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Abstract

As robots move from isolated industrial settings into everyday human environments,

we need to consider how they should interact with people. Emerging applications

range from delivery and support in warehouses, to home and social services. Com-

pared to isolated workspaces, human environments impose more challenges. For ex-

ample, in social navigation, the robot needs to reach its destination while avoiding

people and navigating in a socially compliant way. However, human behaviors are

usually complex, stochastic, and hard to predict, which creates difficulties for the

robot to plan appropriate actions.

To address these challenges, this thesis focuses on the use of simple, proactive

haptic communication to facilitate interactions with humans in various scenarios. The

core research idea is that, instead of reacting to humans in the environment, the robot

should proactively use communication to exchange information and affect human

behaviors. This thesis addresses the following topics: (1) the effects of communication

on human behavior, (2) mathematical models that predict these effects and human

actions, and (3) algorithms to plan for communications that improve efficiency and

performance of the human-robot system.

We study these topics in the context of three applications. We first present the

design and application of a bidirectional communication scheme for a person-following

robot. Through a set of experiments, we show that this communication scheme can

effectively bring the user into the loop to improve robot performance. Next we discuss

the use of implicit and explicit communication in a mobile robot social navigation

scenario. A planning framework is developed to allow the robot to proactively com-

municate with users to improve its transparency and efficiency. Finally, we present

v



methods for communicating continuous directional information for human naviga-

tion guidance. We show that more accurate and efficient guidance policies can be

generated by incorporating the uncertainties and biases in human’s responses.

Altogether, these results demonstrate that understanding human behavior and

communicating proactively with humans is useful for robots that work in human

environments. By taking into account the stochastic and interactive nature of human

behavior, these robot can perform actions that are more communicative, efficient, and

trustworthy.

vi



Acknowledgments

First and foremost, I would like to thank my advisor, Dr. Allison Okamura, for her

continuous guidance and support during my years at Stanford. I came to Stanford as

an unfunded international student, which is not an obvious choice for a new Ph.D.

student advisee, especially among 15 or more graduate students who were all enthusi-

astic about her lab. I am really grateful that she offered me the chance to do research

in the lab and saw the good qualities in me. I have learned a great many things from

her, on doing meaningful research, effective communication, time management, and

various non-academic things. She always encourages me to explore ideas that I’m

interested in, and provides constructive feedbacks to keep me on track.

I would also like to thank my reading committee members: Dr. Dorsa Sadigh

and Dr. Sean Follmer, for taking significant time to give feedback on my thesis. I

would especially like to thank Dr. Dorsa Sadigh. She has provided valuable advices

on the technical issues I faced, and helped shape the second half of my thesis. Thanks

also to Dr. Mykel Kochenderfer and Dr. Oussama Khatib for sitting on my defense

committee.

I also would like to thank past and present members of the CHARM lab, especially

Ilana Nisky, Zhan Fan Quek, Kamran Shamaei, Heather Culbertson, Joey Greer and

Julie Walker for guidances and discussions that helped and inspired my research.

CHARM lab has a unique and awesome culture, and I really enjoyed the time I spend

in lab working with everyone. I have learned numerous little things about Ameri-

can culture, life style, scientific and non-scientific facts (a lot about motorcycles and

watches, thanks to Sam Schorr) through lunch time talks and many other conversa-

tions. I am also amazed by how good CHARMers are at various sports. Influence by

vii



the lab culture, I picked up a few new skills such as skiing and rock climbing which I

really enjoy.

Pursuing a Ph.D. is a long journey, and would be much tougher without the

support of friends. For this I would like to thank all my friends for the happy memories

you brought into my life. Special thanks to those who have kindly participated in my

studies and provided feedbacks.

Finally, I want to thank my family, especially my parents. Studying abroad, I

rarely have time to travel back home to see them. However, they have always been

very supportive of my career choice and encourage me to pursue my dream. Last,

and most important, I want to say thank you to my wife, Yinan, for being by my side

and giving me the courage to keep going. I cannot imagine how I could finish this

journey without your sacrifice and support.

viii



Contents

Abstract v

Acknowledgments vii

1 Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Prior Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3.1 Human-Robot Communication Methods . . . . . . . . . . . . 4

1.3.2 Modeling Human Behavior . . . . . . . . . . . . . . . . . . . . 6

1.3.3 Planning for Interaction . . . . . . . . . . . . . . . . . . . . . 7

1.4 Dissertation Overview . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Human-Robot Follower Communication 10

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2 Robot Follower . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2.1 Following and Tracking Algorithms . . . . . . . . . . . . . . . 14

2.3 The Communication Device . . . . . . . . . . . . . . . . . . . . . . . 16

2.3.1 Haptic Interface . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.3.2 Command Interface . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3.3 Pre-Study of the Haptic and Command Interfaces . . . . . . . 18

2.4 User Study I: Multi-Tasking Study . . . . . . . . . . . . . . . . . . . 20

2.4.1 Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4.2 Experimental Conditions . . . . . . . . . . . . . . . . . . . . . 21

ix



2.4.3 Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.4.4 Analysis and Results . . . . . . . . . . . . . . . . . . . . . . . 24

2.5 User Study II: Naivgation Study . . . . . . . . . . . . . . . . . . . . . 29

2.5.1 Experimental Setup and Procedure . . . . . . . . . . . . . . . 29

2.5.2 Analysis and Results . . . . . . . . . . . . . . . . . . . . . . . 31

2.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.6.1 Study I: Multi-Tasking . . . . . . . . . . . . . . . . . . . . . . 34

2.6.2 Study II: Navigation . . . . . . . . . . . . . . . . . . . . . . . 36

2.6.3 Limitations and Future Work . . . . . . . . . . . . . . . . . . 38

2.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3 Social Navigation 40

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2 Planning Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.3 Hybrid Model of Human Navigation . . . . . . . . . . . . . . . . . . . 44

3.3.1 Continuous Navigation Actions . . . . . . . . . . . . . . . . . 47

3.3.2 Discrete Navigation Decisions . . . . . . . . . . . . . . . . . . 48

3.4 Planning for Communication . . . . . . . . . . . . . . . . . . . . . . . 51

3.4.1 Robot Reward Function . . . . . . . . . . . . . . . . . . . . . 51

3.4.2 Human-Aware Planning . . . . . . . . . . . . . . . . . . . . . 52

3.5 Simulation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.5.1 Social Navigation Scenario . . . . . . . . . . . . . . . . . . . . 54

3.5.2 Human Model Evaluation . . . . . . . . . . . . . . . . . . . . 57

3.5.3 Case Study in Simulation . . . . . . . . . . . . . . . . . . . . 62

3.6 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.6.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . 64

3.6.2 Experimental Design . . . . . . . . . . . . . . . . . . . . . . . 66

3.6.3 Analysis and Results . . . . . . . . . . . . . . . . . . . . . . . 67

3.6.4 Effect of Communication . . . . . . . . . . . . . . . . . . . . . 68

3.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

x



4 Haptic Navigation Guidance 73

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.2 Design and Control of the Haptic Device . . . . . . . . . . . . . . . . 75

4.2.1 Design and Kinematics . . . . . . . . . . . . . . . . . . . . . . 75

4.2.2 Control and Haptic Feedback . . . . . . . . . . . . . . . . . . 77

4.2.3 Device Validation . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.3 Model of Human Response to Directional Guidance . . . . . . . . . . 79

4.3.1 Model Overview . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.3.2 Response Model . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.3.3 Action Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.3.4 Sampling from the Model . . . . . . . . . . . . . . . . . . . . 84

4.4 Planning Navigation Guidance . . . . . . . . . . . . . . . . . . . . . . 84

4.4.1 Communicate with Fixed Time Interval . . . . . . . . . . . . . 85

4.4.2 Communicate As Needed . . . . . . . . . . . . . . . . . . . . . 89

4.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.5.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . 95

4.5.2 Human Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

4.5.3 Planning Navigation Guidance in Freespace . . . . . . . . . . 100

4.5.4 Planning Navigation Guidance with Obstacles . . . . . . . . . 106

4.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

4.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5 Conclusions and Future Work 113

5.1 Summary of Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.2 Review of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . 114

5.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

5.3.1 Generalizable and Adaptive Models . . . . . . . . . . . . . . . 115

5.3.2 Bi-directional Interaction . . . . . . . . . . . . . . . . . . . . . 116

5.3.3 Multi-Modal Communication . . . . . . . . . . . . . . . . . . 117

A Augmented Social Force Model 119

A.1 Model Derivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

xi



A.2 Learning Model Parameters . . . . . . . . . . . . . . . . . . . . . . . 122

Bibliography 123

xii



List of Tables

2.1 Summary of conditions for user study I. . . . . . . . . . . . . . . . . 23

xiii



List of Figures

1.1 Introductory examples . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2.1 System block diagram for the bi-directional communication scheme . 11

2.2 Human detection and following setups . . . . . . . . . . . . . . . . . 13

2.3 State machine that defines the robot follower’s behavior . . . . . . . . 15

2.4 The haptic interface and the command interface . . . . . . . . . . . . 17

2.5 Setup for prestudy of the command interface . . . . . . . . . . . . . . 19

2.6 Experimental setup for Study I . . . . . . . . . . . . . . . . . . . . . 20

2.7 Sample trajectory and robot states in Study I . . . . . . . . . . . . . 25

2.8 Statistics of Study I . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.9 Comparison of the first and the second half of each trial in Study I . 27

2.10 Experimental setup of Study II . . . . . . . . . . . . . . . . . . . . . 29

2.11 Setup for the second part of Study II . . . . . . . . . . . . . . . . . . 31

2.12 Results of Part 1 of Study II . . . . . . . . . . . . . . . . . . . . . . . 32

2.13 Results of Part 2 of Study II . . . . . . . . . . . . . . . . . . . . . . . 33

3.1 Example scenario . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.2 Inference on the robot’s intent based on explicit communication . . . 50

3.3 Visualization of features used in IRL . . . . . . . . . . . . . . . . . . 56

3.4 Sample predictions using the learned reward functions . . . . . . . . . 58

3.5 Cross validation of the IRL model . . . . . . . . . . . . . . . . . . . . 59

3.6 Demonstrations of the discrete decision model in different scenarios . 61

3.7 Simulation results of the planning framework . . . . . . . . . . . . . . 62

3.8 Initial conditions that lead to explicit communication . . . . . . . . . 63

xiv



3.9 Experimental setups . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

3.10 Statistical results of the user study . . . . . . . . . . . . . . . . . . . 67

3.11 Velocity profiles from sample trials . . . . . . . . . . . . . . . . . . . 69

4.1 Haptic device for navigation guidance . . . . . . . . . . . . . . . . . . 75

4.2 Haptic device kinematics . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.3 Commanded end effector trajectory . . . . . . . . . . . . . . . . . . . 77

4.4 Block diagram of the modeling framework . . . . . . . . . . . . . . . 79

4.5 Select time procedure illustration . . . . . . . . . . . . . . . . . . . . 94

4.6 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.7 Illustration of the procedure of the first experiment . . . . . . . . . . 96

4.8 Response model of one user . . . . . . . . . . . . . . . . . . . . . . . 97

4.9 Action model of one user . . . . . . . . . . . . . . . . . . . . . . . . . 98

4.10 Comparisons of haptic guidance vs. verbal guidance . . . . . . . . . . 99

4.11 Setup of navigation experiment with free-space . . . . . . . . . . . . . 100

4.12 Trajectories from one user in the free-space navigation guidance exper-

iment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4.13 Visualization of guidance cues in the free-space navigation guidance

experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

4.14 Statistics of the free-space navigation experiment . . . . . . . . . . . 105

4.15 Model trained with all users’ data and optimized policy with the unified

model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

4.16 Simulation of an environment with obstacles . . . . . . . . . . . . . . 107

4.17 Trajectories of one user in the navigation guidance with obstacles ex-

periment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

A.1 Social force model calculation . . . . . . . . . . . . . . . . . . . . . . 120

xv



xvi



Chapter 1

Introduction

Robots have the potential to assist humans in many domains, such as medicine, trans-

portation, service and industry [1]. The past few decades have observed the success

of robot applications in industrial automation. However, most robots nowadays still

function in confined, isolated industrial or research environment. As robots move

from these isolated settings into everyday human environments, we need to consider

how they should interact with people.

Human-robot interaction (HRI) occurs at different levels and takes on many forms.

One common type of interaction is verbal communication [2]. Verbal communication

can efficiently convey information, intent, and emotion. It is especially suitable for

exchanging high-level, abstract information. Verbal communication is usually explicit

(information is explicitly expressed with language) and purposeful. Another type of

interaction, which is more subtle and implicit, and almost ubiquitous, is the motion

of robots. For example, in social navigation [3], a robot primarily interacts with

humans in the surrounding via its movement. The movement can be communicative

on purpose or purely functional. Nevertheless, humans react to the movement for

various reasons such as to avoid collisions.

The goal of this dissertation is to enable robots to use communication to facil-

itate interactions with humans and better accomplish their tasks. The approaches

build upon the idea that communication can effectively alter humans’ behaviors. By

modeling the effects of communication and proactively planning for communicative

1



2 CHAPTER 1. INTRODUCTION

(a) (b)

Figure 1.1: (a) The robot is trying to follow the person in green shirt, but got interfered by the
person in red shirt. (b) A robot and a person encounter each other in a hallway.

actions, we show that efficiency and performance can be improved for human-robot

systems.

1.1 Motivation

Navigation is one of the most basic functionalities of robots, and is a key component

to many robotic applications such as personal assistance, delivery and social services.

Advancement in robot sensing technologies, computer vision, and motion planning

has made it possible for robots to autonomously navigate in human environments.

However, there are still challenges that cannot be solved by state-of-the-art perception

and motion planning algorithms. Fig. 1.1 presents two example scenarios:

1. An assistant robot follows a person in a crowded scene and other people cut

in between the robot and the person. The robot loses vision of the person and

cannot regain tracking as the person walks farther away.

2. A robot and a person encounter each other in a hallway. They may both try to

stop or both try to proceed at the same time, which may result in a collision or

inefficient motions.

The difficulties in these scenarios partially arise from the fact that human behav-

iors are very complex and stochastic. With limited sensing and reasoning capabilities,
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it is nearly impossible for the robot to accurately predict the actions of humans in the

environment and compute a plan accordingly. In fact, interacting with other people

can sometimes be challenging for humans as well.

Communication is a powerful tool that humans rely on to handle such scenarios.

By communicating with each other, people gain information on each other’s intent

and act cooperatively to improve group efficiency. In an environment where humans

and robots coexist, we expect humans respond to robot communications in a similar

fashion. This motivates the core research idea of this thesis: robots should proactively

use communication to exchange information and affect human behaviors.

In this thesis, we focus on non-verbal communication methods such as haptic feed-

back and robot motions. While verbal communication is very accurate in conveying

information, it sometimes induces relatively high mental load and is inefficient [4].

On the other hand, non-verbal communication can be very intuitive, but less expres-

sive. This dissertation emphasizes the understanding and modeling of the effects of

non-verbal communication on human behaviors. In particular, we consider the in-

herent uncertainties associated with non-verbal communication and human actions.

By incorporating these effects into planning, we obtain communicative robot actions

that can effectively express intents or alter human behaviors.

1.2 Contributions

The major contributions of this dissertation are summarized as follows:

1. A bidirectional communication scheme for human-mobile robot fol-

lower interaction: We developed a bidirectional communication scheme and

a holdable haptic device that brings human into the loop for a mobile robot

follower application. We demonstrated, through human subject experiments,

that the communication scheme can effectively egage the user when necessary,

while still allow the user to concentrate on other tasks. Results also show im-

proved robot performance in challenging environments with the bidirectional

communication.
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2. A new framework for planning communication in social navigation:

A predictive model of human’s navigation behavior in response to both implicit

and explicit robot communication was developed. We derived an interactive

planning algorithm based on the human model. The algorithm enables a robot

to proactively communicate either through implicit or explicit communication

for the goal of a more efficient and transparent interaction. We implemented

the algorithm on a mobile robot platform and verified it with real-world human

subject experiments.

3. A probabilistic framework for optimizing haptic communication for

navigation guidance: We developed a probabilistic model that captures the

uncertainties and biases in human’s responses to directional guidances. The

model was applied to characterize the effectiveness of haptic and audio feed-

back. An offline algorithm was developed based on the model to optimize

haptic communication for guiding a human user to different target positions.

We further implemented an online sampling-based optimization to balance the

performance and the frequency of communication. Experiments demonstrated

that both algorithms improved haptic navigation guidance compared to naive

policies.

1.3 Prior Work

In this section, we review the relevant existing body of research. First, we provide

an review of methods for human-robot communication. Second, we discuss human

behavior modeling and prediction, focusing on works in social navigation. Finally, we

review planning techniques that are relevant to human-robot interaction. Additional

prior works on specific topics are discussed in those chapters.

1.3.1 Human-Robot Communication Methods

Humans communicate with each other via various channels including visual, audio

and haptics. All of these channels can also be used to communicate information
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between a human and a robot.

Verbal Communication. Verbal communication is perhaps the most common

and well researched method for human-robot interaction (HRI). The challenge of

understanding and generating speech has spawned vast areas of research. Here we

briefly review some of the works in the context of social HRI.

Speech systems have been used across a large number of scenarios in HRI. Exam-

ples include task directions and instructions [5–7], collaborative assembly [8], assistive

robots [9], and service robots [10–12]. The primary challenge in generating robot ver-

bal communication is determining the content of the speech. Converting the content

to audio signals is now straight forward with text-to-speech engines.

A key difference between verbal communication in HRI and a general AI-dialog

system is that the speech content is often tied to the physical environment and the

interaction scenario. Inverse semantics [13] is an approach that generates language by

maximizing the probability of correct interpretation and response. It has been used

to enable robots to report failure and ask for help [13–15]. In collaborative scenarios,

it is important for the robot to generate accurate accurate and efficient referring ex-

pressions. This problem has been studied in [16–18]. Researchers also have explored

the use of explanatory launguages to clarify robot behaviors and coordinate collab-

oration [19]. A more complete review of verbal communication in HRI is presented

in [20].

Visual Communication. Vision is considered to be the dominant sense of hu-

mans [21]. Graphical user interfaces (GUI) have been extensively studied for human-

computer interaction (HCI). In the context of interaction with physical robots, GUIs

have been used to display robot emotions [22], and as a general input/output inter-

face [23, 24]. Other types of visual display medias have also been studied, such as

expressive lights [25] and augmented reality via visual projections [26,27].

Besides visual display interfaces, visual information also comes from the physi-

cal embodiment of the robot itself, which is often more natural and intuitive. For

example, gestures have been widely used in HRI applications, including referring to

objects [28–30], accompanying speech [31], or as an input media for a human to com-

mand a robot [32,33]. Visual information is also embeded in robot motions. In social
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navigation, spatial positionings and movements often carry information about the

intent of the human or the robot [34–36]. The idea of predictable and legible mo-

tions have been explored in the context of collaborative manipulation [37]. We will

review methods regarding modeling and generating expressive motions in the next

two subsections.

Haptic Communication. Haptic feedback has been successfully applied in robot

teleoperation and virtual reality applications [38–40]. However, it is relatively less

well studied for interactions with social robots.

Haptics is an important communication channel in physical collaborative tasks.

For example, in human-robot collaborative manipulation, forces and torques are an

important mean of communicating intent and negotiating the leader-follower relation-

ship [41–43].

Researchers also have investigated using wearable haptic interfaces to communica-

tion information between humans and robots. A wearable vibrotactile interface was

used in [44] to guide the user along trajectories that are feasible for human leader-

robot follower formation task. A similar interface was used in [45] to feedback robot

partners’ statuses during collaborative manipulation.

In this dissertation, we focus on the use of non-verbal communication, especially

haptic feedback. We aim to minimize users’ mental load while providing necessary

information. Some of the methods we developed are transferable to other types of

communication.

1.3.2 Modeling Human Behavior

Understanding human behavior is crucial to interactive robots. The primary objective

of computational models in HRI is to predict human actions and plan robot behaviors

accordingly.

In social navigation, modeling usually concerns human movements and reactions

to other agents in the environment. A popular framework to model human navigation

is the Social Force Model (SFM) [46], which frames pedestrians as affected by interac-

tive forces that drive them towards their goals and away from each other. Variations
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of SFM were studied [47, 48] to extend the original idea. SFM has been applied to

HRI scenarios to predict human’s responses to social robots [49]. SFM is an attractive

framework due to its high computational efficiency. However, it is not very accurate

in prediction, and does not capture the stochasticity in human behavior.

Researchers have applied data-driven probabilistic methods to modeling human

navigation behavior. The Interactive Gaussian Process model was proposed in [50];

it takes into account the randomness of human behavior and mutual interactions.

Inverse Reinforcement Learning (IRL) [51–55] is another framework that allows a

probabilistic representation of human behavior. Recently, recurrent neural networks

were adopted to predict human movements in crowded scenes [56,57]. These methods

tend to outperform SFM, but are more demanding in computation, and sometimes

require large amounts of training data.

Apart from social navigation, probabilistic modeling techniques have also been ap-

plied to other HRI scenarios, such as predicting human motion intent for exoskeleton

control [58], modeling trust in human-robot collaborations [59] and predicting hu-

man responses to haptic feedback [60]. In Chapters 3 and 4, we employ probabilistic

methods to model human reactions to robot communications.

1.3.3 Planning for Interaction

The challenge in planning actions in HRI applications is that the robot not only

need to accomplish tasks autonomously, but also has to take into consideration the

interactions with humans. Therefore, research in planning for HRI is tightly coupled

with research in human behavior modeling.

A large body of work in social navigation was inspired by social rules for naviga-

tion. In particular, proximics based rules, such as keeping appropriate distances from

people and passing on specific sides, were widely used [61–65]. SFM is also a type

of proximity-based model and has been used in combination with sampling-based

algorithms to plan robot social navigation [49]. In addition to spatial relationships,

temporal factors were considered in [66, 67] to generate more natural motions. An-

other group of work focuses on replicating human behaviors [68–70], using techniques
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introduced in the previous subsection, such as the Interactive Gaussian Process and

inverse reinforcement learning.

Learning to replicate human behaviors belongs to the general imitation learn-

ing framework, which has been applied to other HRI applications, such as generating

human-like gestures [71] and learning interaction preimitives in cooperation tasks [72].

Methods have been developed to allow humans to teach robot interactively via cri-

tiques [73], natural language instructions [74], and social interactions [75].

Instead of imitating human behaviors, researchers also have developed methods

to explicitly plan for actions that are communicative or can influence human. The

idea of predictable versus legible motions is formalized in [37]: predictable motions

are purely functional, while legible motions are informative of the agent’s intent.

Methods to generate legible and expressive motions were developed for robot manip-

ulators [76] and self-driving cars [77]. Besides communicating intent, robot motions

can also directly affect human actions. A modeling and planning framework was

proposed in [78,79] to allow autonomous cars to actively influence human drivers’ be-

haviors and gather information of human drivers’ internal states. Similar ideas were

explored in collaborative scenarios, such as object handover [80] and collaborative

manipulation [81]. This dissertation also build upon the idea that sometimes robots

should proactively communicate and influence people.

The vast majority of planning research in robotics is concentrated on generating

motions (functional or communicative). Planning for other types of communication is

less well studied. A framework was developed in [82] to allow a robot to seek help from

humans to overcome its limitations. The robot communicated with human by natural

language via audio and screen display. Planning for personalized navigation guidance

for blind people was studied in [83], where the guidance cues were communicated

verbally. In Chapters 3 and 4, we develop methods to plan for haptic communication

for robot social navigation and human navigation guidance.
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1.4 Dissertation Overview

This dissertation consists of 5 chapters. In this introductory chapter, we discussed the

importance of communication in human-robot interaction and motivated our research.

We also provided a summary of contributions of the dissertation, and a survey of

relevant literature.

In Chapter 2, we present a bidirectional communication scheme that facilitates

interactions between a person and a mobile robot that follows the person. We discuss

the concept of bringing the human into the loop, design of the hardware and software

to realize the communication, and experiments to evaluate the proposed method.

In Chapter 3, we develop a planning framework that incorporates proactive com-

munication to facilitate a mobile robot socially navigating around humans. The

framework is based on a hybrid model that captures the effect of both implicit com-

munication (robot motion) and explicit communication (visual, audio or haptic feed-

back). We present results of a real-world user study where the framework is applied

for a collision avoidance scenario.

In Chapters 2 and 3, we only consider simple, discrete communications. In Chap-

ter 4, we take a step further to study communication of continuous directional in-

formation. We use a data-driven, probabilistic approach to model human’s response

to both haptic and audio communication. We then develop algorithms to optimize

communication for navigation guidance applications, and perform a set of human user

experiments and demonstrations.

Finally, in Chapter 5, we summarize the results of this dissertation, review the

contributions that have been made, and discuss possible directions for future work.



Chapter 2

Facilitating Human-Mobile Robot

Communication via Haptic

Feedback and Gesture

Teleoperation

2.1 Introduction

This chapter focuses on the application of personal assistive robots, in particular,

robots that can follow people and help with tasks like carrying loads. To follow and

assist people is one of the most common tasks for intelligent service robots. How-

ever, this seemingly simple task, which requires the ability to track moving people,

understand the environment, and plan appropriate actions [84], is not always straight-

forward. In Chapter 1, we presented an example where the robot follower is likely

fail due to interruption of other people in the environment. Such scenarios are un-

avoidable in complex and crowded environments like shopping malls. In this chapter,

we propose a bi-directional communication scheme that brings the human user into

the loop when the robot have trouble following the user. The concept is illustrated

in Fig. 2.1. The robot proactively communicates with the user via a haptic interface

when it fails to follow the user. To respond to the robot’s communication, the user

10
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Human

Haptic	
Interface

Command	
Interface

Robot

Communication	Device(a) (b)

Figure 2.1: (a) A human walking with a robot follower. The user and the robot can communi-
cate with each other via a holdable mechatronic device. (b) System block diagram demonstrating
the relationship of different components of the human-robot communication system. The shaded
blocks are parts of the communication device. Arrows indicate the direction of information flow.
Solid arrows represent physical connections and dashed arrows represent non-physical connections.
c© 2018 ACM

can use the command interface to teleoperate the robot to an appropriate location

and to direct it to resume following. The communication is physically realized with a

holdable mechatronic device that we design in this chapter. The work in this chapter

was previously published in the ACM Transactions on Human-Robot Interaction [85].

Person-following robots have been developed for different applications, including

helping elderly people who suffer from cognitive impairment [86, 87] and carrying

oxygen therapy tanks for patients [88]. The two most important modules of a person-

following robot is detecting the person with onboard sensors and following the person

by navigating in the environment. Various human detection and tracking methods

have been developed, including detections using patterns and textures [84, 89] and

combining images with laser range finders [90, 91] or depth cameras [92]. In recent

years, deep neural networks have been applied to people detection and pose esti-

mation [93–95]. As for person following, researchers have explored virtual spring

based method [96], direct-following vs. path-following [97], force-field method [98]

and leader-follower formation control [99]. The method developed in this chapter is

not an alternative to these human detection and following methods. Instead, it is an

augmentation to existing algorithms and can be used in combination. By creating a

bi-directional communication channel and bring human into the loop, we extend the
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robot follower’s capability and robustness.

Non-contact human-robot interaction can be achieved via different communication

channels including visual [25], audio [19] and haptic feedback [44,45]. In the context of

interacting with human-following robots, haptic feedback has advantages over visual

and audio feedback, as the user’s visual and audio channels are often overloaded with

information from the environment. In addition, haptic feedback is private, noticeable,

and ideally does not require mental models to parse the information. Our holdable

haptic interface uses asymmetric vibrations to render different directional cues, which

alert the user of failure events and the relative direction of the robot.

To enable the user to take control of the robot when if fails, we implemented

an intuitive teleoperation interface with on-body inertial measurement units (IMU).

The user can control the robot by tilting his or her hand. The design principle of the

command interface is to allow for natural interaction while providing the user with

necessary control of the robot.

The rest of the chapter is organized as follows. Section 2.2 describes the robot

follower algorithm and behavior. Section 2.3 presents the design of the communication

device. In Section 2.4 and 2.5, we evaluate the proposed communication approach

and device with two sets of user studies. The results are discussed in Section 2.6.

Finally, in Section 2.6 we provide a summary of the chapter.

2.2 Robot Follower

In this section, we describe the robot platform and the human-following algorithm.

Various human detection and following methods have been previously developed, as

introduced in the previous section. Here we implement a simple human following

algorithm that does not actively avoid obstacles. We chose this implementation for a

number of reasons. First, the goal of our work is to facilitate human-robot interaction

with communication rather than to improve human following algorithms. Second,

more complex algorithms such as avoiding obstacles with motion planning introduce

great uncertainties on when the robot would fail. A simpler algorithm enables us

to design experiments that are repeatable. Finally, it is not unreasonable to assume
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Figure 2.2: (a) Geometric relationship between the robot and the human. x̂, ŷ and θ denote the
relative position and orientation of the human in the robot’s reference frame. v and ω denote the
linear and angular velocity of the robot. (b) Yellow jacket and 2D markers for human tracking. (c)
Image mask obtained after applying color thresholding. (d) Diagram showing the positions of the
markers. The markers on each side are oriented ±135◦ from the one in the middle. c© 2018 ACM

simple human following behavior because it matches the level of performance of some

existing commercial products.

We use a Turtlebot 2 as the mobile robot platform. Turtlebot 2 is a low-cost,

personal robot kit with open-source software. The robot is equipped with a Microsoft

Kinect sensor. We use an ASUS Zenbook UX303UB as the onboard computer to

process RGB-D data from the Kinect and to control the robot. All the algorithms

described in this and the next section were implemented in Ubuntu 14.04 LTS with

the Robot Operating System (ROS Indigo).
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2.2.1 Following and Tracking Algorithms

We implemented a simple human following control algorithm that aims to keep the

robot at a desired distance from the human and always facing towards the human:

v = kp,v(ŷ − yd) + kd,v ˙̂y (2.1)

ω = kp,ωx̂+ kd,ω ˙̂x (2.2)

where v, ω are the commanded linear and angular velocities respectively, (x̂, ŷ) is

the position of the human in the robot’s reference frame, kp,v, kd,v, kp,ω and kd,ω are

controller gains (p is proportional and d is derivative), and ( ˙̂x, ˙̂y) is the velocity of the

human with respect to the robot. We use numerical differentiation to calculate the

velocity and smooth it using a low pass filter.

To obtain the relative position of the human, we developed a tracking algorithm

based on color segmentation and 2D marker detection. The algorithm is outlined

here:

1. Convert the RGB image to HSV color space, and threshold with HSV range

[20, 100, 100] ∼ [30, 255, 255]

2. Remove noise with morphological filters, find the largest contour and calculate

its centroid

3. Obtain the average distance ŷ of the largest contour using the depth image

4. Convert the pixel positions to physical positions:

x̂ =
ŷxp
fw

where xp is the position of the centroid in the image, and fw is the focal length

of the camera.

5. Calculate the orientation of the human from the pose of the detected 2D markers
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FollowIdle/Stop

Issues	while	following:
• Lost	tracking	of	human
• Stuck	by	obstacles
• Human	walked	too	fast
• Other	reasonsCommand

FailCommunicate
Issue	not	resolved

Issue	resolved	by	intervention	(teleoperation)

Issue	resolved	by	
communication

Figure 2.3: State machine that defines the robot follower’s behavior. High-level description of
transition conditions are placed next to the arrows that connect the states. In the “Fail” state, the
human user can intervene by teleoperating the robot. c© 2018 ACM

In the last step, the orientation is obtained by taking the weighted average of the

poses of the detected markers. We used three ArUco markers [100] rigidly attached

to each other, as shown in Fig. 2.2 (a) and (c). Each marker is oriented 135◦ from its

neighbor. The weights of the markers are calculated as:

wi =

2.0 if |∠ni| < 45◦

1.0 if |∠ni| ≥ 45◦
,

where ni is the surface norm of the marker i, ∠ni is the angle of the surface norm, and

∠ni = 0 when the marker is parallel to camera. To calculate the weighted average of

orientations, we implemented the optimization method [101]:

R̄ = arg min
R

n∑
i=1

wid∠(R,Ri)
2 (2.3)

where R̄ is the Karcher mean of the rotations, Ri is the orientation of marker i

and d∠(R,Ri) represents the geodesic distance between the two orientations R and

Ri. The orientation R̄ is used later to compute the appropriate direction for haptic

feedback.

We implemented a simple state machine to enable the robot follower to communi-

cate with the user. Fig. 2.3 shows the structure of the state machine. During normal

operation, the user can command the robot to start and stop following. When the

robot follower encounters an issue that it can’t resolve on its own, it communicates
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with the user by sending a haptic signal. Some issues may be resolved by commu-

nication (for example, in the case of human walking too fast, if the user slows down

after receiving a haptic warning signal, the issue will be resolved), and the robot then

resumes following. If the issue is not resolved, the robot stops and enters the “Fail”

state. In the Fail state, the robot can be teleoperated by the user, and will resume

following once the issue is resolved.

The simple following algorithm will not work in a few scenarios, causing the robot

to enter the Fail states. Firstly, the algorithm cannot handle losing tracking of the

human leader. If the tracking is reported lost for a period longer than a threshold

value tth, the robot enters the Fail state. Because the algorithm does not consider

obstacle avoidance, the robot will enter the Fail state when it hits an obstacle. This

is detected with the bumpers on the robot base. We also consider the robot as being

stuck when the robot cannot track the commanded velocity. The robot may also

fail to follow if the user walks too fast (faster than the robot’s physical speed limit).

There are other reasons that the robot may fail, and we will discuss more about failure

modes in Section 2.4.

2.3 The Communication Device

This section describes the design and working principles of the holdable mechatronic

device used for communication. As shown in Fig. 2.1, the device consists of two main

components: the haptic interface and the command interface. The haptic interface is

used for displaying messages sent by the robot when it enters unwanted states. The

command interface can be used to control and teleoperate the robot follower when

necessary.

2.3.1 Haptic Interface

As described in Section 2.1, we use asymmetric vibrations to create an ungrounded

pulling sensation in different directions. The vibration is created by voicecoil actu-

ators driven by the step-ramp current pulses shown in Fig. 2.4 (c). As determined
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Figure 2.4: (a) The haptic interface hardware. The device is held in a pinch grasp, where the thumb
contacts the actuator on the bottom. (b) Bottom-up and top-down view of the haptic device,
showing one actuator on the bottom and two actuators on the top. Arrows show the directional
cues that each actuator can display. Turning directions can be rendered by combining opposite cues
from two actuators. (c) The waveform of the control current that is used to generate asymmetric
vibrations. (d) The command interface hardware. The device is strapped onto user’s hand and can
sense the tilting angles of the hand. c© 2018 ACM

in previous work [102], in order to create an asymmetric acceleration, the actuator

should quickly move in the desired direction of the pulling sensation in a short period

of time (step phase), and then slowly return in the opposite direction (ramp phase).

The step and ramp durations were empirically chosen to be t1 = 4 ms and t2 = 15

ms to produce the most noticeable pulling sensation.

Each actuator is capable of displaying two opposite directions by inverting the

current signal. To render more than two directions, multiple actuators need to be

carefully placed to minimize interference, while maximizing the stimulation to finger-

tips. Fig. 2.4 (a) and (b) show the haptic interface. Three actuators are used; one is

placed on the bottom of the device, and the other two actuators are mounted on the

top, parallel to each other. We use an acrylic tube as the device base because it is

lightweight yet rigid enough to transmit vibration.

We use this prototype to display four distinct directions: forward, backward,

clockwise and counter-clockwise. Fig. 2.4 (b) illustrates the working principle of

the device. The actuator on the bottom can create forward and backward pulling
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sensations. The two actuators on the top can vibrate in opposite directions, and

their combination creates a twisting sensation that is similar to a torque. During

operation, the device is held in a pinch grasp, as shown in Fig. 2.4 (a). The thumb

should be parallel to and in contact with the actuator on the bottom. Each of the

other fingers (except for the little finger) should be in contact with both actuators on

the top.

2.3.2 Command Interface

The purpose of the command interface is to enable the human user to control or

provide information to the robot follower. We implemented a gesture based teleoper-

ation interface using an on-body 9-axis IMU. As shown in Fig. 2.4(d), the device is

strapped to the back of the user’s hand and can sense the pose of the hand. We use

the roll (α) and pitch (β) angles for controlling the robot follower. The commanded

linear velocity is calculated as:

v =


0 |α| ≤ αmin

kα(α− sgn(α)αmin) + voffset αmin < |α| ≤ αmax

vmax |α| > αmax

(2.4)

This acts like a proportional controller with deadband and saturation. αmin and αmax

are threshold values of the pitch angle, which control the width of the deadband and

saturation, respectively. kα is a proportional gain that is used to calculate the com-

manded velocity from the pitch angle. The commanded angular velocity is calculated

similarly using the roll angle β, which is used to control the direction of the robot.

2.3.3 Pre-Study of the Haptic and Command Interfaces

We conducted a pre-study to validate the functionality of the two components of the

communication device, and to determine if it is intuitive and easy for users to learn.

Five right-handed users participated in the pre-study, after giving informed consent.

The protocol was approved by the Stanford University Institutional Review Board.
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Figure 2.5: (a) Top view of the virtual world with the desired path for the pre-study. The black
circle is the robot. During the study, the users were presented with a zoomed in view centered at
the robot. (b) Sample trajectory of the simulated robot. Blue is the desired path, and red is the
robot’s path. c© 2018 ACM

The pre-study consisted of two parts:

2.3.3.1 Haptic interface

We tested if users could correctly distinguish the four directions (forward, backward,

clockwise, counter-clockwise) rendered by the haptic interface. Before the experiment

started, a short training session was given to each user to help them become familiar

with the haptic interface. Each user completed 40 trials in total, and the directions

were pseudo-randomized. In each trial, the vibration was pulsed three times (1 second

each time), with 1 second pauses in between. The users were then asked to specify the

direction displayed. All five users were able to correctly identify all of the direction

displayed by the haptic interface 100% of the time.

2.3.3.2 Command interface

In this part, each user teleoperated a simulated Turtlebot 2 to follow a given path in a

virtual world using the device. We used Gazebo 2.2 in ROS Indigo for the simulation.

Fig. 2.5 (a) shows the simulated world, where the desired path is rendered in yellow.

Each user was given a two-minute training session to learn how to use the device to
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Figure 2.6: Top view of the experimental setup for Study I. (a) Configuration of the experiment
field. Blue squares are the waypoints of the desired path. The arrows indicate the direction that
the human should follow. (b) Picture of the actual experiment field with the user and the robot
follower. c© 2018 ACM

control the simulated robot. Then the user was asked to teleoperate the robot to follow

the path for one loop. All the users completed the path following task successfully

within two minutes and reported that the interface was easy to use. Fig. 2.5 (b)

shows a sample trajectory of the virtual robot teleoperated by a user.

These results indicate that the communication device is straightforward to learn

and use.

2.4 User Study I: Multi-Tasking Study

We conducted two sets of user studies to evaluate the effectiveness of the communi-

cation scheme and the device. In this section, we describe the first study, in which

we focus on scenarios where the users are engaged in multiple tasks and mentally

distracted from the robot follower. Our goal was to test if the communication device

improves users’ awareness of the robot’s status and reduces robot following failures.
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2.4.1 Setup

The experimental setup for this study is illustrated in Fig. 2.6, where the user was

asked to follow a path with the robot follower while giving equal weight to the fol-

lowing objectives:

• Follow the given path as closely as possible. The users were instructed to walk

through all six way-points in a “figure 8” pattern, as indicated by the segments

1© - 8© in Fig. 2.6, and repeat the same pattern until instructed to stop (after

5 minutes).

• Complete math problems on a smartphone. This is to simulate the cognitive

load of simultaneously performing other tasks. For example, when shopping,

people need to search for items, read tags, and remember prices. It has been

shown that processes involving the manipulation of symbolic information (digits,

words) require the use of working memory [103]. In this study, 2-digit addition

problems were used.

• Make sure that the robot keeps following. If the robot fails to follow, the user

need to use the command interface to help the robot resume following as soon

as possible. More details are provided on potential causes of robot failure in

the next sub-direction.

During the entire experiment, the user needs to hold the communication device.

When the robot fails to follow, the device will generate haptic feedback based on the

failure mode. The user can then teleoperate the robot and command the robot to

resume following by pressing a button on the device.

2.4.2 Experimental Conditions

We created two scenarios where the robot may fail to follow the user. These scenarios

are designed to resemble failures that can happen in real world applications:

• Scenario 1: Human walks too fast: Most mobile robots, including the

Turtlebot 2 used here, have a physical speed limit that is lower than human
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walking speed. In this study, the robot follower stops following when the user

maintains a walking speed faster than a threshold for 1 second. Before the robot

enters the failure state, a haptic signal is displayed to the user to warn him or

her. The signal is a backward tug with the asymmetric vibration interface and

is triggered when the user maintains a fast speed for 0.5 seconds. The exact

implementation is described by Algorithm 1.

• Scenario 2: Randomly: We manually set the robot to fail after a random

period of time between 20-40 seconds. The purpose of this failure mode is to

simulate unpredictable failures that may happen in real-world, such as hitting

an undetectable obstacle on the ground, or temporary sensor failure due to

external interference. These failures are hard to foresee or prevent.

Algorithm 1 Algorithm to detect human walking too fast

Input Estimated human velocity vh, thresholds t1, t2

1: procedure WalkingTooFastDetection(vh, t1, t2)
2: if vh > vlimit then
3: tc,1 ← tc,1 + ∆t
4: if tc,1 > t1 then
5: SendHapticMessage()
6: if tc,1 > t2 then
7: EnterFailureState()
8: end if
9: end if

10: else
11: tc,2 ← tc,2 + ∆t
12: if tc,2 > t1 then tc,1 ← 0 tc,2 ← 0
13: end if
14: end if
15: end procedure

For each scenario, we ran one session with communication turned on, and one

without communication. In the case where the communication is turned off, the

user still holds the device, but no feedback is provided, and gesture teleoperation is

disabled. A total number of four sessions were tested for each participant, and they

are summarized in Table 2.1.
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Table 2.1: Summary of conditions for user study I.

Session No. Communication Scenario/Failure Mode
1 Off Human too fast
2 On Human too fast
3 Off Random
4 On Random

In both scenarios when the communication is turned on, a directional haptic signal

will be displayed to the user when the robot enters the failure state. The haptic

signal creates either a clockwise or a counter-clockwise torque sensation, depending

on the relative position of the robot with respect to the human. To calculate the

relative position, we performed a coordinate transformation from the robot’s frame

of reference to the user’s frame of reference:

xr = −x̂ cos(θ)− ŷ sin(θ) (2.5)

yr = x̂ sin(θ)− ŷ cos(θ) (2.6)

If xr > 0, a clockwise cue would be displayed and if xr < 0 a counter-clockwise cue

would be displayed. Compared to the backward signal that warns the user of walking

too fast, this signal is stronger in magnitude, and is repeated twice for each failure

event.

2.4.3 Procedure

At the start of the experiment, each user was given a short training session on the

use of the haptic interface and the command interface, and a 90-second warm-up

with the math problems. The user was then allowed to walk around with the robot

follower for a short period, to become familiar with the robot and the task field. Each

user completed four sessions with different scenarios and communication conditions

as shown in Table 2.1. For each session, the user performed the previously described

task for 5 minutes.
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In the sessions where the communication was off, the user had to rely solely on

visual information to tell if the robot was in a failure state. An LED placed on the top

of the robot could indicate the robot’s status by different colors: green represented

normal state and purple represented a failure.

When the communication was turned on, the holdable device alerted the user of

robot failure events as described in Section 5.2. The user could use the communication

device to teleoperate the robot after it failed. For example, the robot would not

resume following if it was too far from the user. In this scenario, the user could

manually command the robot to move closer and then resume following.

After finishing the experiment, each user filled out a survey with three questions:

1. Rate the usefulness of having haptic feedback from 1 to 5 (1 meaning that it

made performance worse, 5 meaning that it improved performance).

2. Rate the usefulness of being able to teleoperate the robot from 1 to 5.

3. How often could you interpret the directional cue from haptic feedback? Choices

are 0%, 25%, 50%, 75% and 100% of the time.

The entire experiment was recorded by an overhead camera for post-processing.

We used a GoPro Hero 4 Black to record the video at 30 Hz. The robot status was

recorded at 50 Hz.

Eight users (4 male, 4 female), ages from 24 to 33, all right-handed, participated

in the experiment after giving informed consent. The protocol was approved by

the Stanford University Institutional Review Board. All users completed Scenario 1

(Session 1 and 2) first, and then Scenario 2 (Session 3 and 4). The order of providing

the communication is pseudo-randomized: for each scenario, half of the users had the

communication on first, while the other half had the communication off first.

2.4.4 Analysis and Results

2.4.4.1 Trajectories and Robot Status

Fig. 2.7 (a) shows average trajectories of a single user under Session 4. The gray

line represents the user’s average trajectory and the red line represents the robot’s
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average trajectory. To obtain the average trajectory, we first processed the video and

extracted the position of the user and the robot at each frame. The user’s location

was calculated by tracking the color of the jacket on the user, and the robot’s position

was calculated by detecting the 2D marker attached as described in Section 3. Then

the position data is filtered with a third-order Butterworth filter with cutoff frequency

at 5 Hz. Finally, we applied k-means clustering using Euclidean distance to group the

positions into 100 clusters, and we represent each cluster with it’s centroid. These

centroids formed the average trajectory. Fig. 2.7 (a) also shows the correspondence

between the user’s and the robot’s positions with the dashed line segments. Each

segment connects a pair of centroids from the user’s and the robot’s trajectories.

Fig. 2.7 (b) shows the robot’s status over time for all four sessions from a single

user. Comparing Sessions 1 and 2, it can be observed that with haptic feedback, the

robot failed fewer times. Comparing Sessions 3 and 4, we observe that the response

time to the robot failure event is much shorter when the haptic feedback is enabled

(Communication On). These observations can be confirmed by the statistical tests

on the data of all the users.



26 CHAPTER 2. HUMAN-ROBOT FOLLOWER COMMUNICATION

Comm. Off Comm. On

Nu
m

be
r o

f F
ai

lu
re

s

0

5

10

15

20

25

Du
ra

tio
n 

of
 F

ai
lu

re
 S

ta
te

 (s
)

Comm. Off Comm. On

(a) (b) (c)

* * *

Human Too Fast Random Human Too Fast Random

Figure 2.8: Statistics of Study I. (a) Average number of times that the robot failed in Session 1
(Communication On) and Session 2 (Communication Off). (b) Average time spent by the user to
help the robot recover from a failure state for all sessions. Blue represents Communication On,
and red represents Communication Off. (c) Normalized math performance for all sessions. Brackets
indicates statistical significance at 0.05 level (*). The error bars represent the standard deviation. c© 2018 ACM

2.4.4.2 Performance Metrics

Three quantitative metrics were used to evaluate the performance:

• Number of failure states: The number of times the robot failed to follow.

This metric is only relevant for Sessions 1 and 2. On average, the robot failed

the same number of times in Sessions 3 and 4 because the failures were random.

To calculate this metric, we counted the number of times the robot status

transitioned from “follow” to “failure” state. We did not count time where the

robot failed at the end of the trial.

• Duration of failure states: The duration of time the robot remained in the

failure state before the user revived it. For each user, we calculated the average

duration of failure states as the total duration divided by the number of failure

states.

• Normalized math performance: Here we are only interested in comparing

the relative performance across sessions, since the users’ abilities and strategies

for doing the math problems varied greatly. The normalized math performance

was calculated as:

Number of problems solved in Session k

Total number of problems solved/4
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where the denominator is the average number of problems solved in one session.

We used a paired t-test to test for statistically significant differences in perfor-

mance metrics between the communication on and off conditions. We consider the

two scenarios (failure modes) as independent sub-studies, and only compare the Com-

munication On and the Communication Off condition for each failure mode. Fig-

ures 2.8 (a) and 2.8 (b) show the average number and duration of failure states

in the different experimental conditions. When haptic feedback was enabled, the

robot failed significantly fewer times, compared to the Communication Off condition

(t(7) = 2.5184, p = 0.0399). For failure mode 2 (robot failed randomly), the average

duration of failure states when haptic feedback was provided (Communication On)

was significantly shorter than when haptic feedback was not provided (Communica-

tion Off) (t(7) = 4.0458, p = 0.0049). However, there is no statistically significant

difference between the sessions in Scenario 1 (robot fails when the human walks too

fast). Fig. 2.8 (c) shows the average normalized math performance for all sessions.

Similar to Fig. 2.8 (b), there is a statistically significant difference between Session 3

and 4 (failure mode 2) (t(7) = −4.0152, p = 0.0051), but not Session 1 and 2 (failure

mode 1).
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2.4.4.3 Learning Effects

We investigated the learning effect during a session by comparing the number of failure

states in the first half and the second half of the trial. Fig. 2.9 (a) shows sample robot

states versus time in Session 1 and 2 for a single user. The haptic feedback event

is also marked in Session 2 when haptic feedback was enabled. Here we only show

haptic cues that alerted the user that they were walking too fast. The first half and

the second half of each trial is divided by t = 150 s, as indicated by the dashed line.

Comparing the first and second half of Session 1, we observe that the number of

failure states is approximately the same. In Session 2, on the other hand, the robot

failed far fewer times in the second half. We performed statistical tests on the average

number of failure states in the first and second half of each trial. Similar to the math

performance, we normalize the number of failure states because the users’ individual

responses varied greatly. The normalized number of failure states, or proportion of

failure states in the first half is calculated as:

N̄1,k =
number of failure states in first half of Session k

number of failure states in Session k
(2.7)

The proportion in the second half is simply N̄2,k = 1− N̄1,k. Another interpretation

of N̄1,k is the estimated probability of the robot failing in the first half in Session k.

Fig. 2.9 (b) summarizes the results. When communication is on, the normalized

number of failure states in the second half is statistically less than the first half

(t(7) = 3.4136, p = 0.0112). When communication is off, there is no statistically

significant difference between the first and the second half.

2.4.4.4 Survey Results

Average ratings for the usefulness of haptic feedback and teleoperation were 4.63 and

3.25, respectively. Contradicting our expectation from the pre-study, users were able

to interpret the directional cue only about 44% of the time on average.
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field, obstacles and the targets are marked by red and blue boxes respectively. c© 2018 ACM

2.5 User Study II: Naivgation Study

In Study I, we showed that haptic feedback was very effective in improving users’

awareness of the robot’s status, especially when the users were under cognitive load.

However, because of the simple setup, the study did not address the scenarios where

the users need to teleoperate the robot. In the second study, we investigated how

people would use the command interface to teleoperate and help the robot to avoid

obstacles.

2.5.1 Experimental Setup and Procedure

In this study, the user was asked to walk from a starting point to a destination point

in the setup environment shown in Fig. 2.10. The user had to avoid the obstacles

indicated by the gray areas in the figure. Since our human-following controller did

not incorporate active collision avoidance, the robot would likely to get stuck and

fail to follow the user if it hit an obstacle. In this case, the user would receive a

clockwise or counter-clockwise haptic cue similar to Study I. The user could then use

the command interface to teleoperate the robot follower to help it get around the

obstacles. The robot could also be manually switched to teleoperation mode.

There were two parts in this study:

• Part 1: As shown in Fig. 2.10 (a), in each trial the user started from the initial



30 CHAPTER 2. HUMAN-ROBOT FOLLOWER COMMUNICATION

position and walked to the goal position along a path indicated by the arrows.

The desired path went through a narrow passage, which is very challenging for

the robot. The user’s task is to get to the goal position with the robot follower.

There are two conditions for this part:

– Communication off : The user does not receive haptic feedback and has

no direct control of the robot follower. In order to avoid getting the robot

stuck by the obstacles, the user has to carefully choose their path. If

the user is not able to reach the goal position in 30 seconds with the

robot follower, the trial is considered a failure (it is extremely unlikely

that the user can succeed in a trial if they get the robot stuck once, which

usually happens within 30 seconds). Through pilot testing, we found that

the user’s trajectories were consistent while repeating the condition (no

learning effect observed), and the user would get frustrated after a few

trials. For this reason, we decide to limit this condition to 3 trials.

– Communication on: The user receives haptic feedback and can use the

command interface to teleoperate the robot follower. In this condition,

the user can always reach the target with the robot, as they have direct

control over the robot. We are interested to study how fast the user can

learn and adapt to the communication interface. Base on pilot testing, we

set 10 trials for this condition.

• Part 2: Fig. 2.11 shows the setup for the second part of the study. In each trial,

the user is given a target position numbered from 1 to 5. The user can choose

between Path 1 on the left (red arrows) and Path 2 on the right (gray arrows).

If Path 1 is chosen, the user is not allowed to use the command interface. The

space on the left side is wide enough for the robot to avoid collision. If Path

2 is chosen, the user can use the command interface to teleoperate the robot

get through the narrow passage. The goal of each trial was to reach the target

position as fast as possible. Each user completed five trials, one for each target

position. The order of the five targets were pseudo-randomized.



2.5. USER STUDY II: NAIVGATION STUDY 31

Have	to	use	
the	tether

2 3 4 5

0.76m

0.76m1

Larger	
space

Path	1 Path	2

No	need	to	
use	the	tether

Figure 2.11: Setup for the second part of Study II. Blue squares are the goal positions and are
numbered 1 to 5 from left to right. Red arrows and gray arrows represent two choices of paths.
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In each trial of Parts 1 and 2, the robot began in the idle/stop state. The user

switches the robot into following state by pressing the button attached to the haptic

interface twice. The user pressed the button twice again upon reaching the target

position, to indicate that the trial is finished. When ending the trial, the user needs

to make sure that the robot is following.

After the experiment, each user was asked to fill out a survey, with two questions

that were identical to the first two questions in the survey from Study I.

Eight users (3 male, 5 female), ages from 23 to 33, all right-handed, participated

in the study after giving informed consent. Similar to Study I, the experiments

were recorded by an overhead camera. All of the users completed Part 1 of the

study first, and half of them were given the Communication Off condition before the

Communication On condition.

2.5.2 Analysis and Results

2.5.2.1 Benefit of Teleoperation

In the communication off condition, the robot became stuck on the obstacles more

than 60% of the time (15 out of 24 trials). In the communication on condition, users

were able to reach the target every time by teleoperating the robot to move through

the narrow passage. Fig. 2.12 (a) presents sample trajectories from the two conditions.
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We can see that when communication is off, the user had to take unnatural paths to

try to guide the robot away from the corners.

2.5.2.2 Learning Effects

We studied how fast the users learned to use the command interface by looking at the

average completion time of a trial versus trial numbers, as shown in Fig. 2.12. The

completion time of a single trial is calculated as tend − tstart, where tstart and tend are

the time when the user pressed the button to start and stop the robot, respectively.

The completion time decreases relatively fast initially, then plateaus after about four

trials.

2.5.2.3 User Preference

Fig. 2.13 (a) shows the trajectories of two users who chose different paths of the same

target. The red and gray trajectories correspond to Path 1 and Path 2 shown in

Fig. 2.11. For target 3, Path 1 is longer than Path 2, because the user decided to go

farther from the obstacle to avoid the robot becoming stuck.

We compare the number of users who chose Path 1 to the number of users who

chose Path 2, for targets 1 to 5. The result is shown in Fig. 2.13 (b). For targets 1-3,
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most users chose Path 1, while for target 5, the majority of users chose Path 2. For

target 4, half of the users chose Path 1, and the other half chose Path 2. We also

computed the path length difference between Path 1 and Path 2. For each target

position, the path length difference is calculated as the average path length of users

who chose Path 1 minus the average path length of users who chose Path 2. Note

that for target 1, none of the users chose Path 2, so we extrapolated the value from

the path lengths of the other 4 targets.

2.5.2.4 Survey Results

The average user ratings of the usefulness of haptic feedback and teleoperation were

3.38 and 5.00, respectively.

2.6 Discussion

In this section, we discuss the effectiveness of the proposed communication scheme, fo-

cusing on how it affected task performance and changed the way that users interacted

with the robot follower.
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2.6.1 Study I: Multi-Tasking

We showed that with haptic feedback alerts, the users were able to better control their

walking speed, resulting in significantly fewer failure states for the robot follower, com-

pared to without haptic feedback. Similar results have been reported in [44], where

the authors demonstrated that users could regulate their speed and turning radius

to reduce the formation error by using a haptic bracelet. These results indicate that

haptic feedback is a promising method for conveying information about constraints

or rules of interaction with mobile robotic systems.

More interestingly, we found that with haptic feedback, users not only violated the

speed limit fewer times, but also learned and adapted to this constraint by reacting

to the haptic cues. From Fig. 2.9 we see that when communication was enabled,

the robot failed to follow for significantly fewer times in the second half of the trials.

This is not observed in the condition where communication was off. This difference

was observed because in this study, the users were engaged in multiple tasks: path

following and solving math problems. With high mental load, the users tended to

maintain a constant walking speed, regardless of the robot’s maximum speed, which

is reflected by the evenly distributed robot failure events in Session 1 (Comm. Off).

However, when provided with haptic feedback as a warning for walking too fast, the

users were able to develop reactional strategies and reduce their walking speed upon

receiving the haptic cues. In Fig. 2.9 (a), we observe that although the robot follower

failed for fewer times in the second half of Session 2, the number of haptic events in

the first and second half of the trial were similar. The users were taking advantage

of the haptic information to better control their speed.

Haptic feedback is also effective in improving the user’s awareness of the robot’s

status while lowering the user’s mental effort. In the scenarios where the robot follower

failed randomly (Sessions 3 and 4), providing haptic feedback significantly reduced

the users’ response time, as shown in Fig. 2.8 (b). While the random failure scenario

may seem unrealistic, the purpose is to simulate unpredictable failures in real-world

applications. In these applications, the users’ visual and audio input channels may

already be over-stimulated, and thus may not be able to notice the robot follower’s

failure. The haptic channel, on the other hand, can provide intuitive feedback about
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the robot’s status. Users also completed significantly more math problems when the

communication was on as shown in Fig. 2.8 (c). This result indicates that using

haptic feedback can help offload the effort of paying attention to the robot follower,

so that users can perform better on other tasks.

Through the post-experiment survey, we found that all the users thought having

haptic feedback improved their overall performance (three users responded “4” and

five users responded “5” to the first survey question). However, survey results also

showed that, on average, the users can successfully interpret the left and right direc-

tional cues only about 44% of the time. In contrast, our pre-study results showed that

users can recognize the directional cues 100% of the time when not performing other

tasks. There are a few possible reasons for this contradiction. First, the pre-study

was conducted while the user was sitting still. In the actual experiment, the user

was constantly walking, which introduced movements and accelerations to the hand

in addition to the asymmetric vibration. The additional movements may confuse the

user and affect their ability to distinguish the directional cue. In addition, the direc-

tions rendered by the haptic interface are relative to the hand pose. In the pre-study,

users held the hand in a fixed pose. However, in the real experiment, users did not

keep a fixed hand pose while walking. Finally, the user had to perform multiple tasks

in the experiment. High mental load may also create difficulties for recognizing the

directional cues.

We also found that the ability to teleoperate the robot is not critical in this

study, and users only rated 3.25 for the usefulness of teleoperation (seven out of eight

users selected “3”). Although the users were able to teleoperate the robot with the

command interface in Session 2, only one user actually used it. When the robot failed

to follow and was too far from the user, it would not resume following until the user

got close enough. In this case, the user either needed to walk back to the robot or

to command the robot to come closer. We found that 7 out of the 8 users chose

to walk to the robot. In this particular study, it was easier for the user to move

than to teleoperate the robot. There may be applications where it is more helpful to

command the robot to move closer. In the second study, we showed a scenario where

the command interface was proven to be useful.
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2.6.2 Study II: Navigation

The haptic interface provides a one-way communication channel from the robot to

the user, while the command interface provides the channel for the opposite direction

– from the user to the robot. It enables the user to send information to the robot or

to directly take control of the robot. This can be useful when the robot’s autonomous

behavior is not satisfying or sufficient. A good example is the scenario in Study II

where the user had to walk through a narrow passage with the robot follower (shown

in Fig. 2.11). Although the human following algorithm we implemented does not

perform obstacle avoidance, other algorithms may fail in this scenario as well due to

uncertainties in sensing and actuation.

Without the command interface, the robot became stuck on the obstacles more

than 60% of the time (15 out of 24 trials). When using the command interface, the

user and the robot follower could successfully reach the goal position in every trial.

Before the study, only one training session was given to each user, in which they

used the command interface to teleoperate the robot in free space for one minute.

During the study, we found that all users were able to teleoperate the robot to move

through the narrow passage using the command interface given the short learning

period. Fig. 2.12 (b) showed that the average trial completion time dropped quickly

initially, and then plateaued after about four trials. The result indicates that users

were able to learn to use the command interface efficiently within a few trials.

To further clarify whether this decrease in completion time is due to users’ adap-

tation to the command interface or due to improvement in their trajectories, we

analyzed their trajectories and whether they teleoperated the robot in each trial in

the communication on condition. We found that users’ trajectories remained con-

sistent throughout the trials (similar to the blue trajectory in Fig. 2.12 (a)). In

almost every trial (78 out of 80), users relied on teleoperation to guide the robot

through the narrow passage. Therefore we conclude that the learning effect observed

in Fig. 2.12 (b) is indeed due to users’ adaptation to the command interface. The

gesture teleoperation was enabled in two different cases (when communication was

on): when the robot entered a failure state, or when the user manually switched the

robot into teleoperation mode by pressing a button on the command interface. In the
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first case, the user would receive a haptic feedback that alerted them of the failure

state before they could start teleoperation. Interestingly, we observe that some users

relied on the haptic feedback to decide if the robot was in trouble and needed to be

teleoperated, while other users decided to manually switch the robot to teleoperation

mode whenever they approached the narrow passage. The reason behind this is that

the robot had a high probability of failure upon entering the passage. So the risk-

averting users chose to teleoperate the robot to avoid hitting the obstacles, while the

risk-accepting users chose to give the robot a try and only intervene when necessary.

As a result, in the post-experiment survey, haptic feedback was rated to be not very

helpful in this study (3.38 on average). In scenarios where robot failures are hard to

predict, we expect most users to rely on haptic feedback instead of being risk-averting

and teleoperating the robot frequently.

Sometimes using the command interface may not be the only choice. In the

second part of Study II, the users were given two paths to the target positions: one

that requires the use of the command interface, and one that does not. Depending on

the target position, either path could be the shorter one. Here we are interested in

investigating how users chose between the two options given different target positions.

It can be observed from Fig. 2.13 (b) that the shorter Path 2 is compared to Path 1,

the more likely that users will choose Path 2 and use the command interface. When

Path 2 is much shorter than Path 1 (5.92 m difference as in the case of Target 5),

most users preferred Path 2. When Path 2 is only slightly shorter (∼2 m, Target 3),

most users chose Path 1 so that the robot would have little challenge following them.

These results demonstrate that the users in general would prefer to use the command

interface when it improves their path efficiency by a certain threshold, even though

teleoperating the robot requires additional time and effort. In our specific setup, this

threshold is around 4 m (Fig. 2.13 (b)). In a real-world application, the differences

among alternative paths are usually larger than this experiment, so the command

interface could be very helpful in this scenario.
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2.6.3 Limitations and Future Work

The current design of the communication system has several limitations revealed by

the studies, motivating future work.

First, the current haptic interface requires the user to hold it in order to provide

effective feedback. This limits the user’s ability to perform manipulation tasks with

both hands. In addition, holding the device in hand for a long period may cause

fatigue. We are exploring different haptic feedback technologies to make wearable

haptic interfaces that can generate similar cues. An example of such device is pre-

sented in [104].

Some users also reported that the command interface is difficult to use, primarily

due to the fact that the controls were offset/rotated depending on the relative orien-

tation of the robot. Ideally the user only needs to send high-level instructions instead

of performing full teleroperation to help the robot. In future work, we are interested

in developing command strategies that are intuitive and require minimum effort. In

conjunction, we will work on algorithms that enable the robot to understand these

commands and act accordingly.

Finally, the experimental setups are simple compared to real-world scenarios. The

reason we start with these experiments is to obtain repeatable results and measure

performance in a controlled environment. Testing in the real world introduces addi-

tional, partially confounding factors. Nevertheless, experiments in more realistic set-

tings should be carried out to evaluate the real-world usefulness of the bi-directional

communication device.

2.7 Conclusion

In this chapter, we presented a new communication scheme for human-mobile robot

interaction. We described the design of a holdable mechatronic device that enables bi-

directional communication between human and a robot follower. The device consists

of two parts: the haptic interface, which can pass information from the robot to the

human user in the form of haptic feedback; and the command interface, which can



2.7. CONCLUSION 39

be used by the user to teleoperate the robot. We conducted experiments to evaluate

the effectiveness of the communication scheme and the holdable device.

Our user studies showed that the proposed method can facilitate interaction be-

tween the user and the robot follower and can improve their performance in various

tasks. We showed that haptic feedback increases users’ awareness of the robot fol-

lower’s status and lowers their mental effort, thus helping the users perform better

on other tasks. It also allows the users to react quickly to unexpected events such as

robot failure. The command interface (gesture teleoperation) can be useful when the

robot’s autonomous behavior is not satisfying or sufficient. We demonstrated that

users can successfully use the command interface to teleoperate the robot follower

when it fails in challenging environments.

The results in this chapter demonstrated the effectiveness of using communication

to enhance the robot’s capability. We consider the relationship between the robot

and the user as “symbiotic”, as described in [105]. The robot communicates with

the user to request help, which will in return serve the user’s need better. The

approach presented in this chapter relies on a set of pre-defined rules and presumes

that the user will react to the communication in certain ways. In the next two

chapters, we will relax these assumptions, and develop methods that proactively plan

for communication and accommodates the uncertainties in human behavior.



Chapter 3

Efficient and Trustworthy Social

Navigation Via Explicit and

Implicit Robot-Human

Communication

3.1 Introduction

In Chapter 2, we presented a bi-directional communication scheme to facilitate in-

teractions between a human and a robot that follows the human. While the scheme

was shown to be effective, our implementation was limited in a few ways. First, the

communication was generated based on a set of pre-define rules, and the rules were

made without considering that the user may respond in different ways. Second, the

navigation and following algorithms were very simple, and not applicable to many

real-world scenarios. This chapter aims to address some of these limitations with a

new framework that enables the robot to proactively plan for communication.

Instead of the human-following application, here we focus on a more general task

in this chapter – social navigation. Previous work in social navigation has focused

on generating human-aware or human-like motions [49, 63, 67–70]. Such motions are

important, as intelligent robots in human environments are expected to comply with

40
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social norms. However, there are still scenarios that these methods cannot address,

such as the example (Fig. 1.1 (b)) shown in Chapter 1. In fact, such scenarios are

also challenging for humans, who often rely on communication to resolve conflicts.

In this chapter, we develop a planning framework that incorporates communica-

tion in robot social navigation. In particular, we distinguish the concept of explicit

communication from implicit communication. In the context of human-human in-

teraction, explicit communication often refers to verbal communication, and implicit

communication often refers to non-verbal communication. Here, we extend the defi-

nition of explicit communication to include any non-verbal communication modality

that carries explicit information that can be interpreted with little or no ambiguity.

Examples include visual displays (e.g., colors, or symbols) and haptic feedback (e.g.,

vibration, force, or skin deformation). In this work, we focus on the use of haptic

feedback as it is immediate and targeted. In addition, haptic feedback is usually pre-

ferred since users’ visual and auditory channels may be already overloaded. However,

the algorithms developed in this work are not limited to haptic communication and

can be directly applied to other forms of explicit communication.

We refer to implicit communication as non-verbal actions that indirectly convey

information, such as eye contact and body language. These actions could be inten-

tional or unintentional, and people usually have to infer their underlying information.

The most common type of implicit communication in navigation scenarios is move-

ment. For example, we can often infer whether a person is in a hurry simply by

observing how they move. Similarly, a robot’s motion carries information about its

intent.

We consider the effects of both implicit and explicit communication on human’s

navigation behaviors. We develop models that capture these effects and predict hu-

man behaviors, including both continuous movements and discrete decisions. Lever-

aging the learned human models, we develop an algorithm that plans for a robot’s

motion and communication through haptic feedback. Our approach relies on the as-

sumption that users are cooperative – they will not intentionally act against the robot.

This is generally true in domestic environments such as offices, homes, hospitals, and

warehouses.
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I’ll pass on the left side!

Figure 3.1: An example scenario where the robot needs to plan for appropriate movement and
communication.

The remainder of the chapter is organized as follows. We present an overview

of the proposed planning framework in Section 3.2. Sections 3.3 and 3.4 provide

details of our model and planning algorithm. Initial evaluations in simulation are

discussed in Section 3.5. We present our experimental evaluation and results in Sec-

tion 3.6. Finally, we conclude the chapter and discuss the limitations of our approach

in Section 3.7.

3.2 A Planning Framework for Socially-Aware Robot

Navigation

Humans have an impressive ability to navigate seamlessly around other people. They

walk still walk smoothly and efficiently when faced with a large group of people

walking toward or around them in busy streets, concerts, cafeterias, conferences, or

office spaces. However, robots lack the same elegance while navigating around people.

Our goal is to design mobile robots that navigate in a similar fashion to humans in

spaces shared by humans and robots. Our insight for social navigation is that mobile

robots – similar to humans – need to pro-actively plan for interactions with people.

In this work, we focus on a scenario where one robot interacts with one human. To

illustrate this, we use a running example shown in Fig. 3.1: a robot and a human need

to pass each other either on the left side or on the right side. In this case, they need

to understand each other’s intention and coordinate their movements. The objective

of our planning framework is to generate appropriate explicit communication and

robot motions (which can also serve as implicit communication) to facilitate human-

robot interactions in such scenarios. The explicit communication consists of a finite
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number of discrete signals, for example, passing on the left or the right side. The

robot motions consist of continuous actions such as the robot’s linear and angular

velocities.

We model the joint human-robot system as a fully-observable interactive dynam-

ical system where the actions of the human and the robot can influence each other.

In addition, we consider the stochasticity in the human’s actions, and the effect of

communication in our planning framework.

Let sth and str denote the physical state of the human and the robot at a certain time

step t respectively. The states are continuous, and include positions and velocities of

each agent. The robot can apply continuous control inputs utr that change its state

through the following dynamics:

str = Fr(st−1
r , utr) (3.1)

Similarly, the human’s state is directly changed by her action uth:

sth = Fh(st−1
h , uth) (3.2)

We let ur = [u1
r, ..., u

N
r ] and uh = [u1

h, ..., u
N
h ] denote the sequence of robot and

human actions over a finite horizon N . ξ1:N
r = [(s1

r, u
1
r), ..., (s

N
r , u

N
r )] and ξ1:N

h =

[(s1
h, u

1
h), ..., (s

N
h , u

N
h )] are then the state-action trajectories of the robot and the human

over the horizon N , respectively. We use uc to refer to the explicit communication

actions. We note that each of the actions uir and uih are vectors from appropriate

dimensions. In this work, we focus on a single dimensional communication action uc,

i.e., uc ∈ Uc ∪ “none”.

We define an overall reward function for the robot Rr(ξ
1:N
r , ξ1:N

h , uc). We let this

reward function depend on both the robot’s trajectory and the human’s trajectory.

This reward function encodes properties such as efficiency (e.g., robot’s velocity, dis-

tance to goal), safety (distance to human) and other metrics. In this work, we will

present an optimization-based planning algorithm, where the robot will optimize the

expected sum of its reward function Rr. Eq. (3.3) represents this expected reward,

which is computed over the human’s predicted trajectories ξ1:N
h . We emphasize that
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the distribution of ξ1:N
h is affected by the robot actions. In the next section, we present

a hybrid model that predicts this distribution.

We will discuss our planning algorithm in Sec. 3.4. We will use Model Predictive

Control (MPC) [106] algorithm, where at every time step, the robot computes a finite

horizon sequence of actions to maximize its expected reward:

u∗r, u
∗
c = arg max

ur,uc

Eξ1:Nh

[
Rr(ξ

1:N
r , ξ1:N

h , uc)
]

(3.3)

In an MPC scheme, at each time step, the robot only executes the first control

in the optimal sequence u∗r, and then replans at the next time step. The robot also

plans on an explicit communication u∗c ∈ Uc ∪ “none”. The robot decides to either

communicate (u∗c ∈ Uc), or does not provide any communication (u∗c = “none”). Note

that when computing the plan at each time step, we assume that explicit commu-

nication can only happen at the beginning of the planning horizon. This is because

only the first set of actions in the planned sequence is executed, and a new plan will

be generated in the next time step.

The key insight of this framework is that the robot is aware of the stochasticity

of the human behavior and the influences of communication on humans’ actions.

As a result, the robot will pro-actively communicate its intent to avoid undesirable

situations. Take the example scenario in Fig. 3.1: if the robot and the human choose

to pass each other on different sides, a collision will happen. By expressing its intent

verbally, the robot minimizes the chance of a potential collision.

3.3 Hybrid Model of Human Navigation

To compute the optimal robot actions using Eq. (3.3), the robot is required to predict

human actions over a finite time horizon. Since human actions are stochastic, the

robot needs to predict the distribution of uh. We assume the human dynamics Fh
are known. Therefore, the distribution of uh induces an equivalent distribution over

human trajectories ξ1:N
h for a given uh and initial state. Modeling this distribution

exactly is quite challenging and may be computationally expensive. Our objective
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is to develop an approximate model that captures the interactive nature of human

behavior, i.e., how the human will react to the robot’s movements and explicit com-

munication.

On a high level, we model human navigation behavior as a joint mixture of dis-

tribution over the trajectory, similar to [69]:

p(ξ1:N
h ) =

∑
ψ

pψ(ξ1:N
h )p(ψ) (3.4)

The first part of the mixture, pψ(ξ1:N
h ), models the distribution of the continues

state-actions given a specific decision ψ. The second part, p(ψ), models the distribu-

tion of the discrete decision ψ.

In the example shown in Fig. 3.1, the discrete decision ψ represents whether the

human decides to pass the robot on the left or the right side. The discrete decision

affects the distribution of the continuous actions – if the human decides to pass on

the left side, then the possible trajectories would be restricted to one homotopy class.

For computational efficiency, we use relatively simple models for human and robot

dynamics. The human state sth = [xh, yh, ẋh, ẏh]
ᵀ consists of positions and velocities

in the 2D plane, and the robot state str = [xr, yr, θr]
ᵀ is simply its pose. We use a

constant acceleration model for human dynamics. Thus, the human control input is

uth = [ẍh, ÿh]
ᵀ. For the robot dynamics, we use a differential drive kinematic model,

with control input utr = [v, ω]ᵀ, consisting of linear and angular velocities.

The formulation in Eq. (3.4) describes our modeling approach in its most general

form. In our specific setup, the distribution p(ξ1:N
h ) should be conditioned on the his-

tory of human and robot trajectories, history of explicit communication, and future

robot actions over the prediction horizon. To numerically compute the distribution

and use it for planning, we make two assumptions:

Assumption 1. The human’s trajectory ξ1:N
h over the prediction horizon depends

on the environment, E, (including the human’s goal) and the future robot trajectory

ξ1:N
r :

pψ(ξ1:N
h |ξ1:N

r , E) (3.5)
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Here the human’s actions depend on the robot’s actions. However, the robot also

needs to predict the human’s actions and plan accordingly. This inter-dependency

leads to the infinite regress problem, i.e., a sequence of reasonings about each others’

actions that can never come to an end. To resolve this problem, we assume that the

human has access to the future robot trajectory, and model the interaction between

the human and the robot as a two-player Stackelberg game (leader-follower game).

We argue that this assumption is reasonable: given relatively short planning horizon,

humans are usually able to predict immediate actions of other agents. Since the fo-

cus of this work is the interaction between the robot and the human, the goals and

environment are assumed to be known and fixed.

Assumption 2. We assume that humans make discrete decisions using only past

information. With this, we can express the second term in Eq. (3.4) as:

p(ψ|ξ−N :0
r , ξ−N :0

h , u−N :0
c ) (3.6)

where ξ−N :0
r , ξ−N :0

h are the past trajectories of the robot and the human, and u−N :0
c

is the past explicit communications over a horizon of length N . We further assume

that only the most recent explicit communication actually affects the decision:

p(ψ|ξ−N :0
r , ξ−N :0

h , uc, tc) (3.7)

Here uc represents the most recent explicit communication, and tc represents the

time when uc is communicated. Note that at each time step, the robot can decide to

not perform any explicit communication (uc = “none”). The most recent communi-

cation refers to the most recent uc 6= “none”, e.g., the last time haptic feedback was

provided.

In the next two subsections, we discuss details of modeling humans’ continuous

navigation actions as in Eq. (3.5) and the humans’ discrete decision actions as in

Eq. (3.7).
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3.3.1 Continuous Navigation Actions

Inverse Reinforcement Learning. We employ a data-driven approach to model

humans’ continuous navigation actions. Specifically, we use maximum entropy inverse

reinforcement learning (MaxEnt IRL) [53, 54] to learn the distribution of human ac-

tions that matches a set of provided demonstrations in expectation. We assume the

humans are approximately optimizing a reward function Rψ
h (ξ1:N

h , ξ1:N
r , E) for a given

discrete class ψ. Under this model, the probability of the actions uh is proportional

to the exponential of the total reward of the trajectory:

pψ(ξ1:N
h |ξ1:N

r , E) =
1

Z
exp

(
Rψ
h (ξ1:N

h , ξ1:N
r , E)

)
=

1

Z
exp

(
wψ · f(ξ1:N

h , ξ1:N
r , E)

) (3.8)

Here, we parameterize the human reward function as a linear combination of

features f that capture relevant properties of the navigation behavior. The features

are weighted by wψ, which can be learned by maximizing the overall likelihood of the

provided demonstrations D:

arg max
w

∏
uh∈D

pw(ξ1:N
h |ξ1:N

r , E) (3.9)

Note that the weight vector wψ is a function of the discrete decision variable:

ψ. Given a selected set of features such as distance to the other agents, heading,

or velocity, we can learn appropriate weights corresponding to the humans’ reward

functions for each discrete class ψ from collected demonstrations. We will discuss the

specific features used in this work in Sec. 3.5.

Social Force Model. Besides the IRL based model, we also developed a social

force model (SFM) to predict humans’ continuous navigation actions. SFM assumes

that in social navigation, agents exert repelling forces on each other to avoid colli-

sions. In addition, it uses attracting and repelling forces to model goal approaching

and obstacle avoidance. With SFM, humans’ continuous navigation actions can be
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expressed as:

uth = g(sth, s
t
r, E,νψ) (3.10)

where g(·) is the social force function. Similar to the IRL model, the social force

function depends on a parameter vector νψ which is a function of the discrete decision

variable ψ. Given the social force function, the robot trajectory and human dynamics,

we can predict the human’s trajectory:

ξ1:N
h = Gψ(ξ1:N

r , E) (3.11)

The prediction function Gψ can be computed by iteratively updating the social force

and human dynamics. The details of the social force model is presented in Appendix A

and in our published work [107].

Eq. (3.11) generates a deterministic prediction. It is possible to obtain a dis-

tribution over the human’s trajectories by adding in Gaussian process noises in the

dynamics. In Section 3.5.2, we compare the prediction accuracy of the IRL model

and SFM, and show that IRL performs better. Therefore we choose to use the IRL

model in our planner. However, SFM can be useful when the computational resources

are limited.

3.3.2 Discrete Navigation Decisions

When modeling the distribution of human’s discrete decision, we consider the effect

of both implicit communication (via robot movements) and explicit communication

(via haptic feedback). We assume that the human will infer the robot’s intent, and

act cooperatively during the interaction. Mathematically, this suggests that the dis-

tribution of the human’s decision is related to her belief over the robot’s intent θ. In

our particular social navigation problem, we assume this belief is equal to probability

of choosing discrete actions:

p(ψ|ξ−N :0
r , ξ−N :0

h , uc, tc) = p(θ|ξ−N :0
r , ξ−N :0

h , uc, tc) (3.12)
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In other words, if the human believes that there is an 80% chance that the robot will

yield priority, she will decide to take priority with the same probability of 0.8.

Using Bayes rule, we can transform Eq. (3.12) to:

p(θ|ξ−N :0
r , ξ−N :0

h , uc, tc)

∝ p(ξ−N :0
r , uc, tc|θ, ξ−N :0

h ) · p(θ|ξ−N :0
h )

= p(ξ−N :0
r |θ, ξ−N :0

h ) · p(uc, tc|θ) · p(θ)
(3.13)

The second step in Eq. (3.13) assumes conditional independence of the robot

trajectory ξ−N :0
r and explicit communication uc. With this factorization, we can

separately model the effect of robot motion (implicit communication) and explicit

communication on the human’s decision making. The last term p(θ) is the prior

on the robot’s intent, which should be decided based on the application. In our

experiments, there is an equal chance for the robot communicates different intents.

So we choose a uniform prior.

The formulation casts the backward inference problem (from action to intent)

into forward prediction problems (from intent to action). Next, we derive methods

to compute each part of Eq. (3.13).

Implicit Communication. We assume that the human in general expects the

robot to be rational and efficient according to some reward function. Applying the

principle of maximum entropy, we model the human as expecting robot movements

with probability:

p(ξ−N :0
r |θ, ξ−N :0

h ) =
exp

(
Rθ
r(ξ
−N :0
r , ξ−N :0

h )
)∫

ξ′r
exp

(
Rθ
r(ξ
′
r, ξ
−N :0
h )

)
dξ′r

(3.14)

where Rθ
r(ξ
−N :0
r , ξ−N :0

h ) is a reward function that the human expects the robot to opti-

mize, given its intent θ. To compute the integration in the denominator of Eq. (3.14),

we use the second order Taylor series to approximate Rθ
r(ξ
−N :0
r , ξ−N :0

h ).

Explicit Communication. Human’s belief over the robot’s intent is strongly

affected by explicit communication, as the intent is directly conveyed to the user.

However, the effect of explicit communication should decay over time, as the robot’s
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Figure 3.2: Inference on the robot’s intent based on explicit communication. Assuming that uc = θ1
happened at tc = 0

intent may change, and only short-term intents are communicated. Inspired by the

model of human short-term verbal retention [108], we propose:

p(uc, tc|θ) =
1

Z

{
A exp

(
− t−tc

M

)
+ 1 uc = θ

1 uc 6= θ
(3.15)

Here A and M are parameters that determines the characteristic of the distri-

bution, and Z is a normalization factor. The intuition behind this equation is that,

initially the explicit communication reflects the true intent with very high probability.

However, the inference strength decays over time, and eventually the communication

becomes irrelevant to the robot’s latest intent.

To better understand the model, let us consider a simpler version of Eq. (3.12):

P (θ|uc, tc) – to infer the robot’s intent with only explicit communication. Assume

that θ ∈ {θ1, θ2} is binary, uc = θ1, and tc = 0, using Bayes rule again:

p(θ = θ1|uc, tc) =
p(uc, tc|θ1)p(θ1)

p(uc, tc|θ1)p(θ1) + p(uc, tc|θ2)p(θ2)

=
A exp (−(t− tc)/M) + 1

A exp (−(t− tc)/M) + 2

(3.16)

The change of p(θ = θ1|uc, tc) over time is plotted in Fig. 3.2. Initially, the robot’s

intent can be inferred with high probability given the explicit communication. As

time passes, the inference strength decreases and eventually the belief over the robot’s
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intent becomes uniform.

In the scenarios we consider, the human infers the robot’s intent with both im-

plicit and explicit communication. The combined effect can be computed with equa-

tions (3.13) – (3.15) given in this section.

3.4 Planning for Communication

The general planning framework was described in Section 3.2. In this section, we dis-

cuss the details of the algorithm, including the design of reward functions, derivation

of the solution to the optimization and an outline of our implementation.

3.4.1 Robot Reward Function

The overall reward Rr that robot optimizes in Eq. (3.3) consists of four parts which

quantify robot efficiency, human comfort, safety and reward of explicit communica-

tion:

Robot Efficiency. The robot should get as close as possible to its target with

minimum effort:

Rr,r(ξ
1:N
r ) =

∥∥xNr − xgr∥∥+ γr

N∑
t=1

∥∥utr∥∥2
, (3.17)

where γr is a weight that balances effort and goal. It determines how fast the robot

approaches the goal. xNr is the robot position at time step N and xgr is the goal

position.

Human Comfort. We want the human to spend less effort to achieve her goal:

Rr,h(ξ
1:N
h ) =

∥∥xNh − xgh∥∥+ γh

N∑
t=1

∥∥utr∥∥2
. (3.18)

Similar to γr, γh balances between human reaching her goal and her effort.

Safety. The robot should avoid collisions with the human:

Rr,safety(ξ1:N
r , ξ1:N

h ) =
N∑
t=1

exp

(
−‖xh,t − xr,t‖2

D2
r

)
. (3.19)
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Explicit Communication. Too much explicit communication will distract or

annoy the human. Therefore, we set a constant reward for performing each explicit

communication:

Rr,EC(uc) = γEC · 1(uc 6= “none”) (3.20)

The components defined above are then combined linearly with weights ci:

Rr(ξ
1:N
r , ξ1:N

h , uc) =
4∑
i=0

ci ·Rr,i(ξ
1:N
r , ξ1:N

h , uc) (3.21)

3.4.2 Human-Aware Planning

To solve for the optimal robot actions using Eq. (3.3), we need to compute the ex-

pectation of the robot reward over the distribution of uh. In the last section, we

derived a hybrid model for human behavior. To speed up computation, here we only

consider the most likely trajectory given each possible human intent. With this, the

expectation in Eq. (3.3) can be expressed as:

Eξ1:Nh
[Rr] =

∑
ψ

p(ψ) ·Rr(ξ
1:N
r , ξψh , uc), (3.22)

where ξψh is the most likely human response given ψ, and can be computed as:

ξψh = arg max
ξ1:Nh

wψ · f(ξ1:N
h , ξ1:N

r ) (3.23)

The distribution p(ψ) is given by equations (3.12) and (3.13).

We use gradient-based optimization to solve the optimal robot controls u∗r, which

requires the gradient information of the expected reward in Eq. (3.22). Let Rr =

Eξ1:Nh
[Rr], we aim to find:

∂Rr

∂ur
=
∂Rr

∂ur
+
∑
ψ

∂Rr

∂uh

∂uψh
∂ur

, (3.24)

where uψh is the most likely human actions. As we have a symbolic representation of
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Rr, both ∂Rr

∂ur
and ∂Rr

∂uh
can be computed analytically. Following the implicit differen-

tiation method discussed in [78], we can compute the last unknown term using the

following expression:

∂uψh
∂ur

=

[
∂2Rψ

h

∂u2
h

]−1 [
− ∂2Rψ

h

∂uh∂ur

]
(3.25)

We have assumed a discrete set of communication actions Uc∪“none”. To obtain the

optimal explicit communication u∗c , we enumerate all possible communication actions

uc ∈ Uc ∪ “none” and solve the optimization for each uc. Note that this can be done

in parallel as the optimizations don’t depend on each other.

The planning algorithm is outlined in Alg. 2. At every time step, the algorithm

first retrieves states of the robot and the human, and performs a one step prediction

of robot and human states in order to compensate time spent for planning. Then it

updates the belief over the human’s discrete decision ψ with new observations using

equations (3.12) and (3.13). Before optimizing for robot actions, the algorithm needs

to generate an initial guess for the initial state of the human. If there is a plan from

the previous time step, then the plan is used as the initial guess. When there is no

previous plan (first time step, or first detection of human), we generate the initial

guesses as follow: First, we compute the robot actions ignoring the human. We use

a feedback control based policy to steer the robot towards its goal [109]. We then

compute the human actions using an attracting potential field at the goal position,

and a repelling potential field centered at the robot. Finally, with the initial guess,

the algorithm can perform the optimization and compute the robot movements u∗r

and the explicit communication uc.

We implemented the planning algorithm in C++, and used the software package

NLopt [110] to perform numerical optimization. In our implementation, we chose a

planning horizon of N = 6, and a time step of 0.5 seconds.
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Algorithm 2 Outline of the planning algorithm

1: repeat
2: . Get current+predicted states
3: str, u

t
r, s

t
h ← GetTrackingInfo()

4: ŝtr, ŝ
t
h ← PredictOneStep(str, s

t
h)

5: . Update the hybrid model
6: p(ψ)← UpdateModel(p(ψ), str, u

t
r, s

t
h, u

′
c, tc)

7: . Optimal action with no communication
8: u0

r,u
0
h ← GenerateInitGuess(ŝtr, ŝ

t
h, xg,r, xg,h)

9: u∗r, R
∗
r ← ComputePlan(u0

r,u
0
h, ŝ

t
r, ŝ

t
h, p(ψ), null)

10: . Optimal action with communication
11: for uc ∈ Uc do
12: ur, Rr ← ComputePlan(u0

r,u
0
h, ŝ

t
r, ŝ

t
h, p(ψ), uc)

13: if Rr > R
∗
r then

14: R
∗
r ← Rr

15: u∗r ← ur
16: u∗c ← uc
17: end if
18: end for
19: . Execute the actions
20: if u∗c 6= null then
21: Communicate(u∗c)
22: u′c ← u∗c
23: tc ← t
24: end if

ExecuteControl(u∗r)
25: t← t+ 1
26: until GoalReached(xtr, xg,r, ε)

3.5 Simulation Results

3.5.1 Social Navigation Scenario

We consider a scenario where a human and a robot move in (approximately) orthog-

onal directions and encounter each other. In this scenario, they have to coordinate

with each other and decide who should pass first to avoid collision. The robot can

explicitly communicate its intent: to yield priority to the human (human priority)

or not (robot priority). To numerically evaluate the model and compute the optimal
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plan, we need to define features leading to a learned reward function, which can then

be used to model humans’ continuous actions Eq. (3.8) as well as discrete decisions

Eq. (3.14) of the human.

We select features that are commonly used to characterize social navigation of

pedestrians [111]:

Velocity. Pedestrians tend to keep a desired velocity. We use a feature that sums

up the squared velocity along the trajectory:

fvelocity =
N∑
t=1

∥∥ẋth∥∥2
(3.26)

Here (and in the following equations) || · || represents L2 norm.

Acceleration. To navigate efficiently, pedestrians usually avoid unnecessary accel-

erations:

facceleration =
N∑
t=1

∥∥ẍth∥∥2
=

N∑
t=1

∥∥uth∥∥2
(3.27)

Distance to goal. Pedestrians typically try to get to the target position as close as

possible given a time horizon:

fgoal =
∥∥xNh − xgoal

∥∥ (3.28)

Avoiding static obstacles. Pedestrians avoid static obstacles in the environment:

fobstacle =
N∑
t=1

exp

(
−‖x

t
h − otclosest‖2

D2
o

)
(3.29)

where oclosest,t is the position of the closest obstacle to the human at time t, and Do

is a scaling factor.
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Human

Robot Target

Obstacle

Figure 3.3: Visualization of (a subset of) the features. Warm color indicates high reward and cool
color indicates low reward. Human trajectory is in black, and robot trajectory is in red. Arrows
indicate the positions and moving directions at the specified time step.

Collision avoidance with the robot. Pedestrians tend to avoid each other in nav-

igation. We assume that they avoid the robot in a similar fashion:

favoidance =
N∑
t=1

exp

(
−‖x

t
h − xtr‖2

D2
r

)
(3.30)

Avoiding the front side of the robot. In addition to avoiding the robot, we ob-

serve that humans tend to not cut in front of the robot, especially when they think

that the robot has priority. This behavior is captured by the feature:

ffront =
N∑
t=1

exp
(
−(xth − xtf )ᵀD−1

f (xth − xtf )
)

(3.31)

where xtf is a position in front of the robot, and Df scales the Gaussian and aligns it

with the robot’s orientation.

The features (except for velocity and acceleration) are visualized in Fig. 3.3. Hu-

man and robot trajectories are from a demonstration we collected to train the IRL

model. The figure shows that the human indeed avoided low reward regions (cool

color) and navigated to the high reward region (warm color).
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Rewards for Discrete Decision Model

In general, it is challenging to to define the human’s expected reward functionRψ
h (ξ−N :0

r , ξ−N :0
h ),

as it is not measurable. Here we design two reward functions based on our observa-

tions. Data driven methods like IRL can potentially produce more accurate results.

Our goal, however, is to derive an approximate model that can inform the planning

algorithm. Therefore, we prefer to start with simpler designs:

Human Priority (ψ = ψh). When the robot’s intent is to yield priority to the

human, it should avoid moving directly towards the human and getting too close. We

use a reward function:

Rψh

h = −
0∑

t=−N

n̂t · (ẋtr − ẋth)
max(‖xtr − xth‖2 , 1.0)

(3.32)

where n̂t is a unit vector that points from the robot to the human: n̂t = (xtr −
xth)/‖xtr − xth‖. Note that here t ≤ 0 means that the summation is over the previous

time steps.

Robot Priority (ψ = ψr). When the robot has priority, the human would expect

it to move with a desired velocity, regardless of the human’s state:

Rψr

h = −
0∑

t=−N

|vtr − vd|
max(‖xtr − xth‖2 , 1.0)

(3.33)

Here vtr is the robot’s speed and vd is the desired speed.

Note that in equations (3.32) and (3.33) the reward at each time step is divided

by max(‖xtr − xth‖2
, 1.0). The reason is that, when the robot is relatively far from the

user, its actions carries less information about its intent. We use the max() operation

to achieve numerically stable results.

3.5.2 Human Model Evaluation

Data Collection for Learning Human Model. We collected navigation demon-

strations from four users. Each user was asked to walk back and forth between two
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(d)(c)(b)(a)

Figure 3.4: Sample predictions using the learned reward functions. (a)-(b) show an example where
the prediction matches the actual measurement. (c)-(d) show an example where initially the predic-
tion doesn’t match the measurement. We use the model to re-predict human actions at each time
step, and the prediction starts to match measurement after two seconds.

target locations. At the same time, a mobile robot (Turtlebot 2) also moved around

in the environment. We collected data for two scenarios: the human priority scenario

and the robot priority scenario. When the user had priority, the robot would slow

down and yield to the user upon encounter. When the robot had priority, it would

simply ignore the user and keep moving. To distract the human from focusing solely

on the robot, we asked the users to remember two numbers at one target location,

and answer arithmetic problems using the two numbers at the other target location.

For each user, we recorded 64 trials for each scenario (a trial is moving from one

target location to the other). We used 80% of the data to train the model, and held

out the other 20% as testing set.

Prediction with Learned Reward Function. Using MaxEnt IRL, we recover the

human reward functions in human priority and robot priority scenarios. The reward

functions can be used to compute the most likely continuous navigation actions using

Eq. (3.23). Note that this computes the actions over a fixed time horizon. To predict

the entire trajectory, we use an MPC approach: we compute the most likely actions

starting from time step k, predict the human state at k+ 1, and recompute the most

likely actions starting from k + 1.

Fig. 3.4 presents two prediction examples. In the first example ((a)-(b)), the

predicted trajectory matches the measured trajectory very well (same homotopy class,

type I). In the second example ((c)-(d)), the model initially predicts a trajectory that
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Figure 3.5: Cross validation of prediction accuracy of the IRL model. Type I corresponds to cases
where the model initially predicts the same homotopy class as the demonstration ((a), (b)), and
type II corresponds to cases where the model initially predicts a different homotopy class ((c), (d)).
Blue indicates errors of the IRL model, and orange indicates errors of the social force (SF) model.

passes the obstacle on a different side (different homotopy class, type II). Although

the prediction doesn’t match the measured trajectory, it is still reasonable. In this

example, both the predicted and measured trajectories pass behind the robot. Passing

on either side of the obstacle has little effect on the reward and is almost equally likely.

When predicting at t = 2.0s, as the human already started to move toward one side

of the obstacle, the model is able to pick up this trend and generate a more accurate

prediction.

The cross validation result is shown in Fig. 3.5. The prediction error is calculated

as the average Euclidean distance between the predicted and measured trajectories:

e =
1

N ′

N ′∑
t=1

∥∥xtpred − xtmeas

∥∥ (3.34)

where N ′ is the total number of time steps. We compute the prediction error sep-

arately for cases where the initial prediction is in the same homotopy class as the

measurement (type I), and cases where the initial prediction and the measurement

are in different homotopy classes (type II). It can be observed that the initial predic-

tion error is much smaller for type I. As new observations are obtained, both types
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of predictions become more accurate. We also compared with the social force model

described in Section 3.3.1. Results in Fig. 3.5 demonstrated that the IRL model

produces predictions that are much more accurate.

Evaluation of the Discrete Decision Model. In addition to continuous trajec-

tories, our model can also predict discrete decisions, or equivalently, human’s belief

over the robot’s intent. As it is impossible to measure this belief in an experiment,

we aim to show that the prediction is reasonable with a few test scenarios.

Fig. 3.6 (a) presents a scenario where the robot slowed down to let the user pass

first. The scenario is illustrated with the three plots in the top row, showing trajecto-

ries and the environment at different time steps. The data is from one demonstration

we collected for training the IRL model. The plot in the bottom row shows the pre-

dicted belief p(θ = θh) over time, given no explicit communication, and two different

explicit communication actions at tc = 0.5s: communicating human priority (uc = θh)

and communicating robot priority (uc = θr). In the case of no communication, the

belief decreases initially, but rises up as the robot stops to yield to the user. The

model suggests that the user can infer the robot’s intent (human priority) to some

extent by observing its movement (slowing down). When the robot communicates

human priority at the beginning, the belief jumps to a high value and maintains this

value afterwards. An interesting test scenario is when the robot communicates robot

priority, which is not its true intent. According to our model, initially the belief

drops, indicating that the user believes the explicit communication. However, when

the robot slows down to let the user pass first, the belief starts to increase, indicating

that the user starts to believe otherwise as she observes the robot movements.

We also tested scenarios where the robot’s intent is to give itself priority. An

example is shown in Fig. 3.6 (b). Similarly, we show the change in belief given

different explicit communication in the bottom plot. These examples demonstrate

that our model can capture the effect of both explicit and implicit communication,

and the prediction matches our intuition.
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Figure 3.6: Demonstrations of the discrete decision model in different scenarios. (a) A scenario where
the robot slowed down to let the user pass first. Top plots show the trajectories of the robot and
the user, and a map of the environment at three different time steps. Bottom plot shows the user’s
belief over the robot’s intent (human priority) over time, given different explicit communication at
t = 0.5s, predicted by our model. (b) A scenario where the robot didn’t slow down and passed first.
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Figure 3.7: Simulated scenario using the proposed interactive planner. In this scenario, the robot
slows down and explicitly communicates its intent (human priority) to the human. Top: trajectory
snippets at five individual time steps. Black and red arrows represent the positions and moving
directions of the human and the robot at the given time step. Thin, solid red lines represent the
robot’s planned trajectories, thin solid/dashed black lines represent predicted human trajectories.
Bottom: Velocity profile of the robot and the human.

3.5.3 Case Study in Simulation

Before conducting the real-world user study, we first tested our algorithm in simula-

tion. The purpose of the simulation is two-folds: first to validate that the proposed

algorithm can work in idea setups, and second to select appropriate parameters that

produce reasonable behaviors.

Fig. 3.7 illustrates a simulated scenario where the human and the robot move along

orthogonal paths. Here the simulated human user follows a predefined trajectory,

and the trajectory is deterministic regardless of the robot’s actions. While this is not

realistic, the purpose is to test whether the planner can generate reasonable robot

behaviors. We will further validate the effectiveness of the plan with real-world user

studies. The subplots in the top row shows the scenario at 5 different time steps,

and the subplot in the bottom row shows the speed of the user and the robot over

time. We can observe that the robot starts to slow down at t = 1 s, and explicitly

communicates its intent to the user at t = 1.5 s. The robot keeps moving slowly to

allow the user pass first, and then speeds up towards its goal.
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Figure 3.8: Various starting positions of the robot vs. whether explicit communication is used
by the planner for the same scenario. Red region represent the starting positions where explicit
communication is used.

To understand why the planner decides to do so, we visualize the generated plan

and the predictions of human movements, as shown in Fig. 3.7. As the robot speeds up

and approaches the intersection, the user becomes unsure of how to avoid the robot.

This is reflected in the second subplot in the first row, where the user’s possible

future trajectories diverge. In this simulation, we set the reward function coefficients

ch � cr, so that the planner cares more about the human user’s efficiency and comfort.

As a result, the planner decides to explicitly communicate human priority to the user

to minimize the chance that the user would slow down to yield to the robot.

We tested the planner with various robot starting positions and target positions.

Fig. 3.8 presents the relationship of robot starting position and whether explicit com-

munication is generated by the planner, for one specific target position. We can see

that explicit communication is only used if the robot starts within the banded region

in red. When the robot starts too close to the intersection (upper-right grey region),

the planner predicts that the user will let the robot pass first as it is closer to the

intersection. When the robot starts too far (bottom-left grey region), the planner
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predicts that the user will pass first. Explicit communication is used only when it

becomes ambiguous who should pass first.

We also studied the effect of the coefficients ch and cr in the reward function

in Eq. (3.21). Setting ch � cr resulted in a submissive robot that would yield to

the user when there was a potential collision. Conversely, setting ch � cr resulted

in aggressive robot behaviors. When ch ≈ cr, the robot tends to be submissive.

In our implementation, the robot is usually slower than the human, so it is often

more efficient to let the user pass first. Based on the simulation results, we decided

to experimentally test two sets of parameters: ch : cr = 1 : 5 as robot-prioritized

scenario, and ch : cr = 2 : 1 as human-prioritized scenario.

3.6 Experimental Results

3.6.1 Experimental Setup

We used a Turtlebot 2 as the mobile robot platform. The robot was equipped with a

Hokuyo URG-04LX-UG01 laser range finder, and an ASUS Zenbook UX303UB as the

onboard computer. The planning algorithm is implemented on a desktop computer

with Intel Core i7 processor and 16GB RAM. The two computers communicate with

each other through a wireless network.

The onboard computer processes the laser range finder readings to localize the

robot and estimate the position and velocity of nearby pedestrians. We localize the

robot in a static map using laser-based Monte Carlo Localization [112]. The robot

detects and tracks pedestrians using a leg detection algorithm provided by ROS [?].

The algorithm first attempts to segment leg objects from laser range finder readings

with a pre-trained classifier, then pairs nearby legs and associates the detection with a

tracker for each person. The localization and tracking results are sent to the desktop

computer that runs our planning algorithm. The planning algorithm computes the

plan and sends it back to the robot.

The explicit communication is displayed to the user via a wearable haptic interface

that consists of a single vibrational motor (Haptuator Mark II, shown in Fig. 3.9 (b)).
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Figure 3.9: (a) Experimental field. (b) The wearable haptic interface and the vibration motor. (c-d)
Different starting and goal positions for the robot.

The interface is capable of rendering distinct signals by modulating the vibration

pattern. In this experiment, we display haptic cues with different vibration amplitudes

and durations to indicate the robot’s intent. Robot priority is represented by a single

long vibration (duration 1.5s, max current 250 mA), and human priority is represented

by 3 short pulses (0.2 sec vibration with 0.2 sec pause in between, max current 150

mA).

The experiment field is illustrated in Fig. 3.9 (a), which is a room of size 8m×10m.

Two tables are placed at the two ends of the field as the targets for the user. To

distract the user from focusing solely on the robot, we place questionnaires on the

tables, and ask the user to remember and answer arithmetic questions. The entire

experiment is recorded with an overhead camera (GoPro Hero 4, recording at 60 Hz),

and we post-process the video to extract the trajectories of the user and the robot.

To facilitate tracking, we ask the user to wear a purple hat, and we attach an ArUco

marker [100] on the top of the robot.
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3.6.2 Experimental Design

Manipulated Factors. We manipulate three factors: task priority , robot start-

ing position , and communication mode . Overall, the experiment is divided into

three sessions based on the communication mode:

• explicit + implicit : the robot can communicate its intent to the user both

explicitly (via haptic feedback) and implicitly (by changing speed).

• implicit only : the robot doesn’t plan for explicit communication.

• baseline : the robot simply performs collision avoidance with the user without

predicting the user’s movement.

Each session consists of 20 trials (10 for training). In each trial, the human user and

the robot both move from a target position to a goal position, as shown in Fig. 3.9

(c). The robot is assigned one of the two task priorities in each trial: robot priority

(ch : cr = 1 : 5) or human priority (ch : cr = 2 : 1). We also vary the starting position

of the robot. The starting positions can be classified as far (4 out of 20 trials), close

(4/20) and normal (12/20), based on the distance to the user’s starting position

(Fig. 3.9 (c)). There’s an equal number of high-priority trials and low-priority trials

for each type of starting position.

In addition to the orthogonal encounter scenario, we also tested the planner in other

experimental setups. Fig. 3.9 (d) presents human-robot encounter at different angles

(+45◦ and −45◦). We found that the planner worked similarly in these scenarios.

Dependent Measures. We measure the user’s path length for each trial, whether

the user passes the robot in the front, and the user’s trust in the robot. Trust is

measured using a post-experiment survey where the user rates his/her trust in the

robot on a scale from 1 to 7, 1 being the least trust and 7 being the most trust.

In the session where explicit communication is allowed, we also record if explicit

communication happens and the time it happens.

Hypothesis. We hypothesize that:
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Figure 3.10: Comparison of different metrics for three experimental conditions. (a) Percentage of
time that the user passed in front of the robot. (b) Average path length. A base length (6.2 m) is
subtracted from all for visualization purpose. (c) The user’s trust in the robot. Brackets indicate
statistical significance (*p < 0.05, **p < 0.01, ***p < 0.001).

I. Using explicit + implicit communication conveys the robot’s intent better

than implicit only and baseline , such that users will elect to pass in front of

or behind the robot as appropriate for a given priority.

II. The user’s average path length is shorter when the robot plans for communication

with the human model (explicit + implicit and implicit only modes).

III. The user is more trustful of the robot when the robot plans for explicit +

implicit communication.

Subject Allocation. A total of 12 people (7 males and 5 females) participated in

the experiment after giving informed consent, under a protocol that was approved

by the Stanford University Institutional Review Board. We used a within-subjects

design and counterbalanced the order of the three sessions.

3.6.3 Analysis and Results

Fig. 3.10 summarizes major results. We describe the analysis and results in detail in

the following paragraphs.

Understanding Robot Intent. To characterize how often the user correctly un-

derstood the robot’s intent, we compute the percentage of trials that the user passed

in front of the robot for each communication mode and task priority. A one-way
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repeated measures ANOVA revealed a significant effect on percentage passing in the

front for the communication mode (F (23, 33) = 14.610, p =< 2.85 × 10−50.05 for

human priority trials, F (23, 33) = 5.7510, p =< 7.19 × 10−30.05 for robot priority

trials). We performed the statistical test separately for robot and human priority

trials. We performed a post-hoc analysis with Tukey HSD to determine pairwise

differences. For human priority trials, results show that the baseline mode is signifi-

cantly different from the implicit only mode (p = 4.94 < 0.05−3) and the implicit +

explicit mode (p < 10−3.05). For robot priority trials, the implicit + explicit mode

is significantly different from the implicit only mode (p =< 0.0275) and the baseline

mode (p =< 0.015). This supports Hypothesis I that the user can better understand

the robot’s intent with explicit communication.

Path Length. We computed average path length of each user. Similar to the metric

of passing in the front, we performed a one-way repeated measure ANOVA analysis,

and results show a significant effect (F (23, 33) = 6.3610, p =< 4.60 × 10−30.05 for

human priority trials, F (23, 33) = 14.180, p = 3.60 × 10−5 < 0.05 for robot priority

trials). Post-hoc comparisons reveal that, for human priority trials, the average path

length of the implicit + explicit mode is significantly shorter than the baseline mode

(p = 3.18× 10−3). For robot priority trials, the average path length of the baseline

mode is significantly longer than the implicit only mode (p < 10−3.05) and implicit

+ explicit mode (p < 10−3.05). The result suggests that the user can navigate more

efficiently when the robot plans for communication (Hypothesis II).

Trust. Users’ trust in the robot was measured with a post-experiment survey, as

explained in the previous subsection. A one-way repeated measure ANOVA analysis

revealed a significant effect for communication mode (F (23, 33) = 64.510, p =< 3.97×
10−12.05). Post-hoc Tukey HSD analysis showed that all three pairs are significantly

different from each other (p < 0.001 for all), which supports Hypothesis III.

3.6.4 Effect of Communication

From Fig. 3.10 (a), we can see that when there was both implicit and explicit commu-

nication, users were able to understand the robot’s intent most of the time and acted
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Figure 3.11: Velocity profiles from sample trials. Top: human priority trials. Bottom: robot priority
trials.

accordingly – users passed in front of the robot 92% of the time in human priority

trials, and only 9% of the time in robot priority trials. When there was only implicit

communication, users were more confused, especially in robot priority trials (about

50% of the time users passed in front of the robot despite that the robot’s intent

was not to yield). When the robot performed collision avoidance naively (baseline

condition), users were the most confused, and acted more conservatively.

Fig. 3.11 depicts the robot’s velocity over time from sample trials of different

communication modes and task priorities. In human priority trials (top row), when

the robot planned for communication (implicit only and implicit + explicit modes), it

started to slow down relatively early, compared to the baseline mode. By doing so, the

robot implicitly expressed its intent. Indeed, significantly more users chose to pass in

front of the robot with these communication modes (Fig. 3.10 (a)). The reason that

the planner generated this behavior is that, with the human model, the planner was

able to predict the effect of robot motions on the user’s navigation behavior. On the

other hand, the baseline planner did not perform any prediction and simply solved

for a collision-free trajectory. As a result, the robot did not slow down until it got

very close to the user, which caused the user to believe that it did not want to yield.
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The result suggests that the planned motion is more legible when human’s reactions

are taken into consideration during planning.

Our result also suggests that users can navigate more efficiently when the robot

planned for communication. Fig. 3.10 (b) shows that for human priority trials, users’

path length is significantly shorter in the implicit + explicit mode than the baseline

mode. For robot priority trials, both the implicit + explicit mode and the implicit only

mode result in significantly shorter path lengths than the baseline mode. Knowing the

robot’s intent, users can better coordinate their movements with the robot to navigate

more efficiently. In the implicit + explicit mode, users in general got feedback early

in the trial. In the implicit only mode, users had to infer the robot’s intent, and

tended to be less efficient. Note that our result doesn’t show statistical significance.

The reason is that users’ behaviors have higher variance in the implicit only mode.

Some users were able to interpret the robot’s intent via its motion, while some users

couldn’t. In Fig. 3.10 (a), we observe the same high variance in the implicit only

mode.

Finally, we show that users gained more trust in the robot with the proposed

planner in Fig. 3.10 (c). We found statistical significance between each pair of com-

munication modes. This result suggests that transparency is very important for social

navigation. The easier users can understand the robot’s intent, the more they trust

the robot. When users don’t trust the robot, they tend to act conservatively and be

less efficient (fewer trials where the user passed in front of the robot, and longer path

lengths in the base mode).

3.7 Conclusion

In this chapter, we presented a planning framework that leverages the use of implicit

and explicit communication to generate efficient and transparent social navigation

behaviors. Instead of simply avoiding people or mimicking human navigation behav-

ior, our method encourages the robot to interact and communicate with people to

express its intent. The planner relies on a probabilistic model we developed that pre-

dicts human movements. In particular, the model considers how human’s behavior
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is affected by the robot’s communicative actions. We evaluated the planner both in

simulation and with a real-world user study. Results showed that the proposed plan-

ning algorithm can generate proactive communicative actions, which better expressed

the robot’s intent, reduced users’ efforts, and increased users’ trust of the robot.

The framework described in this chapter is closely related to prior works in legi-

ble motion planning [37] and active interaction planning [78]. We exploited the idea

that in human environments, robot actions should be not only functional, but also

informative and interactive. We extended the existing modeling and planning tech-

niques to incorporate both implicit and explicit communication, and showed that the

combination is more effective than just implicit communication or purely functional

motions.

There are numerous ways to expand on this work. First, the model of human

navigation behavior makes certain assumptions and approximations as described in

Section 3.3. As a result, the planner can not deal with certain scenarios (e.g., if

the human suddenly stops and remains stationary). Expanding the data collection

for IRL, including additional behaviors, and relaxing assumptions, would improve

the model and thus the planner. Second, our planner is computationally expensive,

and can only plan actions that are locally optimal. Although we have not observed

any unusual behaviors generated by the planner, there is no theoretical guarantee

of optimality or safety. One approach to reducing the computational complexity

of planning is to use sampling-based methods, instead of performing optimization.

In addition to speeding up the computation, another advantage of sampling-based

methods is that our probabilistic model can potentially be fully utilized. (Our model

captures the whole distribution, while we are only computing the most probable

motions of each mode.) Third, we can generalize our approach to consider richer

interaction scenarios and other communication modalities. Currently our algorithm

only works for interaction between a single human and a single robot. It is possible

to extend the framework to consider multiple humans interacting with the robot at

the same time. However, extension to densely populated scenarios is not feasible with

the current modeling approach. The advantages and disadvantages of various forms

of explicit communication (haptic, verbal, and visual) can also be identified in the
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context of specific application scenarios.



Chapter 4

Modeling and Optimizing Haptic

Communication for Navigation

Guidance

4.1 Introduction

In Chapters 2 and 3, we investigated communication of discrete information, such

the robot’s state and intent. In many HRI applications, it is desirable to communi-

cate information that is continuous in nature. For example, in collaborative assembly

tasks [113], the robot may need to instruct the human partner to move a part to a

specific location, and locations are usually described by continuous distance informa-

tion. Another example is service robots that guide blind people [114]. They need to

convey directional information to users to help them follow desired paths. Although

discretization can be applied, a direction is inherently continuous. This chapter in-

vestigates methods to efficiently and accurately communicate directional information

for a navigation guidance application.

Directional information can be conveyed via visual, auditory (including verbal) or

haptic cues. For navigation guidance, we prefer verbal and haptic feedback, as the

visual channel may be already overloaded. In some situations, such as guidance for

73
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visually impaired individuals, visual feedback is not an option. As discussed in Chap-

ters 2 and 3, haptic feedback has the potential to provide spatial information without

drawing on too much attentional resources, and has become a popular research topic

for navigation guidance. A wide spectrum of haptic guidance devices have been pro-

posed, including vibrotactile interfaces [115–117], skin stretch devices [118, 119] and

shape changing interfaces [120, 121]. In this chapter, we use a hand-held device that

can display directions in 2D by moving the user’s index finger and deforming the skin

of the fingertip.

One limitation of haptic feedback is that the information density is relatively low

compared to visual and verbal feedback, and there can be a high variability in how the

haptic cue is interpreted (both within the same person and across different persons).

In order to better utilize haptic feedback, this inherent stochasticity needs to be taken

into consideration when designing the guidance system. In this chapter, we develop

a probabilistic model that captures the uncertainty and bias in human’s response to

haptic guidance cues. We further develop planning algorithms based on the model to

generate more accurate and efficient guidance policies.

The remainder of this chapter is divided into six sections. Section 4.2 presents

the design and control of the holdable haptic device we used for navigation guidance.

Section 4.3 develops a probabilistic model that predicts the user’s response to navi-

gation guidance cues based on recorded data. The model is applicable to both verbal

and haptic feedback. Section 4.4 describes two planning algorithms: one computes

a policy where communication is provided with a fixed time interval, and the other

generates communication only when needed. Section 4.5 presents a set of experiments

to collect data for modeling, and to validate the proposed planning algorithms. A

discussion of experimental results are provided in Section 4.6. Finally, Section 4.7

concludes this chapter and points out the limitations of our approach and areas for

future works.
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Figure 4.1: (a) The holdable haptic device that can display directional cues on users’ fingertips. (b)
A user holding the device with right hand.

4.2 Design and Control of the Haptic Device

In this section, we describe the design and control of the haptic device used in our

experiments. Traditional kinesthetic haptic devices are usually world-grounded, and

is not suitable for mobile HRI applications such as navigation guidance. Skin de-

formation [122] is capable of providing an intuitive representation of directions and

forces, and can be grounded locally to a user’s hand or other body parts. Our device

applies skin deformation on the user’s fingertips where the density of mechanore-

ceptors is high. In addition to skin deformation, we also make use of the skin slip

sensation [123]. We found that the combination of skin deformation and skin slip on

fingertips creates an intuitive and noticeable directional cue.

4.2.1 Design and Kinematics

The physical device is presented in Fig. 4.1 (a). It consists of a handle with adjustable

length (3D printed), a 9-axis IMU (Adafruit BNO055) to track the orientation of

the device, two servo motors (Towerpro MG92B) and a pantograph mechanism (3D

printed) to display haptic cues. When using the device, the user holds the handle

with their right hand, and places the index finger on the top of the end effector of the

pantograph. This allows the device to be locally grounded to the user’s hand. The
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Figure 4.2: Kinematics of the pantograph mechanism.

end effector can move in two dimension to display directional cues.

The kinematics of the pantograph mechanism are illustrated in Fig. 4.2. In order

to control the position (xe, ye) of the end effector, we use inverse kinematics [124] to

compute the corresponding joint angles θ1, θ2, and send joint commands to the servo

motors. Let a1 denote the length of the proximal link, a2 denote the length of the

distal link, b denote the distance between the base joints, and d1 and d2 represent

the distance from the end effector to the two base joints, the inverse kinematics are

computed as:

θ1 = π − α1 − β1, θ2 = α2 + β2 (4.1)

where

α1 = arccos

(
a2

1 − a2
2 + d2

1

2a1d1

)
(4.2)

β1 = arctan2(ye,−xe) (4.3)

α2 = arccos

(
a2

1 − a2
2 + d2

2

2a1d2

)
(4.4)

β2 = arctan2(ye, xe + b) (4.5)
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Figure 4.3: The commanded trajectory (in the Xp direction) of the end effector of the haptic device.
We set Trender = 0.2 s, and Tpause = 0.3 s.

4.2.2 Control and Haptic Feedback

In order to display a directional cue of αhd with respect to the user’s body frame, we

first transform this to the device’s reference frame: αpd = αhd + δph. Then a desired

trajectory of the end effector is computed to move along the desired direction:

xe(t) = x0
e + vet cos(αpd) (4.6)

ye(t) = y0
e + vet sin(αpd) (4.7)

where ve is a constant that controls how fast the end effector moves, and (x0
e, y

0
e) is the

rest position of the end effector. The rest position is chosen to allow for a sufficient

range of motion, and to avoid ill-conditioned configurations:

x0
e =

1

2
b (4.8)

y0
e =

3

4

√
(a1 + a2)2 − 1

4
b2 + 1 (4.9)

We command the end effector to move along the desired direction for a fixed

amount of time Trender, then pause for a constant period of Tpause, and then move

back to the rest position with the same speed ve. In the experiments presented in

this chapter, we set Trender = 0.2 s, Tpause = 0.3 s and ve = 25 mm/s, so that the
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end effector moves 5 mm along the desired direction. The commanded end effector

position xe over time is illustrated in Fig. 4.3. Completing the trajectory once (moving

out from and back to the rest position) is considered as “one communication”.

At each time step t, the desired end effector position (xe(t), ye(t)) is calculated with

equations (4.6) and (4.7). We then compute the desired joint angles θ1(t) and θ2(t)

using the inverse kinematics presented earlier. Finally the joint angles are converted

to the actual motor angles (by adding a constant offset) and sent to the servo motors,

which use built-in controllers to reach the desired angles. The entire control loop

(computing desired position and inverse kinematics) runs at 80 Hz.

Overall, the movement of the end effector creates a tugging sensation in a specific

direction on the user’s index finger. We use the feedback to guide the user to walk

in desired directions to reach a target position. In particular, we use an egocentric

frame of reference: a forward haptic cue (in the direction of Xh) corresponds to the

direction that points to the front of the user. We use the outward movement direction

of the end effector (moving away from the rest position) as the guidance direction. In

some of the experiments presented in this chapter, we use a sequence of guidance cues

to steer the user towards a target. These guidance cues are continuous in direction,

but discrete in time. In other words, we only communicate a guidance cue to the user

at discretized time steps. In the time between the two guidance cues, the end effector

of the haptic device stays at the rest position and does not move.

4.2.3 Device Validation

We validated the device control with external visual tracking. The haptic device

was commanded to display directional cues that were 15◦ apart (24 total directions

covering the whole 360◦ range), with a 5 mm magnitude. A camera was placed above

the device to record movements of the end effector. The end effector was colored

differently from the environment, and the end effector’s positions were extracted with

color tracking by post-processing the recorded video.

We compared the commanded direction and the actual direction that the device

displayed. Results show that the mean angular error is 3.0◦, with 2.8◦ standard
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Figure 4.4: Block diagram showing the information flow during the communication process and an
overview of the human model developed in this section. The human block is further broken down
to components that correspond to each step of decision making.

deviation. The angular error is well below the force direction discrimination threshold

on fingertips, which was reported to be 25.6◦ [125]. We also compared the commanded

and actual end effector positions at the far end of rendered directions. The mean

positional error is 0.36 mm and the standard deviation is 0.22 mm.

4.3 Model of Human Response to Directional Guid-

ance

4.3.1 Model Overview

Fig. 4.4 presents an overview of our modeling approach from an information-flow

perspective. First, the robot generates some task-relevant information φ that needs

to be communicated. The robot communicates the information to the human user

using a specific method (e.g., haptic feedback). Due to the limitation of the commu-

nication method and human perception, the perceived information may differ from

the actual information. Then the user makes a decision ad based on the perceived

information, and finally takes physical actions based on the decision. By dividing

the user’s reaction process into multiple components, we can explicitly analyze and

model uncertainties at different stages. In particular, we divide the process into a re-

sponse stage which occurs in the user’s mind, and an action stage which occurs in the

physical world. The response stage is dependent on the communication method. The

user can make different decisions if the same information is communicated through
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different modalities. The action stage behaviors depend on the physical task (e.g.,

walking, manipulating objects). In this section, we develop models for both stages,

focusing more on the response stage because it directly characterizes the effect of

communication.

The structure illustrated in Fig. 4.4 is applicable to many HRI scenarios in gen-

eral. In this work, we focus on communicating directional information for planner

navigation guidance. Navigation guidance can be generated at different levels. Here,

we consider the most fundamental element of navigation, which is to move along a

specific direction. Such directional guidances can be used in almost any environment,

and are also essential for many other HRI applications.

In this context, the information φ is a directional cue, represented by an angle.

The angle is communicated by verbal, visual, or haptic feedback. After receiving the

information, the user decides on which direction they will follow, which is represented

by another angle ad. This direction is an “internal” state of the user, and does

not necessarily match the direction of the guidance cue. In the action stage, the

user performs physical actions such as turning and walking, based on the direction

that they determine. Stochasticities arise in both stages, and we discuss methods to

approximately model these stochasticities.

4.3.2 Response Model

Depending on the form of communication, the user may respond to a directional

cue with different levels of accuracy and precision. Some modalities such as verbal

communication can convey the directional information with no uncertainty (by saying

the exact angle). However, there are always uncertainties in the user’s decision ad

because the user cannot perfectly perceive an angle in the physical world.

We model the user’s response as a one-dimensional stochastic function:

ad ∼ f(φ) (4.10)

where φ is the directional cue, and ad is the direction that the user actually follows.

We use Gaussian Process (GP) [126] to model this stochastic function, as GP does
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not impose any strong assumptions on the underlying shape of the function, and can

provide information about model uncertainty.

GP is a stochastic process where any finite sub-collection of random variables has

a multivariate Gaussian distribution. In GP regression, the posterior over a new test

input x∗ can be computed with Baysian inference given a set of training data (x, f).

With the assumption of GP, the joint distribution of the training output f and the

test output f∗ can be expressed as:[
f

f∗

]
∼ N

(
0

[
K(x,x) + σ2

nI K(x,x∗)

K(x∗,x) K(x∗,x∗)

])
(4.11)

Here K(·, ·) is the covariance kernel, and σn is the observational noise variance. The

posterior of f∗ is a Gaussian distribution with mean and covariance:

µ∗ = K(x∗,x)[K(x,x) + σ2
nI]−1f (4.12)

Σ∗ = K(x∗,x∗)−K(x∗,x)[K(x,x) + σ2
nI]−1K(x,x∗) (4.13)

The naive formulation of GP regression (Eq. (4.11) – Eq. (4.13)) assumes that the

function f(·) is noise-free, and that there is constant noise from observation (the σ2
nI

term in Eq. (4.11)). However, we intend to model the inherent stochasticity in the

process, instead of the observational noise. We rewrite Eq. (4.10) as:

ad ∼ f(φ) + ε(φ) (4.14)

where f(·) is a noise-free GP, and ε(·) is a stochastic function with zero mean and

input dependent Gaussian noise. Alternatively, we can write:

ad ∼ N (f(φ), σ2(φ)) (4.15)

that is, the response is a random Gaussian variable with input-dependent mean f(φ)

and variance σ2(φ).
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There are several methods to perform GP regression with input-dependent noise,

including using domain specific knowledge [126], parametric correlated-noise mod-

els [127] and computing the full posterior [128]. These methods either assume specific

structures on the noise function, or are computationally intense. Instead of comput-

ing a posterior over the test output like normal GP, we propose to use two GPs to

estimate the mean and variance functions f(φ), σ(φ) based on training data. When

predicting with a new test input φ∗, we compute the posterior means f∗, σ∗ of the

mean and variance functions. The distribution of the test output is a Gasussian

distribution: N (f∗, σ
2
∗).

To train the GPs, we obtain repeated measures Φ̂ of a set of test inputs φ. We

then compute the sample means f and standard deviations σ. Finally, the GPs can

be generated with (φ, f) and (φ,σ) as training data. For the mean GP, we use the

squared exponential kernel:

k(xi, xj) = exp

(
− 1

2L2
f

(xi − xj)ᵀ(xi − xj)
)

(4.16)

where Lf is a scale parameter that controls the smoothness of the function. For the

variance GP, we use the exponential sine-squared kernel:

k(xi, xj) = exp

(
− 2

L2
σ

sin2
( π
P

(xi − xj)ᵀ(xi − xj)
))

(4.17)

where Lσ is the scale parameter and P is a periodicity parameter. We choose this

kernel because the input is an angular direction which is inherently periodic. On

top of the squared exponential kernel and the exponential sine-squared kernel, we

also add in the observational noises with variances σn,f , σn,σ to account for measure-

ment uncertainties. The hyperparameters Lf , Lσ, P, σn,f and σn,σ are optimized using

training data.
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4.3.3 Action Model

The action model predicts the user’s physical movements after receiving the direc-

tional guidance cue. We use simple models for human movement dynamics in this sec-

tion. While these simple models does not capture all the features of human movement,

they are computationally efficient, and when combined with the response model, they

capture most of the stochasticities in the process.

The action model is divided into three phases: a delay phase when the guidance

cue is being communicated and processed by the user, a turning phase when the user

aligns with the new direction, and a walking phase when the user follows the new

direction. We define the user’s state at time t to be s(t) = [x(t), y(t), α(t), ẋ(t), ẏ(t)]ᵀ.

We model the delay phase with a random time delay of the distribution:

log(tdelay) ∼ N (µdelay, σ
2
delay) (4.18)

where the mean µdelay and the variance σ2
delay are fitted from data. We assume that

the user linearly slows down to zero velocity during the delay stage, and their state

at the end of the delay stage can be computed as:

s(tdelay) = [x0 +
1

2
ẋ0tdelay, y0 +

1

2
ẏ0tdelay, α0, 0, 0]ᵀ (4.19)

After the delay phase, the user enters the transient phase. We assume that the

user rotates in place with a constant angular velocity ω to align their heading with

the new perceived direction, which is predicted by the response model. The angular

velocity is modeled as a Gaussian random variable with mean µω and variance σ2
ω.

The user’s state at the end of the transient stage is:

s(tdelay + ttransient) = [x(tdelay), y(tdelay), α0 + ad, 0, 0]ᵀ (4.20)

Finally, during the walking phase, we model the user as following the desired

direction with noisy velocities and headings. Again, Gaussian models are used to
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approximate the distributions of velocities and headings:

v(t) ∼ N (µv, σ
2
v), α(t) ∼ N (µα, σ

2
α) (4.21)

where µv is a nominal velocity we train the user on, and µα = α0 + ad. We discretize

the time, and incrementally predict the walking trajectory as:

si+1 = [xi + vi+1dt cos(αi+1), yi + vi+1dt sin(αi+1), αi+1, vi+1 cos(αi+1), vi+1 sin(αi+1)]ᵀ

(4.22)

The velocity vi+1 and the heading αi+1 are drawn from the distributions in Eq. (4.21).

4.3.4 Sampling from the Model

Combining the response model and the action model, we can sample predictions

of the user’s response to directional guidance cues. The procedure is described in

Alg. 3. Note that this model does not explicitly predict the distribution of the user’s

actions. We will show in Section 4.4 that a sampling mechanism is enough to plan

for appropriate communications.

4.4 Planning Navigation Guidance

Section 4.3 established a model that predicts the user’s response to directional guid-

ance cues. This section builds on this model to plan a sequence of directional feedback

cues to guide the user from a starting position to a target position. A naive method

to provide guidance for this scenario is to compute a shortest path to the target,

and then feedback directions along the shortest path. However, due to the bias and

uncertainty in responding to the guidance, the user will not follow the path exactly,

which can lead to inefficiency and even danger in certain circumstances. This section

presents our approach to account for the user’s bias and uncertainty, and generates a

guidance policy.

We consider two temporal schemes for communicating guidance cues: communi-

cate guidance cues with a fixed time interval, and communicate guidance cues only



4.4. PLANNING NAVIGATION GUIDANCE 85

Algorithm 3 Sample User’s Response to Directional Guidance

Input Initial state s0, guidance cue φ and simulation time T
Output A sample trajectory

1: procedure SampleHumanModel(s0, φ, T )
2: s(0)← s0

3: . First sample the response model
4: fφ ← Predict(GPf , φ)
5: σφ ← Predict(GPσ, φ)
6: ad ← Sample(N (fφ, σ

2
φ))

7: . Sample the delay stage
8: tdelay ← Sample(N (µdelay, σ

2
delay))

9: s(tdelay)← [x0 + 1
2
ẋ0tdelay, y0 + 1

2
ẏ0tdelay, α0, 0, 0]ᵀ

10: . Sample the transient stage
11: ω ← Sample(N (µω, σ

2
ω))

12: t← tdelay + |ad|
ω

13: s(t) = [x(tdelay), y(tdelay), α0 + ad, 0, 0]ᵀ

14: . Sample the walking trajectory
15: while t < T do
16: v ← Sample(N (µv, σ

2
v))

17: α← Sample(N (α0 + ad, σ
2
α))

18: vx, vy ← v cos(α), v sin(α)
19: s(t+ ∆t)← [x(t) + vx∆t, y(t) + vy∆t, α, vx, vy]

ᵀ

20: t← t+ ∆t
21: end while
22: return s(·)
23: end procedure

when “necessary”. The fixed time interval policy aims to provide continuous guid-

ance. The second scheme is motivated by the fact that communication usually induces

additional mental loads and can distract the user from other tasks that they need to

perform during navigation.

4.4.1 Communicate with Fixed Time Interval

The model in Section 4.3 assumes that the user’s behavior only depends on the

most recent communication, and is not affected by the previous ones. With this
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assumption, we can frame the guidance with fixed time interval problem as a discrete-

time Markov Decision Process (MDP). The MDP framework allows us to compute

plans that account for the stochasticity in the process.

We define the state space of the MDP to be the 2D plan plus the 1D rotational

space. A state is then defined as s = [x, y, α]ᵀ. Compared to the human model, the

state of the MDP is simplified by ignoring the velocities. The action is defined as the

directional guidance φ, which is a 1D rotation. We implicitly define the transition

model T (s, φ, s′) using the human model from Section 4.3, which allows us to sample

a new state s′ given the current state s and action φ:

s′ = s(Tf )

s(·) = SampleHumanModel(s, φ, Tf )
(4.23)

There are many methods to solve for optimal solutions of MDPs. Approximate

dynamic programming [129] is a class of methods concerned with finding approxi-

mately optimal policies for problems with large or continuous state spaces, which

is suitable for our application. We compute the value function at a finite subset of

states, and use trilinear interpolation to approximate the value function for other con-

tinuous states. Our method for solving for the optimal guidance policy is described

in Alg. 4.

In our implementation, we use rectangular state spaces: S = [Xmin, Xmax] ×
[Ymin, Ymax] × [−π, π] and compute the value function on evenly spaced rectangular

grids Sd. The value function and policy is initialized with a shortest path search

algorithm. The initialization procedure also generates an ordering of the states Sq for

updating the value function in value iteration. We use Gauss-Seidel value iteration

to speed up the convergence.

In each iteration, the states are enumerated in order from Sq. Then a set of “valid”

actions are selected with the function GetValidActions(), which heuristically bal-

ances exploration with exploitation. For each valid action, we estimate the expected

state-action value function Q(s, a) by sampling nsample outcomes. The outcome states

s′ are continuous and does not necessarily belong to Sd. We approximate the value
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Algorithm 4 Planning Optimal Policy for Guidance with Fixed Time Interval

Input State space S, reward function R(s, φ) and the target state starget
Output Optimal Policy π(s)

1: procedure ComputeMDPPolicy(S, R(s, φ), starget)
2: . Preprocesses
3: Sd ← DiscretizeStateSpace(S)
4: π(·), V (·),Sq ← InitializePolicy(Sd, R(s, φ), starget)
5: . Approximate dynamic programming
6: for n← 1 . . . nmax do
7: for all s ∈ Sq do
8: A ← GetValidActions(π(s), n)
9: for all a ∈ A do

10: r ← 0
11: for i← 1 . . . nsample do
12: s(·)← SampleHumanModel(s, a, Tf )
13: s′ = s(Tf )
14: r ← r + γV (s′) +R(s′, a)
15: end for
16: Q(s, a)← r/nsample
17: end for
18: V (s)← maxaQ(s, a)
19: π(s)← arg maxaQ(s, a)
20: end for
21: end for
22: return π(·)
23: end procedure

function at s′ using trilinear interpolation. The value function and optimal policy

are updated “in place” with lines 18 and 19. The procedure is repeated for nmax

iterations.

The initialization procedure is described in Alg. 5. The purpose of the initialization

procedure is to compute a suboptimal policy and the associated value function to

speed up convergence of value iteration. The algorithm also computes a near-optimal

ordering that is used by the Gauss-Seidel method. We use a breadth-first search

algorithm to compute the shortest paths as the suboptimal policy. While constructing

the shortest paths, we ignore the heading and only consider the 2D position. We
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Algorithm 5 Initialize Policy and Search Sequence

Input State space Sd, reward function R(s, φ) and the target state starget
Output Initialized value function V (s), policy π(s) and state sequence Sq

1: procedure InitializePolicy(Sd, R(s, φ), starget)
2: R̃(·)← minα,φR([·, ·, α], φ)
3: V (·)← R̃(·)
4: Svisit ← {[xtarget, ytarget]}
5: Sq ← ∅
6: while Svisit 6= ∅ do
7: [x, y]← PopFront(Svisit)
8: for all [x′, y′] ∈ Neighbor(Sd, [x, y]) do
9: if [x′, y′, ·] 6∈ Sq and R̃([x′, y′]) ≥ 0 then

10: PushBack(Svisit, [x′, y′])
11: for all α′ s.t. [x′, y′, α′] ∈ Sd do
12: s′ ← [x′, y′, α′]
13: V (s′)← γV (s)
14: π(s′)← arctan2(y − y′, x− x′)− α′
15: PushBack(Sq, s′)
16: end for
17: end if
18: end for
19: end while
20: return π(·), V (·),Sq
21: end procedure

initialize the policy and value functions during the search (lines 13 – 14 of Alg. 5).

Approximate dynamic programing typically considers a fixed set of actions while

computing the policy. One problem of this approach is that, for problems with large

and continuous action space, it is challenging to balance computation time with accu-

racy. To mitigate this problem, we use a simple method to adaptively choose a subset

of actions. This method is given in Alg. 6. The idea is to progressively decrease the

search range to explore more carefully around the current optimal action. With this

method, a higher accuracy can be achieved without increasing computation.

The optimal policy is computed offline for a specific target state. During online

execution, real-time guidances are generated by tracking the user’s position and head-

ing, and interpolating from the optimal policy with the same trilinear interpolation
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Algorithm 6 Adaptively choose a subset of actions for optimization

Input Current policy π(s) and current iteration n
Output A subset of actions A

1: procedure GetValidActions(π(s), n)
2: ∆φ← max(∆φmin, π − k · n)
3: A ← EvenlySample([π(s)−∆φ, π(s) + ∆φ], N)
4: return A
5: end procedure

method.

4.4.2 Communicate As Needed

Without the constraint that directional guidances are provided with a fixed time

interval, the process can no longer be modeled as an MDP. In addition, offline methods

are not suitable for the communicate-as-needed scheme, as the plan depends not only

on the state, but also the execution history. In this section, we derive an online

method based on the Monte-Carlo Tree Search (MCTS) algorithm.

MCTS is a sampling-based online search algorithm, and has been successfully

applied to many decision problems including game play [130], air collision avoid-

ance [131] and motion planning [132]. In order to apply MCTS to plan for optimal

guidance, several modifications need to be made on the classical MCTS algoritm. We

first outline our algorithm in Alg. 7, and then discuss some of the implementation

details.

At a high level, the algorithm keeps growing a search tree until the maximum

computational time is reached. Then the current best communication is selected,

which can also be “no communication”. In each iteration, an unexplored node is

sampled (lines 5 –8 of Alg. 7). Instead of running a rollout simulation as in most

implementations of MCTS, we directly use the offline policy computed with Alg. 4.

This is equivalent of setting the offline policy as the default rollout policy. We use the

value function V (s) computed from Alg. 4 as part of the rollout reward, and propagate

it back. In addition to the value function, we also track the expected number of times

of communication C(s) to guide the user to the target. The computation of C(s) can
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Algorithm 7 Planning to provide guidance as needed

Input User’s state s0, belief of the user’s desired heading (µad , σad)
Output The optimal guidance cue φ

1: procedure ComputeMCTSPolicy(s0, (µad , σad))
2: while telapsed < tmax do
3: . Grow the search tree
4: s← s0, t← 0
5: while N(s) > 0 do
6: φ, (µad , σad)← SelectAction(s, (µad , σad))
7: t, s← SelectOutcome(s, φ, (µad , σad))
8: end while
9: . Propagate back the rewards

10: rv ← V (s), rc ← C(s), T (s)← t
11: Uv(s)← rv, Uc(s)← rc, N(s)← 1
12: while s 6= s0 do
13: φ, s← Parent(s)
14: if φ 6= NULL then
15: rc ← rc + 1
16: end if
17: Uv(s, φ)← U(s, φ) + γkt(t−T (s))rv
18: Uc(s, φ)← Uc(s, φ) + rc
19: end while
20: end while
21: φopt ← arg maxφ{cv Uv(s0,φ)

N(s0,φ)
+ cc

Uc(s0,φ)
N(s0,φ)

}
22: return φopt
23: end procedure

be easily incorporated into Alg. 4 with the following recursion:

C(s) = Es′∼T (s,π(s))[C(s′)] + 1 (4.24)

where the expectation is evaluated by drawing nsample samples. The two parts of the

reward rv = V (s) and rc = C(vects) are propagated back in lines 12 – 19 in Alg. 7.

We use functions Uv(s, φ) and Uc(s, φ) to keep track of the cumulated rewards for each

state-action pair in the tree. The reward rv is time-discounted to encourage plans

that can guide the user to the target more quickly. The optimal action is selected
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based on a weighted score:

U(s, φ) = cv
Uv(s, φ)

N(s, φ)
+ cc

Uc(s, φ)

N(s, φ)
(4.25)

The weights cv, cc balance the performance with the number of communications re-

quired.

The primary challenge of applying MCTS to our problem is the handling of contin-

uous state and action spaces. In addition, without the constraint that communication

is provided at a fixed time interval, time becomes another dimension of the action

space as the planner need to consider when to communicate. To overcome these

difficulties, we develop new methods to grow the search tree based on the idea of

Progressive Widening [133]. Progressive Widening is a method for balancing explo-

ration (widening the tree by sampling new actions and outcomes) with exploitation

(deepening the tree by sampling existing state and actions) when searching in very

large or continuous state and action spaces. The procedure we developed for growing

the tree keeps repeating two steps: select and action and select an outcome, until an

unexplored node is reach. These two key steps are performed by Alg. 8 and Alg. 10.

When selecting an action to explore, the progressive widening procedure is realized

with lines 7 – 14 of Alg. 8. We keep track of the number of visits of a state node with

N(s). When (N(s))νs is greater than the number of children of the state node, we

expand the tree by sampling a new action. Otherwise, we choose to keep exploring

an existing action node. νs < 1 is a factor that controls the expansion rate.

When sampling a new action, we always choose the action that is the “closest” to

the offline policy:

φ← arg min
φ
|φ− π(s)| (4.26)

If the state is the root state, we always select the NULL action first. The procedure

for choosing an existing child to explore is described in Alg. 9, which follows the

classical Upper Confidence Bound for Trees (UCT) method.

After an action is chosen, the next step is to explore possible outcomes from

executing the action at the current state. With each state-action pair, there exists
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Algorithm 8 Select action for growing the search tree

Input State s and belief of the user’s desired heading (µad , σad)
Output Communication φ and updated belief (µad , σad)

1: procedure SelectAction(s, (µad , σad))
2: A ← EvenlySample([π(s)−∆φ, π(s) + ∆φ], Na)
3: if s = s0 then
4: A ← A∪ {NULL}
5: end if
6: N(s)← N(s) + 1
7: if (N(s))νs > |Children(s)| then
8: φ← SampleAction(A− Children(s))
9: Children(s)← Children(s) ∪ {φ}

10: µad ← Predict(GPf , φ)
11: σad ← Predict(GPσ, φ)
12: else
13: φ← SelectActionUCT(Children(s))
14: end if
15: return φ, (µad , σad)
16: end procedure

Algorithm 9 Select a child with upper confidence bound method
Input State s
Output Communication φ from children of s

1: procedure SelectChildUCT(s)
2: for φ ∈ Children(s) do

3: score(φ) ← U(s, φ) + cUCT

√
log(N(s))
N(s,φ)+1

4: end for
5: return arg maxφ score(φ)
6: end procedure

infinitely many outcome trajectories. In addition, there are infinitely many choices for

the timing of the next communication, which makes the outcome selection procedure

more complex than selecting the action. Here we apply the progressive widening

method again. When the number of visits N(s, φ) is large enough, a new trajectory is

sampled with SampleHumanModel (this function is slightly modified from Alg. 3

by skipping lines 4 and 5). Otherwise, an existing trajectory with the underlying

direction ad is sampled with probability p(ad|s, φ), which can be computed from the
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Algorithm 10 Select an state node to explore next

Input State s, action φ and the belief (µad , σad)
Output New state s′ and time for the next action t

1: procedure SelectOutcome(s, φ, (µad , σad))
2: . First select a trajectory based on the state and action
3: N(s, φ)← N(s, φ) + 1
4: if (N(s, φ))νa > |Children(s, φ)| then
5: ad ← Sample(N (µad , σad))
6: ξ(·)← SampleHumanModel(s, ad, T )
7: Children(s, φ) ← Children(s, φ) ∪ {(ad, ξ(·))}
8: else
9: ad, ξ(·)← Sample(p(ad, ξ(·)) = p(ad|s, φ))

10: end if
11: . Select a time to send the next communication
12: N(s, φ, ad)← N(s, φ, ad) + 1
13: if (N(s, φ, ad))

νt > |Children(s, φ, ad)| then
14: T = {∆t, 2∆t, . . . , T} − Children(s, φ, ad)
15: t, s′ ← SelectTime(s, T , ξ(·))
16: Children(s, φ, ad) ← Children(s, φ, ad) ∪ {t}
17: else
18: t, s′ ← SelectChildUCT(Children(s, φ, ad), ξ(·))
19: end if
20: return t+ T (s), s′

21: end procedure

Algorithm 11 Select a time for the next communication action

Input The state s, a set of choices T and the trajectory ξ(·)
Output Time t and the associated state s′

1: procedure SelectTime(s, T , ξ(·))
2: for t ∈ T do
3: s′ ← ξ(t)
4: score(t) ← V (s′)− V (s) + ct|π(s′)|2
5: p(t)← exp(score(t))
6: end for
7: t← Sample(p(·))
8: return t, ξ(t)
9: end procedure
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t1
<latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit><latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit><latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit> t2
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Target

Figure 4.5: Illustration of the SelectTime procedure. Black line represents the predicted trajectory,
circular markers on the line are states at discrete time steps. The arrows represent the guidance
directions from the fixed time interval policy.

Gaussian probability density function.

The final step is to determine a time for the next communication and the asso-

ciated state along the trajectory. When sampling a new time, we apply a heuristic

algorithm to bias the samples towards “more promising” points along the trajectory.

This algorithm is described in Alg. 11. Instead of exploring different timing options

uniformly, we weight them with:

p(t) = exp
(
V (s′)− V (s) + ct|π(s′)|2

)
(4.27)

The first part of this equation V (s′) − V (s) bias the samples towards the state that

has the highest value V based on the offline policy. The second part of the equation

ct|π(s′)|2 favors states that are more aligned with the offline policy (ct < 0). The

combined effect is to choose timings that are neither too soon nor too late, which

is illustrated in Fig. 4.5. The color shadings represent the cost function V (s), and

the arrows represent the offline policy π(s). The earlier states in the trajectory

tend to have smaller guidance angles and smaller values. If the algorithm decides to

communicate at these states, too many communications will be generated. The later

states tend to have larger values, but larger guidance angles as well. Communicating

at these states will result in inefficient paths and higher risk of missing the target.

With Eq. 4.27, the algorithm favors states in between to balance the frequency of

communication and path efficiency.
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Figure 4.6: General experimental setup. (a) User walking with the haptic device. (b) Size of the
field.

4.5 Experiments

In this section, we describe experiments that were performed to train the human

model from Section 4.3 and test the planning algorithms presented in Section 4.4.

4.5.1 Experimental Setup

Then general setup for our experiments is shown in Fig. 4.6. The user can walk freely

in a field of size 10 m×6 m. A Hokuyo UST-10LX laser scanner was used to track

the position of the user. The laser scanner was mounted on a mobile robot platform

that is approximately 0.4 m in height. We used the same leg detection algorithm

described in Section 3.6.1 to track the position of the user. During the experiment,

the user held the haptic device in their right hand, and pointed the right hand straight

forward. We instructed the user to keep a fixed hand pose relative to their body, as

we used the IMU on the haptic device to track the user’s heading. All the algorithms

described in this and the next section were implemented in Ubuntu 16.04 LTS with

the Robot Operating System (ROS Kinetic Kame).
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Figure 4.7: Illustration of the experimental procedure for a single trial. (a) The user turned according
to the directional cue, and followed the direction. (b) After receiving the stop cue, the user turned
around and walked back.

4.5.2 Human Model

We first conducted experiments to study the user’s response to directional guidances,

and collected data to train the model we developed in Section 4.3. We investigated

both haptic feedback and verbal feedback for communicating directional guidance

cues. Haptic feedback was provided by the device and control methods described in

Section 4.2. The verbal feedback was of the form “left/right” followed by an angle in

degrees. Positive angles were classified as “left”, and negative angles were classified

as “right”. We used a text-to-speech engine to convert the verbal message to audio

signals that were played through headphones worn by the user.

4.5.2.1 Human Model Data Collection Procedure

The experiment consisted of two parts: one with haptic guidance, and one with verbal

guidance. In each part, the user first completed a short training with 12 trials. After

the training, the user completed 120 total trials, with a 1 minute break after every

40 trials.

In each trial, the user started by standing at a defined origin marked with green

tapes. Then a directional cue was communicated to the user via either haptic or verbal

feedback. Upon receiving the cue, the user turned to the direction that they perceived,

and then started to walk along the direction. The user kept walking until they receive

a “stop” cue. In the verbal guidance condition, this cue was communicated by saying

the word “stop”. In the haptic guidance condition, this cue was displayed by a short,
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Figure 4.8: Response model trained with data from one user. (a) Response to haptic guidance. (b)
Response to verbal guidance. The solid black line represents the predicted mean response, and the
grey shading represents the standard deviations of the response.

backward tug with the haptic device. After the user received the stop cue, they

would turn around and walk back to the origin. The user was instructed to hold their

heading until they receive the next cue. This way, the user’s starting orientation was

randomized, and they could not rely on visual cues to determine the direction to

follow. The process is illustrated in Fig. 4.7.

For both haptic and verbal guidance, we used 24 different directions, i.e., the

directions were discretized by 15◦. All directions were within −180◦ and 180◦, and

each direction was repeated 5 times. The directions were relative – 0◦ means forward

and 180◦ means backwards.

A total of 10 people (4 males and 6 females) participated in the experiment af-

ter giving informed consent, under a protocol that was approved by the Stanford

University Institutional Review Board.

4.5.2.2 Analysis and Results

We analyzed the responses of each user. For each of the 24 directions, we computed

the sample means and variances. We then trained two GPs using the means and



98 CHAPTER 4. HAPTIC NAVIGATION GUIDANCE

(a) (b)

Figure 4.9: Movements vs. time of one user responding to one guidance direction. (a) Heading change
and distance change from the starting point vs. time. Thin, light-colored lines are measurements, and
thick, solid lines are average trajectories. (b) Predictions by the action model. Thin, light-colored
lines are sample trajectories drawn from the model, and thick, solid lines are average predictions.

variances, and the kernels described in Section 4.3.2. We used the Python package

Scikit-learn [134] to optimize hyperparameters of the GPs.

Fig. 4.8 presents the response model for both haptic and verbal guidance, trained

using data from one user. The predictions of the mean GP are shown as the solid

black line, and predictions of the variance GP are shown as the shaded area in grey. It

can be observed that the mean function of haptic guidance has a non-linear shape: the

slope is smaller around 0 and ±π, while larger around ±π
2
. This result indicates that

people are less sensitive to haptic guidance cues around the forward and backward

directions. The associated response uncertainty at these directions is also smaller,

reflected by the widths of the shaded area. Verbal guidance has different effects than

haptic guidance: the sensitivity is higher around 0, and decreases as the guidance

direction becomes larger in magnitude. However, the change in sensitivity is relatively

small, and the prediction shows a near-linear response.

Fig. 4.9 (a) presents the change of heading and distance over time from one user

responding to one guidance direction (105◦) for both haptic and verbal feedback. The
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Figure 4.10: Comparison of users’ response characteristics with haptic guidance vs. verbal guidance.
(a) Average delay in action. (b) Nonlinearity of the response model. (c) Mutual information of the
response model.

figure shows that the user responded slower to verbal guidance compared to haptic

guidance. One reason is that with our setup, verbal guidance took longer time to

be communicated. Displaying the haptic guidance took about 0.85 s on average,

and playing the verbal guidance took about 1.50 s. Users also reported that verbal

guidance is more mentally demanding.

A comparison of the simulated response and the measured response to the same

haptic guidance direction of the same user is presented in Fig. 4.9 (b). We show 20

trajectories sampled using Alg. 3. The figure demonstrates that the average predicted

response matches the average measured response reasonably well, and the distribution

of the predictions also matches the distribution of the measurements.

We compared the response characteristics of haptic guidance versus verbal guid-

ance of all users, and summarized the results in Fig. 4.10:

• Delay: delay in action is defined as the time when the user started to turn

minus the time when the communication was finished. It can be observed that

users’ responses to haptic guidance is in general faster.

• Nonlinearity: nonlinearity captures how much the response model curve de-

viates from the perfect linear response. It is defined as:

nonlinearity =
∑
φ

(ād(φ)− φ)2 (4.28)



100 CHAPTER 4. HAPTIC NAVIGATION GUIDANCE

4m

4m
3.5m3m

15˚
30˚45˚

R=0.35m

Target 
Areas

(a) (b) (c)

Figure 4.11: Experimental setup and simulation results for navigation guidance in free-space. Sim-
ulation is generated with the model of one specific user. (a) Layout of the targets. (b) Simulated
trajectories with the optimized policy (fixed time interval). (c) Simulated trajectories with the naive
policy (fixed time interval).

We can observe that the response to haptic guidance is less linear.

• Mutual Information (MI): MI measures how much information can be ef-

fectively conveyed. It is defined as:

I(ad; Φ) =

∫
p(ad, φ) log

p(ad, φ)

p(ad)p(φ)
(4.29)

MI of haptic guidance is about 3.1 bits, and MI of verbal guidance is about 3.7

bits, which corresponds to 8.6 and 13 directions respectively.

4.5.3 Planning Navigation Guidance in Freespace

To evaluate the performance of the planning algorithms described in Section 4.4,

we conducted experiments where we used haptic feedback to guide the user from

a starting position to different target positions in free space. We chose 7 target

positions, illustrated in Fig. 4.11 (a). These locations are relatively close to each

other, so that the user has to rely on the guidance cues throughout a trial, rather

than “guessing” a target from early on. It was considered that the target is reached

when the user’s position is within a 0.35 m radius of the target.
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4.5.3.1 Simulation

We first performed numerical experiments to test the efficacy of the planning algo-

rithm. Fig. 4.11 (b) and (c) present the simulation results. For each target position,

30 trajectories were sampled using the human model described in Section 4.3, trained

with experimental data from the same user as in Section 4.5.2. The optimized policy

was computed using Alg. 4, assuming a fixed communication rate of 0.5 Hz (commu-

nicate every 2 seconds). The naive policy was computed as:

φ = arctan2(ytarget − yh, xtarget − xh)− αh (4.30)

The sampled trajectories are shown as thin, light-colored lines. We also computed an

average trajectory for each target, shown as thick lines.

Comparing the average trajectories for the optimized and naive policies, we ob-

serve that the naive policy produced trajectories that are more curved in general.

The figure also shows that, with the naive policy, there are more trajectories that

overshoot and loop back to the target. The reason behind these observations is that

human’s response to the haptic guidance is non-linear, as illustrated in Fig. 4.8 (a).

The bias in the response results in the curved trajectories and the overshoots. With

the optimized policy, the bias is corrected.

4.5.3.2 Hypothesis

Based on the results of modeling and simulation, we hypothesize that:

I. The proposed planning algorithms (both communicate with fixed time interval

and communicate-as-needed) can guide the user to the targets more efficiently

than a naive policy.

II. The communicate-as-needed scheme can achieve the same or better performance

as the communicate with fixed time interval scheme, and uses fewer times of

communication.
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4.5.3.3 Experimental Procedure

The experiment consisted of a training session with 21 trials, and a formal session

with 63 trials. We tested 3 different guidance policies: the naive policy, the optimized

policy (communicate with fixed time interval), and the communicate-as-needed policy.

Each combination of policy×target were repeated 3 times, making up 63 trials in total.

All the trials with different policies and targets were mixed, and the order of the trials

were pseudo-randomized to eliminate the learning effect.

In each trial, the user started with a fixed pose as shown in Fig. 4.11. The user

was instructed to hold the haptic device with their right hand and keep their hand

pointing forward. We informed the user that in some of the trials, the guidance

cue would be provided every 2 seconds, while in the other trials, the guidance cue

would be provided with varying frequency. We did not tell the user that there were

3 different policies.

We recruited the same group of users as in Section 4.5.2 to participate in this

experiment, under a protocol that was approved by the Stanford University Institu-

tional Review Board. The guidance policies for each user were optimized with their

personalized model obtained from Section 4.5.2.

4.5.3.4 Analysis and Results

Fig. 4.12 presents recorded trajectories from one user. The trajectories are shown in

the same color as the target. Comparing different policies, we can observe the same

trend as in simulation: trajectories with the naive policy curved and overshot more.

In order to understand differences among three guidance policies, we visualize the

guidance cues in each policy, as shown in Fig. 4.13. The top row shows trajectories

to the topmost target of the same user as in Fig. 4.12. The guidance cues are overlaid

on top of the trajectories as black arrows. In the naive policy, guidance cues always

point to the target position. In the optimized policy and the communicate-as-needed

policy, we can see that sometimes guidance directions do not align with the target.

The second row of Fig. 4.13 illustrates the heading error eh and the guidance cue over

time. The heading error is computed as eh(t) = arctan2(ytarget(t)− yh(t), xtarget(t)−
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(a) (b) (c)

Figure 4.12: Recorded trajectories from one user with different guidance policies. (a) The naive
policy. (b) The optimized policy with fixed time interval. (c) The communicate-as-needed policy.

xht) − αh(t). In the naive policy, the guidance cue is always the same as eh(t) (this

is expected according to (4.30)). In the optimized policy and the communicate-as-

needed policy, the guidance direction is larger than the heading error in general. The

reason for this “over correction” behavior is that the policies which rely on the human

model compensate for the bias in human responses. Without this compensation, the

naive policy sometimes cannot drive the heading error to (around) zero. As a result,

the user missed the target and had to turn around to reach the target, as shown in

Fig. 4.13.

We analyzed the trajectories from all users, and summarized the results in Fig. 4.14.

We computed the average number of communications in each trial, the average trial

time and the average path length in each trial for each user. A one-way repeated

measure ANOVA analysis was performed on each of the metric, and post-hoc Tukey

HSD tests were used to determine pairwise difference.

Number of Communications. The ANOVA analysis revealed a significant ef-

fect on the average number of communication for the guidance policy (F (3, 27) =

81.04, p < 0.001). The post-hoc test showed that all 3 policies are significantly dif-

ferent from each other (p < 0.001). This result supports Hypothesis II that the

communicate-as-needed scheme uses fewer times of communication.

Trial Time and Path Length. The ANOVA analysis showed significant effects
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0.25 m

Figure 4.13: Visualization of haptic guidance cues. Top row: trajectories of one user navigating to
one of the targets under different guidance policies. Arrows represent directions of guidance cues
and the user’s positions when the cues were communicated. Middle row: heading errors and haptic
guidance cues over time. Dashed lines represent perfect heading. Bottom row: distances to the
target over time. Dashed lines represent the 0.35 m threshold for reaching the target.

on both the average trial time (F (3, 27) = 10.37, p < 0.001) and the average path

length (F (3, 27) = 22.99, p < 0.001). These two metrics are highly correlated, as

users were trained to move with similar velocities in all trials. Significant differences

were discovered between the naive policy and the optimized policy (p < 0.001), and

between the naive policy and the communicate-as-needed policy (p < 0.05 for trial

time, p < 0.001 for path length) for both metrics. The result demonstrates that the

proposed policies (both communicate with fixed time interval and communicate-as-

needed) lead to more efficient trajectories (Hypothesis I). Although no significance

was found, we observe that trajectories from the communicate-as-needed scheme tend
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Figure 4.14: Statistics on different metrics of users’ trajectories. (a) Average number of communi-
cation. (b) Average trial time. (c) Average path length.

to be longer than the communicate with fixed time interval scheme.

Results presented so far are from personalized models and policies, i.e. we trained

a model and optimized guidance policies for each user individually. We also trained a

unified model using data from all users. The result is shown in Fig. 4.15 (a) for haptic

guidance. The response curve predicted by the unified model has a similar shape as

the personalized model: flatter around 0◦ and 180◦. The variance of the unified

model is larger compared to personalized models. This is because each user behaved

differently. The personalized models only capture the variance of each individual,

while the unified model also includes the variance across users.

The difference across users’ behaviors is also reflected in Fig. 4.10. We can see

that some of the metrics, especially the nonlinearity, spread across a relatively wide

range. As a result, we expect that personalized models work better than the unified

model when planning for guidance. We performed numerical experiments to compare

the policies optimized from personalized models and the policy optimized from the

unified model. The result of one user is presented in Fig. 4.15 (b) and (c). We can

see that the trajectories from the unified policy are more curved, and overshoot the

target more often than the ones from the personalized policy. So personalization is

necessary to achieve the best performance.
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(b)(a) (c)

Figure 4.15: Response model trained with all users’ data and comparison between personalized
policy and the unified policy. (a) The unified model trained with all users’ data. (b) Simulation
of one user with the policy optimized based on the personalized model. (c) Simulation of the same
user with the policy optimized based on the unified model.

4.5.4 Planning Navigation Guidance with Obstacles

In the previous subsection, we showed that planning with personalized models im-

proved the quality and efficiency of haptic guidance. In free space, the optimal path

is always a straight line that connects the starting position and the target position.

The proposed planner can compensate for biases in the user’s response to haptic guid-

ances, and therefore can better guide the user along the straight path compared to

the naive planner. In this subsection, we consider scenarios where the environment

has obstacles, or regions that should be avoided. We assume that these regions are

unknown to the user (one example is guiding blind people in cluttered environment),

so that they have to rely on the guidance cues to avoid the regions. In such scenarios,

the shortest path is not always the optimal choice.

An example is illustrated in Fig. 4.16. The environment has two rectangular

obstacle regions that should be avoided. The shortest path is shown in red in Fig. 4.16

(a), which passes between the two obstacles. The naive planner tried to guide the

user along the shortest path. However, the resulting trajectories did not match the

planned path, and a large number of trajectories passed through the obstacle regions.

In this case, the shorted path is a bad choice, because relatively small deviations
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Figure 4.16: Simulation of navigation guidance in an environment with obstacle regions. (a) With
the naive policy. (b) With the optimized policy.

from the path will result in “collisions”. Due to the uncertainty in the user’s response

to haptic guidance, it is impossible to follow the planned path exactly. Taking this

into consideration, the optimized policy guided the user along a path that had larger

clearances to the obstacles, as shown in Fig. 4.16 (b).

4.5.4.1 Demonstration

We conducted a demonstration with one user (who participated in the previous ex-

periments) to demonstrate the performance of the proposed algorithms. We designed

3 different environments with obstacles, as shown in Fig. 4.17. We compared 3 guid-

ance policies: the naive policy, the optimized policy with fixed time interval, and

the communicate-as-needed policy. Each target and policy combination was repeated

7 times, consisting of 63 trials in total. The ordering of the trials were pseudo-

randomized. The user also completed 9 training trials at the beginning to get familiar

with the task. There were no physical obstacles in the experiment field. The user

was informed that there were invisible regions that he should avoid, and the haptic

cues would guide him to avoid these regions.

Fig. 4.17 presents the recorded trajectories of the user. Different environments
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1

2
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Figure 4.17: Recorded trajectories of one user in the navigation guidance experiment with obstacles.
Each row of figures shows an different environment, and each column shows a different guidance
policy.

are shown in different rows, and different policies are shown in different columns.

The second row of the figure shows the same environment as in the simulation. We

can see that the experimental trajectories match with the simulation. With the naive

policy, most trajectories passed through one of the obstacles, while with the optimized

policies, the trajectories went below the two obstacles and no collision occurred.

Environment 1 and 3 were designed so that the naive policy and the optimized policies

would produce similar trajectories. However, as the naive policy did not account for

the bias and uncertainty in the user’s reactions, some of the trajectories collided with

the obstacles. With the optimized policies, the user was able to reach the target

without trespassing the obstacle regions. Comparing the communicate with fixed

time interval scheme and the communicate-as-needed scheme, again we found that
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the later used fewer number of communications (10 vs. 6 on average).

4.6 Discussion

In this section, we provide a more detailed discussion of the experimental results,

focusing on the human model, the difference between simulations and experiments,

and the trade-off between communication redundancy and performance.

Results from Fig. 4.8 (a) and Fig. 4.15 (a) show that people’s responses to haptic

guidance cues are nonlinear. In particular, people tend to be less sensitive to guidance

cues around 0 (forward direction) and ±π (backward direction). Unlike typical skin

deformation haptic interfaces that are usually grounded to the user’s finger, our device

for haptic guidance is grounded to the user’s hand, and can generate a net force on

the user’s fingertip. One effect of this implementation is that, in addition to skin

deformation and skin slip, the force generated by the end effector can physically move

the user’s finger. Therefore it also creates kinesthetic haptic feedback. The forward

and backward directions are along the finger, so the feedback is perceived mostly as

skin deformation and skin slip. The left and right directions are perpendicular to the

finger, and larger finger joint movements occur with these feedback cues. It is possible

that the kinesthetic feedback component increases the sensitivity in these directions.

Similar results were found in [135]: the authors showed that forces in the direction of

highest arm stiffness are perceived as being smaller.

The uncertainty observed in the response stage model is closely related to peo-

ple’s ability to differentiate force directions. A common method to study perceptual

capabilities is to find the just-noticeable difference (JND). The force direction discrim-

ination threshold on fingertip was reported to be 25.6◦ in [125]. The JND of force

direction is correlated to the uncertainty bands shown in Fig. 4.8 and the mutual

information (MI) we computed in Section 4.5.2.2. However, JND only characterizes

a part of the uncertainty. The ability to differentiate two force directions is not the

same as the ability to perceive and follow an arbitrary direction. To this end, MI

provides a better estimation. We found that the average MI of users’ responses is

around 3 bits, which indicates that users can effectively follow 8 arbitrary directions
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with haptic guidance. It is not surprising that this is “worse” than the 25.6◦ threshold

from [125] (corresponds to about 14 different directions). In addition, JND cannot di-

rectly capture the nonlinearity in the response. The probabilistic method introduced

in this chapter is more effective and flexible as a method of predicting the response.

Comparing the trajectories from real-world experiments (Fig. 4.11, Fig. 4.16) to

the ones from simulations (Fig. 4.12, Fig. 4.17), we found that experimental trajecto-

ries are usually more stochastic than simulation. A few factors may have contributed

to this difference:

• Tracking delay and inaccuracy: we tracked the user using a laser scanner

and a leg detection algorithm. Although the laser scanner has sub-millimeter

accuracy, the estimation error from the leg detector is usually larger. We used

three different laptop computers for human tracking, planning and controlling

the haptic device. The computers communicated with each other wirelessly via

the ROS interface, which introduced delay between sensing and action.

• Simulation inaccuracy: the model we developed in Section 4.3 is only an

approximation of the user’s real behavior. Therefore, we cannot simulate the

user exactly.

• Change in the user’s behavior: we noticed that the user’s response could

change slightly in the second experiment (navigation guidance) compared to

the first experiment (modeling). As the two experiments were conducted on

different days, they may be in different physical conditions or held the device

slightly differently. Another reason is that in the navigation guidance scenario,

the user knew that there is a target in each trial. Instead of “blindly” following

the guidance, they may make inferences on the target location, which influenced

their behaviors.

Although these factors were not considered in the modeling and planning frame-

work, we found that our approach was more robust to the unmodeled uncertainties

than the naive policy. This is an expected result, as by considering the stochastic-

ity in human actions, our method generates policies that are more conservative and
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flexible. The result further demonstrates the necessity of modeling uncertainties for

guidance and other HRI applications.

Comparing the communicate with fixed time interval scheme and the communicate-

as-needed scheme, we showed that the communicate-as-needed scheme and signifi-

cantly reduce the number of communications without affecting the performance much

(Fig. 4.14). Although no statistical significance was found, we notice that the trajec-

tories appeared to be less smooth and overshot the target more often (Fig. 4.12,

Fig. 4.17). From an information theoretic point of view, each time a guidance

cue was provided, the user gained information of the target. The communicate-

as-needed scheme aims to use the least amount of information to convey the target

position, which makes it less robust to unmodeled uncertainties. In general, there is

a trade-off between redundancy and robustness for any communication system. The

communicate-as-needed scheme attempts to balance the redundancy and performance

for the navigation guidance application. Besides robustness, another factor to con-

sider is trust in HRI applications. Some users commented after the experiment that

they trust the system more when they received guidance cues with a fixed time in-

terval. The communicate-as-needed scheme may be more appropriate for larger-scale

guidance, such as navigation in large buildings or cities.

4.7 Conclusions

In Chapters 2 and 3, we used haptic feedback to communicate discrete information,

and associated explicit meanings to each discrete haptic signal. In this chapter, we

used haptic feedback to communicate continuous directional information for naviga-

tion guidance. The result of using haptic feedback in this application is similar to

the application of robot motion in Chapter 3: it is more intuitive and less mentally

demanding compared to verbal communication. However, it also tends to induce

more variability and bias in the user’s response. To better utilize haptic communi-

cation, in this chapter, we developed a probabilistic model that predicts the user’s

response to directional haptic cues. We implemented two planning algorithms based

on the model to optimize the guidance policy and demonstrated that they improved
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guidance performance.

Our approach in modeling and planning has several limitations. First, we used two

GPs to approximate the stochastic function in Eq. (4.10). When sampling from this

model, we only considered the process uncertainty (due to the stochasticity of human

behavior), while ignored the model uncertainty (due to insufficient data). Future work

should characterize and incorporate the model uncertainty into planning. Second,

when modeling the action stage, we made several assumptions and simplifications that

are not necessarily accurate, such as assuming constant turning speeds and ignoring

accelerations. Besides being inaccurate, some of these simplifications are difficult to

be generalized to other applications. Data-driven methods like IRL and recurrent

neural networks (RNN) usually doesn’t rely on such assumptions, and can be applied

to model the action stage. As for the planning algorithms, the communicate with fixed

time interval policy is relatively computationally expensive, and can only be generated

offline. We used the offline policy to inform the online planner (communicate-as-

needed policy). However, the MCTS algorithm used by the online planner does not

necessitate an optimal offline policy. Simpler policies such as the naive policy can be

incorporated into the online planner. More work is needed to test the online planner

with simpler roll-out policies.



Chapter 5

Conclusions and Future Work

This dissertation has focused on the use of proactive communication to improve

human-robot interactions (HRI). Three major topics were covered in the dissertation,

including designing communication strategies, modeling the effect of communication,

and planning for proactive communications. This chapter summarizes the results ob-

tained in the previous chapters, reviews the dissertation contributions, and discusses

ideas for future work.

5.1 Summary of Results

The main results of this dissertation are that proactive communication can improve

the efficiency and performance of the human-robot system, and that modeling the

stochastic and interactive nature of human behavior is effective for generating appro-

priate communications.

The results were demonstrated with three HRI applications. We first showed that

bi-directional communication improved interactions between a person and a robot

that followed the person. We then developed a planning framework to generate im-

plicit and explicit communication actions for mobile robot social navigation. The

combination of the two types of communication better expressed the robot’s intent,

increased trust in the robot, and improved the efficiency of social navigation. Finally,

we demonstrated that modeling the uncertainty in human behavior and planning

113
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accordingly led to more efficient and accurate communication for human navigation

guidance. Altogether, these results indicate that understanding human behavior and

communicating proactively is useful for robots that work in human environments.

5.2 Review of Contributions

The following are the major contributions of this dissertation:

• A bidirectional communication scheme that facilitates human-mobile

robot follower interaction: A bi-directional communication scheme was de-

veloped to bring the human user into the loop to enhance the robot follower’s

capability. The communication was realized via a holdable mechatronic device.

The method and the device were experimentally evaluated, and were demon-

strated to be able to effectively engage the user when necessary, while still allow

the user to concentrate on other tasks. By bringing the user into the loop, the

bi-directional communication scheme enabled the robot to navigate in challeng-

ing environments and deal with unexpected failures.

• A new framework for planning communicative actions in social nav-

igation: We presented a planning algorithm that generates both implicit and

explicit communications to maximize the robot’s transparency and efficiency.

The algorithm relies on a model that can predict human responses to the robot’s

communication and movements. We implemented the algorithm on a mobile

robot, and demonstrated, through human subject experiments, that the al-

gorithm generated plans that were easier to understand, more efficient, and

increase participants’ trust of the robot.

• A probabilistic framework for optimizing haptic communication for

navigation guidance: We developed a probabilistic model that captures the

uncertainties and bias in the user’s response to directional guidances. Based on

this model, we developed an offline planner and an online planner to optimize

haptic communication for guiding a human user to different target locations.
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Instead of always choosing a shortest path, the planner uses personalized models

to find a safe and efficient path, and generates guidance feedbacks that are more

accurate. Experiments demonstrated that the proposed planners outperformed

naive policies for haptic navigation guidance.

5.3 Future Work

5.3.1 Generalizable and Adaptive Models

Modeling human behaviors and responses to communication was a key component of

this thesis. A few models were presented in Chapters 3 and 4, and were shown to

be effective when used for planning communicative actions. However, there is still

significant room for future work in this area.

The models developed in this thesis rely on domain-specific knowledge and as-

sumptions to simplify the computation. While these assumptions are reasonable,

they are only applicable in certain scenarios. Recently, some works addressed this

issue with deep recurrent neural networks (RNN). For example, deep RNN was used

in [56] to predict movements and interactive behaviors of multiple pedestrians. In gen-

eral, RNN does not rely on assumptions such as linear dynamics and social norms.

However, the drawback is that training RNN usually requires large amounts of data,

which can be difficult to obtain for HRI applications. Future work could investigate

ways to combine the advantages of both types of approaches to obtain generalizable,

yet data-efficient models.

One direction that can potentially improve the generalizability of human behav-

ior models is to develop hierarchical models. On a high level, humans usually act

rationally and predictably. It is possible to use a relatively small set of variables

to mathematically describe the high-level behaviors. Low-level behaviors such as

movements can be modeled with data-driven methods such as RNN and IRL. With

the hierarchical structure, the low level models are often decoupled from the specific

application scenario, and are therefore transferable. Hierarchical modeling can be

combined with hierarchical planning methods to reduce computational complexity
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and enable larger scale planning.

In Chapter 4, we showed that guidance policies generated with personalized mod-

els performed better than policies with the unified model. However, our implemen-

tation requires the user to go through a one-hour-long training session to get enough

data to optimize the personalized model and policy. In addition, we found that the

user’s behavior may change after the training session. These concerns motivate further

developments of faster and adaptive modeling techniques. An interesting approach is

described in [83] based on transfer learning. Fast adaptation is achieved by learning

weights that combine a set of expert models (pre-trained) to minimize the prediction

error based on online observations. In general, offline optimization combined with on-

line reinforcement learning and transfer learning is a promising direction for adaptive

modeling and planning.

5.3.2 Bi-directional Interaction

Although Chapter 2 presented a bi-directional communication scheme for human-

mobile robot follower interaction, the dissertation primarily focused on the commu-

nication from robot to the human. We have assumed that the human user can un-

derstand the communication and act cooperatively. In reality, this strategy is not

suitable for many scenarios. For example, the user may ask for further clarification,

or may not want to cooperate for certain reasons. It is important for future work to

explore ideas for bi-directional communication.

There exists a large body of work on communication from humans to robots,

including natural language [136], gestures [33], and physical interactions [137]. Con-

versely, researchers also have investigated methods to enable robots to communicate

with humans (reviewed in Chapter 1). However, combining these two aspects and

creating interactive, bi-directional communication is a field that is still largely un-

explored. Successful bi-directional communication requires more than being able to

communicate to human and understand human communication. It should also be

anticipatory and interactive. In other words, the robot should expect human to com-

municate back when planning its actions.
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Bi-directional communication can be a useful tool to many HRI problems such as

negotiation, coordination and interactive learning. Information exchange is essential

in these problems, and bi-directional communication can close the information loop.

An example is human-robot collaborative manipulation. A mutual adaptation frame-

work was proposed in [81] for a collaborative manipulation task. Although no explicit

communication was exploited, the work considered implicit bi-directional communi-

cation and adaptation via motions. It may be possible to extend this framework to

incorporate more general communication.

5.3.3 Multi-Modal Communication

Humans often communicate with each other via visual, auditory and haptic channels,

and can naturally blend these modalities. Human-robot interactions can be made

more natural by combining different modalities as well.

From a design and hardware perspective, new interfaces should be developed to

realize natural communications of different modalities. In the context of HRI, it

is desirable to have light-weighted, mobile interfaces. Portable haptic devices and

augmented reality devices are two promising options as multi-modal communication

interfaces. The main challenge of developing portable interfaces is that the sensing,

actuation and computation resources are often limited. Advances in these areas are

needed to create high-fidelity communication interfaces.

From a theory perspective, new modeling and planning methods are needed for

robots to understand and generate appropriate multi-modal communication. In Chap-

ter 3, we applied Bayesian inference techniques to combine the effect of implicit

and explicit communication. Similar approaches can be used to model the effect of

multi-model communication. Another interesting direction is to combine information

theory with multi-modal communication. Although human-robot communication is

quite different from communication between digital devices, they are both processes

that exchange information. Information theory provides a set of mathematical tools

to describe the information exchange process, which can potentially be utilized in

multi-model human-robot communication. For example, we have characterized the
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effectiveness of haptic feedback and verbal feedback with the mutual information in

Chapter 4. Such metrics can be used by the robot to determine the appropriate

communication modality to use in different scenarios.



Appendix A

Augmented Social Force Model

In Chapter 3, we briefly discussed using a social force model (SFM) to predict humans’

continuous movements during social navigation. In this appendix, we present the

derivation of SFM and methods to learn the parameters of SFM. More details can be

found in [107].

A.1 Model Derivation

The original SFM [46] only considered interactions between human and human. The

model was extended in [49] to incorporate interactions between humans and robots. In

order to capture the effect of explicit communication in navigation scenarios described

in Chapter 3, we further extended the model.

SFM assumes that a human is driven by a sum of forces from the environment

during navigation:

f total = f goal + f int + f env (A.1)

where f total is the total amount of social force, and f goal, f env and f int are components

resulted from the human’s navigation goal, the environment, and the interaction with

the other agents.

Navigation Goal. The force that drive the human to their navigation goal is

119
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Figure A.1: Social force model with collision zone prediction. (a) The predicted relative velocity
and safety radius. v̂r is the predicted robot future velocity, vh is the human velocity, and v̂rel is
the relative robot velocity. (b) The safety radius criteria can be converted to a collision zone check.
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computed as:

f goal = k(vd − ẋh) (A.2)

We use x to represent position, ẋ or v to represent velocity, and ẍ to represent

acceleration. In Eq. (A.2), ẋh is the human’s velocity, vd is the desired velocity

that points to the goal directly, and k is a parameter that will be optimized. The

parameter k controls how closely the human follows the desired velocity.

Interaction with the Robot. Our main extension to previous works is modeling

the interaction force from the robot. The original SFM assumes a passive reaction

force that directly points from the robot to the human. This assumption does not

work well in practice, especially when predicting collision avoidance with moving

agents. Our approach is built on top of the idea in [47] that explicitly models a

collision prediction procedure.

We augmented the social force model in [47] with the user’s predicted robot ve-

locity and a safety radius, as shown in Figure A.1. Instead of the true velocities,

we used an “expected” robot velocity v̂r in the model. The reasoning is that, when

given different explicit communication, the user may have a different expectation of
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the robot’s future movement. The expected velocity and the true velocity are related

by:

v̂r = vr + vshift (A.3)

where vshift is the shift in user’s expectation due to communication. vshift is assumed

to be in the same direction as vr. The robot’s relative velocity is then calculated as

v̂rel = v̂r − vh, where vh is the human’s velocity. Knowing the direction of the

relative velocity, we then project the user’s current position onto this line, and obtain

the minimum distance dmin. If dmin is smaller than the user’s preferred safety radius,

Rs, the social force is then calculated as:

|fint| = Aint exp

(
− d

Bint

)
= Aint exp

(
−|xr − xh|

Bint

)
(A.4)

with direction perpendicular to v̂r. Here the parameters Aint and Bint determines the

maximum magnitude and the decaying rate of the social force. Eq. (A.4) is equivalent

of computing a “collision zone”, with the same direction as v̂rel, and a spanning angle

θb = sin−1(Rs/d), as shown in Fig. A.1 (b). If the user’s position is within the collision

zone, the social force fint is generated.

Environment. Humans avoids obstacles in the environment. SFM models obstacle

avoidance as a repelling force from the obstacle:

|fenv| = Aobs exp

(
−|xr − xo|

Bobs

)
(A.5)

Similar to Eq. (A.4), here Aobs and Bobs controls the magnitude and the decaying

rate.

To predict the human’s trajectory, we use the dynamics equation from Chapter 3:

sth = Fh(st−1
h ,uth) (A.6)

where uth = f total = f goal + f int + f env. By repeatedly update the dynamics and com-

pute social forces with new states, the model can generate predictions with arbitrary

horizons.
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A.2 Learning Model Parameters

To learn the parameters of the social force model from experimental data, we follow

a similar procedure to prior work [47]. The overall objective is to minimize a cost

function of the form:

c(ν) =
1

NT

N∑
i=1

T∑
t=1

|xth,i − x̂th,i| (A.7)

where T is the total number of time steps, N is the total number of trials, x̂th is the

predicted position at time t, and ν is the parameter vector:

ν = [k, vd, Aint, Bint, Aobs, Bobs, Rs, vshift]
ᵀ (A.8)

We used Genetic Optimization to minimize the cost function and obtain the op-

timal parameters. To incorporate human’s discrete navigation decision, we further

assumed that a subset of the parameters k, vd, Aint, Bint, Aobs, Bobs are fixed across dif-

ferent discrete decisions. We compute the optimal values of Rs, vshift for each discrete

decision value. Details can be found in [107] regarding the experimental procedure

for data collection.
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