
Device-free Human Localization and

Activity Recognition for Supporting the

Independent Living of the Elderly

Wenjie Ruan

School of Computer Science

The University of Adelaide

This dissertation is submitted for the degree of

Doctor of Philosophy

Supervisors: Prof. Michael Sheng, A/Prof. Nickolas J.G. Falkner

Dr. Lina Yao and Prof. Xue Li

December 2017



© Copyright by

Wenjie Ruan

December 2017

All rights reserved.

No part of the publication may be reproduced in any form by print, photoprint, microfilm or

any other means without written permission from the author.



To my mother and father,

my wife and my newborn baby,

my brother,

who made all of this possible,

for their endless encouragement and patience.





Declaration

I certify that this work contains no material which has been accepted for the award of any

other degree or diploma in my name, in any university or other tertiary institution and, to the

best of my knowledge and belief, contains no material previously published or written by

another person, except where due reference has been made in the text. In addition, I certify

that no part of this work will, in the future, be used in a submission in my name, for any other

degree or diploma in any university or other tertiary institution without the prior approval of

the University of Adelaide and where applicable, any partner institution responsible for the

joint-award of this degree.

I give consent to this copy of my thesis, when deposited in the University Library, being

made available for loan and photocopying, subject to the provisions of the Copyright Act

1968.

I also give permission for the digital version of my thesis to be made available on the

web, via the University’s digital research repository, the Library Search and also through web

search engines, unless permission has been granted by the University to restrict access for a

period of time.

Wenjie Ruan

December 2017





Acknowledgements

I would like to thank all the people who have ever helped, supported and advised me in one

way or another. Without them, this thesis would never be possible.

First of all, my biggest gratitude goes to my PhD supervisor Prof. Michael Sheng.

Without his encouragement three years ago, I would not have had a chance to pursue my

PhD at the University of Adelaide. Without his continuous and selfless guidance, I would

never have accomplished my PhD research within three years. It is my great honor and

luck to have Michael being my PhD supervisor. He has always been patient, passionate,

encouraging throughout the whole journey of my PhD study. His many insightful suggestions

and comments on my research have significantly improved the work in this thesis.

Secondly, I would like to greatly thank A/Prof. Nickolas J.G. Falkner, who has provided

me countless valuable suggestions in academic writing. His many insights regarding how to

deliver a native and coherent research idea have greatly increased the quality of this thesis. I

also would like to sincerely thank Dr. Lina Yao. During the first year of my PhD journey, her

enormous passion on research strongly inspired and encouraged me, leading me to the “door”

of academic research. Her supervision with decisiveness and assertiveness has greatly sped

up the progress of my PhD project. Moreover, I would like to give my enormous and sincere

thanks to Prof. Xue Li, who has provided me many valuable suggestions and strong supports

in both my PhD research and job hunting.

Thirdly, I would like to sincerely thank A/Prof. Tao Gu, who has provided many valuable

suggestions and assistance on stepping in the research area of pervasive computing. I also



viii

want to express heartfelt thanks to Dr. Lei Yang, Dr. Longfei Shangguan and Ms. Peipei Xu

for their generous help and valuable discussion in the research. I also want to express my

thanks to Dr. Yongrui Qin, who has offered me so many assistance on living in Adelaide.

Moreover, I would like to thank other members in our lab, including Dr. Xianzhi Wang,

Dr. Ali Shemshadi, Abdullah Alfazi, Dr. Yihong Zhang, Dr. Wei Zhang, Xiu Fang, Tran

Khoi Nguyen, and Zhigang Lu for the valuable discussions in group readings and their

companionship throughout the PhD journey.

Fourthly, I would like to express my sincere appreciation to University of Adelaide

and Australia Research Council for funding my PhD study. I also deeply thank Tsinghua

National Lab for Information Science and Technology and Dr. Lei Yang for accepting me and

supporting my six-month visiting there. Being a visiting PhD student there has significantly

broaden my research horizon and contributed to this thesis.

Lastly, I would express my countless thanks to my parents and my little brother, for

their love and support. I am also deeply grateful to my wife, who has accompanied me in

University of Adelaide during last two years of my PhD journey. She not only looked after

my living but also joined my research, providing me enormous assistance in experiments and

data analysis. It is my fortune to have her in my life. Finally, this thesis is the best gift to my

newborn baby, wishing he has a colorful and meaningful life.



Abstract

Given the continuous growth of the aging population, the cost of health care, and the prefer-

ence that the elderly want to live independently and safely at their own homes, the demand

on developing an innovative living-assistive system to facilitate the independent living for the

elderly is becoming increasingly urgent. This novel system is envisioned to be device-free,

intelligent, and maintenance-free as well as deployable in a residential environment. The

key to realizing such envisioned system is to study low cost sensor technologies that are

practical for device-free human indoor localization and activity recognition, particularly

under a clustered residential home. By exploring the latest, low-cost and unobtrusive RFID

sensor technology, this thesis intends to design a new device-free system for better supporting

the independent living of the elderly. Arising from this live-assistive system, this thesis

specifically targets the following six research problems.

Firstly, to deal with severe missing readings of passive RFID tags, this thesis proposes

a novel tensor-based low-rank sensor reading recovery method, in which we formulate

RFID sensor data as a high-dimensional tensor that can naturally preserve sensors’ spatial

and temporal information. Secondly, by purely using passive RFID hardware, we build

a novel data-driven device-free localization and tracking system. We formulate human

localization problem as finding a location with the maximum posterior probability given the

observed RSSIs (Received Signal Strength Indicator) from passive RFID tags. For tracking

a moving target, we mathematically model the task as searching a location sequence with

the most likelihood under a Hidden Markov Model (HMM) framework. Thirdly, to tackle
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the challenge that the tracking accuracy decreases in a cluttered residential environment, we

propose to leverage the Human-Object Interaction (HOI) events to enhance the performance

of the proposed RFID-based system. This idea is motivated by an intuition that HOI events,

detected by pervasive sensors, can potentially reveal people’s interleaved locations during

daily living activities such as watching TV or opening the fridge door.

Furthermore, to recognize the resident’s daily activities, we propose a device-free human

activity recognition (HAR) system by deploying the passive RFID tags as an array attached

on the wall. This HAR system operates by learning how RSSIs are distributed when a

resident performs different activities. Moreover, considering that falls are among the leading

causes of hospitalization for the elderly, we develop a fine-grained fall detection system that

is capable of not only recognizing regular actions and fall events simultaneously, but also

sensing the fine-grained fall orientations. Lastly, to remotely control the smart electronic

appliances equipped in an intelligent environment, we design a device-free multi-modal hand

gesture recognition (HGR) system that can accurately sense the hand’s in-air speed, waving

direction, moving range and duration around a mobile device. Our system transforms an

electronic device into an active sonar system that transmits an inaudible audio signal via the

speaker and decodes the echoes of the hand at its microphone.

To test the proposed systems and approaches, we conduct an intensive series of experi-

ments in several real-world scenarios by multiple users. The experiments demonstrate that

our RFID-based system can localize a resident with average 95% accuracy and recognize 12

activities with nearly 99% accuracy. The proposed fall detection approach can detect 90.8%

falling events. The designed HGR system can recognize six hand gestures with an accuracy

up to 96% and provide more fine-grained control commands by incorporating hand motion

attributes.
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