data while avoiding overfitting on the limited collected data. Together these features effectively extend the prediction capability of the proposed techniques over the entire task
space.

7.4

Conclusions

In this chapter, a series of modified Generative Adversarial Networks were introduced for
solving the inverse kinematics and inverse dynamics of robots using real-world experimental data. Existing research has focused on learning the uncertainty along with a simplified
analytical model or predicting the hindsight analytic model, which could then be used as
ground truth. However, existing techniques do not allow for global estimation of the underlying model of the system. Moreover, they require extensive training data sets to perform
accurate modelling, which is often time consuming.
The proposed neural network techniques apply generator and discriminator architectures to
address the above mentioned limitations. Using the generator and discriminator frameworks,
the proposed methods are able to perform better than state-of-the-art techniques in cases
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where there is insufficient data. We evaluated the proposed methods on a MICO robotic
manipulator and a Fetch robotic manipulator with different-size training dataset. The experimental results show that the proposed method is able to solve the inverse kinematics
and inverse dynamics problems with the desired degree of accuracy. Also, the selection of
different standard deviations for the generator was also studied in the training process. A
”correctly” selected standard deviation will help the neural network achieve a lower loss in
the performance and avoid overfitting.
The techniques proposed in this work open new ways for solving the inverse kinematic and
the inverse dynamics problems for high dimensional nonlinear systems with a limited dataset.
Future work in this domain aims at applying the proposed techniques to learn models for
complicated robotic systems with different types of input data. This includes applications
such as system identification techniques for animal locomotion such as that of lizards or bats
based on joint tracking images. The proposed techniques also open up interesting venues
for research in the domain of neural network design, such as the development of capsule
based networks with dynamic routing. In comparison to existing architectures, this allows
for handling local entry identification such as static or dynamic constraints.

Chapter 8
EXPERIMENTAL VALIDATION OF
THE INTEGRATED HUMAN POSE
ESTIMATION AND
MANIPULATION SYSTEM

8.1

Experimental Setup

To experimentally validate the proposed human-robot interaction with pose estimation and
dual-arm manipulation using artificial intelligence, a test bench was setup inside the Robotics
and Mechatronics Laboratory. The test bench was designed to simulate the front part of
SAVER that is in charge of manipulating the human pose during the extraction process onto
the SAVER stretcher. As shown in Fig. 8.1, a full-size manikin from Susie/Simon was used
as the victim to be autonomously extracted. A Kinect V2 is mounted on top of the test bench
at 1 meter height to obtain a clear view of the manikin. Two robotic manipulators, based
on Kinova 4-DOF MICO and powered by Quanser’s renowned QUARC MATLAB/Simulink
platform, are installed one either lateral side of the test bench, at a distance of 0.72 meter.
A head and neck support system was placed underneath the head of the manikin to place
the manikin into the proper pose during the extraction process. The origin of the test bench
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Figure 8.1: Proposed Experiment Test Bench
is located at the mid point of the origins of the coordinates of the two robotic manipulators.
The axis and directions of the test bench coordinates are the same as the coordinates of the
robotic manipulators. Table 8.1 presents the coordinates of all the devices on the test bench
with respect to the test bench coordinates.
Table 8.1: Coordinates of the Devices on the Test Bench
Device i
Robotic Manipulator 1
Robotic Manipulator 2
Kinect v2
1
2

position 1 (m)
(0, −0.36, 0)
(0, 0.36, 0)

orientation 2
I3
I3


0 −1 0
0 
(0.06, 0.03, 1.20)  −1 0
0
0 −1

(x, y, z) in meter
with 1 as in same direction and −1 in opposite direction of (x, y, z)

8.2. Integrated Control System Setup
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Figure 8.2: Proposed Integrated Control System Architecture

8.2

Integrated Control System Setup

An integrated control system was set up to validate the proposed method in autonomous
victim pose manipulation using the proposed test bench presented in the previous section.
The overall architecture is presented in Fig. 8.2. Three computers are used to run the integrated control system: one computer is used as the high-level controller and two computers
are used as low-level controllers. The hardware details of the integrated system is presented
in Tab. 8.2. The high-level controller, equipped with advanced CPU and GPU, is in charged
of human pose estimation, global trajectory planning, and inverse model computing. The
low-level controllers are used to send joint position commands to the robotic manipulators
using QUARC MATLAB/Simulink interface via serial ports. The high-level and low-level
controllers are connected via Ethernet cable and communicate via TCP/IP protocol. The
Kinect V2 captures the RGB-D images of the manikin on the test bench. The RGB channels
of the images are passed to the human pose estimation neural network (perception) to find
the human pose on the 2D images. The 3D positions of the human joints in the coordinates
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Table 8.2: Computing Hardware Details of the Integrated Control System
Controller

Device

High-level

AMD 1950X
Nvidia 2080Ti

Low-level

Intel i7 6700

Function
1. Human pose estimation
2. Manipulation planning in work space
3. Mapping planning to joint space
Manipulator joint position control

of the Kinect V2 are obtained from the depth channel of the corresponding RGB-D images.
These 3D positions information is then transformed to the test bench coordinates, and feed
into the well-trained neural network (decision-making) along with the current status of the
dual-arm robotic manipulation system, qstate , to obtain the trajectory of each manipulator
planned in the test bench coordinate, xcmd . Based on the coordinates information provided
in Tab. 8.1, each individual trajectory of the robotic manipulator is transformed to its
own coordinates. Inverse model controller (control) takes in the trajectories planned in the
workspace, and outputs the desired trajectories in the joint space, qcmd , to the following
low-level controller.

8.3

Experimental Results

In autonomous victim extraction, one important process is to manipulate the upper limbs
of the victim to make them close to the victim’s body in order to safely extract the victim
into the stretcher of the SAVER. As shown in the conceptual simulation in the Fig. 8.3 (AD), the robotic manipulators are deployed to perform this manipulation in the teleoperated
mode. To perform a similar behavior, a well-trained policy (decision-making) of pushing
objects are deployed into the integrated system. The human pose estimation system is in
charge of detecting the positions of the victim’s wrists and hips. The hip positions are used
to generate the target positions in the pushing tasks while the wrist positions replace the
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Figure 8.3: Experimental Validation on the Test Bench
objects position in the simulated environment. The trajectories are generated by the welltrained policy and outputs to the neural network-based inverse model controller to generate
the trajectory in the joint space. To avoid squeezing the upper limbs into the victim’s body,
a threshold of 15 cm is set to stop the motion.
Figure 8.3 (E-H) presents a successful trial of autonomous human pose estimation and human pose manipulation to make the victim’s upper limbs close to the victim’s body. The
experimental results present a similar performance as shown in the conceptual simulation.
To manipulate the upper limbs of the manikin close to it’s hips, a total 20 trials of experiments
were performed with different upper limbs positions and hips positions. 15 out of 20 trials
ended with success by pushing the upper limbs to the target positions while five trials failed.
Table 8.3: Performance Summary of the Integrated System Experimental Validation
Succeed

Fail
Pushing Reaching
3/20
2/20
1

Integrated System
1
2

15/20

2

Failed in the pushing process from original wrists positions to target hips
positions
Failed in reaching correct original wrists positions
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Three of the failed five trials did not succeed in the pushing processes using either robotic
manipulator, while the other two failed in reaching the wrist side position of the manikin.
A summary of the experimental validation is presented in Tab. 8.3.
Possible reasons for the failure in the experimental validation could be from the depth information of the Kinect V2, differences between the grippers and physics properties in experiments and simulations. The images with depth information obtained from Kinect V2
has a resolution of 512 × 424, play as an important key in the success of the experimental
validation. With an overall success rate of 75%, the concept of the integrated system for
autonomous victim extraction was validated.

Chapter 9
CONCLUSION AND FUTURE
WORK
This chapter concludes the dissertation with a summary of the current work as well as a
forward looking discussion into prospective research.

9.1

Summary

This dissertation focused on the development and evaluation of applying artificial intelligence
techniques to an autonomous victim extraction using dual-arm manipulation system. To
accomplish this, three interrelated tracks were pursued: (1) accurate and efficient human pose
estimation using machine learning and distributed computing, (2) accurate machine learningbased modeling of the robotic manipulators using limited size of real-world dataset, and (3)
novel reinforcement learning framework to expedite the training process of the cooperative
dual-arm manipulation and its extended version with the consideration of safety constraints.
Finally, an integrated system, including all of the above developed components, was built and
experimentally tested with full-size manikin to successfully validate the proposed research
on human-robot interaction with pose estimation and dual-arm manipulation using artificial
intelligence.
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Directions for Future Work

As the work described in this dissertation validated the research on safe human-robot interaction using artificial intelligence, the are clear directions in how this research can progress in
the future. The potential research directions pertaining to the fields of perception, control,
and decision-making, are summarized as follows:

9.2.1

Improvement in Human Pose Estimation

Perception serves as the foundation for safe human-robot interaction. In this work, RGB
images served as the input to the perception system and may be affected by the complex
nature of the environments in which rescue robot operate (e.g., natural or man-made disaster
scenarios), such as low/high-illumination, smoke/fog, and rain. Multi-spectral perception is
an ideal solution in such environments, such as thermal imaging and night vision. Also,
Radio Frequency (RF) has been proved to be able to detect victims behind walls in recent
research. Fusing these multi-spectral imaging information will lead to a more robust and
accurate human detection procedure that will be able to detect victims with camouflage or
those buried under debris.
The architecture of the perception neural network is another research direction with great
potential. For example, artificial Recurrent Neural Network (RNN) architecture yields a
more stable prediction with its memory units embedded inside the neural network. To
further explore in this direction, new dataset that consists of video and ground truth needs
to be built.
Another concern of stable machine learning-based human pose estimation is adversarial machine learning attacks. Adversarial labels or noise could largely decrease the performance

9.2. Directions for Future Work

123

in standard machine learning models. To apply machine learning models to safety concerned/sensitive applications, techniques to defeat adversarial attacks also deserve great
attentions from the research community.

9.2.2

Improvement in System Identification and Control Adaptation

The proposed methods were validated using two types of rigid robotic manipulators, one with
low-DOF and one with high-DOF. Using machine learning techniques to identify the model of
soft robots or even study the dynamic model of animal movement is also promising. Datadriven methods will relief scientists’ and engineers’ burden of making certain simplifying
assumptions and obtaining the prior knowledge of the target system. This direction of
research will benefit applications that requires high fidelity models.
As robots are manipulated over time, wear and tear is inevitable in both the mechanical
and the mechatronics hardware. Also, search and rescue robots are often applied in various
environments, such as underwater, in-air, and low/high temperature. These factors will
change the dynamics and kinematics of robotic manipulators slowly or suddenly. Neural
network models that are able to be adaptive to changing situations is another interesting
research direction. This field could be considered as apart of lifelong learning. With the
ability of self-adjustment, neural network based-controllers will present more accurate and
robust tracking performance, even when certain physics-based properties of its parts are
changing.
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Improvement in Reinforcement Learning Towards Safety Constraints for Human-Robot Interaction

Reinforcement learning has gained popularity and presented great potential in solving complicated tasks that could not be solved using traditional methods. The highly end-to-end
solutions that reinforcement learning provide, are more convenient to be deployed in realworld applications. Compared to applications for other deep learning methods, such as
computer vision and natural language processing, that are more mature, applications for
reinforcement learning are still at their initial stages. Techniques or strategies need to be
adapted to the field of reinforcement learning.
Safety concerns in reinforcement learning is drawing more attention from the research community compared to other machine learning methods. Reinforcement learning models are
designed to interact directly with the environment, in which they are deployed. This becomes a critical issue when humans are present in the environment. Compared to other
fields such as meta-learning and transfer learning, studies on safe reinforcement learning are
still at their initial stages.
Lifelong reinforcement learning, which refers to developing agents that could accumulate
knowledge over experience and rapidly learn new tasks upon prior knowledge, is another
interesting field of research. The proposed teacher-student framework validate the general
idea of learning upon prior knowledge and can be treated as an initial attempt to achieve
lifelong learning. One focus pertaining to lifelong learning is to balance the abilities of both
performing previous tasks and learning to complete new tasks, while keeping the size of the
neural network reasonably small.
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Appendix A
Table 1: Mass properties of MICO robotic manipulator parts.
Part

Center of mass xyz (mm)

Base

[−0.25, −0.86, 60.08]

Shoulder

[0.01, 8.46, −51.64]

Arm

[140.80, 0.00, −20.61]

Forarm

[−0.04, 41.26, 16.21]

Hand

[1.69, −1.31, −118.74]

[Ixx , Ixy , Iyy ,
Iyz , Izz , Ixz ]
[2554288.88, -2754.86, 2541178.08,
5680.08, 400207.73, -7269.57]
[1066764.15, -31.86, 1112292.98,
112239.63, 294233.86, -156.65]
[542848.18, -561.89, 18596075.98,
-8.53, 18533418.58, -1428223.80]
[1497076.78, -847.46, 258952.15,
152097.63, 1467115.33, -144.78]
[5611391.53, -902.55, 5429904.00,
51034.36, 301540.64, -52563.36]

Moments of inertia (gram ∗ mm2 )

Table 2: Mass properties of Fetch robotic manipulator parts.
Part

Center of mass xyz (m)

Base

[−0.0036, 0.0, 0.0014]

Torso Lift1

[−0.1208, −0.0009, −0.1151]

Shoulder Pan

[−0.0243, 0.0036, −0.0056]

Shoulder Lift

[−0.0001, −0.0072, 0.1432]

Upperarm Roll

[0, −0.0165, 0.0014]

Elbow Flex

[0, −0.0073, 0.1279]

Forearm Roll

[0, −0.0148, −0.0266]

Wrist Flex

[−0.0001, −0.0009, 0.0882]

Wrist Roll

[−0.0002, −0.0004, 0.0095]

1

Moments of inertia (Kilogram ∗ m2 )

[Ixx , Ixy , Iyy ,
Iyz , Izz , Ixz ]

[1.225, 0.0099, 0.0062,
1.2853, -0.0034, 0.987]
[0.3354, 0.0, -0.0162,
0.3354, -0.0006, 0.0954]
[0.0043, -0.0010, -0.0001,
0.0087, 0.0001, 0.0087]
[0.0112, 0, 0,
0.0111, 0.0021, 0.0028]
[0.0047, 0, 0,
0.0019, -0.0001, 0.0045]
[0.0084, 0, 0,
0.0082, 0.0016, 0.0024]
[0.0035, 0, 0,
0.0016, -0.0003, 0.0030]
[0.0042, 0, 0,
0.0042, 0.0001,0.0018]
[0.0001, 0, 0,
0.0001, 0, 0.0001]

The mass of head and its joint was added to the torso in the analytical model with assumption that
the head pan and tilt joints are fixed during the experiments.

