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ABSTRACT

Wireless systems provide the most critical infrastructure for Internet-of-things (IoT) ap-
plications. Despite the fast-evolving technology, many new IoT applications, such as
virtual reality and self-driving, are demanding for better connectivity and new passive
sensing techniques to support the more intelligent functionalities. Although the forth-
coming Millimeter-wave (mmWave) wireless systems can provide much higher through-
put, its performance is sensitive to the mobility and hardly applicable to complicated ap-
plication scenarios. In this thesis, I contend that many of such looming challenges can
be resolved through an integrated design of sensing and communication capabilities. I
propose a general design principle, called sensing-augmented wireless systems, which
will enable new IoT sensing applications while resolving critical networking issues.

I will first introduce the design of two sensing-oriented wireless systems which target
the sensing barrier. They achieve super-resolution passive sensing by re-purposing
communication devices. The first system, Tagyro, is a 3D orientation tracking system
for batteryless objects. It turns Radio-Frequency Identification (RFID) tags into passive
sensors and transforms the runtime phase into real-time orientation estimation,
enabling intelligent services for the smart home and supply chain. The second system,
mTrack, is a fine-grained location tracking system for writing objects. It leverages

the highly directional and steerable mmWave radios to pinpoint objects on any desktop



ii

surfaces, realizing a virtual trackpad for touchless interaction.

I will further introduce two sensing-assisted wireless systems, targeting the network-
ing demand. They exploit sensing information from external to overcome connectivity
challenge in mmWave networks. Pia, a robust mmWave networking technique, can meet
the needs of demanding Gbps applications such as wireless Virtual Reality (VR). The
design harnesses the pose information on mobile devices to switch the link proactively
and dynamically. Another system is, E-Mi, which can sense and reconstruct the dom-
inant reflectors in an environment through 60 GHz radios’ eyes, realizing efficacious

Access Point (AP) deployment.

Thesis Supervisor: Xinyu Zhang
Title: Associate Professor of Electrical and Computer Engineering
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CHAPTER 1

Introduction

The rapid evolution of technology has proliferated numerous mobile devices, together
with many exciting IoT services/applications. Today, we can already find many IoT
products for the smart home in the market, e.g., wireless door lock and voice assistant,
enabling a safe and intelligent living environment. However, the trend of IoT will go be-
yond this, towards the smart city, smart industry, and connected vehicle. They together
form a vast potential market that triggers tremendous revenue!, which will continue to
grow steadily in the next five years.

Among all the technologies, sensing and networking are two supporting techniques
that are most demanded by the 10T, because many applications heavily rely on informa-
tion, which is exchanged and collected from nearby objects, human, and environments,
to make the computational decision. Traditionally, these functionalities are provided
by versatile sensors (e.g., light sensor, thermometer, microphone, etc.) and networking
infrastructures (e.g., Bluetooth, and WiFi). However, many emerging IoT applications,
such as wireless VR and self-driving cars, are demanding supports beyond today sensors’
capability and are quickly exhausting the capacity of current wireless infrastructures.

We summarized the two demands as following:

* Sensing Demand: Due to the decent accuracy, using active sensors has become

the predominant approach to collect sensing data in current IoT environments.

! According to the Ericsson mobility report [23], the number of connected devices is estimated to reach
$20 billion in 2018, and this number will become 29 billion in 2022.



However, active sensors require battery power and need to be installed onto the
target object, and thus become unsuitable for applications requiring long-term and
automated monitoring. For example, users often find it intrusive and inconvenient
to wear active sensors for activity sensing. Many IoT applications are still looking
for new sensing capabilities to enable more intelligent functionalities in smart
home and smart industry. Designing a batteryless and passive sensing scheme is

critical for such IoT applications.

* Networking Demand: The next-generation wireless systems will face unprece-
dented challenges due to applications’ surging demands for much higher through-
put, lower latency, and better connectivity. mmWave networking has emerged as
core technology to realize multi-Gbps wireless connectivity. However, due to in-
trinsic signal-strength attenuation, mmWave radios must use highly directional,
electronically steerable phased-array antennas for communication purposes. But
the high directionality makes the mmWave links highly unreliable — minor mobil-
ity, human blockage, and nearby reflectors can drastically affect the connectivity,

making the link performance a sensitive function of the physical environment.

Past work in passive sensing has augmented cameras with advanced imaging pro-
cessing as a primary mechanism. For example, Kinect [5], an input device for video
game consoles, has demonstrated the capability of fine-grained human motion sensing.
Nevertheless, the camera is sensitive to lighting condition, background variation, and
occlusion. Therefore, they are unsuitable for many smart home applications that re-
quire working in the darkness or without light-of-sight. More importantly, massive use
of cameras may cause a significant threat to privacy and safety?. On the other hand,
radio-based passive sensing has emerged as a promising alternative to overcome the

above drawbacks in camera-based sensing. By applying sophisticated analytical algo-

2Researchers from the security firm Qualys demonstrated that Internet-based camera system could be
hacked and cause privacy leakage [152].
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Figure 1.1: Thesis Contributions: This thesis introduces sensing-augmented wireless
systems to meet the sensing and networking demands in IoT.

rithms, we can extract critical sensing information from the wireless channel, which is
disturbed by nearby objects. Existing works have demonstrated competitive capability
in detecting and tracking a person. For example, radio tomography [184] detects hu-
man activity, WiFi imaging [80] senses object shape, and WiFi gesture control [111,130]
recognizes different human body activities. However, unfortunately, today’s most wire-
less sensing methods are limited to tracking coarse motion or detecting a set of well-
predefined patterns.

Past work in mmWave networking has designed algorithms and protocols to reduce
the beam-searching overhead [26,160,210] and to improve the link reliability [25,166].
Nevertheless, these solutions mainly focused on the point-to-point link, and they are not
scalable the dense mmWave network deployment. It is necessary to bring mmWave into
large-scale mobile network settings, preparing this technology to meet the IoT traffic
explosion.

To support the new demands from IoT, we propose the concept of sensing-augmented

wireless systems. The key is to design computational models to process wireless channel



information and sensor information on wireless devices, with the end goal of enabling
new IoT sensing applications and solve critical network performance issues. We no longer
consider the radio as a standalone component, but instead, it will exploit and share in-
telligent sensing information with other system components. Depending on the flowing

direction, we categorize it into two paradigms (Figure 1.1):

* Sensing-Oriented Wireless Systems: We turn the networking system into a “radar”
that can provide information regarding nearby objects, human, and environments

to the IoT applications.

* Sensing-Assisted Wireless Systems: The networking system takes sensing infor-
mation from external sources, such as active sensors, to help optimize the network

protocol and improve the networking performance.

This thesis presents multiple sensing-augmented systems for IoT that represent ei-
ther new sensing schemes that enable radio-based super-resolution sensing of battery-
less objects or new networking paradigms that demonstrate scalable mmWave network
deployment under human mobility and blockage. The following sections briefly intro-

duce these systems and present their core contributions.

1.1 Ubiquitous Wireless Sensing for Batteryless IoT

When the wireless signal propagates through space, it hits and bounces off nearby ob-
jects or human in the environment. As such, many emerging IoT networking paradigms
can reveal sensitive information about the physical environment. The first part of this
thesis enables the high-resolution passive sensing technique for today’s IoT applica-
tions. We achieve this goal by repurposing the functionalities of IoT wireless devices
from legacy communications to ambient sensing. However, the signals are often cov-

ered by noise and mixed with many other disturbing components from unrelated tar-



gets. In response to these challenges, we apply a series of computational algorithms.
We introduce the background signal cancellation technique for the mmWave radio and
enable mme-level precision tracking of passive objects, e.g., pen or finger. The design can
turn any desktop surface into a virtual trackpad. Besides location tracking, we further
present a new system design that can sense the 3D orientation of batteryless objects in
a smart-home environment. Our solutions have been implemented using Commercial
Off-The-Shelf (COTS) communication radios, and we demonstrated they could achieve
near-vision resolution.

This part makes the following key contributions:

* Batteryless 3D Orientation Tracking using RFID Tags: 3D orientation tracking is an
essential ingredient for many IoT applications. For example, in a smart home en-
vironment, it can monitor the rotation and placement of daily objects. However,
existing orientation tracking systems commonly require motion sensors like gyro-
scope and compass, which are only available on battery-powered devices. Track-
ing the orientation of passive batteryless objects is an equally important but more

challenging problem.

To approach this objective, we designed an RFID-based passive orientation track-
ing system called Tagyro [186]. It attaches an array of RFID tags as orientation
sensors on everyday objects. The tag-to-reader distance varies when the tag array
rotates together with the object, which will alter the relative phase offset between
tags. Based on this observation, we built a closed-form model to transform the
runtime phase offsets into the orientation angle. However, the key challenge lies
in the imperfect radiation pattern of practical RFID tag antennas, which substan-
tially distort phase measurement. We addressed these challenges by designing a
set of phase sampling and recovery algorithms, which together enable reliable ori-
entation sensing with 3 degrees of freedom. We implemented a real-time version

of Tagyro using the commercial RFID tags/antennas/reader (Impinj R420) and



demonstrated it could achieve high accuracy in orientation tracking. It is the first
study of an RFID-based 3D orientation tracking system, which has a broad set of

use cases, e.g., smart home and mobile gaming.

Fine-grained Passive Motion Tracking Using mmWave Radios: Radio-based passive
sensing technique detects the motion of human body parts and objects through
wireless signals, with the potential to spur a wide range of applications, e.g., ubig-
uitous user-mobile interfaces. Prior work has employed various wireless signal
features to sense objects under a set of predefined, coarse motion patterns. But
an operational Ul, like a trackpad, often needs to identify fine-grained, arbitrary

motion.

To enable fine-grained passive motion tracking, we developed a practical system
— mTrack [185]. It can track passive writing objects (e.g., pen) at sub-centimeter
precision. The key is to leverage the highly-directional 60 GHz millimeter-wave
radio. Its miniaturized phased-array can form focused beam direction, creat-
ing stronger reflections from small objects. Moreover, the short wavelength of
mmWave signals makes the phase feature highly sensitive to movement even
at sub-centimeter scale. We designed the trajectory tracking algorithm using a
signal-phase based model and incorporated novel mechanisms to suppress inter-
ference from background reflections to improve system reliability. We prototyped
the mTrack system on a 60 GHz platform and demonstrated it could track a pen
at sub-centimeter level accuracy, realizing the functionality of wireless transcrip-
tion and virtual trackpad. Given the growing popularity of 60 GHz devices, this
work potentially opens up many new pervasive sensing applications for everyday

settings.



1.2 Robust mmWave Networks for Connected IoT

The second part of this thesis enables robust mmWave networking for throughput-
demanding wireless IoT applications. Through experiment-based research exploration,
we found these mmWave systems exhibit a significant dependence on the physical en-
vironment — their performance becomes a sensitive function of location, mobility, and
interaction with human activities. The traditional approach in wireless protocols is to
adapt link decision merely based on channel feedback. This approach works well for the
point-to-point link setup but becomes inefficient under multi-AP deployment and user
mobility. We believe if the radio can sense or recognize the physical space through multi-
dimensional modalities of the sensing information, they will adapt the systems better to
ever complicating application scenarios. However, developing smart wireless networks
is challenging due to the intrinsic relationship between the target environment, abstract
sensing data, and tremendous decision-space. We designed several sensing-augmented
wireless systems that exploit computational techniques to improve the performance of
emerging mmWave networks. Notably, the computational approach empowers radios to
sense and reconstruct the radio environment, which in turn helps predict and optimize
the network performance. The technique enables robust and highly efficient mmWave
networks for new services, such as high-quality untethered VR.

This part makes the following key contributions:

* Pose Information Assisted Robust 60 GHz Networks: Although the beams emitted by
mmWave radios are electronically steerable, their joint coverage, also known as
Field of View (FoV), is still limited, making the links extremely sensitive to user lo-
cation and even orientation change. Hence, achieving stable 60 GHz connectivity,

even at room-level, has been a nontrivial task.

To overcome this challenge, we developed Pia [187], a robust 60 GHz mmWave

system that can provide seamless coverage and mobility support at multi-Gbps



bitrate. It comprises multiple cooperating access points (APs), each covering a
“picocell” region that can complement others’ blind spots. To facilitate the opti-
mal AP selection and beam steering out of hundreds of directions, we harness the
pose information from mobile client devices. It not only can make the network de-
cision proactively (i.e., ahead of time) to prevent link outage due to mobility, but
also can manage cross-link interference, enabling high-efficient spatial reuse. To
assist such decision making, we designed a set of AP-pose sensing and compressive
angle estimation algorithms, which adopt a model-driven approach and fuse the
pose information with link quality measurement. The entire system was imple-
mented using commercial 60 GHz wireless adapters, and many-antenna phased
array antenna (Qualcomm QCA9500). We demonstrated that the pose informa-
tion, as the fundamental primitive, can improve the robustness of the mmWave
network under mobility and capacity under multi-user spatial reuse. The design
can be applied to meet the needs of demanding Gbps applications such as wire-
less VR, as well as to scale mmWave pico-cell/small-cell networks with dense AP

deployment.

Environment Sensing for Optimizing mmWave Network Deployment: Despite the
potential of delivering multi-Gbps connectivity, 60 GHz millimeter-wave networks
are vulnerable to propagation loss and obstacle blockage. To overcome such limi-
tation, 60 GHz radios leverage reflections from object surfaces to steer around ob-
stacles. Dependence on directivity and reflection, however, make the performance
of 60 GHz networks a sensitive function of environment structure and reflectivity.
Our measurement study manifested that a 60 GHz link can more efficiently detour
blockage when placed near a concrete wall, which behaves like a mirror. Existing
networking paradigms, which only focus on the cyberspace (network stack) rather

than the physical environment, cannot handle such problems.

E-Mi [188] is a framework that harnesses 60 GHz radios’ sensing capabilities to



boost network performance. It uses a computational model to resolve the angular
relation between 60 GHz transceivers, by simply extrapolating information out
of the communication signals. From the geometrical model, we devised a recon-
struction algorithm that can model the course outline of the environment through
a sparse set of radio signal measurement. The environment model is then fed
into a ray-tracer to predict the channel and network performance of arbitrarily
located links. We prototyped the system using a customized 60 GHz software-
defined radio testbed and demonstrated it could improve the network throughput
and robustness by multiple folds. E-Mi represents a sensing-assisted paradigm
that senses the environment from 60 GHz radios’ eyes. It can not only facilitate
mmWave networks but also augment a broad range of network planning and pro-

tocol reconfigurations.

1.3 Organization

The remainder of this thesis is organized as follows. In Chapter 2, we introduce Tagyro
that turns batteryless RFID tags into passive sensors for orientation sensing of everyday
objects. Next, Chapter 3 describes how mTrack localizes and tracks a passive object
with sub-centimeter accuracy based on mmWave communication radios. Chapter 4
discusses how the pose information from portable devices can facilitate 60 GHz network
operations, e.g., AP switching and interference avoidance. Then, Chapter 5 presents
a computational framework that optimizes the 60 GHz network deployment through
environment sensing from mmWave radio’s eyes. The final chapter concludes the thesis

and presents our future work.
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CHAPTER 2

Batteryless 3D Orientation Tracking using RFID

Tags

3D orientation is an essential input to many pervasive applications, such as motion
tracking [177], mobile gaming, and activity recognition [31]. However, existing orien-
tation tracking systems commonly require motion sensors like gyroscope and compass,
which are only available on battery-powered devices. Tracking the orientation of pas-
sive batteryless objects is an equally important but more challenging problem.

A passive orientation sensing system can enable many new Internet-of-Things (IoT)
applications (Figure 2.1). For example, in smart-home environment, it can monitor the
rotation and placement of daily objects (e.g., detecting door closure and monitoring
activity of a rolling chair). In a supply chain, it can detect the tilt angle of orientation-
sensitive cargo and warn the human workers when necessary. Orientation information
of products on a conveyor belt can assist robotic arms to pick up an item using proper
posture. Likewise, there exist numerous applications in mobile gaming (e.g., guiding
the positioning of LEGO pieces) and library management (e.g., detecting upside down
books). Existing passive orientation tracking solutions are predominantly based on com-
puter vision [50, 77,148,153,176]. Such systems often require extensive per-object
per-angle training. They are sensitive to background variation, ambient light condition,
and occlusion. Therefore, they are unsuitable for ad-hoc IoT applications.

In this chapter, we discuss Tagyro, which can track the 3D orientation of passive



12

Smart Home  Supply Chain Production Line Gaming

Figure 2.1: Applications of passive orientation sensing in IoT.

Linear 2-tag 3-tag 4-tag

Rectangular 4-tag 6-tag 8-tag

Figure 2.2: Examples of linear and square tag arrays from the top view (showing cross
sections of tags).

objects using RFID tags. The basic idea is to attach multiple tags to different spots on
the object, which constitute a tag array. Some example array patterns are illustrated in
Figure 2.2. An RFID reader can measure the tag phase, i.e., the phase of signals returned
from each tag. When the tag array rotates together with the object, the tag-to-reader
distance among different tags varies, which in turn affects the relative phase offset
between tags (referred to as Phase Difference of Arrival (PDoA)). Tagyro builds a closed-
form model that transforms the measured PDoA into an orientation spectrum, which
characterizes the likelihood of each orientation angle. It then derives the tag array’s
2D orientation from the peak of orientation spectrum. By attaching an additional RFID
antenna and tag array, Tagyro can aggregate the outputs from multiple 2D estimators
and produce a 3D orientation estimation for the target object.

Realizing such an RFID-based 3D orientation tracking entails three key challenges
that are unaddressed in previous RFID sensing systems [105,151,178,181,200]. First,

to prevent phase ambiguity, adjacent tags in a tag array must be placed within close
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proximity. However, our experiments reveal that the closely-placed tags tend to alter
each other’s phases due to sophisticated electromagnetic interactions. Such coupling
effect deviates the phase value from the traditional phase-distance model [200]. To
address this issue, we propose an Array Layout Sensing (ALS) algorithm, which approx-
imately models the coupling effect as if the tags repel each other in the physical space.
ALS also enables Tagyro to automatically sense the tag array’s effective layout — a critical
input for the orientation spectrum computation. Consequently, ALS also frees the user
from knowing the array’s physical layout or placing the array with precise geometry.

Second, the radiation pattern of a practical RFID tag is far from the ideal isotropic
model, i.e., a point source that scatters signals uniformly in 3D space. Instead, it has
blind directions with extremely weak emissions, rendering phase measurement infea-
sible. Tagyro addresses this challenge using a dual-array setup, where two arrays are
arranged in orthogonal angles to compensate the blind directions. Tagyro can single
out valid phase readings, and then unify the results to estimate the object’s orientation
with 3 Degrees-of-Freedom (DoF).

Third, commercial FCC-compliant RFID readers run in the frequency-hopping mode
and interrogate the tags sequentially, which cause phase discontinuity and significantly
slow down the orientation sensing. We design a simple per-reader phase calibration
mechanism, along with phase interpolation, which improves the phase-reading preci-
sion/granularity.

Tagyro, to our knowledge, represents the first wireless sensing system that can track
the 3D orientation of passive objects. Its contributions can be summarized as follows.

(i) We propose an RFID tag-array setup for phase-based orientation tracking, and
empirically study the impact of tags’ imperfect radiation patterns on phase reading.
Our study reveals how the tag polarity, blind direction and coupling effect distort phase
measurement, which has not been reported by previous RFID sensing/localization sys-

tems [96,105,116,151,178,181,200].
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(ii)) We propose an innovative algorithm to sense the effective layout of a tag array,
which overcomes the tag coupling effect. We further propose mechanisms to combat the
tags’ non-isotropic radiation patterns, enabling orientation sensing in 3D space without
blind direction. We have also developed phase calibration mechanisms and enabled fast
orientation sensing on standard-compliant RFID devices.

(iii) We implement Tagyro on a COTS RFID system as a real-time 3D orientation
sensing framework. Our experimental results show that Tagyro can track the 3-DoF
orientation of an object at an average accuracy of 4°, with processing rate >37.7 sam-
ples/second and response latency <0.75 seconds. Tagyro achieves comparable accuracy
and sampling rate as state-of-the-art gyroscope-based systems [212], but it needs no

battery on the object, and evades the notorious drifting issue.

2.1 Related Work

Our work is most closely related with prior art in the following domains:
Sensor-equipped device. The most straightforward approach to sense orientation
is to use active sensors, e.g., magnetometer, gyroscope or accelerometer. Acube [212]
combines these active sensors to estimate the orientation of a smartphone that is used
for indoor localization and tracking. In industry setting [66], orientation sensors are
deployed to guide robot arms to pick up objects. Active sensors are accurate but power
hungry, and need frequent maintenance (e.g., battery replacement or charging). RFID
tags are batteryless and ideal for objects that cannot afford frequent maintenance. RFID-
Die [45] and WISP [204] use customized RFID tags with embedded motion sensors that
harvest energy from Radio Frequency (RF) signals. The power draw of sensors signifi-
cantly reduces the tags’ working range (down to 8 cm [45]) and reduces the duty cycle
(e.g., one sensing for every two-second charging [156]). In contrast, Tagyro uses COTS

passive RFID tags, with a typical working range of around 3 m and sampling rate of
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37.7 samples/second. Owing to low-cost of RFID tags (10 cents each [214]), Tagyro is
readily usable in massive Internet-of-Things applications. In addition, mid-end smart-
phones with RFID readers are already available, which can bring Tagyro to home and
in-situ usage. The Cricket Compass [129] tracks the orientation of a mobile device based
on the distance difference of arrival between multiple pairs of ultrasonic transceivers.
Although the high-level principle share similarities, Tagyro’s RFID tag array tracking en-
tails a unique set of challenges while bringing salient properties in terms of precision,
cost, and energy efficiency.

Image-based orientation detection. Detecting the orientation of object is a general
problem in computer vision [50,77,148,153,176]. Hinterstoisser et al. [77] proposed a
template matching method to detect the tilt angle of objects in the image. Image-based
approach is also used to detect human face, head and gaze orientation [48,89]. Saxena
etal. [147,148] and Shimizu et al. [153] applied a pattern matching method to estimate
the 3D orientation of objects in the image, which can guide robotic arms’ grasping
action. However, such image-based approaches only work in line-of-sight (LOS). They
are very sensitive to lighting condition and fail even under partial occlusion by a paper
box. On the other hand, Tagyro can accurately track object orientation even if the tags
are occluded from the reader’s LOS.

RFID tilt sensing. There has been preliminary work in RFID-based tilt sensing,
which puts either the reader or tags on the object. Han et al. [74, 154] used a site-
survey approach to determine the position and orientation of a target (e.g. robot and
chair) in a 2D space. However, they need to install the reader on the target, and require
a dense deployment of RFID tags to cover the floor of interest. RF-Compass [178]
uses a 2D-plane partitioning method to navigate a robot to gradually converge towards
an object’s direction, but cannot estimate the object’s instantaneous 3D orientation.
Krigslund et al. [72,95,96] estimate the 1D orientation of an RFID tag by tracking the

RSS fluctuation based on the principle of antenna polarity. Due to polarity mismatch,
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RSS decreases proportionally to the angular misalignment between the reader and the
tag. However, the RSS is easily affected by distance and environment dynamics, and the
polarity-based approach has 90° ambiguity in orientation estimation. Tagyro represents
the first phase-based method to sense tag orientation without ambiguities, and in 3D
space.

RF-based localization. RFID tag localization has been extensively studied recently
[74,76,154,179,181, 200]. The state-of-the-art techniques, e.g., Tagoram [200] and
Pinlt [179], can already locate the tag’s position at a cm-level or mm-level accuracy. On
the other hand, estimating the orientation of RFID tag is a relatively new area that has
not been well explored yet. The basic idea behind Tagyro’s tag array approach shares
similar spirit with antenna-array based radio localization [197], which can track the
relative angle between a multi-antenna receiver and an access point on the same 2D
space. However, the unique properties of RFID, e.g., tag coupling and non-isotropic
radiation, bring unprecedented challenges to Tagyro.

One may think of applying them to estimate the object orientation: by attaching
two tags to different parts of the object, its orientation can be derived from the esti-
mated locations of tags. However, this approach has several limitations. First, existing
schemes only address the 2D localization problem [74, 76,154]. The 2D position (on
a plane) limits the orientation estimation to only 1 DoF. Second, most state-of-the-art
localization schemes have 10~20 cm errors [181]. They are unable to differentiate
the position of two closely-placed tags, and thus cannot give precise orientation es-
timation. Although Tagoram [200] can estimate tag position at cm-level accuracy, it
requires multiple readers that are precisely deployed at dedicated positions, which is
not suitable for ad-hoc scenarios like smart home or mobile gaming. STPP [151] can
estimate the relative position for closely-separated tags, but it can only discriminate the
left/right/up/down ordering. Furthermore, the non-ideal radiation of RFID signal (Sec.

2.4.2) invalidates the basic assumption that the phase changes linearly over distance,



17

which requires us to rethink the effectiveness of existing phase-based RFID localization
techniques [151,200] when working in the 3D space.

RFID radiation pattern. Existing electromagnetic research has studied the imper-
fection of RFID tag radiation pattern. Zhang et al. [208] used two dipole antennas
in orthogonal directions to achieve full RSS coverage over 3D space. Tagyro adopts
a similar idea to address the blind direction issue, which deploys two tag arrays in
perpendicular directions (Sec. 2.4.2). Yet, Tagyro addresses the more critical problem
of polarity-induced phase-shifting, through adaptive array selection and polarity align-
ment. Bolotnyy et al. [42] studied the tag readability issue caused by coupling effect in
a multi-tag RFID system. To our knowledge, Tagyro is the first to evaluate the impact of
coupling effect on the phase of RFID tag array, and to counteract the effect by using the

layout sensing technique.

2.2 Preliminaries

2.2.1 Phase Model for an RFID System

An RFID reader can transmit continuous-wave signals to interrogate a tag, and then re-
ceive backscattered signals from the tag which contains its unique identity information.
The phase offset between the transmitted and received signals depends on the round-
trip propagation distance d, as well as hardware-specific factors. Following a standard

phase-distance model [12,200], the phase value ¢, also referred to as tag phase, equals:

2rd
Qb = mOd(% + ¢Reader + CbTaga 27T)a (21)

where A denotes the signal wavelength, and ¢geqqer and ¢, are the additional phase off-
sets induced by the reader’s transmission/receiving circuits and tag’s antenna response.

Eq. (2.1) implies that a single tag is insufficient for 3D orientation sensing, because
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Figure 2.3: Coordinate system refers to the reader antenna. Tag orientation is defined
as the rotation offset (6, 6y, 0;) along each axis.

simply changing the tag’s orientation may not change the distance d and the phase ¢.

2.2.2 Phase Difference of Arrival of a Tag Array

The basic idea of our approach is to form a tag array with multiple tags. Due to different
distances to the reader, the tags cause different phase offsets, which we call the Phase
Difference of Arrival (PDoA). Rotation of the tag array results in different PDoA values,
from which we can estimate the orientation of the tag array, and hence the orientation
of the object it is attached to.

Consider Figure 2.3 where 4 tags form a square array. We first specify a 3D coordinate
system for the RFID reader, in which the X-axis is parallel to the direction from the reader
to the center of the tag array, and the X-Y plane is parallel to the ground. The tag
array’s orientation is defined as the rotation offset (fx, fy, 0;) along each axis, relative
to an initial state specified by the user. This coordinate system allows us to track the tag
array’s orientation from the reader antenna’s perspective. Note that Tagyro is different
from active motion sensors (gyroscope and magnetometer) [212], since the coordinate
system will change w.r.t. to the position of the tag array. On the other hand, active
motion sensors are location-independent because gravitational and magnetic fields on
earth are used as the reference coordinate.

Figure 2.4 illustrates the rotation around the Z-axis by projecting 3D space on to the
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Figure 2.4: Relation between the tags’ PDoA and rotation angle. This example shows
rotation along the Z-axis (by projecting to the X-Y plane).

X-Y plane. In this example, signals first reach tag 1 before tag i, and thus PDoA (tag i to
tag 1) is positive. More generally, the direction and amount of rotation determine the sign
and value of PDoA, respectively. Assuming signals come from far field, the PDoA A¢; for
any tag i to the reference tag, say tag 1, can be derived from the tag separation distance

projected to the reader’s signal direction (i.e., the red line in Figure 2.4):

A¢i((9y, 0z, di) =¢; — 1
4ed; sin(fy + 6%) sin(0z + 60%)

= mod( 3

+ A, 2m), (2.2)

where d; is the distance between the i'* and reference tag. 6% and ¢/, are initial angular
offsets for tag i and reference tag in the initial state, which gauge the rotations along YV’
and Z axes respectively w.r.t. the directions of zero PDoA. They can be calculated from

the array geometrical layout (to be addressed in Sec. 2.4.3). A¢t  is the difference of

Tag
antenna phase response (cf. Sec. 2.2.1) between tag i and the reference tag, which will
be calibrated and removed by our array sensing module (Sec. 2.4.3.3). Note that PDoA
cancels the unknown phase offset ¢g.qq.- introduced by the reader’s circuits.

In addition, note that the PDoA is irrelevant to the X-axis rotation in this example

setup (Figure 2.3), since any rotation along X-axis does not change the distance offset

between different tags and the reader. Therefore, a single reader antenna can only track
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the array rotation with 2 Degree-of-Freedoms (DoFs), i.e., along Y and Z axes. For 3-DoF
tracking, Tagyro requires a reader with at least 2 antennas, which will be discussed in

Sec. 2.4.4.

2.3 Tagyro Operation

Tagyro is an orientation sensing system that generalizes the aforementioned ideal PDoA
tracking. To use Tagyro, a user needs to attach an array of RFID tags on the target object,
following certain empirical guidelines and without knowing the precise geometrical
relation between tags.

Figure 2.5 illustrates Tagyro’s flow of operations, comprised of the following steps:
(1) The reader interrogates the tag array following standard EPC protocol [140], which
reads the tags sequentially and resolves collision via retransmission. Commercial read-
ers (e.g., the Impinj R420 [21] that we use) can extract many pieces of information such
as tag ID, phase and Received Signal Strength Indicator (RSSI), which are forwarded to
a PC host running Tagyro. (2) Tagyro’s phase calibration module pre-processes the phase
information, and removes the phase discontinuity caused by the reader’s channel hop-
ping. (3) Tagyro’s Array Layout Sensing (ALS) module estimates the tag array’s effective

layout, which differs from the geometrical layout due to mutual coupling between tags.
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(4) Given the tag array layout, Tagyro measures the tag phase and runs an orientation-
spectrum tracking mechanism to continuously track the tag array’s orientation.

In what follows, we describe Tagyro’s major design components and algorithms. We
first describe how to compute orientation from the PDoA, assuming the tag array’s lay-
out is known (§ 2.4.1). Second, we explore the main challenges in PDoA and tag layout
estimation (§ 2.4.2), particularly caused by the tags’ imperfect radiation pattern. We
introduce the ALS algorithm that estimates the tag array’s effective layout, taking into
account the coupling effect (§ 2.4.3). Third, we extend the single-array and single-
antenna reader case to dual-array and dual-antenna reader, in order to realize 3-DoF
orientation tracking (§ 2.4.4). We will also discuss phase calibration and run-time op-
timization mechanisms that improve the accuracy and speed of phase reading (§ 2.4.5

and § 2.4.6).

2.4 Design

2.4.1 Tracking through Orientation Spectrum

We first focus on the 2-DoF orientation, i.e., sensing (fy, 67), the array’s angular rotation
along Y and Z axis, relative to its initial state. Given the measured PDoA between each
tag ¢ and the reference tag, Tagyro estimates the tag array’s orientation by computing an
orientation spectrum — a 2D intensity graph in which each pixel indicates the likelihood
of an orientation. We use the phaser-domain difference between the theoretical PDoA

A®; (computed from Eq. (2.2)) and measured PDoA A(f)i as pixel intensity, i.e.,

K
[(0)/7 02) —_ ‘ Z ej(A‘bi(gy,ez,di)qu)i)

i=1

/K (2.3)

where K is the tag number in the array. The phaser domain operation inherently han-

dles the phase aliasing. When the theoretical PDoA matches the measured value, e.g.,
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Figure 2.6: Example orientation spectrum from measurement.

|A®; — Ad,| ~ 0 for all i, the pixel will have the maximum intensity equal to 1. Other-
wise the pixel intensity will be close to 0. The complexity of computing the spectrum is
O(N?), where N is the number of values for each DoF rotation. In Tagyro, we discretize
the rotation value #y and 6, into 3° granularity, resulting in an orientation spectrum
with 120 x 120 pixels.

The 2-DoF orientation is estimated by finding the highest peak in the orientation

spectrum:

{by,07} = argmax  I(by,6y). (2.4

Oy€[0,27),02€[0,27)

Taking the 4-tag square array in Figure 2.3 again as an example, where neighboring
tags are separated by the quarter wavelength of 8.2 cm, Figure 2.6 plots the orientation
spectrum when the array rotates at (6y = 0°,60; = 80°). The highest peak position occurs
exactly at the same orientation. Besides, there are weaker grating lobes that are caused
by the spatial ambiguity effect.

Spatial ambiguity is a well known effect when using multi-antenna to estimate a
signal’s angle of arrival — multiple angles may have similar likelihood of estimation.
To minimize the spatial ambiguity, antennas need to be separated by less than half-
wavelength (\/2) away. For an RFID tag array, the equivalent separation should be

A/4 (ie., 8.2 cm for 915 MHz UHF tags), because the signals traverse a round-trip
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Figure 2.7: Measuring RSS and phase of a tag rotating along each axis. The 3D heat
map shows radiation pattern of a typical tag.

propagation. Though grating lobes are generally weaker than the main lobe, they may
occasionally obscure the detection of true peak because of residual phase measurement
error and noise in RF channel. To ensure the robustness of Tagyro, instead of picking
a single strongest peak, we search for the top three peaks in the orientation spectrum,
and take the one that is closest to the previous estimation as final orientation result.
This serves as a simple moving average outlier filter.

The above ideal orientation-spectrum tracking model requires three underlying con-
ditions: (i) a tag backscatters wireless signals like an isotropic point source, so the
signals cover 3D space without blind direction; (ii) the phase reading of a tag follows
a predictable model over distance (Eq. (2.1)); (iii) tag array’s relative layout and the
corresponding IDs are known. We next explore the practical challenges and solutions in

Tagyro to meet these conditions.

2.4.2 Impact of Tag Radiation Pattern

We conduct empirical studies using a COTS RFID platform (Impinj R420 [21]) to better
understand the radiation property of RFID tags. Although the first two of above basic
assumptions (about RSS and phase) have been applied in previous works to localize tags
in a 2D space [105, 151,200], we are particularly interested in verifying whether they

still hold under the tag array setup and the implications for 3D orientation tracking.
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Figure 2.8: Measured phase (left) and RSS (right) of a single tag rotating along each of
the three axes respectively.

2.4.2.1 Rotation of a Single Tag — Polarity and Blind Direction Issues
Observation 1 The phase of a single tag is not only determined by the distance, but also

affected by its relative orientation to the reader antenna.

We first reinvestigate the standard phase-distance model (Eq. 2.1) under varying tag
orientations. We place a slim tag 1.5 m in front of a flat-panel reader antenna (Fig-
ure 2.7), and rotate the tag center along each axis. Figure 2.8 plots the corresponding
phase change. Ideally, the phase should remain constant, if it only depends on the tag-
to-reader distance. Surprisingly, we find that the phase shifts linearly with the rotation
along X-axis, and abrupt phase jumps occur with rotation along Y-axis. The phase only
remains unchanged for the rotation along Z-axis.

This phenomenon is caused by the polarity of RFID antennas. Due to form-factor
constraint, a tag’s antenna is commonly designed as a dipole, which is linear-polarized
along the tag body (i.e., Z-axis in Figure 2.7). On the other hand, to ensure they can read
tags from a variety of angles, most RFID readers’ antennas are circular-polarized [100]
— They comprise two perpendicular dipoles, fed with signals of 90° phase difference.
When the tag rotates along the X-axis by 90°, the phase of signal received by the tag will
change by 7. Since the signals traverse a round-trip propagation back to the reader, the
corresponding phase shift measured by the reader doubles. Similarly, the tag phase jump

of 2r when rotating around Y-axis by 180° is also due to the abrupt change of polarity
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direction. We repeat the experiment using other types of tags (Sec. 2.5) and observe a
similar result.

Implication: Antenna polarity affects the tag phase, and may confuse the orien-
tation spectrum computation which assumes phase only depends on the tag-to-reader
distance. To isolate the polarity effect, in Tagyro, we enforce a constraint on the tag place-
ment, called polarity alignment — within a tag array, the tags’ bodies must be parallel to
each other. In this way, polarity introduces the same phase shift among all tags during

rotation, and does not affect PDoA.

Observation 2 An RFID tag has non-isotropic radiation: it mainly backscatters signals
surrounding the tag body (XY-plane in Figure 2.7), and has blind direction along its radial

direction (Z-axis).

Under the same setup as above, Figure 2.8 plots the RSS with different tag rotations.
We see that the tag reflects consistently strong RSS when rotating around X or Z axis.
Yet, if it rotates around Y-axis, the RSS drops significantly (by 20 dB) when the tag’s radial
direction points to the reader. The reader cannot reliably decode the tag’s signal at such
blind direction, and hence the phase measurement becomes erroneous.

Implication: The blind direction of an RFID tag limits the range of orientation that
Tagyro can track using a single tag array. To realize 3D orientation sensing, the blind

direction of RFID tags must be compensated by other means.

2.4.2.2 Rotation of a Tag Array — Coupling Between Tags
Observation 3 The phase of each tag in the tag array will be affected by neighboring
tags through the coupling effect, which deviates actual PDoA from the standard phase-

orientation model (Eq. 2.2).

The coupling effect of RFID tag occurs in near-field where signals backscattered from
a responding tag generate resonant voltage in the antennas of other tags [107]. As a

result, besides the signal from responding tag, other nearby tags will also emit signals,
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Figure 2.9: Measuring the PDoA of a two-tag array. One tag is in the rotation center
and the other rotates along a circle r=6 cm.

which further alters the phase received by the reader. We now conduct two experiments
to quantify such effect.

We now create a two-tag array following the polarity alignment requirement, and
measure the PDoA between them (Figure 2.9). One tag is in the rotation center and the
other rotates along a circle of radius » = 6e¢m. To evaluate the PDoA without coupling
effect, we also collect the phase trace by rotating only one tag (removing the other),
and then compute the PDoA at each of the sampling locations along the circle.

Figure 2.10 plots the PDoA for cases with (w) and without (w/0) coupling effect. We
observe that when there is no coupling, the measured PDoA matches the standard model
(Eq. (2.2)). However, when two tags rotate together, the PDoA scope, i.e., difference
between maximum and minimum values, has increased significantly. The result shows
that PDoA value is scaled by the coupling effect between tags.

To better understand the root cause of PDoA deviation, we model the coupling effect
of two tags as illustrated in Figure 2.9. We first consider the case without coupling, the

carrier signal backscattered from Tagl to the RFID reader is characterized by:

2d
sy = Ay exp(j27rT1) (2.5)

where A; denotes the amplitude of received signal and 2d, is the round-trip distance
between tag and reader. Without loss of generosity, we omit other constant phase offsets

caused by tag/reader antennas. Eq. (2.5) is consistent with the standard phase-distance
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Figure 2.10: Measured PDoA value of a Figure 2.11: Simulated PDoA value of a
two-tag array. two-tag array.

model (Eq. (2.1)) — phase is determined by the tag-to-reader distance.

When the coupling effect occurs, RFID reader essentially receives two copies of sig-
nals. One is the original signal coming from the responding tag, and the other copy is
generated by the resonant voltage and coming from the other tag . Compared to the
original one, the resonant copy experiences certain attenuation and phase shift, which
are uniquely determined by the coupling coefficients between the two tags. We denote

the resonant signal emitted from Tag2 as s§, which is given by:

di +dy +1r
1+ dy n

s = Agexp(jar 2 4 o)

(2.6)
where A5 and ¢° are the amplitude and phase offset of the resonant signal. d, and r are
the Tag2-to-reader and Tag1-to-Tag2 distances respectively. In a similar way, when Tag2
is responding, we can model the signals from Tagl and Tag2 as s§ and s, respectively.

When both copies of signals overlap and together reach the RFID reader, the mea-
sured phase value will deviate from the origin one, and thus the PDoA distorts. We plug
in empirical parameters A; = 1, A5 = 0.5, ¢° = 90°, and simulate the PDoA of a two-tag
array based on the analytical model. Figure 2.11 shows that the simulation result is
highly consistent with our experimental measurement.

We further evaluate the extent of coupling effect over tag separation distance. We

vary the radius r from 3cm to 18cm, at 3cm step. We use the PDoA deviation as metric,
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Figure 2.12: PDoA deviation over tag separation distance.

i.e., the difference of PDoA scope relative to the case without coupling. Figure 2.12
shows that the closer two tags are placed to each other, the stronger the PDoA deviation
will be. Recall that computing orientation spectrum requires tags to be placed within
quarter-wavelength distance (8.2cm) to minimize the spatial ambiguity (Sec. 2.4.1).
Yet at this separation, coupling effect is strong and unavoidable.

Implication: The coupling effect, which deviates PDoA value from the phase-orienta-
tion model, will compromise the peak of orientation spectrum and consequently affect
the performance of rotation tracking.

In summary, the above experiments reveal that the radiation pattern of RFID tags
is far from the ideal model, and may compromise any RSS/phase-based sensing algo-

rithms in 3D space. We now present the countermeasures in Tagyro.

2.4.3 Combating Tag Coupling Effect
2.4.3.1 Effective Distance Between Tags

Since tag coupling distorts the phase and PDoA, a natural countermeasure is to model
the coupling effect and compensate the distortion accordingly. However, such a model
must capture the mutual impedance between tags [81], which depends on elusive fac-
tors (e.g., antenna shape and material) that are unlikely to be available to end-users.

To address this issue, we make an important observation from Figure 2.10: under
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Figure 2.13: CDF of residual PDoA deviation. Physical distance and effective distance
are 6 cm and 9 cm.

the coupling effect, the scope of PDoA is scaled, but the relation between rotation angle
and PDoA maintains a similar trend as the no-coupling case. In other words, we can
approximate the end-effect as virtually rescaling the tag separation to an appropriate
value, which we call effective distance. Formally, the effective distance between the
tag i and the reference tag is modeled as d;, which maximizes the alignment between

measured PDoA and the theoretical value for any given orientation (6y,07):

K

{(ii’ 1<i<K}=argmax| Zej(ﬁq’i(@,@z,di)—ﬁi’i)
di 1<i<K 5=

: 2.7)

To verify this model, we conduct a benchmark experiment involving two tags with a
physical distance of 6 cm. We measure the PDoA by rotating the array to three known
orientations, and then find the effective distance through Eq. (2.7). Figure 2.13 shows
the Cumulative Distribution Function (CDF) of PDoA deviation. We can see that, com-
pared with the physical distance model that does not account for coupling, effective
distance model reduces the maximum PDoA estimation error from 2 radians to 0.7 ra-
dians, and mean to as small as 0.1 radians. Overall, PDoA deviation is reduced to an
extent comparable to the case without coupling effect (cf. Sec. 2.4.2.2). Note that, even
without coupling, the PDoA model is imperfect and has minor residual errors due to the

multipath and RF noise [105,116, 181, 200]. They will be incorporated in our system
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level experiments.

2.4.3.2 Sensing the Effective Layout of a Tag Array

However, in practice, it is difficult to compute the effective distance from Eq. (2.7) for
more than two tags due to the huge search space. More importantly, Eq. (2.7) requires
the knowledge of multiple rotation angles as input, which the user may not even be
able to obtain. In Tagyro, we design an Array Layout Sensing (ALS) algorithm, which
can automatically sense the effective distance between tags, and hence the layout of the
entire tag array under coupling, which we refer to as effective layout.

First, to avoid requiring the knowledge of rotation angle, our key insight is that
the scope of PDoA is determined by the effective distance of two coupled tags, and it
is independent of the array’s orientation. The PDoA value is bounded within [—4%3 -
Adrag, 4%& + A¢rag] (cf. Eq. (2.2)). Thus, the effective distance can be determined by the
PDOA scope as:

q— APDoA_scope
SR —

o (2.8)

To obtain the PDoA_scope, Tagyro requires the user to rotate the tag array by more
than one cycle (360°) roughly around each axis. Meanwhile, it measures the PDoA val-
ues and uses the difference between maximum and minimum PDoA as the PDoA_scope.
This is a simple one-time calibration, needed only when the tag array is first formed.

Second, when measured phase value exceeds 27, the RFID reader wraps it back to the
0, 27| range, which may cause ambiguity in estimating the max and min PDoA values.
We remove the ambiguity through phase unwrapping [27]. Since the reader typically
queries the tag at a much higher speed compared to the tag array rotation, the change
between consecutive PDoA values is minor. Thus, any PDoA change greater than 7 or
smaller than —= indicates the occurrence of phase jumping, which can be removed by
adding/subtracting 7 to the subsequent samples of PDoA values.

Third, computing the orientation spectrum requires the relative layout of tags in-
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Figure 2.14: Array layout sensing algorithm to sense the effective geometry of a tag
array.

stead of their separation. We approach this by mapping the tags’ pairwise effective
distance to the entire tag array’s effective layout. This can be formulated as a Classical
Multi-Dimensional Scaling (CMDS) problem [43], which takes a matrix that describes
dissimilarity between points (e.g., effective distance in our case) as input, and outputs
a coordinate matrix in the geometrical space that minimizes the residual distance er-
ror. An approximate algorithm [201] can solve this problem efficiently at complexity
O(K log K) for K tags. We apply the CMDS function built-in MATLAB which by default
projects the K points into a K -dimensional space. Since tags are located in a 3-D space,
the coordinate values for the higher KX — 3 dimensions are small and close to zero. So
we can take outcomes in the first 3 dimensions as tag coordinates and ignore the others
without much loss of accuracy. It is worth noting that using other implementations of
CMDS algorithm will not affect the key design of Tagyro.

Figure 2.14 summarizes the operations of Tagyro’s ALS algorithm: (i) When the
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1: global p[1 x K]« —1 > Vector of historical phase
2: global a[K x K] <0 > Matrix of PDoA
3: global u[K x K| + —inf > Matrix of maximum PDoA
4: global V[K x K| < inf > Matrix of minimum PDoA
5: procedure SenseGeometry (o, ¢) > o tag ID, ¢ phase
6: if pjo] == —1 then o> Initialize new incoming tag
7: [plo], alo]] < initialize(¢)
8: end if
9: for each tag ido > Reference tag
10: alo][i] = pli] > Compute PDoA
11 o] = ot o
12: unwrap(a) > Phase unwrapping
13: if a[o][i] > ulo][i] then >> Update max PDoA
14 ulo]lil = alo]lil; viillo] = alilo]
15: end if
16: if a[o][i] < v[o][i] then > Update min PDoA
17: viol[i] = alo][il; plillo] = ali]lo]
18: end if
19: end for
20: d jl\“%” > Construct effective distance matrix
21: return G < cmdscale(d) > CMDS to effective geometry

22: end procedure

Algorithm 2.1: Sensing the Effective Layout of a Tag Array.

array randomly rotates, ALS computes the PDoA from a reference tag to every other
tags; (ii) The unwrapping operation removes the aliasing phase; (iii) Then ALS deter-
mines the scope of PDoA by tracking the max and min values of phase, and maps it
to effective distance; (iv) The above steps are repeated for another reference tag until
all pairwise effective distances are obtained, which together form a matrix; (v) Finally,
Tagyro computes the effective tag layout from the effective distance matrix using the
CMDS algorithm.

Algorithm 2.1 presents our real-time implementation of the ALS scheme in Tagyro.
It takes the tag ID o and phase ¢ as input, and updates the instant layout GG to the user
as the reader continuously queries the tag array. The algorithm can be stopped by user
when the sensed array layout stabilizes.

We emphasize that a tag array’s effective layout may differ from the geometrical
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layout. The difference reflects the overall impact of the coupling effect. Figure 2.14
illustrates the output from a microbenchmark experiment, where we run ALS to sense a
4-tag square array. All 4 tags are physically placed on the X-Y plane, but in the effective
layout, 2 of them are repelled from the plane, which account for the PDoA deviation
due to coupling.

It is worth noting that ALS is a one-time procedure as long as the geometry layout
of the tag array remains unchanged. If the effective layout can be measured at factory
calibration time, then the ALS procedure can be skipped. In case when the tag-attached
object is not suitable for rotation, the user can hold the RFID reader and scan around

the object to complete the ALS.

2.4.3.3 Removing Tag’s Initial Phase Offset

The PDoA comprises A¢r,g — the difference of two tags’ initial phase offset (Sec. 2.2.2).
To find out A¢rny, recall that the PDoA of two tags is bounded by [v, 11|, where v =
—4%& + A¢pg and p = 4%”2 + A¢rg are the min and max PDoA values respectively, which

are estimated by the ALS algorithm. Therefore, we can compute A¢r, as follows:

ptv

AQZﬁTag = 9

(2.9)

This offset is a constant value for a pair of tags, which will be subtracted from
the measured PDoA value (modeled by Eq. (2.2)) before computing the orientation

spectrum.

2.4.4 Toward 3-DoF Orientation Tracking

The non-isotropic radiation of RFID tags limits the range of orientations that Tagyro
can track using a single array. To realize 3-DoF orientation sensing, we propose a setup

using dual-array and dual-antenna reader. As illustrated in Figure 2.15, our basic idea
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Figure 2.15: Example of dual-array, dual-antenna reader setup.

is to deploy another tag array along an orthogonal axis to the first one, so that it can
compensate the blind direction, enabling full 2-DoF tracking. In addition, by deploy-
ing an additional reader antenna orthogonal to the first antenna, we can obtain total 4
DoFs (one being redundant). Compared to the 2-DoF case, 3-DoF orientation tracking
requires an additional RFID antenna and tag array. Note that the dual-array can be
attached not only to cuboid-shape objects, but also other arbitrary shapes (e.g., cylin-
der), as long as the two arrays can be arranged along perpendicular directions. We will
present example use cases in Sec. 2.6.3.

Figure 2.16 illustrates Tagyro’s algorithmic modules under this new setup. During
the initial setup, Tagyro needs to run the ALS algorithm for each tag array. At run time,
it computes the orientation spectrum for each combination of tag array and reader-
antenna, referred to as a combo. Meanwhile, it uses a combo validator to determine
which combo evades the blind direction problem and provides a valid (low-noise) PDoA
value. Each valid combo can track orientation along two axes. So, Tagyro runs an
orientation spectrum synthesis scheme that unifies multiple valid combos’ sensing results

to generate a 3-DoF orientation.

2.4.4.1 Combo Validator

Recall that, when a tag’s blind direction points near the reader antenna, the RSS of

backscattered signals drops by more than 20 dB, and the phase values become erroneous
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Figure 2.16: Processing blocks of the dual-array, dual-antenna reader setup for 3-DoF
orientation sensing.

(Sec. 2.4.2.2). In addition, to satisfy the polarity alignment constraint (Sec. 2.4.2.1),
all tags within an array have the same blind direction. So, as the arrays rotate, Tagyro’s
combo validator tries to exclude those combos in which the array’s blind direction points
to the reader antenna. RSS may seem a potential indicator — a combo that measures
low RSS is likely to experience the blind direction problem. However, the absolute RSS
depends on the tag-to-antenna distance, which is a random unknown factor. Therefore,
it is impractical to use a fixed RSS threshold for combo validation.

Our solution builds on the observation that, since the two arrays are in orthogonal
directions, for each antenna, at most one of the two arrays is in the blind direction. Let
(), and (2, denote the average RSS for tags in Array 1 and 2 respectively. By comparing

their average RSS, Tagyro can determine which array is in the blind direction:

4

1, 92_91>5

Blind_Direction_Array = { 2, O — 25> 6

None, otherwise

\

i.e., when the RSS of one array is lower than the other by ¢, it is considered to be
blinded. Note that the threshold § only depends on the relative RSS between a valid

and blinded array, and is independent of the tag-to-antenna distance. Based on the
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empirical measurement in Figure 2.8, we set § to a conservative value of 5 dB.

2.4.4.2 3D Orientation Spectrum Synthesis

In the dual-antenna reader setup, we take the first antenna’s coordinate system as pri-
mary, and convert the estimation from the second antenna based on their geometrical
relation. For example, in Figure 2.15, the orientation spectrum for the second antenna
I(0y,07) in its own coordinate system becomes /(fx, ) in the primary coordinate.
Tagyro merges the 2-DoF orientation spectrum (Eq. (2.3)) from different combos
and produces a unified 3-DoF estimation. Let /g;s; denote the 2-DoF spectrum of combo
ij, comprised of Reader antenna i and Array j. Tagyro builds a new orientation spec-
trum in 3D space by summing the corresponding pixels across different combos. The

synthesized spectrum for the setup in Figure 2.15 is:

2 2
I(6x,0y,07) = > Iniaj(y,02) + Y Tnaaj(6x, 0z).
j=1 j=1
Similar to the 2-DoF case (Sec. 2.4.1), Tagyro finds the 3-DoF rotation angles by search-
ing the maximum value in the 3D orientation spectrum.

Here are a few aspects that worth further discussion:

Multipath Effects: Besides RFID tags, signals from the RFID reader may be reflected
by other objects in the environment. Reflections from stationary objects do not disturb
the RFID phase measurement [116], and hence will not affect Tagyro’s performance.
RFID reader estimates phase based on the modulated signals backscattered from the
tag. Any signals reflected from static objects are unmodulated and are already removed
by the reader’s built-in high-pass filter.

Yet, multipath reflections from moving objects, e.g., human walking, may cause
some adversary effects. In such cases, the reflected signals are dynamic, and thus may

not be effectively removed by the high-pass filter. Fortunately, this adversary impact can
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be effectively alleviated by increasing the tag number in the array (Figure 2.29).

Coupling Effect Caused by Surrounding Metallic Objects: The coupling effect
occurs not only among RFID tags, but also between the tag and surrounding metallic
materials in the environment, which we call static and dynamic coupling, respectively.
The ALS algorithm is designed primarily to address the static coupling issue. The dy-
namic coupling cannot be effectively captured, because the metallic object does not
rotate along with the tag array — when the tag array rotates, their coupling coefficients
would change arbitrarily. Addressing the impact of dynamic coupling effect from sur-
rounding metallic objects on the RFID phase measurement is still an open challenge.
Fortunately, our observation (Figure 2.12) demonstrates that as long as the metallic
object is not very close to the tag, e.g., > the half wavelength (3 ~ 16c¢m ), the cou-
pling effect between them will almost vanish and will not affect the accuracy of phase
measurement.

Size of Tag Array: Given the relatively large size of commodity Ultra High Fre-
quency (UHF) RFID tags, it may not always be feasible to attach multiple tags to an
object of small size. The size of tag array is primarily limited by the physical constraint,
where the antenna size and separation have to match the wavelength of wireless fre-
quency. As the RFID technology matures at higher frequency, e.g., 60 GHz, the size of
tag array can be significantly reduced [127,131], much like a finger nail. A smaller tag
size will extends Tagyro towards more ubiquitous Internet-of-Things applications.

Tracking Orientation of Multiple Objects: When multiple objects exist in the same
vicinity, Tagyro can track them independently given the tag IDs associated with each
object. This is a huge advantage over vision-based approaches [50, 77,148,153,176]
which are easily confused by background and occlusion effects. Yet, the performance of
Tagyro may be compromised due to the limited total query speed of the RFID reader,

where the speed for each tag is reduced.
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2.4.5 Calibrating Frequency-Hopping Readers

To limit co-channel interference, commercial UHF RFID readers must randomly hop
to one of 50 center frequencies within the 902-928 MHz band every 200 ms, following
FCC regulation [44]. Frequency hopping will cause phase discontinuity due to the phase
difference of oscillator and non-uniform frequency response of the tags’ antennas. To
our knowledge, this issue has not been examined experimentally in prior phase-based
RFID sensing systems. So we first conduct an empirical study using the Impinj R420
reader [21].

We first measure the phase of a stationary tag, which shows huge phase discontinuity
over 30 seconds (Figure 2.17). When zooming into a short period, we can see that phase
values are piecewise constant with each piece lasting around 200 ms, corresponding
the sojourn time on each frequency. On the other hand, Figure 2.18 shows that if
we select the phase values from a single frequency and filter out others, the phase-
distance relation still follows the linear model. These experiments imply that different
frequencies induce different initial phase-offsets at the reader. To overcome the issue, one
may selectively read the phase from one frequency, but this will significantly reduce the
phase reading rate, because reader needs 10 seconds to finish one round of frequency
hopping.

In Tagyro, we instead calibrate the phase difference between frequencies, so that
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the phase output looks like coming from a fixed frequency. The calibration is done
by collecting an initial phase measurement that takes about 10s for an array before
usage. Suppose during calibration, the tag is at distance d, to the reader, now the

phase-distance relation in Eq. (2.1) also depends on frequency f;, i.e.,

27Tfido

C

o(fi, do) = mod(

+ B;, 2m) (2.10)

where c is light speed and ; denotes the phase offset introduced at frequency f;.
Given the initial phase measurement ¢(f;, dy), Vi € [1,50], we map the phase ¢(f;, d)

for arbitrary distance d and frequency f; to a common frequency f, (default to 915.25

MHz). Substituting ¢(f;, do), ¢(fr,do), ¢(f;,d), and ¢( f,, d) into Eq. (2.10) and canceling

the terms ; and 3,, we have:

O(f. d) = mod((6(fir ) — B(f: d@]? - ofy, do), 2). @2.11)

Note that d and d, are not required to be known, because the phase value ¢(f, d) is

always read directly.

2.4.6 Dealing with Asynchronous Phase Reading

To compute the orientation of a tag array, the reader needs a synchronous phase snap-
shot of all tags. However, the Electronic Product Code (EPC) Gen2 RFID standard [140]
adopts a Framed Slotted Aloha protocol which reads the tags asynchronously. To ad-
dress this issue, Tagyro assumes the array’s rotation speed remains similar over consec-
utive phase readings (typically a few tens of ms), and uses an interpolation method,
which creates an instant phase snapshot for all tags at an interval of every T phase
readings. In Tagyro, we set 7' to the number of tags in array. Let ¢(¢;) denote the phase

of a tag at time ¢,. Tagyro computes the snapshot phase at time stamp ¢, given historical
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Figure 2.19: Tagyro implementation and software interface.

phase readings at time ¢; and ¢;_;:

t—1t; 1

. 2.12
t; —ti ( )

o(t) = d(ti-1) + (¢(t:) — ¢(ti-1))

Note out that since the interpolated phase value will be eventually updated by new
phase measurement, the error of the interpolation result will not accumulate or propa-

gate over time.

2.5 Implementation

Hardware: We implement a prototype of Tagyro using the COTS RFID reader Impinj
R420 [21], which is FCC-compliant and performs frequency hopping within 902.75 ~
927.25 MHz. Figure 2.19 illustrates our hardware components. Two circular polarized
antennas are connected to the reader via its two RF ports. Their antenna gain and 3 dB-
beamwidth are 5.5 dBi, 7 dBi and 100° and 80° [10, 19], respectively. We assemble the
tag array using three different types of RFID tags: ALN-9740 [1], SMARTRAC DogBone
[3], and SMARTRAC ShortDipole [6]. They are common label tag in flat, thin shape and
commercially available [4]. Their maximum reading distance ranges from 15 ft to 20

ft. The reader interrogates RFID tags and sends query reports, containing information
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of ID, RSS, phase, time stamp and channel, via Ethernet to a host PC that runs Tagyro.

Software: Tagyro’s software implementation contains three major modules: 3D GUI,
RFID library and processing algorithms. The GUI module is developed in C#. It displays
the tag array’s effective layout during initial setup, and instantaneous orientation during
run-time tracking. The RFID library controls the reader using a Low-Level Reader Pro-
tocol (LLRP) ratified by EPCglobal. We implement Tagyro’s key processing algorithms
(Sec. 2.4) in MATLAB, and then recompile them into standalone C libraries (DLL) using
the Code Generation toolbox. The C libraries are imported into C# program and being
invoked in real-time. To start, we first run the frequency calibration module for each
array. Then we randomly rotate the tag array when Tagyro performs ALS to sense the

tag array’s effective layout. Afterwards, Tagyro can begin its orientation tracking.

2.6 Evaluation

Methodology: We conduct experiments in an office environment to evaluate the ef-
fectiveness of Tagyro’s design components, accuracy of orientation sensing, as well as
run-time latency. Figure 2.15 illustrates our experiments’ default setup, where 4 Dog-
Bone tags are attached to a plastic cube forming a square tag array, separated roughly by
quarter-wavelength (i.e., 8.2 cm). Note that since our ALS algorithm can automatically
sense the tag layout, it is not required to deploy the RFID tags with precise separation.
Two reader antennas are placed 1 m away from the tag array at mutually perpendicu-
lar directions, both 70 cm above the ground. By default, the reader uses its maximum
transmit power at 32 dBm.

Since we are unaware of any RFID-based system that tracks 3D orientation of an
object, we evaluate accuracy of Tagyro against ground truth measurement. To obtain
the ground-truth orientation, we mount the tag array (attached to an object) on a me-

chanical rotator [2] (Figure 2.19), which is controlled by the PC host to rotate at full
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360-degree at maximum speed 1.71 rad/s with minimum granularity of 1°. We first
rotate the tag array to a known orientation, and use it as the initial state. Then, the
offset between the motor’s rotation angles and initial state is used as the ground-truth
orientation. Since the motor can only rotate in one DoF, we manually change the pose
of the tag array, so that different DoFs can be aligned to the motor’s rotation axis.
Metrics: To characterize Tagyro’s accuracy, we mainly focus on angular error, i.e.,
the deviation of estimated orientation angle from the ground truth. Since Tagyro mainly
relies on the PDoA information to pinpoint the tag orientation, in the micro-benchmark

experiments we also use the phase error to quantify the effectiveness of our design.

2.6.1 Micro Benchmarks

Effectiveness of sensing effective layout. Recall a tag array’s effective layout sensed
by ALS may differ from the physical geometry, due to tag coupling. Figure 2.20 illus-
trates the layout of a 4-tag square array for cases with and without the coupling effect.
Note that in the effective layout, two tags deviate from the Z axis in order to virtually
compensate the coupling effect. Yet, obtaining the ground truth of coupling effect re-
quires the knowledge of tag’s physical parameters, e.g. coupling coefficient, which are

not easily accessible in practice. On the other hand, the ALS accuracy will directly affect
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the ultimate performance of orientation tracking. Thus, we leave the evaluation of its
effectiveness in the system level tests (Sec. 2.6.2).

To validate whether ALS can indeed counteract the coupling effect, we compute the
orientation spectrum with effective layout. For contrast, we also simulate the oracle
case using physical layout in a non-coupling scenario, which produces the ideal orien-
tation spectrum. Generally, higher peak intensity means better spectrum (with higher
contrast), because tracking will be more resilient to noise and spatial ambiguity. Fig-
ure 2.21 plots a snapshot spectrum in one dimension for ¢, by fixing 6, and 6, to zero.
When the array is orientated at (0,0, 195°), the orientation spectrum from ALS has sim-
ilar peak intensity as oracle. Compared with the case when the physical layout is used
directly, ALS significantly improves the contrast of spectrum. Figure 2.22 statistically
plots the difference of highest intensity peak in spectrum relative to the oracle. The
ALS algorithm reduces the intensity difference by 5.5x compared with using physical
layout.

Accuracy of selecting the valid combo. In 3D orientation tracking, Tagyro’s combo
validator is critical in dealing with the blind direction issue. We verify this mechanism
by rotating two arrays together in 3D space, and inspect if Tagyro can select the correct
tag array. We determine the ground truth by checking if an array’s blind direction is

within 40° pointing to the reader antenna.
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The experiment results in Figure 2.23 show that the array indices selected by Tagyro
all match the ground truth. Since occasional blockage can also cause RSS offset between
the two arrays to exceed the conservative threshold § = 5dB (Sec. 2.4.4), some array
indices in the ground truth may not be identified by Tagyro. However, this will not
cause error because Tagyro can still use the other array to compute the orientation.

Channel hopping calibration. We next evaluate the impact of reader’s channel
hopping on the phase value by measuring the phase of a static tag for 2 minutes. Fig-
ure 2.24 plots the histogram of phase values. Without calibration, phases are almost
evenly distributed over all possible values with a std. of 1.78-radian. However, the std.
is reduced by 46x, down to 0.039-radian after applying the calibration, which is very
close to the noise floor 0.025-radian.

Effectiveness of the phase snapshot algorithm. Tags in an array are queried asyn-
chronously by the reader, which makes the timestamps of phase reading misaligned. To
evaluate this impact, we first rotate the tag array over 100 preset orientations and mea-
sure the phase values. Since the tag array is stationary during each measurement, the
phase readings are consistent and used as ground-truth. Then we measure the phase
while continuously rotating the array through these preset orientations. We observe
that the phase error is substantially reduced after applying the phase snapshot algo-

rithm (Figure 2.25). Mean error drops from 0.084 radian to 0.026 radian. We believe
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Table 2.1: Query frequency of each tag  Table 2.2: Efficiency of the tracking al-

in the array (SPS). gorithm (FPS).
Tag # 4 6 8 Tag # 4 6 8
Avg. spd. | 43.1 40.0 37.7 1-DoF | 4618 3653 3423
10% spd. | 32.1 26.8 25.1 2-DoF | 205 145 121
90% spd. | 50.0 47.9 46.6 3-DoF | 111 77 63

the reduction can be larger for a higher rotation speed. Note that the error can occa-
sionally be magnified by the phase snapshot due to unexpected phase deviation, e.g.
noise. But they will have marginal impact on orientation tracking since the occasionally
magnified error does not accumulate or propagate over time.

Interrogating speed of tag array. For real-time orientation tracking, one key ques-
tion is: how fast can the RFID reader query the tag array? The query speed determines
how frequent Tagyro can update the orientation estimation. We evaluate the query
speed by interrogating different sizes of tag arrays. The reader uses its default AutoSet
Dense mode, which automatically adjusts its MAC-layer parameters to maximize the
tag query speed. Table 2.1 summarizes the CDF of update frequency for a two-minute
measurement when the array rotates at the maximum speed. Although the update fre-
quency slightly decreases as we increase the array size, on average Tagyro can achieve
37.7 samples per second (SPS) even for the 8-tag array.

Efficiency of tracking algorithm. We further examine the real-time processing
speed of our Tagyro implementation. We first collect a 2-minute trace data of the tag
array’s phase and then replay the trace in our Tagyro program. In this way, we can eval-
uate the efficiency of our orientation tracking algorithm independently of the reader’s
query speed. We run Tagyro on a i7-4770 PC utilizing one CPU core. Table 2.2 plots
the frame rate (number of orientation sample outputs per second). Tagyro can main-
tain an average processing rate of 3500 FPS, 144.8 FPS and 76.7 FPS, for 1-DoF, 2-DoF
and 3-DoF orientation tracking, respectively. The main bottleneck of Tagyro’s tracking

efficiency lies in the RFID reader’s query speed (Table 2.1) which is much lower than
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the processing speed of Tagyro.

2.6.2 System Level Tests

We proceed to evaluate Tagyro’s overall performance in tracking 3D orientation under
various practical settings.

Accuracy of 3D orientation tracking. We first evaluate the accuracy of orientation
tracking under different DoFs: (i) 1-DoF: tracking Z-axis rotation using a single tag
array and single-antenna reader; (ii) 2-DoF: tracking Y and Z axis rotations using dual-
array and single-antenna reader; (iii) 3-DoF: using the dual-array, dual-antenna reader
setup as in Figure 2.15. Our experimental results (Figure 2.26) show that for both
1-DoF and 2-DoF, the average (90-percentile) tracking error is about 4° (8°). 2-DoF
case has a similar accuracy with the 1-DoF since each of the two arrays independently
tracks one DoF. Notably, the average orientation error of Z-axis is much smaller (2.2°)
in 3-DoF case, because both of the reader’s antennas are outside the blind direction.
Tagyro’s orientation spectrum synthesis can effectively unify the extra spatial diversity
to produce a better estimate. Figure 2.27 plots 5 overlapped example tracking results
for 360° rotation in 1-DoF. The figure depicts the orientation estimation of a tag array
rotating at a constant speed and the ground truth value over the time, which shows that

the estimated angle is highly consistent with the ground truth at every time stamp.
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Impact of array size. We next vary the number of tags in array from 2 to 8 and
evaluate how it affects the accuracy of orientation tracking. Figure 2.2 shows the tag
arrays’ physical layouts. Figure 2.28 plots the CDF of angular error in 1-DoF tracking,
which shows that a larger tag array can effectively improve accuracy. The average error is
reduced from 4.80° for 2-tag array to 1.98° for 8-tag array. Moreover, the 90-percentile
error is also reduced from 9.71° to 3.60°. The improvement gently diminishes as the
size of tag array increases. In practice, an array of 4~6 tags may make a good balance
between accuracy vs. form factor. Using high-frequency tags (e.g., millimeter-wave)
may significantly reduce the form factor due to shorter wave length and smaller antenna
size. But this is beyond the scope of our work.

Impact of environmental dynamics. Like all other phase-based RFID sensing sys-
tems [105, 116, 181, 200], estimated phase value in Tagyro is subject to the channel
noise and influenced by multipath environment. To evaluate their impacts, we measure
the jitter of estimated orientation, while fixing the tags so that any jitter can be only
caused by RF channel fluctuation. Figure 2.29 compares the angular jitter in a station-
ary environment with that where a human randomly walks around the reader and tags.
The average jitter caused by the channel noise itself is small and typically less than 1°.
On the other hand, the estimated orientation can deviate by 6.5° when there is signifi-

cant human movement. This is mainly attributed to the intentionally created variation
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of multipath reflections. Fortunately, a larger tag array can make Tagyro more resilient
to environmental dynamics — with an 8-tag array, the angular jitter is reduced to about
1°.

Impact of tag-to-antenna distance. Typical RFID systems have a maximum reading
range of 4~6 m [183]. Longer distance results in weaker signals, hence more noisy
phase reading. To understand its impact on the orientation accuracy, we vary the tag-
to-antenna distance from 1 m to 2.75 m. Figure 2.30 shows that the average angular
error gently increases from 2.09° to 9.32°, with a maximum working distance about
3m in our setup. A closer examination reveals that the RSS drops significantly over
distance. The lowest RSS across rotation angles decreases by more than 21 dBm, from
-49 dBm at 1m to -70 dBm at 2 m. Since the sensitivity of the Impinj R420 reader
is -82 dBm [21], its measured phase value starts to deviate from the phase-distance
model (Sec. 2.2.1) when distance goes beyond 2 m. On the other hand, backscattered
data bits can be decoded at a further distance because RFID adopts Amplitude-Shift
Keying (ASK) modulation that is insensitive to the phase deviation. By deploying more
RFID antennas, Tagyro can potentially cover a wider working area, which we will leave
for our future work.

Under blockage. Tagyro’s usage scenarios may involve Non-Line-of-Sight (NLOS)

environment, e.g., in a supply chain, where the object (and tag array) may be placed
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inside a card box (Figure 2.1). We mimic such NLOS cases by blocking the Line-of-
Sight (LOS) between the tag array and reader using different materials: card box, plas-
tic board and wooden wall, with thickness of 5 mm, 10 mm and 30 mm, respectively.
Figure 2.31 shows that blockage has marginal impact on Tagyro’s orientation track-
ing. The wooden wall slightly reduces the accuracy because its thickness attenuates the
backscattered signal strength, similarly to increasing tag-to-reader distance. The exper-
iment verifies that Tagyro can track orientation in NLOS scenarios where camera-based
approaches [147] will fail.

Latency of rotation response. In the implementation, we buffer multiple latest
phase values for algorithm processing and adopt a Kalman filter to reduce noise in ori-
entation estimation. They will incur response latency in the tracking output. To evaluate
the latency, we rotate the tag array by 90° and simultaneously measure the time it takes
for the estimated orientation to be less than 5° close to the ground truth. Figure 2.32
plots the CDF of response latency from 50 measurements. The average values of re-
sponse latency are 0.61s and 0.71s for 4-tag and 6-tag arrays respectively, which are
sufficient for most application scenarios that do not have stringent timing constraint.

Besides, the latency can be further reduced by using high-speed RFID readers.
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2.6.3 Case Study

In this section, we apply Tagyro in two case studies: a gaming scenario where Tagyro
detects the orientation of a 12-side dice, and a smart home scenario where Tagyro
monitors the rotation of the door and consumption of roll tissue.

Tracking a 12-side dice. To detect which side of a ball-like dice faces up, we need
at least two DoFs — the horizontal rotation does not matter because it will not change
the face-up number. Thus, we setup one reader in the ceiling, which projects signals
toward the ground and attach two tag arrays to the dice in mutually perpendicular
directions (Figure 2.33). We randomly toss the dice and record the estimated and
ground-truth number that faces up. Figure 2.34 shows that Tagyro correctly identifies
33 out of 36 numbers, achieving 91.7% accuracy. The tracking accuracy of the 12-
side dice is lower than the 3D case (Figure 2.26) due to two factors. First, the shape
of dodecahedron does not allow us to attach tags completely following the constraint
of polarity alignment (Section 4.2.1), which reduces the accuracy of combo validation
(Section 4.4.1). Second, the two closely-placed tag arrays will create an inter-array
coupling effect. Tagyro performs ALS independently for each array, which handles the
intra-array coupling effect. Yet, it is unable to sense the inter-array coupling effect. On

the other hand, Tagyro cannot perform a joint ALS for both arrays because their polarity
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directions are orthogonal. One approach to mitigate the inter-array coupling effect is
to separate the two arrays by a distance of greater than half-wavelength (Figure 2.12),
such as attaching tags to different edges of the box (Figure 2.15).

Monitoring smart home. In the smart home scenario, Tagyro can monitor the sta-
tus of daily objects, e.g., whether the door is open or close, which direction a rolling
chair (and a seated human) is facing, and how much roll tissue has been consumed.
Many such problems can be addressed by sensing the rotation/orientation of the pas-
sive objects. Here we showcase the door and roll tissue scenarios. Since both of them
have fixed rotation axes, (i.e., rotation is restricted to 1-DoF), we attach a 4-tag array
on each (Figure 2.1), and use a single-antenna reader as monitor. Figure 2.35(a) plots
the accumulated rounds of rotations for a roll tissue, which unveils fine-grained infor-
mation of the consumption over time. Figure 2.35(b) shows tracking result for a door,
which measures not only its opening angle, but also the time duration when it stays
open/close. These case studies also demonstrate Tagyro can be applied to a wide range
of objects with different shapes.

Though these detection tasks may be also addressed by simple mechanical or IR
sensor, Tagyro has several unique advantages over them. (i) Fine-grained rotation tra-
jectory. Tagyro not only tells if the door opens or closes, but also the degree of opening,
which is useful for applications, such as to determine if a robot or cargo can go through
the door. (ii) Ad-hoc installation. Tagyro can instantly enable orientation tracking by
attaching multiple tags to the target object, which does not involve heavy mechanical
installation or altering the physical structure. (iii) Maintenance free. The batteryless
RFID tags are continuously power by the RFID reader without the need for battery re-

placement.
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2.7 Discussion

This chapter presents Tagyro, an RFID-based system to track the orientation of a bat-
teryless object. By forming an array using multiple tags, Tagyro exploits their phase
difference of arrival to find out the object orientation. Novel processing algorithms are
proposed to address challenging issues such as coupling effect, which are raised in the
tag-array RFID system. Tagyro is built upon COTS RFID reader and tags. We conduct
system-level experiments and two case studies, which show that Tagyro can achieve
high accuracy in orientation tracking. Tagyro represents the first study of an RFID-
based 3D orientation tracking system, which can be applied to many practical scenarios

including but not limit to smart home and mobile gaming.
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CHAPTER 3

Fine-grained Passive Motion Tracking Using

mmWave Radios

Radio-based passive object sensing is a rapidly developing technology that detects the
motion of human body parts or associated objects through wireless signals. Com-
pared with conventional vision-based approaches [174], e.g., LeapMotion [110] and
Kinect [5], it is less intrusive and unaffected by ambient light conditions or the sun-
light interference. Catalyzed by the proliferation of mobile devices, this technology
holds potential to enable new ubiquitous user-mobile interfaces and spur a wide range
of applications. The lastest passive sensing technology can already accurately distin-
guish a prescribed set of body/limb movement [130] based on Doppler patterns or
signal strength variation. Hand gesture sensing [111] is also achievable by training
a pattern-matching model. To satisfy a broader range of applications, however, two
design challenges remain open: fine resolution and unsupervised motion tracking.

We envision one such application scenario: tracking a writing object (e.g., a stylus
pen or marker) wirelessly. Conceptually, empowered by multiple wireless devices, we
can create an interactive trackpad on any conventional surface, e.g., whiteboard or
desktop. This way, we can deploy large touch screens in a more flexible and ecomonic
way than traditional graphic tablets. This vision entails tracking a small writing object
with at least sub-centimeter precision. Such precision has proven feasible in certain

active RF sensing systems like Tagoram [200]. However, they are applicable only to
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objects instrumented with an RFID tag or radio receiver.

This chapter introduces mTrack, which leverages 60 GHz millimeter wave (mm-
Wave) radios to track the trajectory of a writing object at high precision. 60 GHz radios
are standardized in IEEE 802.11ad [11], and anticipated to penetrate one third of wire-
less links by 2018 [53]. Commercial 802.11ad-capable smartphones have already been
demonstrated [126]. Adopting mmWave instead of conventional microwave band (2.4
GHz or 5 GHz) brings multifold advantages. A shorter wavelength can create stronger
reflections from small objects (e.g., a pen), since wireless signals cannot easily bypass
objects larger than wavelength. More importantly, mmWave devices like 802.11ad allow
for miniaturized phase-array with dozens of antenna elements, which together create
highly-directional “pencil-beams”. Such directional beams are electronically steerable,
thereby creating a new dimension for object localization/tracking.

mTrack’s design harnesses the unique advantages of mmWave. It uses one Transmitter
(Tx) to emit 60 GHz signals and illuminate a handhold object that roams on a track-
pad area. Part of the signals are diffused by the object’s surface and captured by two
directional receivers. mTrack leverages the Received Signal Strength (RSS) and phase
(relative to Tx) to localize and track the object. Simply put, by measuring the arriving
direction of reflected signals, each Receiver (Rx) can estimate the object’s relative angle,
and pinpoint its initial location on the trackpad. We refer to this as anchor point acqui-
sition (APA). When the object moves, the reflected signals’ path length varies, which
alters the phase, providing salient hints for tracking the object with sub-wavelength res-
olution. Our feasibility study using a 60 GHz software-radio (Section 3.2) verifies these
principles, and unveils the unique advantage of mmWave passive tracking over its mi-
crowave counterpart, in terms of potential precision, sensitivity to target size, etc. Yet
in practical environment, these principles entail unique challenges, which we propose
to solve in mTrack.

First, reflected signals from irrelevant background objects can severely distort the
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target-reflected signal and affect phase-tracking accuracy. Prior passive tracking tech-
niques use ultra-wideband [28], or measure and subtract static background reflection
directly [62]. In contrast, mTrack’s mmWave uses single-carrier phase-tracking, and
needs to handle background dynamics. To meet this challenge, we develop two al-
gorithms: dual-differential background removal, and phase counting and regeneration,
to recover the legitimate phase change induced by target movement only. These two
techniques take unique advantage of short wavelength of mmWave signals, and stay at
different vantage points when considering a tradeoff between tracking precision and
resilience to the inherent phase noise in 60 GHz radios.

Second, although 60 GHz signals are commonly simplified as pseudo-optical [24],
our measurement shows that they can be widely diffused after hitting a small object.
Thus, one cannot migrate the specular reflection effect in laser/infrared tracking sys-
tems [8] for 60 GHz tracking. In mTrack, we observe that 60 GHz antenna response
bears a roll-off response pattern, and reflected RSS is strongest when the object direc-
tion matches the peak response. mTrack’s APA mechanism thus leverages steerable 60
GHz Rx antenna to find the matching point, and identify the object’s relative angle.
Since practical 60 GHz phase-array antennas can only switch between a discrete set
of directions, mTrack reconstructs the ideal continuous scanning results from discrete
sampling. Consequently, it can work even if the switching angle is much larger than
beamwidth.

We have implemented mTrack on a custom-built 60 GHz software-radio platform.
We evaluate mTrack’s APA and phase-tracking performance when user is navigating
a pen over a 50cm x50cm virtual trackpad region. Experimental results show that
mTrack can localize the pen’s angular position with error less than 1°, and track its
motion trajectory with only 6 mm of median error and 8 mm of 90-percentile error.
We also found that mTrack can be readily used to enable touch event detection (i.e.,

pen clicking/leaving the trackpad), owing to the constrained beam pattern of mmWave
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antennas. Using a simple feature-based detection algorithm, it achieves a detection
accuracy of around 94%.

The main contributions of mTrack include the following:

(i) A feasibility study of fine-grained, sub-centimeter scale object localization/tra-
cking using mmWave radios with steerable antennas, in contrast to microwave radios
(Sec. 3.2).

(ii) A phase-based approach to track small objects like pens to high precision, thus
realizing trackpad applications. The tracking scheme builds on two novel algorithms to
counteract the impact of background interference (Sec. 3.4).

(iii) A localization mechanism that leverages 60 GHz antennas to pinpoint the ob-
ject’s initial location and complement phase-tracking via opportunistic calibration (Sec.
3.5).

(iv) Implementing mTrack on a reconfigurable 60 GHz radio testbed, and validating

its localization/tracking performance in a practical wireless trackpad setup (Sec. 3.7).

3.1 Related Work

RF-based Active Tracking. Localization of radio-equipped objects has been explored
extensively. RSS alone [177], or combined with phase [150], can serve as location
signatures. But mapping channel information to location usually requires site survey
and the accuracy is time and environment dependent [103]. In short-range, static en-
vironment, it is possible to locate a radio using a path-loss model (4cm error in an 1m?
area) [64]. However, for passive tracking, RSS-model becomes inaccurate due to mul-
tipath effects. Thus, mTrack only resorts to the variation of phase to realize passive
tracking, which does not rely on any RSS-distance model.

Centimeter-scale RFID localization was achieved recently in RF-IDraw [181], which

uses an interferometry technique to measure the relative phase between multiple RFID
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readers. Tagoram [200] generates a phase hologram that statistically maps measured
phase to a potential position, and computes moving trajectory through phase shifting.
These tracking schemes require an RFID tag on the object, which is not readily available
for writing objects in daily use. To enable high precision passive tracking, mTrack faces
two new technical challenges unseen in [181,200]. First, reflected signal from irrelevant
background objects can severely distort the target-reflected signal and affect phase-
tracking accuracy (more details in Section 3.4.2.2). Second, current 60 GHz radio
hardware still has non-negligible phase noise, which contaminates the phase shifting.
To meet these challenges, mTrack incorporates two novel processing techniques that
recover legitimate phase change (Section 3.4). In addition, mTrack leverages the unique
feature of beam steerability in 60 GHz radios to realize precise localization.

RF-based Passive Tracking. Passive object tracking is reminiscent of the vast
literature in radar systems [28,113]. Conventional radar, however, mainly focused on
tracking large moving objects using Doppler methods, and pushing the granularity using
wideband radios with GHz of sampling rate. mTrack, in contrast, leverages single-carrier
phased-based approach, taking advantage of electronically steerable 60 GHz antennas
to track small objects with sub-centimeter precision, thus enabling near-field interactive
applications like a trackpad. On the other hand, typical ranging radars require dedi-
cated hardware, which is not readily available in 60 GHz communication system. Pulse
radar [121] needs high-speed pulse generator while Frequency-Modulation Continuous
Wave (FMCW) radar [28] requires a swiping carrier frequency controlled by Voltage-
Controlled Oscillator (VCO). On the contrary, mTrack’s single-carrier design can be
easily realized using 60 GHz communication hardware. Radar object tracking also faces
interferences from background reflection. However, mTrack’s mmWave phase-tracking
method encounters unique challenges that have not been addressed in existing radar
tracking algorithms [28,62,198,205] (more details in Sec. 3.4.2.2).

Radio tomography and imaging techniques [125, 184] deploy a mesh of sensors
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| Related Systems | Tagoram | RFIDraw | Tomography | WiVi | WiTrack | mTrack |

Work [200] [181] [125,198] [29] [28] N/A

Object Type Active Active Passive Passive Passive Passive

Signal Feature Phase Phase RSS Phase RSS Phase/RSS

Methodology Hologram | Interferometry FP/AoA ISAR | FMCW radar PS/BS
Track Static Object Yes Yes Yes No No Yes
# of Tx&Rx >2 8 10 ~ 100 >4 4 >3
Tracking Range 1~ 10m 2~5m 3m~20m | 2~Tm 3~9m 1m
Granularity 14mm 49mm 80cm ~ 3m 1m 30cm 8mm

Table 3.1: Comparison of different RF-based tracking systems. FP, PS and BS stand
for fingerprint, phase shift and beam-steering. Data are from reported figures of cited
works.

around sensing area and locate a person by identifying shadowed area that shows weak
RSS or outstanding variation. mTrack is based on object reflection instead of blockage
effect, and achieves a fine-grained tracking with much fewer sensing nodes. WiFi imag-
ing (e.g., [80]) creates an image of sensing area through an antenna array, though with
a low resolution. WiFi RSS and Doppler metric have also been leveraged in gesture
recognition [111,130], but the identification algorithm needs to be trained with known
patterns. Besides tracking, millimeter wave has been used to infer object’s surface cur-
vature and material [216], which can be applied to identify the target of interest.

To our knowledge, mTrack represents the first work that achieves sub-centimeter
scale passive object tracking, taking advantage of the small wavelength and steerable
antennas of mmWave radios. Table 3.1 compares mTrack with other recent RF-based

active and passive tracking systems.

3.2 Understanding mmWave Passive Tracking

We first use our 60 GHz testbed to explore mmWave characteristics pertaining to high-
precision passive object localization/tracking. Our experiments examine whether small
writing objects can effectively reflect mmWave signals, and whether the reflected RSS

and phase can serve as subtle location/motion hints. The experiments also reveal
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Figure 3.1: Setup of feasibility test. (a) Reflection test (Sec. 3.2.1): Rx centrally rotates
around the target. (b) Tracking test (Sec. 3.2.2): Rx points to a moving target. (c)
Locating test (Sec. 3.2.3): Rx steers its beam toward various directions.

unique advantages of mmWave over 2.4 GHz microwave-band signals.

For a feasibility test, we create a simplified setup illustrated in Figure 3.1. Our
testbed implementation is detailed in Section 3.7. By default, the receiver antenna
is placed at view angle 0° co-located with the transmitter. Irrelevant reflections from
background objects are reduced by placing RF absorbers [7] (with approximately 35 dB

attenuation) near the boundary of testing region.

3.2.1 Reflection/Diffusion of Signals by Objects

To enable mmWave passive tracking, receiver must receive reflection signal from the
target despite the view angle w.r:.t. target. However, 60 GHz signals are often deemed
to possess a pseudo-optical property. So, will they create mirror-like specular reflec-
tions when hitting glossy objects? We examine the reflective property by rotating the
receiver’s view angle around the location of the target — a stylus pen (0.4 cm radius)

with a metal surface.
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Figure 3.2: Small object (pen) causes diffusive 60 GHz signals that can be captured over
different view angles.

Figure 3.2 plots the average RSS of 100 measured values at each view angle (with
and without are abbreviated as w and w/). In the presence of the pen, the RSS remains
consistently high from view angle 0° to 150°, indicating that when reflecting 60 GHz
signals, the target acts like a quasi-omni-directional antenna, rather than a mirror. Thus,
even a highly directional 60 GHz receiver can capture the reflection from a wide range of
view angles, as long as the target is illuminated by the transmitter.

We also make two other observations. First, the transmitter’s beamwidth determines
the illumination coverage. 90° to 180° beamwidth can ensure the target is illuminated
as it moves across a wide region in front of the transmitter. Second, even without target,
the RSS varies, partly due to residual reflections from background, and partly due to

leakage signal from the transmitter especially at a wide view angle.

3.2.2 Phase Variation Enables Fine-Grained Motion Tracking

Moving distance. Under ideal propagation/reflection, the phase offset between trans-
mitter and receiver should only depend on the signal path length (illumination plus re-
flection). Figure 3.3(a) shows the phase variation as the target moves at 24 mm/second
away from the transmitter/receiver. Owing to extremely short wavelength, i.e., around
5 mm, even a small change of total signal path length can vary the phase significantly.

By unwrapping [27] the phase value, we observe an increasing trend, indicating increas-
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Figure 3.3: Tracking under same 30° beamwidth (diameter: pen 1.2cm, bottle 5.8cm
and can 10.3cm). (a) Small object (pen) can cause [-7,7] phase variation in mmWave.
(b) Microwave needs an object (e.g. can) of size 9x larger.

ing path length, a consequence of the target’s actual movement pattern. In addition, we
see that the unwrapped phase value increases by 230 radians, translating to a distance
230 % 0.25cm = 9.15cm, roughly matching the actual moving distance of 10 cm (Note that
each phase cycle corresponds to both illuminating and reflecting paths). In effect, when
zooming in one phase cycle, we can see that even sub-wavelength movement resolution
is feasible.

These two observations hint that phase change of reflected signals can indicate whether
the target is moving towards/against the Tx/Rx, and the relative moving distance. Small
wavelength of 60 GHz signals enables fine-grained distance resolution. However, two
challenges remain open: (i) A single receiver cannot resolve the target’s moving angle
within a 2D plane. (ii) Phase has an inherent aliasing effect, and cannot indicate the
absolute location of target. This can be clearly observed from Figure 3.3(a), where
phase exhibits cyclic behavior, with many locations sharing the same phase value.

It is worthy to note that the phase value experiences a jump between 520ms and
540ms in Figure 3.3(a). This is caused by the signals from background reflection —
the RF absorber in our feasibility test is not large enough to isolate all background
objects. Our phase processing techniques (Section 3.4) will remove such abnormality
and guarantee the correctness of accumulated phase.

Target size. Electromagnetic waves can easily bypass around obstacles whose size
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Figure 3.4: Beam steering to locate target direction. Receiver gets strong RSS when
steering toward the target.

is smaller than the wavelength, and will be blocked/reflected otherwise. Thus, we hy-
pothesize that passive tracking of small targets is a unique advantage of mmWave signals
over microwave. To verify the hypothesis, we place a pair of 2.4 GHz software radios
following the same setup as above. Figure 3.3(b) plots the resulting phase variation as
the target moves. For the stylus pen, the signal phase can hardly reach a full cycle of
—m to m, and shows no clear correlation with wavelength. This is because the majority
of the microwave signals bypass around the pen, with a radius much smaller than the
wavelength (12.5 cm). Hence, background reflections from afar tend to dominate and
distort the phase. Only when the target (e.g., a can) size is sufficiently large can the
reflected signals dominate and manifest full cyclic behavior as in the mmWave case.
This result confirms our hypothesis.

It is worth noting that mmWave signals may still suffer from distortion under strong
background reflection. This is a unique challenge in comparison to tracking active ob-
jects (e.g., those instrumented with RFID tags [181, 200]), and will be investigated in

mTrack.

3.2.3 Beam Steering Enables Localizing Absolute Position

Despite the wide diffusion angle of the object (Figure 3.2), a 60 GHz receiver can have

highly narrow beamwidth and will be able to capture the diffused signals only when it is
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Figure 3.5: mTrack’s system setup. Gray Figure 3.6: mTrack’s system components
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pointing to the target. Figure 3.4 verifies this property. We steer the receiver’s pointing
angle between —20° to 20°, at 1° granularity. The measured RSS peaks at around 0°
when the receiver points towards the target. This indicates that we can take advantage
of 60 GHz beams’ steerability to fix the target’s absolute angle relative to the Tx/Rx.

In practice, a 60 GHz antenna may not be steered continuously as in our experiment.
In addition, the RSS may also suffer from background reflection effect, which causes
multipath effect and RSS variation as shown in Figure 3.2. mTrack is designed to meet

these challenges.

3.3 An Overview of mTrack

mTrack builds on the foregoing measurement observations to realize a high-precision
mmWave trackpad. Figure 3.5 shows a typical mTrack setup. One quasi-omni Tx and
two directional Rx antennas are placed to form a right angle, and track an object within
a rectangular trackpad region (0 < z < 2a, 0 < y < 2b). a and b are set to 50 cm by
default.

Both the quasi-omni and directional beam patterns can be readily generated via
802.11ad devices’ phased-array antennas [11,180]. The quasi-omni transmitter beam

in mTrack is used to illuminate the trackpad area. Typical quasi-omni beamwidth in 60
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GHz ranges from 20° to 180°. The transmit signal is able to cover the tracking region,
without the need to adjust the transmitter’s beam direction for scanning target. On the
other hand, the Rx adopts highly directional antennas, for two reasons. First, with a
high antenna gain, it can substantially boost signal quality, enabling mTrack to capture
the weak reflections from target. Second, a directional receiver can help isolate the
leakage interference from the Tx, which may otherwise overwhelm the target-reflected
signals. Using highly directional antennas reduces the beams’ intersecting area. The
receiver keeps track of the target by adaptively steering the beam direction. The sys-
tem detects target’s entrance and exit through the touch detection module (detailed in
Section 3.6). It also knows when the target starts to move and the moving tendency by
measuring the trend and amount of phase shifting (detailed in Section 3.4).

Figure 3.6 illustrates mTrack’s design components and their interaction. The phase
tracking module continuously tracks the target’s location by measuring and manipulat-
ing phase incremental at each Rx. It resolves the grand challenge from background
reflections and achieves mm-scale tracking accuracy. The anchor point acquisition (APA)
module estimates the target’s initial position through beam searching, leveraging our
observation in Section 3.2.3. APA has lower location resolution than phase-tracking.
Hence, it is only opportunistically called on to provide absolute location value for
phase tracking and prevent its error accumulation. The touch detection module de-
tects user lifting the writing object or reposition it on the trackpad. Finally, the track-
ing/locating/touching output can serve a variety of applications, including not only

trackpad, but also handwriting transcription, gesture recording, etc.
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3.4 Phase Tracking in mTrack

3.4.1 Basic Successive Tracking Algorithm

Translating phase change into path-length change. We first model the relation be-
tween target’s moving distance and relative phase change between a pair of transmitter
and receiver. The model formalizes our empirical observations in Section 3.2.2 and
builds the foundation for phase-tracking.

Suppose the transmitter sends a single-tone signal of frequency f., represented as:
Ty(t) = Ae?*ft) where A is the transmit signal magnitude. After target reflection and

propagation, the receiver-captured signal becomes:

Ry(t) = nAej[%rfc(H)Jr@l]’

DI+DR .
2P where ¢ is the

where 7 is the attenuation factor. Signal propagation time 7 =
light velocity, and D] and DF are the distance from target to the transmitter and re-
ceiver, respectively. ®; denotes the phase change caused by the reflection on the tar-
get’s surface, which is a constant for the same material. Then the phase shift, defined as
the received signal’s phase change from time ¢ — 1 to ¢, and labeled as A arg(R;)!_,, is
proportional to the change of total path length due to movement:

27(D? + Dﬁ - DtT—l - Dﬁ—l)
Ac ’

Aarg(R)!_, = (3.1)

where )\, is the wavelength corresponding to carrier frequency f..

From distance tracking to 2D tracking. Figure 3.5 illustrates mTrack’s basic model
setup. When deploying mTrack, the Tx and two Rxs are placed at (2a, 2b), (a,2b) and
(2a,b), respectively. Both a and b are known.

Consider two consecutive signal samples ¢ — 1 and ¢, while the target is moving.
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1: Input: phase shift Aarg(R1)!_, and Aarg(R2)!_,,
2: Output: new location o (x, y;)
3: if isempty(DI_,, DR, DR2)
4:  0'(x4,y) < APAQ /*Locating module*/
5. DLy, DI DI} {1 = ofTa)l, [ — o(Ral))
6: |? — o(Rx2 ;|} /*Acquire initial path length*/
7. else /*Successive tracking*/
8: {DI' D} DR} + path(DL,.DR!,,DF2  Aarg(R1)!_,,
9: Aarg(R2)t ;) /*Find new path lengths*/
10:  /*Find new location and Update path lengths*/
110l (ay, ) (P D
12: {DzllvDils—]l’ngl}<_{DtTvD517D§2}
13: return o' (x4, y;)

Algorithm 3.1: Basic Phase Tracking Algorithm.
Based on Eq. (3.1), we have:

)\cA arg(Rl)i—l

27
)\CA arg(RQ)i,l
or '

(Df + D) = (Di_y + Dy) +

(D} + D) = (Dj_, + D)) +

In addition with an inherent geometrical constraint of those signal path lengths (Figure
3.5), we can solve for three unknown path lengths DI, DX and DF with three sets
of equations, given that the corresponding path-lengths at ¢ — 1 have already been
obtained. This computation runs in a successive manner, with initial values D], D&
and D¥ given by mTrack’s anchor point acquisition (APA) module (to be discussed
in Section 3.5). Finally, the target’s absolute coordinate at time ¢ is computed using
the triangulation method, given the path length to the transmitter and both receivers’
locations. Algorithm 3.1 summarizes the successive phase-tracking in mTrack.

This successive tracking is promising for real-time tracking because the solutions of
path length and new location can be expressed in closed-form formulas and computed
efficiently by single-step operations.

Notably, using highly directional receive antennas may result in a relatively small
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Figure 3.7: Model of the multipath reflection. We model the multipath reflections into

two types: background reflection and target reflection. The sum of two reflection com-
ponents is illustrated in phasor space.

detection region. For example, with two Rx antennas of beamwidth 4.5° and 0.5m away
from the tracking region, the intersection area of two beams is only 5¢cm x 5¢cm. mTrack
expands the detection region by adaptively steering the beam, whenever it gauges that
the target may fall out of the Rx’s beam coverage in the next 0.5 second, assuming its

speed is consistent within this short period.

3.4.2 Tracking under Background Reflection
3.4.2.1 Impact of background reflection on phase shift

Though directional antennas can alleviate multipath effect, antenna beamwidth still
needs to be broad enough to cover a reasonably large detection region. Thus, back-
ground reflection is unavoidable. We model how background reflection affects mTrack’s
successive tracking and derive insights that help disentangle target reflection from back-
ground reflection. We use vector form on the I-Q plane to represent a signal sample (Fig-
ure 3.7). Since baseband signal is a single-carrier, background reflections can aggregate
into a single signal sample ?bg. Similarly, target-reflected signal sample is modeled as

?trg. The demodulated signal at the receiver ?m at any time is the sum of two reflected
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Figure 3.8: Impact of (static) background reflection on phase shift. (a) Target reflection
dominates background. (b) Target reflection is much weaker than background. (c)
Intermediate case.

components:
?rec = ?trg + ?bg' (32)

Phase shift of ?trg carriers information about the moving distance of target, but the
receiver can only measure the mixed signal ?m. So, can this mixed signal’s phase still
translate into target’s moving distance? We answer the question by analyzing how the
phase of ?rec cycles as the target moves over half-wavelength (i.e., the phase of ?trg
cycles from O to 27). The phase cycling pattern in turn depends on the magnitude of
target reflection \?trg\, which we classify into three ranges, as shown in Figure 3.8.

(a) Target Dominating (TD): Suppose background reflection is stationary as the

target moves across half-wavelength. Accordingly, as ?trg rotates its phase through one
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cycle, ?m crosses the I-plane once, resulting in phase shift of 27. Thus, phase shift can
still reveal the moving distance when target travels integer multiples of half-wavelength
Ao.5-

(b) Background Dominating (BD): As the phase of ?trg goes through a 27 cycle,
the measured phase of ?m does not cross the I-plane, and phase shift is smaller than
27. The stronger the background reflection, the smaller it will be. Accordingly, the
moving distance estimated from the phase shift of ?rec is always shorter than actual
value.

(c) Intermediate (ITM) case between above two: As shown in Figure 3.8(c), ?m
crosses the I-plane twice, causing phase jump at each crossing point. Due to phase
ambiguity of measured signal ?mc, the measured phase shift also will not reveal the

correct moving distance.

3.4.2.2 Dealing with Background Reflection

Why is it challenging? Multipath reflection from background is a unique challenge for
mTrack which aims to track small passive objects at high precision. Unlike radar-like
systems that track large targets (e.g., human body [28, 198]), reflections from small
objects tend to be weaker or comparable to background reflections. Due to the high
sensitivity of mmWave, background reflection can disturb the signal phase even as the
target moves over a short distance. Radar systems can use ultra-wideband signals to
resolve the time-of-arrival of reflected signal paths, thus separating the foreground and
background [113]. In contrast, mTrack relies on a narrow-band (single-tone) continu-
ous wave that mixes background and target reflection.

Unlike active tracking systems [181,200] where reflected paths originate coherently
from the same radio transmitter, in passive tracking, only parts of the reflected signals
contain desired information and need to be extrapolated. Background suppression in

active tracking systems is much simpler, since the signal phase changes are caused by
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baseband modulation, which operates at much higher rate (e.g., multiple kHz in RFID
[200] ) than background variation. Hence, any background reflection can be considered
as relatively static and filtered out by a DC filter [116]. This approach is not applicable
to passive tracking systems where phase changes at slow rate due to target movement.

Dual-differential Background Removal. Since the phase shift directly from the
received signal ?m is contaminated by background reflection, mTrack employs a Dual-
Differential Background Removal (DDBR) algorithm to remove such impact, thus limiting
the tracking error.

Underlying background removal are two assumptions: (i) Background reflection re-
mains stationary across at least 3 consecutive signal samples. This holds in general be-
cause 60 GHz radios take RSS/phase samples (assuming one sample per packet) much
more frequently than the change of background. (ii) Target reflection has the same
decreasing or increasing trend of phase shift, and approximate RSS, across 3 consecu-
tive samples. This holds again because of the high sampling rate relative to the writing
object’s slow motion.

Under these assumptions, the idea behind background cancellation is intuitive — we
leverage the invariant behind signal differential:

S = S = (Sl + S - (S + S

rec rec trg

~ St gt (3.3)

trg trg

The average phase shift among three consecutive samples can be computed as:

1
5 [A arg(?trg)i_l + A arg(?trg)?—l]

:arg<?t+1 _ ?t

trg trg

) —arg(St, — S, (3.4)

The proof for the above equation directly follows the geometrical relation shown
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Figure 3.9: Illustration of signal vectors relation for differential background removal
algorithm.

in Figure 3.9. For clarity, we introduce the following notations: 6; = Aarg(?trg)ifl,

Oy = Aarg(?trg)?l, and 03 = arg( ?fﬁ; ?gg) — arg( ?ﬁrg ?ﬁrgl Since the target’s

reflection signal strength remains similar among three consecutive samples, the two
triangles in solid line of Figure 3.9 can be considered as isosceles triangles. Following
the geometrical relation, we have:

T — 6‘1 mw — 92

0. —
2 + 2 +37T7

or equivalently 05 = 2% which proves Equation (3.4). O
From Egs. (3.3) and (3.4), we get the phase shift with background reflection can-

celed by differentiating the phase of differential received signal:

A arg<?frg)t 1= A arg(?trg)i_l + A fﬂﬂ"g(?trg)t+1

2[arg( ?”1 ?t — arg( ?t ?t Y. (3.5)

rec rec rec rec

The resulting Aarg(?trg)iﬂ is deemed as a single phase shift sample (with back-
ground canceled) to replace the one in the basic successive tracking Algorithm 3.1 to
improve tracking accuracy.

Millimeter-wave radios typically have non-negligible phase noise which is inherent

to its ultra-high frequency synthesizer. To prevent phase noise from contaminating the
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phase shift measurement, mTrack adapts its phase sampling rate (by dropping interme-
diate samples), to ensure the phase shift between consecutive samples is not dominated
by phase noise. We retain a phase sample only if its shift (relative to the previous

sample) is above variance of the phase noise (available from hardware specifications).

3.4.3 Phase Counting and Regeneration

One limitation of the above DDBR algorithm is that it attempts to average out phase
noise at the cost of lowering sampling rate. Consequently, between 3 consecutive
sampling period, the background reflection may have already changed, thus violating
DDBR’s assumption.

To overcome this limitation, we design a complementary algorithm called phase
counting and regeneration (PCR). PCR maintains a high sampling rate, but collects a
sufficient number of samples (instead of 3) to recover the target-reflected signal from
noise and background reflection. Under background reflection, although the absolute
phase change of measured signal is no longer linear w.r:t. target’s moving distance, its
phase still exhibits a periodic pattern (Section 3.4.2.1). PCR harnesses this phenomenon
to identify/count the phase cycles of measured signal, based on which it regenerates the
phase change caused purely by target reflection. Then, it can simply run the basic
phase-tracking Algorithm 3.1 to translate phase change into moving distance.

The three different patterns of background contamination (Section 3.4.2.1) impose
significant challenges to this approach. First, the three cases may be mixed together,
and the ITM case has severe phase aliasing effects. Second, we need to identify the pe-
riodicity based only on a few phase cycles to maintain the timeliness of tracking. Both
challenges deter simple periodicity identification algorithms like Fast Fourier Transform.
PCR addresses these challenges through three key steps (Figure 3.10 shows an exam-
ple).

Reducing ITM to BD. We address the first issue by detecting the ITM case, and
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convert it to the BD case which has no phase aliasing effect. For detection, PCR leverages
the unique phase “jumps” in the ITM case caused by aliasing, i.e., neighboring two jumps

are in opposite directions (Figure 3.8). Formally, given a time series of NV phase samples

x[1], z[2], - - - , z[N], it sequentially searches for a point m; with phase jump:
m; = argmin find(|z[i| — z[i — 1]| > 7). (3.6)
2<i<N

It then checks if there exists a follow-on point that together constitutes the feature

in ITM:

m; = argmin find(|z[j] — z[j — 1]| > 7) 3.7)
m;<J<N

S.t. m; —m; < Ty, (38)

\z[my;] — x[my]| >, (3.9)

where T}, is the largest periodicity that PCR can detect. Eq. (3.9) ensures the phase
jumps at m; and m; are opposite.
Once an ITM case is detected, we can reduce it to the BD case by compensating the

difference between discontinuous series:

zli] = z[i] — (z[my] — z[m; — 1)), Vi € [my, m;). (3.10)

Periodicity Counting. To reliably detect the periodicity 7" of the time series of sam-
ples after alias removal, we adopt the phase coherence analysis in [102]. Let sequence
Li,d] = {z[i +jd] | V0 < j < |N/d]}, where {} denotes concatenation of samples.
Since L[i, d] are samples that are separated by d points in the given time series, by the

periodicity definition, variance of L[i, d| will be minimized, i.e. 0, when d = T'. Hence,
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Figure 3.10: An example snapshot of using PCR to remove background reflection.

we find the periodicity T by iterating possible values in range [T}, T},] for all sequence i:

T = argminvar({L[i, t] | V1 < i < t}),Vt € [T}, T],
t

where L[i, t| is L[i, t] with its mean value subtracted.

Regeneration. PCR will generate the counting sequence (red curve in Figure 3.10)
based on the periodicity detected in the time series samples. The correct phase pattern is
regenerated by creating 27 phase shift between any two neighboring counts. The trend
of phase shift, either increasing or decreasing, is available from the basic successive
tracking or DDBR algorithm.

We emphasize that PCR is uniquely designed for passive tracking using small-wave-
length mmWave signals. It assumes the background reflection does not change as the
target moves over )5, which may not hold when using microwave signals. In addition,
its resolution is around )5, hence PCR’s precision worsens to multiple centimeters
when using microwave signals.

Table 3.2 summarizes and compares three processing algorithms. Since PCR algo-
rithm works on time-series of samples spanning multiple phase cycles, it incurs pro-

portionally higher complexity and tracking latency than Basic (successive tracking) and



| Params | Basic | DDBR | PCR |
Complexity Low Low High
Latency Small Small | Large
BG Resilient No Yes Yes
Error w/ BG | ~30mm | ~5mm | ~8mm
Noise Resilient Yes No Yes
Error w/ Noise | ~8mm | ~20mm | ~8mm
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Table 3.2: Performance profiles of mTrack’s phase tracking algorithms. Error statistics
from Section 3.7.

DDBR, which work on 2 and 3 samples, respectively. However, it is more resilient to the
phase noise, as will be verified in experiments.

Here are a few aspects that worth further discussion:

Object shape and size. mTrack is designed to track writing objects of small size, like
pen or marker, which can be approximated as a point reflector, because their dimension
(with diameter ~ 1cm) is much smaller than its distance to the antennas (> 20cm).
Objects with deformable shape or large size, e.g. human hand and body, do not pos-
sess these properties, and hence cannot use mTrack’s model-driven tracking algorithm.
Similarly, mTrack can not differentiate phase change due to large hand-shape deforma-
tion. Thus, users need to keep a relatively consistent hand shape when writing to avoid
confusing the tracking algorithm. They also need to ensure a sizable part of the pen is
exposed to the Tx/Rx to reflect the mmWave signals.

Phased-Array Antennas. Due to hardware limitation, we are only able to eval-
uate our concept with directional antennas. Beam pattern of a horn antenna differs
slightly from that of an 802.11ad phase-array in two aspects: (i) The beamwidth of a
phased-array is dependent on steering direction. For example, for a linear antenna ar-
ray, beamwidth along 0° direction can be twice of that along 90° [180]. However, since
beamforming codebook is predefined and known, we can still compensate the gain dis-
tortion of discrete sampling. The systematic solution to this problem will be left for our

future work. (ii) Sidelobes of a phased array may be relatively large compared with that
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of a directional horn antenna. Sidelobes may capture signals from undesired directions.
However, since they usually have much smaller gain compared to the main lobe, as long
as there is a RSS peak when pointing to the target, mTrack’s beam-steering based APA
mechanism can still work.

Tracking multiple objects. mTrack can be potentially extended to track multiple
targets simultaneously. When the objects are sufficiently separated, and not falling
in the same beam direction, the receiver radios can steer the beam towards different
objects in a time-interleaving manner and update their tracking trajectories sequentially.

Further exploration of this idea is left for our future work.

3.5 Anchor Point Acquisition

APA complements phase tracking in two aspects: (i) estimating initial location, which
serves as an anchor point to bootstrap the successive tracking; (ii) opportunistically
calibrating the tracking results to prevent error accumulation.

Locating through discrete beam steering. Our feasibility study in Section 3.2
reveals a key challenge in locating the target: practical 60 GHz antennas can only be
steered at discrete angles. We resolve this challenge by leveraging the roll-off pattern
of the antenna gain. The gain of a 60 GHz directional Rx antenna (either horn antenna
or phased-array [180]) decreases continuously near its beam edge. Accordingly, as a
signal source moves from the beam center towards beam edge RSS falls off smoothly.
The fall-off trend is preserved even if Rx steers itself in discrete steps.

Built on this observation, mTrack realizes discrete spatial sampling of the target’s
direction, thereby relaxing the beam resolution requirement. In analog-to-digital sig-
nal conversion, a continuous signal can be preserved by interpolating it across discrete
samples, using sinc as the basis function. Similarly for mTrack, the continuous spatial

RSS variation can be reconstructed by interpolating the discrete samples, using antenna
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Figure 3.11: Spline interpolation im- Figure 3.12: APA improves locating accu-

proves granularity of direction estima- racy that is disturbed by background re-
tion from discrete steering. flection.

gain pattern (over angles) as basis function. Yet, since the exact gain pattern is un-
available, we choose to use spline interpolation instead. Spline interpolation performs
piecewise polynomial approximation to the discrete samples with an objective that mini-
mizes curve bending. It can thus recover the peak RSS position. To perfectly reconstruct
continuous variation, angle of beam-steering for each step is required to be smaller than
2x the beamwidth.

Figure 3.11 shows one example test result, with discrete RSS samples (blue dots) at
8° beam-steering steps, along with the interpolated curve. We can see that the interpo-
lated maximum RSS position is very close to the ground truth.

Following mTrack’s setup (Figure 3.5), the target’s angle relative to each Rx antenna
can be translated into its absolute location via simple geometrical manipulation. We
omit the details for the sake of space.

Background RSS Subtraction. Similar to the successive phase tracking, the RSS
values captured during APA may be contaminated by background reflection. However,
RSS is much less sensitive than phase because the locating result will be affected only
if the background change alters the peak in the RSS scanning. Thus, mTrack employs
a simple iterative background RSS subtraction method in APA. Before use, each Rx
collects the RSS of background reflection for each steering angle. When a new APA is

invoked, the background RSS at each steering direction is subtracted from the measured
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RSS. During the writing process, it knows the precise angular location of the target by
combining phase tracking and initial APA. Hence, it periodically rescans the background
RSS by steering off the target position.

During APA, the tracking module has to be temporarily blocked. However, since
mmWave phase-array antenna can instantaneously switch its beam (at ns level latency
as specified in 802.11ad [171]), the impact on tracking is negligible.

Figure 3.12 illustrates one test experiment, where a metal-surface cup is placed
25c¢m behind the detection region and a pen is used as tracking target. When there is
only pen (blue curve) or only background (yellow curve) in the environment, mTrack
can locate the direction of target accurately (in 40° and 30° respectively). When the
tracking target is mixed with background object, the system is misled to take the later
as locating result (in green curve) due to its stronger reflected signal strength. In the
red curve, background subtraction cancels the background reflection from cup, and thus
the target position can be accurately located.

Opportunistic Calibration. To curtail the error accumulation from successive phase
tracking, APA is invoked opportunistically to recalibrate the absolute target position.

mTrack adopts a &/ test to determine when to invoke a calibration. APA module
periodically estimates anchor points. If past £ anchor points all fall in a sector of angle 6
originating from current position, the deviation of tracking trajectory can be considered
as sufficiently large. In this case, the calibration will be applied by updating current
position to the latest anchor point. In practice, mTrack empirically chooses k£ = 3 and

0 = 120°.

3.6 Touch Event Detection

Besides tracking, mTrack detects touch-related gestures including: (i) “touch” — pen

landing on writing region, (ii) “lift” — pen lifting above the region, and (iii) “click” —
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Figure 3.13: Example snapshot of three type events. Phase shift variance and RSS are
for event detection and classification.

essentially a sequential combination of “touch” and “lift” event. The touch gestures can
serve as commands, e.g., start/pause of tracking and segmentation of writing trajectory.

The key principle in mTrack’s gesture detection algorithm is to identify signal fea-
tures that discriminate each gesture, and distinguish them from normal writing. Given
the ultra-narrow beam, one may consider the touch gestures as “beam cutting” events,
and use RSS variation patterns to detect them [111]. However, we find that RSS fluc-
tuates significantly during writing, which incurs frequent false alarms. To address this
problem, we resort to the phase variance as an additional feature along with RSS. Since
phase shift reveals the target’s movement, its variance will characterize the abruptness
of change in the pen’s moving speed, which is suitable for gesture detection.

Figure 3.13 illustrates a snapshot of signal features for the three types of gestures. A
sliding window of duration 0.1s is used to smooth the phase variance. We can see that all
gestures will create large phase variance, which is amenable for flagging a valid gesture
event. To discriminate different types of gestures, we can resort to the RSS pattern,
which tends to have higher value when the pen is in the tracking region. Based on
above observations, mTrack identifies and classifies the gesture using a simple decision
tree (Alg. 3.2).

In Algorithm 3.2, there are two parameters. s is the number of samples that are used

to compute average RSS, which is empirically chosen as 0.1s. H denotes the threshold
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R
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: Input: phase variance P[n] and RSS R|n|
: {V,m} < maz(P) /*max value and index*/

if R[m| > mean(R[m : m + s]) and
R[m| > mean(R[m — s : m]) /*Check RSS*/
return “Click” /*Click generates RSS peak*/
else if mean(R[m : m + s]) > mean(R[m — s : m])
return “Touch” /*Touch increases RSS*/

return “Lift” /*Lift decreases RSS*/
. return “NULL” /*Event not detected*/

Algorithm 3.2: Decision Tree for Touch Gesture Detection.
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Figure 3.14: Hardware architecture of mTrack.

for a valid peak of phase variance. Since different users’ gesture styles (e.g., touching

speed) may differ, mTrack requests the user to provide a 10-sample training set before

using the gesture detector. It then selects an H that minimizes the difference (computed

using standardized Euclidean distance [195]) between the widths of the 10 peaks.

3.7 Implementation and Evaluation

We use a custom-built 60 GHz software-radio testbed (Figure 3.14) to evaluate the via-

bility and performance of mTrack. The testbed uses WARP [138] as baseband processing

unit, but extends its carrier frequency to 60 GHz. Baseband digital waveforms are gen-
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Figure 3.15: mmWave testbed. Testing metal-surfaced pen, plastic marker, wood pencil.
Radios are placed 10cm beside 50cm x 50cm writing region.

erated in a host PC, forwarded to WARP, and converted to analog using a high-speed
Digital-to-Analog Converter (DAC). Resulting analog signals are carrier-modulated and
transmitted by the Vubiq 60 GHz RF front-end [15]. Two receivers are synchronized
by a 308.6 MHz external clock signal sourcing from transmitter oscillator. Received
signals will be decoded following reverse path, and eventually reach the Personal Com-
puter (PC) host which runs mTrack’s algorithms.

Tx and Rx RF front-end each has a waveguide module as interface to 60 GHz anten-
nas (Figure 3.15). Transmitter uses its original waveguide module PEM-001 as antenna,
which is quasi-omni-directional (180° beamwidth). Tx sends 5 MHz single-carrier base-
band signals modulated by 60 GHz carrier waves. Regarding receiver, we are unaware
of any programmable 60 GHz phased-array antenna. Thus, in our prototype, signals
are captured by a directional receiver with horn antenna PE9881-34 of 3.4° beamwidth.
To emulate the effect of beam steering, the Rx antenna is mounted on a motion control
system [2] that is connected to the PC host and allows programmable azimuth rotation
at 1° granularity.

We also implement the RSS/phase extraction module on the 60 GHz testbed. It gen-
erates and sends single-tone frames (3000 samples each) through Tx, and estimates a

pair of RSS and phase values from each received frame. To avoid phase ambiguity, the
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change between any two phase values cannot exceed 7. By default, the extraction mod-
ule samples RSS/phase at 300 Hz. Thus, the highest tracking speed that our prototype
can support is 2.5mmx300 Hz/2 = 37.5cm/s. The speed is sufficiently fast to capture
normal hand writing. Note that 300 Hz phase sampling rate is far below our hardware
limit. With 40 MHz bandwidth, the phase sampling rate can be up to 40 MHz/3000 =
13 KHz, equivalently translated to a tracking speed of 26 m/s.

On top of the RSS/phase extraction, we implement mTrack’s major modules, i.e.,
tracking, locating and touch detection. Core processing algorithms DDBR, PCR and APA
are designed as middle-ware plugins that work transparently between RSS/phase ex-
traction and these modules. Algorithms operate on samples that are loaded sequentially

into a data buffer.

3.7.1 Micro Benchmark
3.7.1.1 Passive Tracking Performance

The experiments are conducted in an office environment with natural background: one
Rx antenna faces a human and a metal cabinet 1.5 m away; the other one faces a drywall
2 m away. For a micro-benchmark test, a pen is first attached to the motion track and
moves linearly under the control of the PC host. This setup allows us to obtain the
pen’s location over time, and use it as ground truth to evaluate mTrack. Unless noted
otherwise, we use the PCR algorithm in mTrack (Section 3.4.3) to combat background
reflection.

Combating background reflection. We compare mTrack with the ground-truth
(Oracle) and two alternative techniques: (i) Basic, which directly employs the phase-
tracking algorithm in Section 3.4 without handling background reflection. (ii) Static
Subtraction (SSub), which surveys the background reflection offline when the target

is out of tracking region. Then, it subtracts the measured background directly from
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baseband signals, assuming the background is static and remains the same w/ or w/o
target present. This is typically used in scenario where background signals have long
coherent time, e.g., radar-based object identification [29,113].

Figure 3.16 and 3.17 depict example trajectory outputs of these schemes when the
pen moves linearly across 10 cm w/ and w/o background reflection. Figure 3.18 plots
the CDF of tracking errors across the trajectory and over 10 trials. When there is no
background, all methods have little deviation. When background is present, the ba-
sic method exhibits large deviation (median error of 30 mm and 90-percentile 5 mm).
Static subtraction leads to even larger error (median 40 mm and 90-percentile 70 mm),
because mmWave’s phase is highly sensitive to environment. The background signals
hardly remain static and subtracting an incorrect estimation incurs large penalty be-
cause of equivalently introducing an artificial background.

In contrast, mTrack’s DDBR and PCR algorithms both demonstrate mm-scale preci-
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sion, with median (90-percentile) error of 11 (18) mm and 6.5 (9) mm, respectively.
PCR achieves higher accuracy than DDBR mainly because our 60 GHz software defined
radio platform has relatively high phase noise (-80dBc at 5Mhz offset from carrier ac-
cording to our measurement). It can lead to maximum deviation of up to 0.2 radian
within one phase cycle. COTS 60 GHz radios have much lower phase noise (typically
<110dBc at 5Mhz) [175]. Our trace-based simulation shows that DDBR can outperform
PCR significantly under such noise level.

Different types of background. We now evaluate the performance of Basic and
mTrack (using PCR) under 3 different background types: (i) Strong background: a
metal cabinet is placed near the tracking region, facing one Rx antenna. (ii) Weak
background: a 60 GHz RF absorber is placed at the end of tracking region to isolate
the impact of cabinet on one Rx antenna, leaving background reflection from drywall
to the other antenna. (iii) No background: RF absorbers are placed along both the x-
and y-axis, protecting both Rx antennas from background reflection.

We also evaluate mTrack with human as dynamic background: (i) CS (close and sta-
tionary), MS (median and stationary), and FS (far and stationary): A human stands 1m,
2m and 3m facing one Rx antenna. Human breathing changes background reflection
signals. (ii)) WK1 and WK2: The human randomly walks in parallel or perpendicular at
2~3m to Rx antenna.

Figure 3.19 shows that mTrack maintains mm-scale precision across all background
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types. Its PCR algorithm effectively eliminates the impact of background reflection,
leaving median (90-percentile) residual error of only around 8 (12) mm compared with
the perfect case (no background). In contrast, the basic phase tracking deviates by up
to 30 (50) mm. Figure 3.20 shows that PCR can still effectively reduce tracking error
under human walking as dynamic background, since human body will not strongly
reflect mmWave signals.

Impact of phase noise on DDBR performance. We evaluate DDBR’s performance
under different levels of phase noise through trace-based simulation. The phase shift
of target reflection is generated by simulating the target moving along a triangle of size
5cmx5cm following the setup in Figure 3.5. Meanwhile, there is background reflection
from a static reflector, whose reflectivity is 1/3 of the target. The simulated phase shift
is contaminated by the trace of phase noise collected from our platform.

Figure 3.21 shows the impact of phase noise. DDBR’s tracking error decreases by
more than 80% when the phase noise is reduced from -80dBc to -86dBc, and after back-
ground removal, the trajectory is close to the oracle shape (triangle). Further reducing
the phase noise (to <-86dBc) will not significantly improve tracking performance since

phase noise is sufficiently small for DDBR to function correctly.
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3.7.1.2 Performance of APA

We proceed to verify mTrack’s APA algorithm with similar experiment setup as above.
The target pen is randomly placed over 30 positions 40 to 50 cm away from the re-
ceivers. We evaluate mTrack’s error in locating the target’s angle relative to the trans-
mitter/receiver (Section 3.5).

Benchmarking APA with discrete-step beam-steering. To emulate practical be-
havior of 60 GHz switched-beam antenna, we steer the antenna at discrete steps of 8°
(2x the beamwidth). Figure 3.22 shows that the spline interpolation does play a crucial
role in mitigating the effect of discrete switching between beam directions. Compared
with the basic method that directly takes the RSS-maximizing direction (Section 3.5), it
reduces the 90-percentile error from 2.5° to 1.5°, translating to positioning error of 10.5
mm.

Background subtraction for APA. In this experiment, in addition to the default
background (cabinet and drywall), we intentionally place a metal cup near the end of
writing region. Unlike large background like cabinet or drywall, small reflective object
as such is more likely to create sharp peak along certain direction, thus disturbing APA.

Figure 3.23 shows the anchor positioning performance. When beam steering granu-
larity is high (e.g., < 4°), mTrack has a small direction estimation error (around 1°) even
without background subtraction. This is because the pen is closer to the antennas and

generates stronger reflection than the background cup. Their reflection peaks can thus
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be reliably distinguished through fine-grained scanning. However, with coarser steer-
ing granularity, their peaks tend to merge, leading to an increasing error. Fortunately,
background subtraction effectively mitigates the impact of background reflection, hence
reducing the estimation error by 50%.

Figure 3.24 shows the APA performance under human movement as dynamic back-
ground. Human movement at 2m away from receiver does not affect positioning error,
since reflecting RSS from human body is much weaker than pen. Estimation error with-
out background subtraction increases to 2.8° when human stands close to receive an-
tenna. However, background subtraction can still consistently reduce positioning error

even under human movement.

3.7.1.3 Joint Performance of Tracking and APA.

Recall APA facilitates phase tracking through opportunistic calibration. In this experi-
ment, we verify the effectiveness of this joint execution. The target pen moves along a
circular trajectory of radius 7 cm. mTrack continuously runs phase tracking, and per-
forms the k/0-test (Section 3.5) every 2 seconds. It invokes APA calibration if the test
dictates so. Figure 3.25 shows the tracking error at every 2-second check point. Without
APA calibration, the phase tracking error steadily accumulates over time and reaches 46
cm when moving 150 cm continuously along the circle. In contrast, APA calibration caps

the phase tracking error below 10 mm across 90% of the trajectory.
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3.7.2 Performance on a Trackpad

We now evaluate mTrack’s performance in a real trackpad application. The experiments
are conducted in an office environment with natural background (drywall, metal cabi-
net, a user, and occasional human walking by). A 50cm x50cm writing region is created
on a wood table. To test the precision of APA in locating anchoring points, the user rests
the pen tip on 40 random locations, ensuring the bottom part of the pen is exposed to
the antennas. mTrack steers the antennas with granularity of 8°. To test phase tracking,
the user draws 10 circles and 10 triangles (with 20 cm perimeter) following printed
trajectories in the normal hand-writing speed. Since human-hand deformation will af-
fect phase tracking, testers hold the middle portion of pen, while directional antennas
point to the bottom portion. Due to lack of timing-synchronization between user writing
trajectory and tracking estimation, we approximate the tracking error as the minimum
projection distance from mTrack’s location estimation to the trajectory.

Types of writing objects. We evaluate APA for 3 writing objects of different re-
flectivity: metal-surfaced pen, plastic marker, and wood pencil (Figure 3.15(b)). Our
benchmark measurement shows that, at 40 away from the transmit/receive antenna,
the SNR of signals reflected by these objects are 12.3 dB, 10.1 dB and 4.7 dB, respec-
tively. Figure 3.26 plots the APA error distribution, which shows 90-percentile error of

2 cm, 4 cm and 16 cm, respectively. Obviously, object with strong reflectivity enables APA
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to easily combat noise, thus achieving higher precision. Note that the APA precision for
pen is lower than the benchmark test in Section 3.7.1.2, mainly because the presence
of user’s hand creates more uncertainties.

Remarkably, mTrack’s phase-tracking algorithm demonstrates the high accuracy in
this trackpad application (Figure 3.27). The 90-percentile errors for pen, marker and
pencil are 8 mm, 11 mm and 4.8 cm respectively.

Localization/tracking error across a large region. Distance between the target
and the receiver determines the reflected signal strength and hence may affect mTrack’s
accuracy. The transmitter and receivers are placed at coordinates (100, 100) cm, (50,
100)cm and (100, 50)cm, respectively. To quantify such location-dependent error, we
partition the writing area into 10cm x10cm squares, and repeat the previous precision
test on each square. Figure 3.28 and 3.29 plot the APA and phase-tracking error across
all squares within a 90cm x90cm region.

When the pen is close to both receivers (distance < 60cm), mTrack can achieve
high accuracy with APA/tracking error of <1.5 cm and <8 mm, respectively. Accuracy
starts degrading when the target moves over 70 cm away from receiver, and hence SNR
drops. Nonetheless, the tracking error is still within 1.5 cm even when the target is 90
cm from the receiver. mmWave attenuates to almost noise floor at 100 cm owing to high
pathloss of mmWave signals. We expect at least two ways of scaling the writing region:

increasing the transmit power, and placing more receivers along the x- and y-axis. We
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| Event | Touch | Lift | Click [ ND |

Touch | 94.0% 0 0 6.0%
Lift 0 93.5% 0 6.5%
Click 0 0 94.8% | 5.2%

Table 3.3: Classification accuracy of touch event. ND means no-detection.

leave such exploration for future work.

Accuracy of touch event detection. To verify mTrack’s event detection algorithm,
we recruit 7 users to perform the “touch”, “lift” and “click” gestures on the writing region
using a pen. Each user first provides a 10-sample training set to find the best threshold
H (Sec. 3.6), and then repeat each gesture for 50 times to test the detection algorithm.
Table 3.3 shows the confusion matrix of gesture detection among all users, and Figure
3.30 plots the detection accuracy of each users over all events. The detection accuracy
of all three types of events is around 94% and does not vary noticeably across users.
Notably, the event misclassification rate is 0, indicating that the RSS based approach can
reliably discriminate different gesture events owing to the highly directional beams. The
miss detection of events is mainly due to the variation of users’ touching speed, which

may not always be consistent with the training set.
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3.7.3 Application of mTrack

We integrate mTrack with a word recognition application to showcase its potential in
computer-human interaction. In specific, we record the writing trace from mTrack word
by word, and then export the trace to control the mouse on a PC that runs the MyScript
Stylus [18] word recognition software. mTrack’s event detector is used to segment the
connections between characters in a word. Figure 3.31 shows two examples when we
use mTrack to track the character/word trajectory, which exhibit high fidelity even if
each character spans only 1 or 2 cm.

We further recruit 7 users to each write 100 random characters and 50 words us-
ing metal-surfaced pen on a 15 cmx 15cm writing region. The words are randomly
picked from the standard MacKenzie set [108], which well represents the usage fre-
quency of English words. Figure 3.32 plots the recognition accuracy across users. The
accuracy for both character and word ranges from 81 to 89% across users. Users also
perform the same test on a real trackpad, and the recognition accuracy is from 88 to
92%, which shows that mTrack’s performance is close to the trackpad. Considering the
potential penetration of portable millimeter-wave radios [53, 126], we believe mTrack

holds potential as a new form of “in-situ” transcription system.
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3.8 Discussion

This chapter presents mTrack, a high precision passive object tracking system that uses
60 GHz signals as sensing medium. mTrack takes advantage of the short wavelength
and steerable directional beams of 802.11ad-like 60 GHz radio devices, and uses subtle
RSS/ phase variation to track passive writing objects on a trackpad-like area. It can
track a pen at sub-centimeter level accuracy, which even outperforms existing systems
that use radio-instrumented objects. Considering the growing popularity of 60 GHz
devices, we believe mTrack can potentially open up a wide range of mobile sensing

applications.
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CHAPTER 4

Pose Information Assisted Robust 60 GHz

Networks

The millimeter-wave (mmWave) wireless technology is emerging as a disruptive net-
working paradigm to provide multi-Gbps connectivity for demanding applications, such
as wireless backhaul [58], cordless virtual reality (VR) [25], wireless fiber-to-home
[54], mobile-to-screen video cast [22], etc. FCC’s recent policy to release 14 GHz of un-
licensed spectrum, along with standardization activities such as the IEEE 802.11ad [82],
802.15.3c [9] and 802.11ay [20], have spawned many consumer grade mobile devices
on the 60 GHz mmWave band. For example, TPCAST [170], a 60 GHz adapter, can
replace the cables between a VR headset and its PC host. Recent 60 GHz capable smart-
phones and laptops [144] can stream Gbps uncompressed videos to an external display.

Ideally, one would anticipate the 60 GHz technology as the next-frontier for mobile
broadband, to replace the current WiFi. However, to date, the use cases of the 60 GHz
wireless technology have mostly been focusing on point-to-point, stationary links. To
enable seamless coverage and mobility support, 60 GHz networks need to overcome
fundamental barriers that do not exist in the prior low-frequency counterparts. To com-
pensate for the intrinsic attenuation losses due to short signal wavelengths, 60 GHz ra-
dios adopt phased-array antennas which comprise many planar patch elements to form
directional beam patterns. Although these beams are electronically steerable, their joint

coverage is still limited due to the inherent half-space coverage of patch antennas [134].
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Figure 4.1: Multi-AP networks: APs are partially overlapped and connected to a backend
server via wireless backhaul.

So the phased-array bears a limited field-of-view (FoV), much like a camera. And the
signal strength largely depends on whether the receiver falls in the transmitter’s FoV.
Consequently, achieving stable 60 GHz connectivity, even at room-level, becomes a non-
trivial task.

This chapter introduces Pia, a robust 60 GHz network architecture that can provide
room-scale coverage at multi-Gbps bit-rate. Pia is tailored for emerging applications
such as wireless virtual-reality [25], augmented-reality [120], uncompressed miracast
[22], all requiring Gbps connectivity between a mobile device and a backend server for
computational offloading or graphical rendering. Our basic idea is to deploy multiple
cooperating APs (e.g., at the corners of the room), each covering a “picocell” region
that can complement others’ blind spots. No matter how the client device moves and
rotates, it is likely to fall in the FoV of at least one of the APs (Figure 4.1). The APs can be
802.11ad-compatible access points or dedicated relaying devices [25], which connect
to a backend server through Ethernet cables or fixed-beam wireless backhaul [58].

The idea of multi-AP coordination has been investigated extensively in legacy WiFi
or cellular networks [63,115,128,159,162], and the key problem is to determine which
AP to connect to, based on signal strength, traffic load, etc. But the new characteristics
of 60 GHz bring unique dimensions to the problem. Since each 60 GHz AP may possess

hundreds of beam directions, a straightforward way of selecting the AP will entail trial-
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and-error probing across all these directions for all APs. When multiple clients coexist,
multiple iterations of probing are needed to negotiate the best spatial reuse, which
compounds the overhead. Most critically, the probing needs to be done not only when a
client changes its location, but also its orientation. Consequently, the probing overhead
may overwhelm normal data transmission.

Pia overcomes this issue by leveraging the 5-DoF pose information (%, y, z position
and polar/azimuth orientation) that is available on many mobile devices (e.g., VR head-
sets [79] and smartphones/tablets with visual-inertial sensing capabilities [67,101]).
More specifically, Pia employs a model-driven approach to predict the best AP based
on a client’s pose, and to assign the best beam pattern each AP should use to maxi-
mize the spatial reuse among multiple clients. To this end, we identify 4 unique design
challenges.

First, our measurements indicate that the 60 GHz throughput often experiences a
catastrophic drop as a client moves out of the AP’s FoV, so the conventional multi-AP
protocols that react after throughput change can no longer sustain robust connectivity.
We thus design a pose-assisted link predictor that allows the client to proactively switch
to a new AP, before the current link quality drops to an intolerable level. This decision
builds on a prediction of the client’s short-term pose change, paired with a simple model
of the AP’s coverage which does not require probing all beam patterns.

Second, a vast literature in directional-antenna networking at low-frequency bands
assumed cone-shaped beams [41]. In contrast, practical 60 GHz phased-arrays have
imperfect directional beam patterns that often comprise multiple sidelobes, causing ir-
regular interference patterns across spatial angles. Pia addresses this challenge using
a pose-assisted spatial sharing mechanism, which jointly optimizes the AP selection and
beam assignment, to maximize the concurrent transmission opportunity when multiple
clients coexist.

Third, the above two mechanisms assume Pia knows the AP’s relative position and
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orientation within the client’s coordinate. However, the actual APs are often placed in
an ad-hoc manner. To meet this challenge, we design a statistical algorithm, called AP-
Pose Sensing (APS), that can estimate the AP’s pose based on a random set of link-quality
measurement at the client side.

Finally, Pia’s interference management mainly models the line-of-sight (LOS) link
quality. But the model can be occasionally disturbed by non-line-of-sight (NLOS) reflec-
tions from close-by objects (e.g., concrete walls or metal cabinet). We design a novel
compressive angle estimation method, that fuses the pose information with the link qual-
ity measurement, so as to discriminate the reflection paths and model their impacts
separately.

The contributions of Pia can be summarized as follows.

(i) We propose to use pose information as a fundamental primitive, and identify the
associated challenges/opportunities to facilitate robust connectivity within a 60 GHz
multi-AP architecture.

(ii) We design pose-assisted link prediction, spatial sharing, and AP-pose sensing
mechanisms, to enable efficient link/interference management for practical 60 GHz
clients.

(iii) We implement Pia on a COTS testbed with 4 60 GHz radios each with a 4x8
phased array. Our experiments show that Pia’s pose-assisted AP switching effectively
reduces the hazard times (catastrophic throughput drops) by 4.2~6.3x, and the spatial

sharing enhances the network capacity by 76% compared to the 802.11ad.

4.1 Related Work

Pia is most closely related with the following domains:
Robust 60 GHz networks. To make 60 GHz networks robust against human block-

age and movement, prior research primarily focused on minimizing the beam search-



98

ing overhead, so that the 60 GHz links can efficiently recover from disruption. Exist-
ing systems leveraged the correlation between beams [166] or used out-of-band chan-
nel [25, 164] to estimate the best beam at low overhead. However, when blockage
occurs, the reflection path may be either weak or non-existent [165]. To ensure better
coverage, MoVR [25] adopted a customized 60 GHz relay to amplify and forward the
AP’s signals. To maximize the beam alignment, MoVR also leverages the pose to guide
the AP/mirror’s beam steering. Pia shares similar spirit—the multiple APs act as relays
for the client. Yet, Pia focuses on the more general problems of AP selection/switching
and spatial reuse, harnessing the pose information on client devices. Pia is compatible
with 802.11ad or any future 60 GHz base stations, and does not need dedicated analog
signal forwarders as in [25]. UbiG [145] discussed an alternative solution of 60 GHz AP
switching based on the channel probing. The client can estimate its physical position in
the network by analyzing multipath reflections from nearby APs. However, the intensive
overhead of channel feedback and multipath computation make this approach not suit-
able for latency-sensitive applications, e.g., wireless VR. In contrast, Pia can deliver the
low-latency network and better capacity by leveraging the pose information and jointly
minimizing the interference across multiple APs and clients.

The general idea of using smartphone sensors to improve network performance has
been examined in [137], which proposed to synthesize various motion sensor hints to
adapt protocol primitives such as bit-rate adaptation. Sani et al. [33] conducted an em-
pirical study and showed that, by judiciously choosing among multiple directional an-
tennas on a mobile device based on motion sensor information, the WiFi link SNR can
be improved by 3 dB. In contrast, new challenges emerge in 60 GHz networks due to
vulnerability to blockage and limited FoV. Meanwhile, the electronically steerable beams
bring new opportunities to spatial reuse. Yang et al. [202] designed a sensor-assisted
multi-level codebook for efficient beam searching under mobility. Pia, in contrast, har-

nesses the 5-DoF pose information to address the network-level problems arising from
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multiple APs and clients.

AP handover and selection. Numerous solutions have been proposed to curtail the
AP handover/reassociation overhead in WiFi networks. The most viable idea is to fork
multiple virtual network interfaces [47,90]. Although the switching mechanism itself is
still applicable, the decision metrics for switching (e.g., signal strength, distance [115,
162] and location [63,128,159]) in low-frequency networks are no longer applicable
to the 60 GHz network due to orientation sensitivity. Alternative machine-learning
based selection algorithms [55,163,196]) have been explored. However, such learning
algorithms require dense training, and the accuracy is still much lower compared with
Pia’s geometry-model based algorithm (Sec. 4.6.1). Athanasiou et al. [37] proposed an
asymptotically optimal algorithm to balance and ensure fair client association in 60 GHz
networks. In contrast, Pia is the first work from an architecture/systems perspective that
optimizes the 60 GHz link quality and reliability via AP/beam switching using the pose
information.

Spatial reuse of 60 GHz networks. Directional antennas are known for achiev-
ing spatial reuse and alleviating interference. A vast literature [41] explored the MAC
issues in directional networks. DIRC [106] further accounted for the impact of irreg-
ular interference with imperfect directionality. These systems focus on static radios,
with a cone-shaped antenna model, which differs dramatically from the beam shape of
practical 60 GHz phased arrays (Sec. 4.4.1). Park et al. [122] proposed a null-forming
technique that can create specific null points to avoid interfering peer devices, but this
requires arbitrary control of the antenna weights, whereas practical 60 GHz phased

arrays can only use a set of fixed beamforming weights which form a codebook.
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Figure 4.2: FoV and performance of the commercial 60 GHz laptop in our measurement.
Varying (a) client device’s azimuth orientation, (b) AP-to-client distance (azimuth = 0°).

4.2 Background and Overview

4.2.1 Limited FoV of the 60 GHz Radio

Impact of FoV alignment on link quality. Early studies of 60 GHz phased-array [134]
indicated that its coverage is often limited to less than half-space. To elucidate the
problem, we set up two 802.11ad laptops, as AP and client, respectively; both equipped
with the Qualcomm QCA6300 series chipset [133]. We measure the link throughput
when rotating the client in front of the AP which is 1.5 m away and facing to the client
directly (more details of the setup are in Sec. 4.5). From the results (Figure 4.2(a)),
we can make two observations. First, the client’s high-throughput coverage area forms
an angular sector (around 170°), which we refer to as its FoV. Once the AP falls outside
the client’s FoV, the throughput drops sharply, from 2.2 Gbps to several hundred Mbps.
Note that the antenna’s FoV is different from its beam pattern. Each beam pattern is much
narrower than the FoV itself (more in Sec. 4.4.1). Second, there is no ‘notch’ inside the
FoV—all the beam patterns together can fully cover the FoV, ensuring a consistently
high throughput.

The limited FoV practically exists in all 60 GHz devices, because the phased array’s

front-side comprises many planar antenna elements, each having a FoV of 80° to 180°
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[134,207]. The backside has very weak signal emissions, because it is grounded by a
metal plane, and often faces inward the host device which causes strong attenuation.
Following this common practice, 802.11ad-compatible laptops (e.g., Acer P446 and Dell
Latitude E7240) typically install the phased array close to the outer surface of the lid.
The TPCAST [170] 60 GHz adapter is mounted atop a VR headset, with the phased
array pointing towards the ceiling. For smartphones, antennas are recommended to be
placed on the top or bottom surface [142].

Note that, besides the host device itself, the human user can further block the phased
array. In this work, we assume the user of the device always falls outside the phased
array’s FoV, i.e., blocking the backside only. This is a valid assumption considering the
antenna placement principle [168] (in the most unobstructed zone during regular use),
and also the fact that the user moves synchronously with the device in practical appli-
cations, e.g., mobile gaming and wireless VR. Blockage of other users can be alleviated
by careful AP deployment/planning, which will be discussed in Sec. 4.7.

Figure 4.2 (b) also plots the measured throughput as link distance increases, with
client and AP falling in each other’s FoV. We find the link can sustain a high throughput
over a reasonably long distance. Even at 13 m, the throughput remains at 1.8 Gbps,
much higher than the out-of-FoV case. This range is consistent with previous mea-
surements [117,215]. It indicates that the devices’ orientation, which determines FoV
alignment, plays a more critical role than link distance in maintaining robust room-level
connectivity.

Profiling the beam-steering under mobility. Can the beam steering on commercial
802.11ad radios be fast enough to adapt to the user movement? To answer this ques-
tion, we walk inside the network area, holding the client device with natural pose varia-
tions, but keeping it within the FoV to an AP. Figure 4.3(a) further plots the throughput
measurement over time. Although the throughput shows higher variations, the mo-

bile in-FoV case can still maintain 50% at worst and 80% on average compared to the
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Figure 4.3: Performance impact by the limited FoV: (a) Throughput and (b) AP’s beam
index under static/mobile in-FoV and static out-FoV.

stationary case, and 3~5x higher than the out-of-FoV case. The beam index changes
rapidly in the mobile case (Figure 4.3 (b)), indicating the real-time beam adaption of
802.11ad can accommodate user mobility with reasonable efficiency, at least at walking
speed. So the in or out of FoV relation becomes the dominant factor that determines link

throughput.

4.2.2 Pia Operations

To facilitate seamless coverage and mobility support for 60 GHz networks, Pia adopts
a two-stage workflow (Figure 4.4). The sensing stage takes the 60 GHz link status in-
formation, i.e., Modulation and Coding Scheme (MCS) and beam index, along with
the pose information from the mobile client as input, and runs the AP-pose sensing
(APS) algorithm (Sec. 4.3.2) to estimate the APs’ pose within the client’s coordinate
system. With the same input, Pia also runs a compressive angle estimation algorithm to
estimate the location/orientation of major reflectors that may affect the network per-
formance (Sec. 4.4.2). Both schemes are one-time initialization procedures that run
before putting the network into use. They need to be repeated only when the APs are
redeployed or the environment changes significantly.

During the running stage, each client periodically feeds back its pose information
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Figure 4.4: Pia’s modules and operation workflow.

to the backend server, using its current AP as a relay. The server runs the link pre-
diction (Sec. 4.3.1) and interference management (Sec. 4.4) algorithms, and returns
the decisions to the APs/clients. Pia’s decision-making mechanisms are proactive in
nature, based on a prediction of the long-term (> 500 ms) pose (Sec. 4.3.1.2). The
pose sampling period and feedback latency are relatively negligible compared with the

look-ahead time.

4.3 Pia Design

4.3.1 AP Selection

We first consider a single mobile client and focus on how to dynamically select the AP to
maintain high link throughput. This issue resembles the classical AP handoff problem in
WiFi [63,115,128,159,162]. A common solution is to probe each AP and select the one
with highest potential throughput. However, such approaches are reactive, and more
critically, the many-beam phased-arrays in 60 GHz networks will cause huge probing
overhead. For example, to probe all possible beams, an 802.11ad client needs to wait
for the beam training beacon, which occurs only once per beacon period (typically 100
ms) [118]. By the time a proper AP is identified, the link may have already suffered

from a long period of outage. Pia adopts a different design principle. It predicts the
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phased array. poses.

best AP based on the client’s pose, without explicit probing. It proactively decides on
which AP the client should switch to, and when. The AP/beam selection algorithms will
execute each time when a new pose data arrives. Pia will inform AP the new beam
selection only when algorithm’s output changes. We now describe the mechanisms in

detail.

4.3.1.1 Pose-Assisted Link Predictor

In Pia, each pose sample, denoted as P = [z, 4, z, 0, ¢|, represents the 3D location, polar
and azimuth angle of the norm of the phased array in a spherical coordinate system
(Figure 4.5). We can ignore the rotation angle around the antenna’s norm direction
because such rotation does not change the FoV alignment relation between the client
and AP.

Based on the empirical insights in Sec. 4.2.1, each client discriminates the APs us-
ing a binary metric 0/1, denoting whether an AP is estimated to be within or out of
FoV. It should be noted that this binary metric is only applied for AP selection pur-
poses. Finer-grained metrics will be used for multi-client interference management
(Sec. 4.4.1). In addition, for picocell coverage within a room area, the power budget of
commodity 60 GHz devices already provides consistently high throughput for the in-FoV
case (Sec. 4.2.1). For larger scale networks such as outdoor small-cells, the AP-to-client

distance may have a non-negligible impact, but can be easily modeled in Pia given the
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location information.

The predictor takes the AP’s and client’s poses as input. It predicts the link status
as 1 if they mutually fall within each other’s FoV (Figure 4.6), and O otherwise. We
define the FoV angle as from the antenna norm to the edge of its coverage (s and 3.
in Figure 4.6). For example, the FoV of our device is 85°, measured in Figure 4.2. A
device’s FoV is generally available from its antenna specifications, or can be manually
measured following Sec. 4.2.1.

Let P. = [z, ¥e, 2e, Ocy o] @and Py = [z, ys, 25, 05, ps| be poses of client and AP, re-
spectively. Pia computes two vectors Vg and V. that point to the norm of AP’s antenna

and the direction from AP to client, following 3D geometry:

Ve = Ry (0)Ry(9,)[0,0,1]" 4.1

Vsc - [xca Ye, ZC]T - [x& Ys, ZS]T (42)

where ()T denotes transpose operator. Ry (a) and R,(«) are the 3D rotation matrices
[191] that rotate a point relative to the origin along Y-axis and Z-axis by an angle of
a respectively. Eq. (4.1) converts the orientation of AP’s antenna into a vector format.

Then Pia can determine the angle ¢, between vectors Vg and V. by:

¢s = atan2(||Vs X Vell2, V' Vee) (4.3)

where function atan2(-) calculates the four-quadrant inverse tangent [192]. Similarly,
Pia computes the angle ¢. between the norm of client’s antenna and — V., and checks

if ¢, and ¢, are smaller than the AP’s FoV 3, and client’s FoV j,:

_ L ¢s<Bs ¢c<P
Link State = (4.4)

0, Otherwise
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tively.

Figure 4.7 plots an example trace of the link predictor, as the client walks within
a 2x3 m? region with natural orientation changes (More setup details are available
in Sec. 4.6). To obtain the ground-truth link state, we measure the link throughput
corresponding to each pose sample, and then convert it into 1/0, using a threshold of
1.6 Gbps that can reliably distinguish the in-FoV and out-FoV (Sec. 4.2.1). We highlight
the false in-FoV predictions (i.e., out-FoV predicted as in-FoV) which mislead the client
to switch to a low-throughput AP. We find the prediction error is only 9.11% across
all the 1324 pose samples. More importantly, the errors mostly concentrate on the
boundary area i.e., when transiting from in/out-FoV to out/in-FoV. We will show that
such errors have marginal impacts because Pia reacts well before the transition occurs

(Sec. 4.3.1.3).

4.3.1.2 Pose Predictor

Pia needs to estimate the link status for the near future based on a prediction of the
client’s pose. For simplicity, it adopts a classical kinematic model, Continuous White
Noise Acceleration (CWNA) [40], for pose prediction, although other kinematic models
can be applied as well. CWNA assumes zero acceleration, i.e., both the linear and

angular velocities are stable within a very short duration. Thus, the pose P, at time



107

Region of unreliable Unreliable Switch

Region point
AP ~
210 001 1 1 1 1
AP 1 AP 2 111 1 1 101 0 O
~— Switch point — t+1 t+2 t+3 t+4 --- t+L Time
(a) (b)

Figure 4.8: (a) AP switching during the transition area. (b) Table of predicted link
status for two APs.

t + 1 can be predicted as:

~ ~

P.(t+1) = Pe(t) + AP(1),

~

AP (t+ 1) = AP(t),

where AP.(t) = P.(t + 1) — P.(¢) is the pose velocity.

A key question here is how far should Pia predict ahead of time. Let L denotes
the look-ahead time. L should be long enough to ensure the AP switching can finish
timely, yet not too long to make the prediction unreliable. In our Pia implementation
(Sec. 4.5), the AP switching time is negligible (< 10 ms), so we empirically set L to 500

ms, roughly the scale where human movement velocity remains coherent [40].

4.3.1.3 AP Switcher

To avoid the adversarial impact of false in-FoV predictions (Sec. 4.3.1.1), Pia leverages
the transition area where different APs’ FoVs partially overlap (Figure 4.8 (a)). It makes
AP switching decision ahead of time before the link status of current AP degrades, so
as to avoid the boundary region vulnerable to false prediction. To realize seamless
switching, the APs should be deployed with partially overlapping FoVs. However, we
will empirically verify that, even when this requirement is not satisfied, Pia’s AP switcher
can still minimize the client’s outage duration (Sec. 4.6.2).

To determine the desired AP and appropriate switching time, Pia’s AP switcher takes
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the predicted link status for all APs from time ¢ + 1 to ¢t + L as input. Figure 4.8(b)
shows an example time series of link status (0/1) prediction for two APs, computed
based on the pose data of headset and AP using Eq. (4.4). Such information forms a
table-like data structure. Pia then makes the switching decision following three basic
rules: (i) Prepare a switching only if the current AP has at least one 0 value in the table.
Otherwise, the AP will remain in the client’s FoV in the look-ahead duration L and
switching is unnecessary. (ii) Look for other APs that have overlapped 1s with current
AP in the predicted time span, and select the AP with smallest AP-to-client distance as
the AP to switch to. This essentially enables Pia to react within the transition area,
and choose an alternative AP with potentially strongest RSS. (iii) Choose the center of
overlapped 1s as the switching time, so as to avoid the boundary regions vulnerable to
prediction errors (Figure 4.8).

There are two exceptional cases that Pia needs to handle in order to minimize the
impact of potential link outage: (i) When no other APs have any 1s, Pia needs to stick
to the current AP. (ii)) When no overlapped 1s exist, Pia will switch to the AP that has

the earliest 1 in the predicted time span.

4.3.2 AP-Pose Sensing

The above link predictor assumes the APs’ poses are known. Ideally, a user can mea-
sure APs’ poses during deployment. However, in practice, the phased array antenna is
commonly sealed inside the device, and the exact direction where its FoV points to is
invisible to the end user. Pia’s APS algorithm overcomes this barrier by automatically es-
timating each AP’s pose, which will account for the antenna array placement inside the
device. Although certain localization schemes [84] may help obtain the AP’s (xy, ys, 25)
coordinate, they require at least three reference devices. Pia’s use cases typically do not
satisfy this requirement because only one reference device, i.e., the mobile client, exists

with known position. Besides, these schemes need access to fine-grained PHY-layer in-
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formation such as phase, and often require precise carrier clock calibration between the
transmitter and receiver, which is not viable on commodity 60 GHz hardware. To en-
able 5-DoF AP-pose sensing for a wider range of 60 GHz devices, we devise a statistical
algorithm that only needs the link throughput measurement as input.

Collecting the sensing data. APS is called during the sensing stage of Pia, when the
user randomly walks within the network coverage. Meanwhile, the client device records
its pose and link throughput with respect to a connected AP. Then, Pia converts the link
throughput into binary link status in the same way as the experiments in Figure 4.7.
Since a client device can estimate the link throughput for multiple APs simultaneously,
a user only needs to collect the sensing data for all APs with a single walk. Besides, the
user’s walking trace needs not cover every spot in the area.

Statistical estimation of the AP pose. Let S; denote a set that contains all legit-
imate AP’s pose values, and S; be the pose samples in the sensing trajectory. Then
the optimal estimation of the AP pose should result in the minimum error in matching
the measured in-FoV/out-FoV samples. We formulate this optimal estimation P* as one
that minimizes the weighted false in-FoV errors (wr;) and false out-FoV errors (wro) for

a given set of samples:

P = arg min wFIZLS:t{ iTlFOV(Pi, P]> * (1 — t])+
Piess (4.5)
U)Foz‘jsztl (1 — iTlFOV(PZ‘, P])) * tj7

where |S¢| represents the number of samples in S¢, and ¢; is the ground-truth link status
(0/1 value). Function inFoV(-) determines if the client and AP are within each other’s
FoV (Eq. 4.4) and returns a binary (0/1) indicator. P; denotes the AP’s pose and is
the only variable we need to solve. We choose to minimize the weighted error because
the false in-FoV error is more harmful to the link stability than the false out-FoV error
(Sec. 4.3.1). Thus, it deserves a larger weight in the optimization (wg:wro = 4:1 in

Pia).
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Figure 4.9: AP-pose sensing: Determine the orientation from a 3D ellipsoid that covers
all client’s poses in the AP’s FoV.

However, Eq. (4.5) is non-convex, and solving it directly will be computationally
expensive due to the large space of S;. Suppose we partition locations in the unit of
10 cm and rotations in 3°. Then the number of candidate poses for a typical-size room
(120 m?) will be 2%,

To prune the search space, we leverage a sweet spot where the axial direction of
the AP’s FoV passes through. At this location spot, the in-FoV estimation should have
a minimal error. To locate such a spot, consider an example trace of sensing data in
Figure 4.9, where we mark all locations with “in-FoV” link status as red dots. Using
the approach in [169], Pia finds a 3D ellipsoid of minimum volume covering all the red
dots. The ellipsoid’s center is identified as the sweet spot because steering the AP’s FoV
to it will maximize the number of red dots the AP covers. Afterward, Pia searches over
the 3D space using Eq. (4.5) to determine the AP’s location. The search space becomes
much smaller because it only involves 3-DoF. Since the sweet spot uniquely specifies
the axial direction of the AP’s FoV, the AP’s orientation can be directly determined for
a given location without searching. Algorithm 4.1 summarizes the above procedure
of APS. Moreover, Pia can detect the AP position change after initial sensing, because
an inaccurate AP pose will significantly reduce the AP selection accuracy (Sec. 4.6.1).
When the AP selection reliability degrades below a certain threshold, Pia will notify the

user to recalibrate the AP’s pose.
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1: procedure APposeSensing(S;, T, wrr, wro)
2 [24, Y4, 24] = ellipsoidCenter(S;) >> Find the sweet spot
3 D = APLocList(S;) > Generate list of legitimate AP locations
4: vMin < inf, P*<-NULL > Initialize variables
5: for [z,,y,, 2] € D do
6 [0,, ps] = toAngle([xs, ys, 251, [Ta, Ya, z4]) > To orientation
7 P, < [z4,ys, 25,05, 03], v < 0 > Candidate AP pose
8 for P; € S, t; € Ty do
9: v =0+ inFoV(P;,P;) x (1 — t;) *x wr
10: +(1 — inFoV(P;, P;)) x t; * wro > Eq. (4.5)
11: end for
12: if v < vMin then >> Minimize weighted error
13: vMin < v, P* < P
14: end if
15: end for
16: return P* > Return the estimated AP’s pose

17: end procedure

Algorithm 4.1: AP-Pose Sensing.

4.4 Pose-Assisted Interference Management

Despite the 7 GHz of spectrum for 802.11ad, there only exist 4 orthogonal channels.
Multiple clients sharing the same channel can become inevitable in dense networks, and
when the AP-to-server wireless backhaul needs dedicated channels. The 802.11ad stan-
dard [82] specifies a spatial sharing mechanism, where directional links can sense their
mutual interference. Concurrent transmissions are allowed only among interference-
free directional links. However, to allow other links to sense its interference, each link
needs to first transmit in an exclusive service period [82]. This repeats whenever its
beam changes, which ultimately reduces spatial reuse, especially when there are multi-

ple mobile links. We now describe how Pia overcomes the challenge.
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Figure 4.10: (a) Example measured BSV (RSS across all beam patterns for a given
angle.) (b) Derive BSV from beam patterns at -36°.

4.4.1 Improving the Spatial Sharing Opportunity
4.4.1.1 Beam Strength Vector

Pia uses beam strength vector (BSV) as the core data structure to arbitrate the AP beam
assignment for multi-client scenarios. BSV is defined as a vector characterizing the
RSS values (w.r.t. the AP) across different transmit beam patterns. An example BSV is
shown in Figure 4.10 (a), measured using our 60 GHz AP and a customized software
radio (Sec. 4.5) separated by 2 m. To obtain the BSV in commodity 60 GHz devices,
there are two approaches:

Measurement from radio. First, one can leverage 802.11ad’s built-in beam training
protocol. At the beginning of each Beacon Interval (BI), the AP transmits multiple
beacon frames, each using a different beam pattern. The client can record the RSS of
each transmit beam pattern, which forms the BSV. This approach doesn’t rely on the
pose information and can be applied to general scenarios.

Prediction from pose. However, an AP sends out beacon frames at a fixed time
interval, e.g., 100 ms, which is too long for delay-sensitive VR applications. Instead
of waiting until the beginning of a BI, Pia chooses to leverage the pose information

to directly derive the BSV. It first calculates the polar/azimuth angle looking from the
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Figure 4.11: Samples of measured beam patterns of the phased array antenna. Left-top
number is the beam index.

AP’s pose to the client’s position (similar to Eq. (4.2) and (4.3)). It then looks up the
gains of all beam patterns in the view-angle direction. The angular beam pattern can be
obtained from the phased-array datasheet or using a one-time measurement (Sec. 4.5).
Figure 4.10 (b) illustrates a 2D example of this procedure, where the left plots the
gains of different beam pattern indexes at different angles, and the right shows the

corresponding BSV at angle -36°.

4.4.1.2 Pose-Assisted Spatial Sharing

To enhance the spatial reuse opportunity, we introduce a novel interference manage-
ment framework, which leverages the pose information to simultaneously determine
the best AP and beam pattern for each client. Our key insight is that practical phased-
arrays are not perfectly directional. Due to the use of discretized beamforming weights
(i.e., codebook entries) [134], each beam pattern may bear a main lobe along with mul-

tiple weaker side lobes. Figure 4.11 illustrates example beam patterns of our AP device,
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Figure 4.12: An example BSM for 3 APs and 3 clients.

measured using a software radio (Sec. 4.5)!. The results are consistent with previous
measurement study [117] using similar hardware. Therefore, instead of greedily choos-
ing the beam with strongest main lobe for each link and then measure whether the links
can coexist without interference as specified by 802.11ad [82], Pia can judiciously as-
sign beams with weaker lobes, which may sacrifice the RSS of certain links but create
more spatial reuse opportunities for them.

We formulate this basic idea as a joint AP selection and beam selection problem. For
clarity, we will focus on the downlink and optimize the AP’s beam selection because the
downlink traffic will be the dominance in the VR application. However, the extension
to uplink and client-side optimization can follow the same principle since the client’s
pose is available. Our objective is to find the optimal AP and beam assignment that
maximizes the overall link quality using beam strength map (BSM), a data structure that
aggregates the BSVs between each pair of AP and client. Each row of BSM is a BSV
for a client and an AP. Figure 4.12 plots an example measured using our 3-AP 3-client

testbed (Sec. 4.5). To account for the signal attenuation over distance, Pia subtracts the

IPractical phased-array beam patterns deviate from the horn shape because: (i) The OEM codebook
does not account for the electromagnetic impact from peripheral electronic components on the phased
array. (ii) To reduce the manufacturing cost, the 60 GHz phased-arrays only have limited phase-shift
resolution (2-bit for each antenna element on the Qualcomm platform we use, i.e., switching among 0°,
90°, 180°, and 270°). (iii) Our radio uses the same beam pattern for both beacon frames and data frames.
The former is expected to have more diverse and wider beams [82].
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predicted BSV by the pathloss of Frii’'s model [190] which takes the AP-to-client distance
as input. Note that Pia does not need to predict client’s absolute RSS because the spatial
sharing mechanism only relies on the ratio between BSVs.

Suppose there are N, clients and N, APs. Let A(i) and B(i) be the AP and beam
assignment for client 7. Ideally, to maximize network capacity via spatial reuse, Pia

should maximize the Signal-to-Interference Ratio (SIR) of all clients:

Ne

1 BSM[A (i), i, B(i)]
NT ) (4-6)
BN, ; SN INFrnae(5, 1)

where BSM(a, i,b] denotes the signal strength from AP  to client i using beam b, and
function INF,(a, i) calculates the maximum interference that AP & can cause to client
i, which is given by:

INFppox(a,i) = max INF(j,1),
JA(j)=a

| BSMIA().i, B(j). A() # A()
INF(j, i) =

0, A(j) = A(0).

However, directly solving Eq. (4.6) entails a high runtime complexity — O((N,N;)e),
where N, is the number of beam patterns in the phased array. This above SIR-based so-
lution is not scalable to the client number. Moreover, in our evaluation (Sec. 4.5), we
found it cannot process the pose input in real time for even two clients. Instead, we
design a lightweight algorithm that maximizes the Signal-to-Leakage Ratio (SLR). The
leakage is defined as the signal strength sent by an AP and received by an undesired
client. SLR computes the ratio of desired client’s RSS to leakage. Maximizing the SLR
will also enhance the SIR because it minimizes the leakage that causes interference
to others. SLR reduces the optimization complexity by decomposing the dependency
between clients in AP assignment and beam assignment.

(i) AP assignment. To maximize the SLR, it is best to assign the client to an in-FoV
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1: procedure assignSLR(BSM[], N.)
2 fori=1:N.do
3 A (i) + indexOfMax(mean(BSM[:,i,:].")) > Assign AP
4 end for
5: for;=1: N.do
6 forj=1:N.do
7
8
9

SLR[j,:] % > Leakage from client i to j
end for
: B(i) + indexOfMax(min(SLR[:,:])) > Assign beam
10: end for
11: return A and B >> Return AP and beam assignment

12: end procedure

Algorithm 4.2: SLR-based AP and Beam Assignment.

AP at closest distance, because it maximizes the RSS while minimizing the leakage from
other APs. Pia thus assigns the client to an AP with the maximum average BSV across
all beam indexes (e.g., client 1 is assigned to AP 1 in Figure 4.12). When assigned to the
same AP, clients can work under the 802.11ad Time-Division Multiple Access (TDMA)
mode.

(ii) Beam assignment. Upon a new client assignment, the AP first iterates through
each beam index, and calculates the RSS of current client and maximum leakage signal
strength to other clients, which forms the SLR. The AP then chooses the beam assign-
ment that has the maximum SLR value. Finally, it examines whether the resulting SIR
for each client exceeds its packet decoding threshold; if not, it assigns a dedicated time
slot for it. Algorithm 4.2 summarizes the SLR-based algorithm. Its runtime complexity
can be straightforwardly derived as O(N.N,(N; + N,.)), and it is efficient enough to run
in real time. Though the SLR-based algorithm is suboptimal, our evaluation shows its
performance is close to the SIR-based algorithm.

Here are a few aspects that worth further discussion:

60 GHz AP deployment. Based on our experiments, we identified 3 general guide-
lines to maximize the coverage and effectiveness of Pia in a multi-AP network. (i)

Deploying the APs higher than typical human heights, such as ceiling, that will maxi-
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mize the AP’s FoV to the client and minimize blockage of other passing-by people. (ii)
However, placing the AP to the ceiling cannot prevent the link blockage. When a user
walks away from the AP’s beneath center, the client’s FoV is still prone to moving out
of the AP’s FoV. To ensure multi-Gbps coverage everywhere, the APs should be densely
deployed. (iii) The FoV of APs should be partially overlapped to minimize the number
of blind spots. Besides, it is worth noting that Pia is not tied to any specific ways of AP
deployment.

Pose information availability. Our evaluation results show Pia can tolerate 0.5
m location error and 0.35 radians orientation error. Current mobile devices, combin-
ing motion sensors, light sensor, camera, etc., can already provide accurate pose track-
ing. A3 [212] can estimate 3D orientation <5° using accelerometer and magnetometer.
Many mobile localization systems [91,92,104, 155, 189] can track users at centimeter
to decimeter accuracy. Commercial products such as Google Tango [67] can provide
the 6-DoF tracking at cm-level accuracy, by using motion sensors and a depth-camera.
VR headsets like HTC Vive [79] can tracking user motion at mm-level precision [59],
which is the ideal candidate for our system. All of these systems suffice to support Pia’s
pose-assisted design principle.

Extension to general mobile 60 GHz networks. Here, we tailored the system de-
sign to match a typical wireless VR setup in a constrained room environment. However,
the design principles can be extended to general millimeter-wave networks to support
mobility and seamless coverage. Although the absolute location tracking technologies
for mobile devices may not be sufficiently accurate and reliable, the relative motion
tracking (e.g., rotation change and moving offset) using built-in visual-initial sensors
can suffice for Pia. To alleviate the accumulated drift of relative tracking, Pia may peri-
odically apply the pose calibration (Sec. 4.4.3). Moreover, to mitigate the initial train-
ing overhead, we could deploy APs to known locations and develop an online-sensing

method to infer the phased array’s orientation (inside the AP) and reflectors’ poses dur-
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ing usage. Though it may trigger many error predictions at the beginning, the accuracy

could improve over more collected data, which we will leave for our future work.

4.4.2 Dealing With the Environmental Reflectors

The above scheme geometrically models the interference coming from transmitters
within direct LOS. In practice, when the transmitters become close to strong ambient re-
flectors, their beams may be redirected, causing NLOS interference. To account for such
effects, Pia incorporates a novel reflector sensing scheme which enhances the model in
Sec. 4.4.1.2. It requires the user to conduct a one-time environment learning, by placing
the 60 GHz client device near each strong reflector (typically concrete walls and large
metal furniture [99]). Due to the well-known sparsity of 60 GHz channel [165], from
60 GHz radio’s eyes, there are only a few dominant reflectors, which can account for
more than 95% of the total energy that can be received by the radio in a typical indoor
environment [188]. The selective scanning reduces the human labor and accelerates
the sensing process by avoiding many unnecessary positions. However, we cannot let
the user directly input the reflector coordinate since the reflectivity is unknown. Pia
uses a novel signal angle sensing algorithm (Sec. 4.4.2.1), which fuses the pose sensor
measurements with the BSV measurement, to estimate the relative location/orientation
of reflectors. During the SLR estimation, Pia accounts for the NLOS interference from
each reflector by modeling it as a virtual transmitter (Sec. 4.4.2.2). Moreover, strong
reflectors unlikely move frequently due to the size and weight. We only need to rerun

environment learning when their positions change.

4.4.2.1 Pose-Assisted Compressive Angle Estimation

The key idea in our NLOS interference model is to reverse engineer the reflectors’ im-
pact by tracing back NLOS signals’ Angle of Departure (AoD) and Angle of Arrival (AoA).

Such signal angles may be measured using a cone-shaped antenna with perfect direc-
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Figure 4.13: Compressive angle sensing and reflector estimation: measured BSV is the
sum of BSVs along two paths.

tionality [217]. However, our goal is to enable angle sensing in practical 60 GHz devices
which have imperfect beam patterns (Figure 4.11). Our solution originates from a key
observation: Whenever the reflector’s impact becomes non-negligible, the measured
BSV will deviate from the one predicted by using the LOS model (Sec. 4.4.1.2), and
become the superposition of two BSVs along the LOS path and reflection path (Fig-
ure 4.13).

Following the same approach as Sec. 4.4.1.1, Pia first obtains the measured BSV,
from which it then estimates the number of paths and their angles, based on a statistical
optimization model. For simplicity of exposition, we focus on the AoD estimation, but
the AoA applies in the same way. We first uniformly divide the AP-to-client view angles
(0, ¢) into N, pairs following the geodesic grid [193]. Let V(6;, ;) denote the predicted
BSV (Sec. 4.4.1.1) for the i*" pair of direction (6;, ;), and g; be the unknown channel
gain along the BSV direction. The measured BSV V, can be expressed as the sum of
BSVs from all directions multiplied by their associated gains: V, = S"2% V(6;, ¢:)g:.

Thus, we may estimate the AoD by solving g; in the system of equations:

Np
V., =Y V(bi,0:)g =0 (4.7
i=1

where the direction (6;, ©;) associated with a non-zero g; will be the AoD of one path.

The problem (4.7) is under constrained because N, > N,. For example, to achieve
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an AoD estimation granularity of 8°, we need to uniformly divide the 3D view angle
into 337 directions according to the geodesic grid [193]. Yet, for a phased-array of 32
elements, the number of beam patterns is only 64 following the standard practice of
codebook design [180]. To address this problem, we harness the channel sparsity of the
60 GHz channel [165], i.e., most AoD directions have close to zero gain (i.e., g; ~ 0),
and only those corresponding to the LOS and a few strong reflection paths are non-
negligible. We thus stack the g; into an N, x 1 column vector G = [g1, ..., gn,]", which
is now sparse. Thus, we can reformulate Eq. (4.7) into a compressive sensing problem

that minimizes the /; norm of the sparse vector G,
min ||G||; subjectto ||V, — VG|, <e (4.8)

where V = [V(0y,¢1),... ,V(0n,,¢n,)] is an N, x N, matrix, and ¢ is determined by
the radio’s noise power in BSV measurement. Eq. (4.8) can be solved efficiently in

polynomial time using the ¢;-MAGIC [46] or CVX [68] toolbox.

4.4.2.2 Modeling the Reflector Impact

Given the AoA/AoD, Pia can back-trace the departure and arrival paths, and locate the
intersection points as the estimated reflector positions. Let P. = [z, y., 2, 0., ¢.] and
Ps = [zs,ys, 25,05, ¢5| be the poses of client and AP, and (6,, ¢,) and (64, p4) be the
estimated AoA and AoD. The AP’s pose can be estimated by the APS algorithm (Sec.

4.3.2). The AoA path travels along a series of points with coordinate:

cos(pq) sin(,)l, Te
Ka<la) = Ry(ec)Rz((Pc) Sin(goa) Sin(&a)la + Ye (49)
cos(6,)la Ze

Eq. (4.9) first rotates a point at the AoA angle (0,, p,) w.r.t. the origin by an offset of
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client’s orientation (6., ¢.), and then translates the coordinate by an offset of client’s lo-
cation [z, Y., z.|. The only unknown variable in Eq. (4.9) is [, that controls the distance
between point K,(/,) and [z, y., z.]. In a similar way, we back trace the AoD path and
form a series of points with coordinate Kq4(/,;) with [; as the variable.

In practice, the AoA and AoD paths might not intersect in 3D space due to the
residual error of angle sensing. Pia will select a point with closest distance to the two
paths. Toward this goal, Pia determines the two points K, () and Kq4(Z}) with [} and [}

that minimize the distance between them:

(2,03 = ar(g rn)in | Ka(la) — Ka(la)]l2- (4.10)
la>ld

The closest intersection point, i.e., the estimated reflector position, K, is their median
center: K, = (K, (l¥) + Ka(l3))/2.

To capture the reflector’s impact, Pia adopts the concept of virtual AP (VAP) — a
virtual signal source that mirrors the position of real AP relative to the reflector (Fig-
ure 4.13). This idea is inspired by the 60 GHz ray-tracing method [56,57,93], which
has proven to predict the 60 GHz signal propagation reasonably close to real measure-
ment. A reflector will redirect the signals so that they look like emitting from the vAP.
Given the client position K, = [z, ., 2.]7 and reflector position K,, the VAP position
K, can be derived from geometry (Figure 4.13), by moving from the reflector position
along the AoA direction over distance [}:

K - Ke)

K,
L

+ K,. “4.11D)
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To determine the vAP’s orientation (6,, ¢, ), Pia solves equation:

cos(—pq) sin(6y)
RY(QU)RZ((IO’U) Sin(—QOd) sin(@d) = T . (412)

cos(fy)

where the left side forms a unit vector from vAP’s orientation (6,, ¢,) toward vAP’s AoD
direction (64, —p4). The unit vector should be at the same direction as the one from
reflector’s position to client’s position (i.e., right side). The azimuth angle of vAP’s AoD
is negative because it is the mirror symmetry of the real AP.

Once the pose of VAP is determined, it will be used in Pia’s spatial sharing module
(Sec. 4.4.1.2) in the same way as a real AP, except that vAP should account for the
reflection loss of reflector (estimated in the channel gain ¢;). This procedure of VAP

localization should be repeated for each reflector during the sensing stage.

4.4.3 Calibrating the Client’s Pose Offset

Since the outputs of APS and reflector sensing will be used by other client devices, in
order for Pia to operate correctly, each later joined client that does not run the sensing
stage, needs a one-time calibration for its pose. The pose information on mobile devices
may contain an unknown initial offset w.r.t. the AP’s coordinate due to two reasons.
(i) Not all devices are capable of reporting absolute location/orientation. Many accu-
rate and mature indoor navigation technologies [67,91,92,155,189] can only measure
relative location/orientation change based on visual-inertial sensors. (ii) The pose, es-
pecially orientation, of a phased array antenna may not be the same as the pose of its
host device.

Therefore, Pia needs to estimate an initial pose for each newly joined client w.r.t. the
AP’s coordinate, so that it does not need to rerun the APS and reflector sensing. Our

solution is designed upon the compressive angle estimation (Sec. 4.4.2.1), following
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Figure 4.14: Estimate the initial pose of the client using compressive angle sensing.

two steps:

(i) Determining the in-FoV APs. When a client first enters the network area and
moves around, it searches for two nearby APs within the FoV. There are multiple ways to
determine if an AP is in the FoV. For example, the client can estimate the link throughput
by sending data to the backend server and using the throughput thresholding heuristic
in Sec. 4.2.1. Alternatively, the client can estimate the RSS from the beacon frames.
Then, the client estimates the AoAs and AoDs w.r.t. the LOS APs (Figure 4.14). Note
that the sensed angle is relative to the device’s phased array antenna rather than the
AP’s coordinate. Then, the two APs share their pose information (estimated from APS)
with the client. (ii) Determining the initial pose. The two LOS paths originating from two
APs intersect at the client’s location (Figure 4.14). Given the APs’ locations and the AoD
of the LOS paths, a simple geometrical calculation can pinpoint the client’s location. Pia
can determine the client’s orientation in the AP’s coordinate, in a similar way as finding
the vAP’s orientation in Sec. 4.4.2.2. The estimated location and orientation together
form the initial pose of the client. It is worth noting that the initial pose estimation
requires the AP fall in the client’s FoV. Thus, it cannot be applied to assist the network

operations, such as AP switching.
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4.5 Implementation

Multi-AP 60 GHz network testbed. We prototype Pia based on a multi-AP 60 GHz
testbed, as shown in Figure 4.15. The testbed consists of three APs and one client, all
equipped with the Qualcomm 60 GHz wireless network interface card (with QCA6310
32-element phased array/RF front-end and QCA6320 MAC/baseband). Each AP is a
small PC which interfaces the card through an M.2-to-PCle adapter. We mount the
phased array antenna on a flat panel that can adjust its tilt angle. Each client is a laptop
(Acer P446-M59BB) with the phased array built in the outer side of the laptop’s cover.

Although the server-to-AP backhaul links can use 60 GHz interfaces with fixed beams,
our prototype implements them using 10 Gbps Ethernet with a NETGEAR XS708E
switch. We configure the two-hop network into two subnets, and the APs simply act
as relays between client and the backend server (Figure 4.15). To switch the AP, Pia
modifies their gateway, and the data will be forwarded along the new AP. The switching
latency is less than 5 ms (Sec. 4.6.2).

Extracting radio information from Linux driver. We use the latest wil6210 driver
[98] for the 60 GHz wireless adapters. Since the firmware (wil6210.fw) and phased ar-
ray codebook (wil6210.brd) are still unavailable in the Linux firmware library, we port
them from a Windows driver (Atheros Sparrow 11ad) released by Acer. We modify the

wil6210 driver and make it quickly (131 entries/second) export the low-layer informa-
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tion to user space, including instant (Tx/Rx) throughput, signal quality, active (Tx/Rx)
beam index, and (Tx/Rx) MCS. Such information is used as input to Pia’s modules.

Client pose. We attach a Google Tango tablet [67] to the laptop’s outer surface,
which can track the laptop’s relative pose at cm-level and degree-level accuracy [52,
61] with less than 80 ms latency [16]. We will evaluate the impact of pose errors in
Sec. 4.6. We develop an Android application that converts the quaternion rotation into
pose (Sec. 4.3.1.1) and streams it to the laptop via USB at 297 entries/second.

Pia components. We implement the major design components (AP selection, APS,
spatial sharing, signal angle sensing) in Matlab and C. The algorithms run on the back-
end server (Figure 4.1) which is a commodity PC with i7-3770k CPU and 16 GB memory.
To achieve millisecond AP switching latency, many legacy 802.11 drivers (e.g., ath5k,
ath9k, ath10k [14] and iwlwifi) support mac80211 VIF [17] which allows one client to
maintain multiple virtual interfaces to different APs [47,90], thus eliminating the re-
authentication and re-association that account for the major overhead in AP switching.
Since such support is still under development in wil6210, we achieve rapid AP switching
through reverse-tethering, i.e., configuring the AP into the managed mode and client
into the AP mode, which allows the laptop to maintain connections to multiple senders.

Measuring beam patterns. Pia’s interference management requires the phased ar-
ray’s beam patterns (Sec. 4.4). Since our 60 GHz radio’s hardware specifications are not
public, we measure them using the same 60 GHz software radio as in [165,188,211].
We place a receiver radio (with a 20° horn antenna) 2 m away from an AP and point its
antenna center to the AP’s phased array. We mount the AP on a 3D motion controller
that can rotate its azimuth/elevation angle at a step of 3°, allowing us to measure the
RSS from different directions (i.e., angular beam pattern). Since the beam switching
on the 60 GHz wireless card is controlled by closed-source firmware, we are currently
unable to switch the phased array’s beam directly. In order to obtain the beam patterns

for all beam indexes (31 in total), we measure the RSS values of beacon frames at the



126

beginning of each beacon interval, which are sent sequentially by the AP, each using a
different beam pattern, following the 802.11ad standard [82,118]. We predict the BSV
using pose data from the measured beam patterns. Besides, we find that in our platform
the beacon frames share the same codebook as the data frames. Even though they may
be different in other radios, we can still follow the same principle and measure beam

patterns of the data frame.

4.6 Evaluation

Methodology: We deploy the 60 GHz testbed in a 7x8 m? office environment, with 3
APs mounted on stands (2 m height) near the corner of the room, forming a triangle and
facing 45° towards the ground. We choose the corner positions because of the physical
constraints and convenience, just like the placement of typical home routers. Besides,
it is also the best way to stress-test our system’s capability since the client needs to
perform AP switching more frequently. Pia can easily scale to a larger space with more
APs.

To bootstrap the system, we first generate a set of legitimate AP poses to feed APS
(Sec. 4.3.2). Pia creates a bounding box using the rouge room size input by the user,
and then partitions the possible AP coordinate by a step of 10 cm. Further increasing
the granularity will not improve the AP-pose sensing accuracy because it is already
close to the system limit (Sec. 4.6.1). We then execute the AP switching in real time
(Sec. 4.3.1). The current Qualcomm firmware does not support real-time beam control
and RSS feedback for each beacon frame. To evaluate the interference management
(Sec. 4.4.1), we collect BSV data over 100 random client poses for the commodity 60
GHz AP using our customized 60 GHz Rx (Sec. 4.5). We then use the BSV data as
input to evaluate the performance of Pia’s spatial reuse, angle sensing, and reflector

estimation, which best approximate the end-effect of an actual device.



127

%6" P Lt' ! ! E‘I 5\ 1 B T
=5 osition error 3 o

k 5 Orientation error = ::30-8 i

Es 806

S5 504

® 4 Bo.2-

) ©

80 g2 & B4 [ o 0

a 1 3 5 7 9 1113 15 a 1 3 5 7 9 111315
(a) Walking distance (m) ) Walking distance (m)

Figure 4.16: System initial training overhead: (a) AP-pose sensing, (b) AP selection
accuracy, over user’s training effort—walking distance.

Metrics: In the micro benchmarks, we focus on metrics directly related to the design
modules’ performance, e.g., AP selection accuracy, pose error, SIR, and angle sensing
error. The system level tests will focus on network-level metrics: throughput, latency,
and reliability. We measure the achievable throughput by iperf3 [83] and the network
latency by sending back-to-back ping packets. By default, error bars in all results denote

the 90-percentile error.

4.6.1 Micro Benchmarks
4.6.1.1 Effectiveness of APS and AP Selection

Impact of training. We first evaluate how the sensing stage affects APS (Sec. 4.3.2) by
collecting training data while walking randomly over 15 meters, which only takes a user
less than one minute to walk through. We partition the collected data into multiple sizes
to evaluate the impact of data size on the sensing accuracy. Figure 4.16 (a) shows that
both the location error and orientation error decrease dramatically over longer walking
traces. When the walking distance is <5 meters, the estimation error tends to be large,
because Pia doesn’t gather sufficient data to statistically filter out erroneous locations.
With >11 m training, the AP’s pose error stabilizes at 0.29 m and 0.17 radian (i.e., 9.7°),
which indicates the APS algorithm can quickly estimate AP’s pose with minimal training

efforts.
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tion accuracy, over client’s pose error.

We then use the collected data onwards for Pia’s link predictor. Figure 4.16 (b)
shows that with distance >11 m, Pia’s AP selection reliability (i.e., choosing an in-FoV
AP) can maintain at 94.4%. Pia can achieve a high prediction accuracy using relative
small training efforts because it exploits the geometrical structure of the FoV.

Impact of client’s pose information error. We then inject Gaussian noise to the
collected data, and vary the mean from mm to decimeter-level, consistent with the
range of pose errors on mobile devices (Sec. 4.7). The resulting APS location estimation
error (Figure 4.17 (a)) grows linearly with the client’s pose error. Fortunately, since
many recent mobile location tracking schemes [173, 206, 213] can already provide at
least 10~30 cm accuracy, the estimated AP pose is sufficient for reliable AP selection.
Besides, since the APS is a one-time initialization, specialized tracking devices such as
Tango can be used to ensure high precision. In addition, the APS orientation is not
sensitive to client’s pose error because the sweet spot of ellipsoid center (Sec. 4.3.2)
averages out the deviation.

Figure 4.17 (b) plots the impact of pose error on link prediction. The location error
has a limited impact—even for 1.21 m client position error, Pia’s link prediction accu-
racy only decreases by 2.1% Yet, 0.52 radians (30°) of orientation error reduces the
prediction accuracy by more than 10%, because orientation error more easily deviates
the radio’s FoV. Fortunately, recent 3D orientation tracking systems can maintain the

error below <5° [212], as accurate as Tango. Therefore, Pia can run on mobile devices



129

i

0001 2 3 4 5 6
Time (sec.)
Figure 4.18: Packet latency during the AP switching.

with more than 90% AP selection accuracy.

AP switching latency. To verify if the client can seamlessly switch across APs, we
force it to switch between two APs per second. Figure 4.18 plots the round-trip latency
between the client and backend server, from which we observe three patterns. The
latency is less than 1 ms when measure occurs in a beacon interval (BI), and increases to
3 ms at the beginning of BI due to the beaconing overhead. The 3 ms latency follows the
100 ms periodicity that well matches with the AP’s beacon interval. The AP switching
causes additional 10~25 ms packet latency, because of the beam training overhead with
the new AP. Yet, every time it only affects a single packet. Besides, the pose information
can be exploited to reduce the beam adaptation overhead, which we leave for future

work.

4.6.1.2 Effectiveness of Compressive Angle Estimation and Interference Predic-

tion

Accuracy of signal angle sensing. The performance of Pia’s compressive angle estima-
tion (Sec. 4.4.2) is determined by the Signal-to-Noise Ratio (SNR) of BSV measurement.
To evaluate the impact, we first measure BSV under higher SNR (>30 dB). Since BSVs
are obtained by measuring the detailed waveform of beacon frames, we can add Gaus-
sian noise to the original waveform and create BSVs for different SNRs. The CDF plot

in Figure 4.19 (a) shows an average angle estimation error of less than 5° when SNR
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is high (e.g., >9 dB). Residual errors are caused by discretization of the view angles
(Sec. 4.4.2). The angle error may drift a lot under low SNR, when the BSV is signif-
icantly distorted by noise. However, by simply repeating the BSV measurement by 5
times and averaging out, angle error can be reduced to less than 5° (Figure 4.19 (b)).
Such repetitive measurements add little extra sensing time (only 5 BIs for 5 measure-
ments).

Pia’s angle sensing can also estimate each path’s channel gain (Sec. 4.4.2.1). Fig-
ure 4.20 plots the CDF of estimation error, where we obtain the ground-truth by dividing
the measured BSV by the predicted one (Sec. 4.4.1.1). A higher SNR leads to more ac-
curate gain estimation (error <3.4 dB when SNR >9 dB). Notably, the estimated gain
is generally smaller than the ground-truth because compressive sensing solver spreads
the energy to other directions to minimize the residual error.

Accuracy of client-pose and reflector estimation. Since the client’s pose estima-

tion and reflector estimation rely on the compressive angle estimation, we run them
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consecutively. We first repeat the former at 20 random spots and compare it with
ground-truth that measures w.r.t. AP’s coordinate using a laser range-finder. The re-
sult (Figure 4.21) shows a mean position offset of 0.5 m. We further place a strong
reflector (metal sheet) and randomly vary its position around the Tx/Rx from 1 to 3
m. The reflector position estimation shows similar accuracy, albeit requiring 5 BSV
measurements due to low SNR (reflected signal is 10~15 dB weaker than LOS). No-
tably, the positioning accuracy is comparable to state-of-the-art indoor localization sys-
tems [155, 206, 209, 213], and the orientation accuracy < 5° suffices for Pia to run
reliably (Figure 4.17 (b)).

Interference prediction accuracy. Pia estimates the interference using predicted
BSV (Sec. 4.4.1.2). To verify its accuracy, we calculate the signal strength difference
between the collected BSV data and the predicted one subtracted by the pathloss of
Frii’s model (Sec. 4.4.1.2). We found Pia can reliably predict the strength of LOS paths
based on their poses and active beam indexes regardless of the client-to-AP distance,
with a small average error of 0.74 dB (Figure 4.22). The prediction error over reflected
paths is larger (<4 dB) due to extra errors from reflector estimation. Yet, Pia can tol-
erate this residual prediction error by using a more conservative decodable threshold
(Sec. 4.4.1.2).

Performance of SLR-based assignment. The SLR-based algorithm evades exponen-

tial searching space for optimal AP and beam assignment (Sec. 4.4.1.2). Figure 4.23 (a)
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and Figure 4.23 (b) plot the SIR and Jain’s fairness [85] difference between the SLR al-
gorithm and the optimum (i.e., maximizing average SIR). We found at least 50% of
the SLR outputs are the optimal assignment (i.e., zero SIR difference), and 90% have
<3 dB difference, implying the SLR-based algorithm performs close to the optimum.
Furthermore, for those suboptimal assignments, the SLR-based algorithm more likely
gives better fairness (i.e., negative fairness difference), because the optimal solution
may sacrifice fairness to maximize the SIR.

Since we do not have real-time control over the radio’s transmit beam index, we
cannot quantify the impact of client’s moving speed. The beam selection (Sec. 4.4.1.2)
may not catch up, for instance, if the large pose estimation delay (i.e., time between
when pose changes and when estimation changes) is large compared to moving speed.
In this case, the radio may have to fall back to the 802.11ad standard. However, for
the VR system, since pose information feedback is also used for graphics rendering,
we believe the pose estimation delay is sufficiently small for Pia to operate correctly
under the VR-motion speed. We will have more exploration in the future work once the

hardware grants us a better control.
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Figure 4.24: (a) Link availability, (b) Hazard times, of five AP switching schemes.

4.6.2 System Level Tests
4.6.2.1 Network Robustness by AP Switching

We conduct a system-level test of the AP switching by emulating the wireless VR sce-
nario, where the client follows a random walk and pan/tilt change. The backend server
streams a real-time uncompressed video (1280x720 at 75 FPS, approximately 1.58
Gbps bit-rate) via the APs to clients. Owing to the channel fading, throughput measure-
ment will show small fluctuations even when the link is stationary. The small through-
put variations do not affect the video transmission reliability, but will falsely trigger
many bad link indications if we threshold the link state by the video bitrate. Thus, we
choose the threshold as 95% of the video bitrate and consider video frames cannot be
delivered reliably when the network throughput drops below 7" = 1.50 Gbps. We run
Pia against 4 schemes:

(i) noSwitch: Client connects to a single fixed AP. (ii) hardProbe: Client sequentially
probes each AP (once per second) by temporarily switching to it and sending a few
packets to have the MCS stabilized. If the probed AP’s link quality is better, the client
will stay with it. (iii) softProbe: Client measures network throughput every 0.5s, and
probes for the best one only if the throughput drops below T'. (iv) oracle: Switch AP
based on the known throughput in the trace data without counting any overhead.

Link availability. Figure 4.24 (a) plots the link availability, i.e., percentage of time

that throughput exceeds 7. Pia’s availability is 97.3%, close to the oracle (99.6%) whose
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Figure 4.25: Video frame latency of five AP switching schemes.

availability is below 100% due to certain blind spots not covered by any AP. This can
be addressed by proper deployment or adding more APs. The availabilities of other
schemes are much lower (< 84.9%). Even hardProbe and softProbe show low availability
due to the AP probing overhead.

Hazard times. Figure 4.24 (b) plots hazard times, i.e., the number of occurrences
that link throughput drops below 7" in a 5-minute test. Compared with noSwitch, soft-
Probe, and hardProbe, Pia reduces the hazard times by 6.3, 4.5x and 4.2x. The extra
hazard times over the oracle is caused by occasional wrong AP selection. The unavail-
ability, i.e., 1-availability, divided by hazard times gives the average duration of each
drop. Pia can not only quickly recover from wrong predictions, but also prevent most
throughput drops by proactively switching the AP.

Video frame latency. Figure 4.25 plots the measured video frame latency. The mean
and 90-percentile latency of Pia (11.0 ms and 17.8 ms) are close to the oracle (10.6 ms
and 16.4 ms), and much lower other schemes (90-percentile about 40 ms). Note that
the latency can be reduced substantially under higher PHY bit-rates (802.11ad supports

up to 6.7 Gbps, whereas the Qualcomm radio can only reach 2.5 Gbps).

4.6.2.2 Multi-client Spatial Sharing

We conduct trace-based emulation to evaluate Pia’s spatial sharing mechanism. We

reuse the BSV trace collected in Sec. 4.6.1, calculate the SIRs of clients in concurrent
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Figure 4.26: (a) Throughput, and (b) concurrency opportunity, by four spatial sharing

schemes.

transmission, and map them to the achievable bitrate following a standard 802.11ad

rate table [165]. The impact of reflectors is modeled through the vAPs (Sec. 4.4.2).

We determine the AP and beam selection for each client using Pia and 3 baselines: (i)

noShare: The transmission opportunity is randomly assigned to one client at a time.

Each client finds the best AP and beam based on the 802.11ad AP discovery and beam

training. (ii) 802.11ad: Clients run interference sensing, each in a dedicated BI, to

determine the concurrent transmission feasibility (Sec. 4.4.1). Afterward, they transmit

concurrently in next 5 BIs. (iii) oracle: Maximizing the clients’ SIRs (Eq. (4.6)).

Throughput gain. Figure 4.26 (a) plots the achievable throughput over the num-

ber of clients. All clients achieve similar throughput in noShare, since it roughly splits

the time equally. 802.11ad improves throughput by 17.3% compared to noShare. Yet,

clients suffer from unfairness—client1’s throughput is 75.7% higher than others, be-

cause clientl is at a position causing asymmetric interference that starves others, a

well-known problem in directional networks [106]. Pia performs closely to the oracle,

with 1.47x and 2x gain over noShare for 2 and 3 client cases, respectively, and offers

higher fairness. Note that the throughput stops increasing as client number reaches 4

because spatial reuse saturates.

Concurrent transmission opportunity. Figure 4.26 (b) plots percentage of success-

ful concurrent transmissions for clientl and client2. Although the percentage gradually

decreases as more clients join, Pia improves the concurrent transmission opportunity
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by 28% and 36.7% for 2-client and 4-client respectively compared to 802.11ad. The
stacked bars represent a breakdown of the source of gain, from selecting beams with
weaker signal leakage (bottom) and eliminating interference sensing overhead (top),

which together verify the effectiveness of Pia’s pose-assisted spatial reuse mechanism.

4.7 Discussion

Whereas the “laser-like” beam of millimeter-wave radios has triggered many doubts
about their coverage, we have demonstrated the high potential of Pia to address the
concern. Pia employs the 5-DoF pose information on mobile devices, together with a
multi-AP network architecture, to achieve seamless coverage under mobility and user’s
orientation change. Pia can be applied to meet the needs of demanding Gbps applica-
tions such as wireless VR. Its design principle of pose-assisted mobility 60 GHz network-
ing can also be extended to general mmWave pico-cell/small-cell networks with dense

AP deployment.
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CHAPTER 5

Environment Sensing for Optimizing mmWave

Network Deployment

5.1 Introduction

The unlicensed millimeter wave (mmWave) band, centered at 60 GHz and spanning
14 GHz spectrum [194], represents the most promising venue to meet the massive
surge in mobile data. Recently proposed mmWave network standards, like 802.11ad
[82], provision multi-Gbps connectivity for a new wave of applications such as cordless
computing and wireless fiber-to-home.

Despite the huge potential, 60 GHz networks face a number of challenges unseen in
conventional low-frequency networks: due to ultra-high carrier frequency, the 60 GHz
radios are extremely vulnerable to propagation loss and obstacle blockage. To overcome
such limitation, 60 GHz radios commonly adopt many-element phased-array antennas to
form highly directional, steerable beams, which leverage reflections to steer around ob-
stacles. Dependence on directivity and reflection, however, makes the network perfor-
mance a sensitive function of node placement and environmental characteristics (e.g.,
geometrical layout and reflectivity of ambient surfaces).

To elucidate the challenge, we set up two laptops with Qualcomm tri-band QCA6500
chip (2.4/5/60GHz) [133], and randomly place them over 16 different locations. For

each link, we measured the normalized throughput, i.e., the none-line-of-sight (NLOS)
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Figure 5.1: Normalized throughput of same-distance 60 GHz and 2.4 GHz links over
different node placements.

throughput when a human obstacle stands in between, divided by the LOS through-
put. Figure 5.1 plots the CDF across links. We observe up to 3x throughput gap when
the same-distance 60 GHz link is placed at different locations, versus 1.4x for the 2.4
GHz link, implying that 60 GHz’s NLOS performance is much more sensitive to envi-
ronment. We found that the 60 GHz transmitter can more effectively detour blockage,
if it is placed near a concrete wall that acts like a mirror. Obviously, reflectors in the
environment have a crucial impact on 60 GHz performance.

Of course, one may not always be able to alter the environment. However, we argue
that, by judiciously placing 60 GHz access points (APs) within a given environment,
we can substantially improve network coverage and robustness to blockage. To this
end, one may conduct a blanket site-survey and search for the capacity-maximizing
AP location, but the search space becomes formidable because of the numerous beam
directions and human blockage patterns. In this chapter, we discuss E-Mi, a system
that can automatically “sense” (model) the major reflectors in the environment from
a 60 GHz radio’s eyes, and predict the performance of arbitrarily located links. The
prediction can in turn help optimize AP placement to maximize network capacity and
robustness.

The core challenge in E-Mi is: how to sense the environment using mmWave radios
which can only measure the received signal strength (RSS) and phase between each

other? Conventional environment mapping approaches (e.g., stereo camera and laser
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radar [35, 38,65,67,217]) need dedicated hardware and do not capture environment
properties specific to mmWave. In contrast, E-Mi leverages the well known sparsity of
mmWave channels [157,165,199]: from the 60 GHz radios’ eyes, there are usually only
a few dominating reflectors in practical environment. E-Mi samples the environment by
fixing the Tx radio, and moving the Rx to a few locations. At each location, the radio
channel comprises one LOS path, and many NLOS ones. By measuring the RSS/phase,
E-Mi traces back all NLOS propagation paths, uses a geometrical model to locate where
the paths hit reflectors, and eventually reverse-engineers the location and reflectivity
of dominating reflectors. Such environment information is then fed into a ray tracing
engine, which can predict the wireless channel quality of arbitrarily located Tx/Rx.

E-Mi’s reflector learning is predicated on the accurate tracing of propagation paths,
which itself is an open challenge. Specifically, E-Mi needs to disentangle all the NLOS
paths for each Rx location, and estimate each path’s angle of arrival (AoA), angle of de-
parture (AoD) and length. This differs from the vast literature of phased-array localiza-
tion algorithms that only exploit the LOS path [88,197]. E-Mi solves the problem using
a Multipath Resolution Framework (MRF), which resolves different paths’ angles/lengths
by creating “virtual beams” by post-processing the measured RSS/phase.

We have implemented E-Mi on a 60 GHz testbed. Our experiments demonstrate that
E-Mi can accurately resolve NLOS propagation paths, with an average error of 3.5°, 3.5°,
and 0.4 m, for AoA, AoD and path length, respectively. By simply sampling 15 receiver
locations in an office environment, E-Mi can effectively predict the link quality of other
unobserved locations, with median RSS error of 2.8 dB and AoA(AoD) error 4.5°(5.7°).

E-Mi can be a convenient toolset to predict site-specific RSS distributions and assist
60 GHz network deployment and configuration. In this section, we apply E-Mi to one
case study to answer the following question: How to deploy the 60 GHz APs to maximize
the average network capacity and improve resilience to blockage? Our experiments

show that an E-Mi-augmented deployment obtains 2.2x to 4.5x median throughput
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gain over empirical approaches. E-Mi also makes the 60 GHz network more robust,
reducing median throughput loss from around 700 Mbps to 20 Mbps under random
human blockage.

To summarize, the main contributions of E-Mi include:

(i) A multipath resolution framework that allows a pair of 60 GHz Tx and Rx to trace
back the (AoA, AoD, length) of all NLOS paths, simply via RSS/phase measurement.

(ii) An reflector localization scheme that can locate where the reflectors “bend” prop-
agation paths, and then recover the layout/reflectivity of dominant reflectors.

(iv) Applying the sensing information to predicting the channel quality of arbitrarily
located Tx and Rx, which in turn helps optimize the AP deployment, achieving multi-

fold capacity gain and robustness under human blockage.

5.2 Related Work

Wireless network planning/profiling. Wireless network planning is a classical prob-
lem that has been relying on empirical solutions for decades. RF site survey, despite
its tedious war-driving procedure, is still widely adopted by enterprise Wireless Local
Area Network (WLAN) and cellular network planning tools [49,132]. Recent work used
roaming robots [94] or sparse sampling [141] to access the RSS distribution under a
given AP/basestation deployment. But these approaches hardly shed lights on how to
plan a new/better deployment.

Active planning can overcome the limitation by using ray-tracing. Earlier study of
60 GHz channel statistical characterization [158] unveiled that 60 GHz signals have
predictable spatial structure in an environment. But they require precise mapping of
dominant reflectors. Such a map is not always available and is sensitive to environmen-
tal change (e.g., placing a new cabinet). E-Mi essentially circumvents this hurdle by

allowing mmWave radios to directly construct the environment map.
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Radio-based environment sensing. The Simultaneous Localization and Mapping
(SLAM) problem has been extensively studied in robotics [60,139,182]. Typical SLAM
systems need to roam a robot, and map the environment based on dead-reckoning and
visual images. Such systems are predicated on two factors: (i) precisely controlled
robotic movement and blanket coverage, to generate an extensive point-cloud repre-
sentation of the survey area. (ii) environment sensors, such as sonar, stereo camera
and LIDAR [70], to explicitly locate landmarks or obstacles. The elusive nature of
wireless signals prohibits us from meeting the same requirement. It involves nontrivial
human efforts to label the reflectivity of each reflector. Besides, the reflectivity may be
hardly available if an object contains compound materials. State-of-the-art radio-based
SLAM [65, 203] can only achieve localization accuracy of around 5 meters, far from
enough to predict the spatial performance of a wireless network.

Recent work [69,87,217] adopted mmWave radars to explicitly scan the environ-
ment. By continuously moving the radar in front of the obstacle’s body, they can iden-
tify the shape/reflectivity. In contrast, E-Mi leverages the sparsity of 60 GHz signal
structure, so as to locate all dominant reflectors with only a few sampling locations.

Localization using antenna arrays. Antenna array has demonstrated tremendous
potential in localization, especially because it can identify AoA using signal processing
algorithms like MUSIC [149] and ESPRIT [143]. Recent systems [78,88,197] renovated
such algorithms to localize a client via multi-AP triangulation. In contrast, E-Mi uses
mmWave phased-array to handle the more challenging problem of recovering NLOS
propagation paths and locating reflectors. A side benefit of E-Mi is that it can locate
a node using a single AP (Sec. 5.5) and therefore build a spatial distribution map of
possible client locations, which can in turn help optimize the AP deployment (Sec. 5.9).

Sensor-assisted protocol adaptation. E-Mi is partly inspired by the principle of
sensor-assisted communications. Nanthapuri et al. [146] proposed to discriminate var-

ious networking context (e.g., mobile vs. static) using external sensors, and adapt the
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protocols accordingly. Ravindranath et al. [137] applied a similar principle to assisting
link-level rate adaptation, etc.. BBS [119] leveraged a WiFi antenna array to estimate
the signal’s AoA and facilitate the 60 GHz radio beam steering. BeamSpy [166] de-
tects human blockage and adapts its beam to a new direction without beam scanning.
In contrast to this line of research, E-Mi uses 60 GHz radios themselves as sensors to
reconstruct the reflectors and predict the site-specific RSS distribution to guide AP de-

ployment.

5.3 E-Mi: An Overview

E-Mi samples the RSS/phase between a pair of 60 GHz AP and client (also denoted as
Tx and Rx), and uses the samples as input to two major modules: (i) Multipath reso-
lution framework (Sec. 5.4), which estimates the geometry, i.e., (A0A, AoD, length), of
each propagation path and also discriminates their RSS/phase. (ii) Dominant reflector
reconstruction (Sec. 5.5): which locates the reflecting points (i.e., spots where the paths hit
the reflector), and reconstructs the layout/reflectivity of dominating reflectors, forming
a coarse environment map. A network planner can feed E-Mi’s reconstruction result
to a 60 GHz ray-tracing engine, and identify the AP locations that lead to higher ca-
pacity/robustness (Sec. 5.9). This essentially supersedes the laborious war-driving in
traditional wireless site survey [132].

E-Mi requires the Tx and Rx to be equipped with phased-arrays of practical size
(default to 16-element, as in typical 802.11ad radios [13]). It does not need a custom-
ized PHY layer—It only requires the channel state, which is a portable function on many
commodity WiFi devices [73] and expected to be available in the 802.11ad products.
Although E-Mi works in a constrained environment that can be illuminated by Tx’s
signals, the Tx can be moved to different positions to extend its coverage.

When scanning the wireless channel, E-Mi places the Tx and Rx well above the
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Figure 5.2: The MRF identifies the (AoA, AoD, length) in three steps: (1) Identify the
dominant AoA and AoD; (2) Pair AoA and AoD directions that belong to the same path;
(3) Estimate the length of each path.

ground, so that they only “see” dominant reflectors like walls and furnitures. They affect
the average-case network performance which are of utmost interest for network plan-
ners. In case such reflectors change their locations, we can accommodate the changes

by rerunning E-Mi.

5.4 Multipath Resolution Framework (MRF)

The MRF estimates the (AoA, AoD, length) of dominating paths between the Tx and
Rx. As illustrated in the Figure 5.2, the AoA and AoD are determined by the relative
positions of dominant reflector, Tx and Rx, and independent of the beam pattern of
phased arrays. To estimate these intrinsic parameters, a naive solution is to use beam
scanning: the Tx/Rx may steer over all possible combinations of beam directions, and
find the ones with high RSS. However, a 60 GHz phased-array can only steer to a set
of discrete directions (e.g., a 16-element one can only steer between beams with 22.5°
separation [180]). The discrete beam scanning prevents us from measuring the signal
angle precisely. Moreover, unlike horn antennas, phased-arrays have imperfect direc-
tionality — besides the main beam, their antenna pattern bears many sidelobes which

interfere the AoA/AoD estimation.
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Figure 5.3: Isolating individual antenna’s signals on an analog phased array, by switch-
ing across different weight vectors.

E-Mi’s MRF introduces three mechanisms (Figure 5.2) to meet the challenges. (i)
We first estimate the dominating AoD and AoA directions, originating from Tx and
ending at Rx, respectively. We adapt a classical signal angle estimation algorithm to 60
GHz phased arrays, which enables super-resolution (i.e., finer resolution than discrete
steering by generating a continuous angular spectrum, and unaffected by the imperfect
beam shape of phased arrays). (ii) We design a virtual beamforming (vBeam) scheme
that pairs the AoD and AoA directions belonging to the same NLOS path. (iii) We

employ a multi-tone ranging scheme to estimate the total length of each path.

5.4.1 Estimate Path Angles Using Phased Arrays

Conventional multi-antenna receivers can estimate signal AoA using angular spectrum
analysis, which singles out the arrival angles with strong signal strength [88,197]. How-
ever, such analysis needs to isolate the signals on each antenna element using digital
phased arrays (Figure 5.3(a)). Practical 60 GHz radios use analog phased arrays (Fig-
ure 5.3(b)), which have a single input/output, comprising a weighted sum of individual
antenna’s signals that obfuscate each antenna’ signals.

To overcome this limitation, a natural way is to vary the weights and obtain a sys-
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tem of equations to solve for individual signals. Suppose there are NV elements on the
receiving phased array, and S = [S},S,, -+, Sy|T denotes the signals on the N indi-
vidual antenna elements. When the phased array imposes row vector of weight w;
on its antenna elements, the received signal becomes y; = w;S. Suppose the array
switches across N different weight vectors to receive the same signals by NV times. The
weights constitute a 2-D matrix Wgr = [wy; ws; - -+ ; Wy | with each row being a weight
vector. Then, the N output signals form a vector: Y = WgS. So, one can simply
use S = W;'Y to recover S, and hence isolate the signals on each antenna element.
Figure 5.3(c) illustrates an example where N = 4.

In practice, the weight vectors in a 60 GHz phased array are built into hardware and
can only be selected from a predefined group, called codebook. The key question is: can
we find a set of weight vectors to form a matrix Wy that is invertible? The answer is
positive: we can find the weight matrix from 60 GHz codebook that is orthogonal (i.e.,
WirWE = I, where (-)! denotes the conjugate transpose), and hence invertible. The
beamforming codebook ensures orthogonality between weight vectors because it will
maximize the isolation across different beam patterns [136, 180].

To estimate the AoD, a symmetrical operation is needed at the Tx. Suppose the
Tx phased array has M antenna elements, then it uses M different sets of weights to
transmit the signals by M times, which similarly constitute a transmit matrix Wr. We
populate S into an N-by-M matrix. Each element (i, j) of S represents the signals on
i-th Rx antenna, when the j-th Tx antenna element is triggered. Then, the received
signals of analog-array becomes: Y = WzSWI. Each column/row in matrix Y con-
tains received signals measured using a specific transmitting/receiving weight vector.
By way of a similar orthogonality argument as the Rx, we can recover S as follows:
S = WIYWrq.

Isolation of individual antenna’s signals allows us to apply MUSIC [75], an eigen

angle analysis algorithm to jointly estimate the AoA/AoD, in the same way as in digi-
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tal phased arrays [197]. MUSIC can achieve a scalable resolution with more antenna
elements and extricate the discrete beam shape of phased arrays. Specifically, we mea-
sure the preamble signals sent/received by standard 60 GHz radios [82], which are
sent repeatedly across packets, and across different Tx/Rx beam patterns. We isolate
the preamble signals sent/received by different Tx/Rx antenna elements. Then, we run
MUSIC to compute the angular spectrum, essentially the likelihood of signals coming
from different angles. Finally, we find the peaks in the angular spectrum that are larger
than the noise floor and take the corresponding directions as AoAs/AoDs of dominating
paths.

A few additional operations are worth noting: (i) Since each AoD is pairwise to an
AoA w.r.t. the same dominant reflector, we remove the excessive AoA/AoD estimations
of smaller eigenvalue, and make sure the number of AoA and AoD values are equal.
(ii) To ensure the consistency of reference direction, i.e., O degree, in the measurement,
the antenna’s orientation can be simply kept at a fixed direction, or be compensated
by motion sensors in the mobile device. (iii) MUSIC is adopted only for AocA and AoD
estimation. The RSS estimation and AoA/AoD pairing of each path is accomplished by

the virtual beamforming, which will be detailed next.

5.4.2 Virtual Beamforming: Match Path Angles

E-Mi’s virtual beamforming (vBeam) algorithm serves two purposes: First, the AoAs
and AoDs identified above do not have a pairwise mapping. The vBeam can pair up the
AoA and AoD values that belong to the same path. Second, the received signals S are a
mix from all propagation paths. To estimate the length of each path (Sec. 5.4.3), their
signals have to be separated from each other.

The basic idea is to process the received signal matrix S offline and emulate Tx/Rx
beamforming towards specific directions. This allows us to generate arbitrary beam

patterns, bypassing the codebook constraint of phased arrays. Then, vBeam uses a
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beam matching metric to single out each pair of AoD and AoA directions that belong to
the same path.

Beam generation: vBeam generates weight vectors of specific beam patterns and
applies them to signals from different antenna elements. Whereas the weight vectors
can be computed using conventional delay-sum beamformer [172], vBeam applies a
beam-nulling technique instead, which beamforms to the desired AoA/AoD directions
while nulling signals from other AoA/AoD directions. This effectively steers the phased-
array’s sidelobes toward directions from which there is no signal coming, and thus helps
suppress irrelevant signals.

Suppose the AoA and AoD identified above are denoted by vectors ® = [0,0,, ...,
Ok] and ® = [¢1, ¢,

.., ¢k], with K being the number of dominant paths. Denote a,(6;) and a;(¢;) as
column weight vectors that beamform toward AoA/AoD angle 0; and ¢;. Take the Rx-
side as an example, the nulling beam vector a™!(¢;), which beamforms to 6, for j = i
and nulls other 6; for j # ¢, can be directly derived from a,(6;) by [161].

Beam matching: Suppose vBeam beamforms towards AoA angle #; and AoD angle
¢; using the foregoing approach. In order to determine whether 0, and ¢; belong to the
same propagation path, we design a beam matching metric F, which manifests a high
value if and only if §; and ¢; match to the same path. F is computed by:

F[i,j] = E[|la™(6;)Saf (¢,)"|*], V1 <4, j < K,

T

where the inner part of above equation applies the virtual beams to signal matrix S,
and outer expectation computes the corresponding RSS. Since it is difficult to find an
absolute gauge threshold, E-Mi adopts an iterative algorithm (Algorithm 5.1). It starts
with the largest metric and takes the corresponding AoA/AoD as a pair. Then it removes

values of pairwise AoA/AoD from the row and column of the matching matrix F and



148

1: procedure vBeam(©, ®, S)
2 fori = 1:K,j = 1:K do > Loop for Rx and Tx arrays
3 Fl[i, 7] = E[Ja™(6,)Sa! (¢,)" ] > Beamform RSS
4 end for
5: fori = 1:Kdo >> Beam matching
6 [I_row, I col] «+ max_subscript(F) > Subscript of maximum
7 F[I row,:] < 0; F[:,I_col] + 0;
8 O[i] + OlI row]; ®[i] + ®[I col]
9 end for

10: return © and & > pairwise AoA and AoD

11: end procedure

Algorithm 5.1: Virtual Beamforming.

repeats above procedure to find the next largest matching metric. This approach works
well for paths of different signal strengths.

Once vBeam identifies all the pairwise AoA/AoD, it can isolate path i’s signal S{*™ by
projecting the entire signal matrix S towards path ’s AoA and AoD:

St = ami (@ [i])Sa ! ($[i])H, (5.1)

T

where © and & are matrices of the pairwise AoA and AoD. E-Mi then further estimates

the RSS of signal isolated from each path.

5.4.3 Multi-Tone Ranging: Estimate Path Length

E-Mi estimates each path ’s length by processing its signals S‘i"“h, using a multi-tone
ranging mechanism. Modern communication systems such as 60 GHz 802.11ad com-
monly adopt Orthogonal Frequency Division Multiplexing (OFDM), which modulates
signals across different frequency tones (called subcarriers). The phase of each subcar-
rier can be measured using built-in channel estimators. Suppose a subcarrier has fre-
quency f1, then its phase increases linearly with propagation path length d, following

27 f1d/c. Our multi-tone ranging leverages the phase divergence among OFDM subcarri-
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ers, caused by their frequency difference. Given two subcarriers with frequency f; and
fo, their phase divergence at distance d equals Ay = 27(fy — f1)d/c, where c is light
speed. f1, fo are known and Ay can be measured. So we can easily map Ay back to d.

To improve resilience to channel noise, E-Mi harnesses diversity from many subcar-
riers in 802.11ad-like communication systems. Suppose we have isolated the preamble
signal S‘i’ath along path 7 (Sec. 5.4.2). Suppose L subcarriers are located at frequencies
fi, f2, -+, fr, and the Rx-measured phase values are ¢1, s, ..., . Then we estimate

path ¢’s length via the following optimization framework:

27rfid)‘.

d* = arg max ]Zleej(‘”’ e (5.2)
d

The RHS of Eq. (5.2) computes the difference between measured phase and theoretical
phase over distance in the phaser domain. Essentially, the optimal distance estimation
d* leads to the closest match between these two sets of phase values.

In practice, due to the Carrier Frequency Offset (CFO) between Tx and Rx, the
subcarriers will bear unknown phase shifts, which contaminate the phase measurement.
We cannot apply the standard CFO compensation technique [167] in this case because
it will simultaneously nullify the phase divergence. We address this problem using a
reference calibration scheme. Specifically, we first separate the Tx and Rx by a known
distance d, and measure the phase value ¢;(dy) of each subcarrier i. When the Tx/Rx
moves to a new (unknown) distance d, the CFO can be canceled by computing their

2 f(d—do
c

phase difference: ;(d) — pi(dy) = ). Substituting ¢; by ¢; — vi(dp), Eq. (5.2) can

be reformulated as:

(do) — 2711 (4=do) .

d* = argmax |y - el (#i¢i (5.3)
d

We note that the phase divergence has an aliasing effect: if the phase difference

between two subcarriers exceeds 27, it will wrap and cause ambiguity. To maximize the
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unambiguous ranging distance, we should maximize the cycle length of phase diver-
gence, or equivalently minimize the frequency separation between subcarriers (denoted
as fmin). The unambiguous range is thus determined by ﬁ For 802.11ad, f, equals
the separation between adjacent subcarriers, i.e., 5.156 MHz [82], or equivalent to up

to 58.18 m unambiguous ranging distance, which is sufficient for indoor scenarios.

5.5 Dominant Reflector Reconstruction

The (AoA, AoD, length) of all propagation paths form a set of spatial constraints, allow-
ing E-Mi to locate the reflecting points, i.e., points where dominant reflectors “bend” the
propagation paths. Consequently, E-Mi can geometrically reconstruct reflectors’ posi-

tion, orientation, and reflectivity.

5.5.1 Locating Reflecting Points in Environment

To locate the reflecting points, E-Mi first pinpoints the Rx relative to the Tx, based on
the (AoA, AoD, length) constraints. Figure 5.4 shows an example. Suppose we obtained
the (AoA, AoD, length) of a single path. Then any point along line segment AB satisfies
the same (AoA, AoD, length) constraint, and is likely to be the Rx position. Therefore,
a single path cannot pinpoint the Rx. But we can resolve the ambiguity by adding
another path: the intersection between line segment AB of one path and segment A’ B’
of another path pinpoints the Rx location.

Practical environment may encounter more than two paths. Denote the path 7’s
(AoA, AoD, length) as 6;, ¢; and d,. Following Figure 5.4, we can use a simple geometry

to represent the intersection formed by all line segments:

Wi + VY = i, 5.4
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with p; =sin(6;) + sin(¢;), v; = —(cos(6;) + cos(¢;))

i :xm(sin(éi) + sin(gzgi)) — ym(cos(éi) + cos(¢;))

+ d;(sin(¢;) cos(0;) — cos(¢;) sin(6;))

where (x4, y:.) and (z,.,y.,) are the Tx and Rx position, respectively. Assuming the
Rx position is intersected by N line segments, Eq. (5.4) can be rewritten in a matrix
format:

X =P, (5.5)

where X = [0, Yra) T, I’ = [pt1, - s pixc; 1, - -, vi|T, and P = [y,...,vx|". In practice,
due to residual error of measurement, line segments may not intersect on a single point.

We thus reformulate Eq. (5.5) as a least-square optimization problem:
X* = argmin ||P — I'X|?, (5.6)
X

where X* estimates the Rx position with minimum error.

Unfortunately, our initial experimental tests found the optimization alone works
poorly due two practical factors: (i) The (AoA, AoD, length) estimation (Sec. 5.4) con-
tains residual errors, especially for long-range and weak-RSS paths. Such errors may
cause intersecting line segments to be close to parallel, which significantly amplifies the
Rx location error. (ii) The MRF (Sec. 5.4) may capture high-order reflections that do not
follow the model in Figure 5.4. Such mismatch may deviate the estimation arbitrarily
away from the real position.

E-Mi introduces two mechanisms to overcome above challenges.

(1) Weighting the residual error. We first reformulate the optimization problem in
Eq. (5.6) to account for MRF’s residual errors. The inner term of Eq. (5.6) calculates
the difference between matrices I'X and P. Since different paths’ geometries have

different residual errors, we weight the paths according to the confidence level in MRF’s
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Figure 5.4: Using a single Tx to locate the Rx and reflecting points. Solid green line
represents one propagation path. Dotted green lines are alternative paths with the
same (AoA, AoD, length) constraint.

estimation, based on the following observation: those paths of shorter length (thus
higher RSS) tend to have less error. Thus, we can use the inverse of path length as the
weight. Besides, we need to minimize the sum of distance from Rx position to all line
segments, which requires normalization by a coefficient |/x? + v? [39]. The final weight

value for path i is:
1

which consists of the inverse of path length and the normalization factor. Stacking

Ww; =

the weights into a vector W = diag(ws,...,wk), the optimization problem Eq. (5.6)
can be rewritten as X* = argminy ||W (P — I'X)||?, which can be solved by standard
least-square algorithms.

(2) Filtering higher-order reflection. To constrain the problem within the geomet-
rical model of first-order reflection (Figure 5.4), we should exclude any higher order
reflection paths in the optimization. Our key observation is that line segment inter-
sections of higher-order reflections tend to randomly distribute and exhibit a larger
deviation since they do not fit into the geometry model for the first-order reflection.

Therefore, we apply a K-means clustering algorithm to filter out the p% most signif-
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icantly deviated line segments that most likely belong to the higher-order reflection.
The choice of p value depends on the amount of higher-order reflections. We prefer a
larger p value in a highly reflective environment, and otherwise a smaller p. Yet, we find
E-Mi is not sensitive to it because most indoor environments have comparable number
of dominant reflectors, and an empirical value (e.g., p = 20) would suffice.

After determining the client position, the locations of reflecting points ($ﬁef, yfef) can
be estimated by:
Tl — Tt

Z. = tan(f;), —2—— = tan(¢;), (5.7)
yref - y”” yref - yt

%
Zl?ref - ':E?”

which solves a set of equations following simple geometry in Figure 5.4.

5.5.2 Reconstructing Dominant Reflector Layout and Reflectivity

E-Mi reconstructs the dominant reflector geometry (orientation/location/length) and
reflectivity, by sampling the wireless channel across a sparse set of Rx locations, and
locating the corresponding reflecting points following the above steps. It creates a 2-D
cross section of the environment corresponding to the horizontal plane of the Tx/Rx.
Extension to the 3-D case will be discussed in Sec. 5.10.

Reconstructing dominant reflectors’ geometry. Ideally, we can move the Rx to
many positions, each helping to locate multiple reflecting points. A sufficient number
of reflecting points can form a pixel cloud that outlines the reflector geometry. However,
due to sparsity of the propagation paths [157,165,199], collecting a dense pixel cloud
requires hundreds of Rx positions even for a small office.

To avoid such war-driving, we design a sparse reconstruction method which only
samples at a few positions. We abstract the reflectors into two categories. Specular re-
flectors: a large continuous surface, e.g., wall and cabinet, upon which mmWave signals

experience specular reflection [217]; Diffusive reflectors: small-size objects, e.g., pillar
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Figure 5.5: Reflecting point (VP) and corresponding virtual source (VS), used to recover
the geometry and location of specular/diffusive reflectors.

and computer screen, which scatter signals towards a wide range of angles [185].

() Locating specular reflectors. We model a specular reflector as a continuum of
planar segments, each with different reflectivity or orientation. According to the law
of reflection, signals that are reflected by a specular reflector look like emitting from a
virtual source (Figure 5.5). Given the (AoA, AoD, length) and reflecting point location of
one propagation path, we can use simple geometry to pinpoint the Virtual Source (VS)
position relative to the real TX position, following the law of reflection.

Ideally, each specular segment should have a single VS even as the Rx moves and
creates different reflection paths. Yet due to the MRF’s residual errors, the VSs esti-
mated at different Rx positions do not exactly overlap, but fortunately they tend to
form a cluster (Figure 5.5). We apply the clustering algorithm [36] to isolate the clus-
ters and use each cluster center to represent one VS. Once a reflector segment’s VS is
identified, its position and orientation is readily determined via a mirror-partitioning
between the real source and VS. Further, we extend the reflector segment, and take the
size of geometrical shape from pixel cloud as constraint to determine the length of each
reflector segment. An example experiment will be provided in Sec. 5.8.2 to elucidate
the procedure.

(i) Locating diffusive reflectors. Observing that a diffusive reflector corresponds to

densely concentrated reflecting points (Figure 5.5), we can also apply the clustering
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algorithm on the reflecting points and use the centers of resulting clusters to represent
the diffusive reflectors. Yet this will be interfered by dispersive reflecting points created
by specular reflectors. Fortunately, based on the previous step, we can identify and
exclude such interfering points. Specifically, we identify them based on their Euclidean
distance to the specular reflectors. Threshold is set to 3x the variance of reflector
position error, which can isolate a majority of specular reflecting points.

Estimating reflection loss. We now describe how E-Mi models reflection loss, the
major distorting factor when signals hit the reflector. Other factors such as diffraction
may also vary the signal strength but the effect is minor [109]. E-Mi separately mod-
els the reflection loss of each path it has identified. Three factors contribute to the

propagation loss: free-space pathloss, oxygen absorption O, and reflection loss Ry, i.e.,

RSS = P, 4+ G + G, — (201og,(d) + O, + Ry),

where d is the path length. P;, G;, G, represent the Tx power and Tx/Rx antenna gain.
The O, almost remains a constant for distance of tens of meters [136]. For each path,
d and RSS are known from MRF (Sec. 5.4). Thus, to obtain ?;, we need to obtain the
constant parameters P, G;, G, which may not be available in practice. In addition, the
constant value O; is unknown either.

We address this issue by using the LOS path as reference calibration to cancel those
unknown factors. First, we can isolate the LOS path’s signals from NLOS paths’ sig-
nals by metrics such as shortest path length and strongest RSS. We then estimate the

reflection loss of each NLOS reflecting path via a simple subtraction:

Rl = RSSLOS — RSSref —20 1Og10(dref/dLos), (58)

where RS Sjos, RS Sy and dyos, dres are RSS and path length for LOS and reflected path.

Since each reflecting segment/point may have multiple estimations corresponding to
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multiple reflection paths, we take the average as its final reflection loss.

5.6 Parametric Ray-tracing: Predict Link Performance

Ray-tracing is a fine-grained way to model wireless signal propagation in both indoor
and outdoor environment [57,86]. It tracks the details of how each signal path is attenu-
ated over distance and reshaped by reflectors. Measurement studies demonstrated that,
given a precise physical description of reflectors, the signal pattern predicted by ray-
tracing is reasonably close to real measurement in both LOS and NLOS scenarios [114].

E-Mi employs a parametric ray-tracing engine, whose input is the aforementioned
layout/reflectivity for dominant reflectors constructed directly from the 60 GHz radios’
eyes. We develop E-Mi’s ray-tracer following the classical approaches in [56,93], which
models the signal propagation in a 2-D domain using a geometrical/optical tracing. The
ray-tracer captures the attenuation and reflection effects along all paths, and recursively
traces a path until it attenuates by more than 30 dB. In addition, the ray-tracer accounts
for the angle-dependent antenna gain patterns from phased-arrays. The gain patterns
can be obtained from either phased-array simulators or hardware specification. After
synthesizing signals from all paths, the ray-tracer outputs the final RSS and converts it
to bit-rate following a standard 802.11ad rate table [165].

Here are a few aspects that worth further discussion:

Using E-Mi in commodity phased-arrays: Our evaluation used a virtual array of 16
omni-directional antenna elements to synthesize a phased-array. Commodity phased-
arrays may have a limited field-of-view angle, and their beams reside within half-space
(180°) [13]. However, as long as the codebook and gain pattern are available (usually
specified by device manufacturers), E-Mi’s multipath resolution framework is applica-
ble. In addition, we can flip the phased-arrays’ orientation to ensure full-space coverage.

From 2-D to 3-D sensing: Our E-Mi design places the Tx/Rx on the same height
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and senses a 2-D cross-section. Extending E-Mi to the 3-D case involves some new
challenges, e.g., resolving AoA/AoDs along both azimuth and elevation dimensions.
However, the main design principles of E-Mi can still apply. Notably, the geometry of
dominant reflectors along the vertical dimension (mostly floors and ceilings) is much
simpler and easier to estimate. A user can even directly provide the height information
to assist E-Mi in estimating the dominant reflectors in 3-D. We leave such exploration to
future work.

Sensing complicate-structured environment: E-Mi abstracts the 2-D environment
as a composition of lines (for specular reflectors) and spots (for diffusive reflectors).
The abstraction is accurate if the radio environment is sparse, i.e., dominated by large
reflectors like walls and furnitures (e.g., cabinet, bookshelf, and refrigerator). Environ-
mental sparsity in turn causes channel sparsity, which has been observed by many 60
GHz measurement studies [34,135,158,199]. Nonetheless, E-Mi cannot capture com-
plicated structures. These structure may violate the channel sparsity assumption and
exacerbate higher order reflections. E-Mi does not attempt to capture mobile structures

either, as clarified in Sec. 5.3.

5.7 Implementation

We prototype E-Mi on a custom-built 60 GHz software-radio testbed, which uses WARP
[138] to generate and process baseband waveforms under the control of a host PC.
The digital signals are converted to/from analog through a high-speed DAC/ADC, and
carrier-modulated by the Pasternack PEM-003 60 GHz RF front-end [123].

The physical-layer metrics (e.g., channel state information) in commercial 60 GHz
radios, though internally available to the radio vendors, are still not opened to the pub-
lic yet. The recently developed phased-arrays in 60 GHz software radios [207] can

only support a small number of elements. Therefore, we reproduce the effects of a 60
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Figure 5.6: Left: Custom-built 60 GHz software-radio platform. Top-right: Antenna
placement of a 16-element phased-array. Bottom-right: Example beam pattern.

GHz circular phased array using the time-lapse synthesis method, which follows the
way that a phased array modulates, weights and transmits wireless signals. We mount
a 60 GHz omni-directional antenna MI-WAVE 267V (with 360° azimuth and 40° ele-
vation beamwidth) [112] onto Axis360 [2], a programmable motion control system
(Figure 5.6). The Axis360 rotates the antenna to discrete positions along a circle, each
position corresponding to one antenna element on a real circular array. The array di-
mension follows empirical recommendations in antenna design [161]. The radius of a
16-element circular array is 6.4 mm, with 2.5 mm (half-wavelength) between adjacent
elements. This time-lapse synthesis approach has been adopted and verified by previous
works [30,97].

To synthesize a pair of Tx/Rx phased-arrays, we apply beamforming weights (based
on a standard 802.11ad codebook [180]) and then combine the measurement from
all elements within the Rx circular array. Since E-Mi runs in static environment, this
time-lapse approach can realistically reproduce a real phased-array where all elements
are excited concurrently. Besides, each element of a phased array antenna is expected

to have a close to omnidirectional coverage in horizon plane [71]. Figure 5.6 depicts
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an example Tx phased-array gain pattern generated by this time-lapse approach, and
measured using a 3.4° horn receiver. Despite the measurement speed of our platform is
slow currently owing to the mechanical antenna rotation, a full-fledged 60 GHz device,
that has the electronic phased array antenna, can transmit a wireless packet at tens of
microseconds. The overall sensing time of each location will be at millisecond-level.

We implement E-Mi’s major modules (Sec. 5.3) within the software-radio’s host PC.
Due to limited bandwidth, our platform cannot send 802.11ad-compatible preambles
for channel estimation. Instead, the Tx sends five orthogonal tones from 3 MHz to 15
MHz as baseband signals, modulated by 60.48 GHz carrier frequency. This does not
obstruct our validation because the narrow band implementation can be considered as
only utilizing a few subcarriers in the 2 GHz wide band. When an 802.11ad-compatible
device is available, E-Mi can be easily extended to conduct MRF and dominant reflector
reconstruction across orthogonal subcarriers over a wideband.

For evaluation purpose, we also use the beam-scanning method to acquire the ground-
truth (AoA, AoD, length), similar to Rappaport et al. [199]. We use a pair of Tx/Rx radios
equipped with directional horn antennas of 3.4° beamwidth [124]. With Axis360, the
Tx antenna sweeps the horizontal plane at a step of 3°. Meanwhile, the Rx measures

the wireless channel and steers to next step after the Tx completes a full scanning.

5.8 Experimental Validation

5.8.1 Effectiveness of Multipath Resolution

To verify the MRF (Sec. 5.4), we set up a pair of Tx and Rx, each synthesizing a 16-
element phased-array. We conduct experiments in a 90 m? office environment, which
represents a typical indoor environment. The dominating reflectors involve 2 drywalls,
2 concrete walls and 1 pillar (Figure 5.7). We fix the Tx and randomly move Rx over

multiple locations. The result is compared against the ground-truth AoA, AoD (mea-
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Figure 5.8: Left: Estimated AoA/AoD from MRF v.s. ground truth; Right: CDF of
AoA/AoD error from MRF.

sured using the oracle beam scanning, Sec. 5.7) and path length (measured using a
laser ranger). The ground-truth measurement reveals each link has 3 to 5 dominating
propagation paths.

Success rate of AoA/AoD detection: Recall that MRF needs to detect and then
pair each AoA/AoD that belongs to the same path (Sec. 5.4). Our measurement shows
that MRF correctly detects 89% and 82% of AoAs and AoDs, and almost 100% of the
correctly detected AoAs/AoDs are correctly paired. MRF fails to detect AoA/AoD of
some paths primarily because their reflected signal strength is too weak — We find the
RSS of unidentified paths is typically 16 dB lower than the LOS path. In other words, the
detection failure is not critical since they will have a limited impact on link performance.

Accuracy in resolving AoA/AoD: Figure 5.8 depicts how accurately E-Mi can re-
solve the AoA/AoD of all the multipaths that it successfully detects. We observe that

the estimated direction closely matches the true direction. On average, the AoA/AoD error



161

12 1
€ 10 0.8
- 8
ﬂéj 5 u 0.6
S 4 504
S 2 0.2
|_ 0 - I I I I I | 0 I I I I |
0 2 4 6 8 10 12 0 06 12 18 24 3
Estimated range (m) Range error (m)

Figure 5.9: Left: Estimated path length v.s. ground truth; Right: CDF of path length
error from MRF.

is only 3.5° and the 90-th error is 8°. Considering that the beam-switching granularity
of a 16-element phased-array is 22.5° [180], the accuracy of AoA/AoD estimation indeed
bypasses the granularity constraint of codebook-based beamforming and achieves super-
angular resolution. We expect the accuracy can be improved by larger phased-arrays,
due to more entries in the received signal matrix (Sec. 5.4).

For comparison, we also run the codebook-based beam-scanning method (Sec. 5.4).
We found its success rates in detecting AoA, AoD and pairing the AoA/AoD is only
64.4%, 66.7% and 53.3% respectively. And the average estimation error of AoA and AoD
are 21.0° and 22.1°, respectively. The fundamental reason lies in the aforementioned
sidelobe problem (Sec. 5.4). This experiment further verifies the necessity and effectiveness
of the virtual beamforming method in MRF, which pairs up AoA with AoD while nullifying
sidelobes.

Accuracy of path length estimation: We run E-Mi’s multi-tone ranging mechanism
over all detected paths. The scatter plot in Figure 5.9 shows the estimated length v.s.
true length. E-Mi achieves an average error of only 0.4 m and 90-th error of 1 m. The
LOS paths (typically < 4 m) tend to have smaller estimation error (0.23 m on average)
than NLOS reflection paths due to better RSS. E-Mi can achieve this ranging accuracy
using even a relative small bandwidth because the vBeam algorithm (Sec. 5.4.2) can
isolate the signals from different paths. This accuracy is sufficient for most 60 GHz

applications since the prediction metrics (AoA/AoD and signal strength) are not very
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Figure 5.10: Environment reconstruction accuracy: (a) Error CDF in the reflecting point
localization algorithm. (b) Breakdown of reconstruction output for an office environ-
ment.

sensitive to the range measurement error (by the Friis law, 1 m error only causes less
than 2 dB path loss deviation). It is expected that the ranging error will further re-
duce (Sec. 5.4.3) in practical 802.11ad radios with 1.7 GHz bandwidth. To summarize,
this microbenchmark verifies that the multi-tone ranging precision in E-Mi is sufficient to
support dominant reflector reconstruction, even when using our low-end communication

hardware.

5.8.2 Effectiveness of Dominant Reflector Reconstruction

Following the setup in Sec. 5.8.1, a static Tx executes the algorithm in Sec. 5.5.1 to
locate the reflecting points for each given Rx position. We move the Rx to 15 uniform
positions to reconstruct the dominating reflectors.

Accuracy in localizing reflecting points. Since the reflecting point location has
a linear, deterministic relation with the Rx position (Sec. 5.5.1), we mainly focus on
evaluating the latter, whose ground truth is obtained via a laser range finder BOSCH
DLEA40.

Figure 5.10 (a) plots the CDF of localization error. E-Mi can locate the Rx position
with mean/90-th error of 0.38 m and 0.6 m, which is even smaller than the path length
estimation, because we apply the minimum least square method that leverages the re-

dundant information of multiple reflected paths to reduce the estimation error. Indeed,
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| Reflector color | Reflection loss |  Reflector color | Reflection loss |
drywall 15.87 dB concrete wall 8.60 dB
—— drywall 13.83 dB | —— drywall 20.56 dB
—— concrete wall 5.50 dB | —— pillar/monitor 1.24 dB

Table 5.1: Estimated reflection loss on different reflectors.

when we intentionally eliminate the LOS paths, the performance (“NLOS only”) drops
due to lower path diversity. The results verify that E-Mi’s reflecting point localization
algorithm indeed achieves high precision based on the MRF. More paths provide more di-
versity and hence higher accuracy.

Performance of dominant reflector reconstruction. Recall that, given an estima-
tion of the Rx’s and reflecting points’ positions, the dominant reflector reconstruction
locates the virtual source, specular reflector, and diffusive reflector, respectively. Fig-
ure 5.10 (b) puts together the output from each step, and shows the final reconstruction
output based on 15 Rx sampling positions. We observe that the output closely matches
the ground truth: 4 walls (specular reflectors) and one pillar/monitor (diffusive reflec-
tor). In effect, even the geometrical size of the reflectors matches the ground truth well
with less than 0.3 m error. Table 5.1 lists the estimated reflection loss. The two con-
crete walls have 10+ dB lower loss than the two drywalls. And the metal pillar/monitor
shows even lower loss. Intuitively, this matches with the reflectivity of materials at 60
GHz [99]. We have also evaluated E-Mi in the cross of a corridor (Figure 5.11) and
observed a similar level of accuracy in positioning the dominant reflectors.

In summary, E-Mi can effectively identify the geometry, locations and distinguish the
reflectivity of major reflectors from the 60 GHz radio’s eyes.

Accuracy of link performance prediction. We now feed the reconstructed reflec-
tor geometry/reflectivity into the parametric ray-tracing engine, and predict the spatial
channel for another set of 15 randomly located Tx/Rx pairs. Following the ground-truth
measurement (Sec. 5.7), we found these links have 66 paths in total. Figure 5.12 show-

cases example results from two randomly selected links. We observe that the predicted
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Figure 5.13: Left: Error in predicting the AoA/AoD of unobserved locations. Right:
Error in predicting the path length of unobserved locations.

AoA/AoD patterns are highly consistent with the ground truth. The missing spot (e.g.,
AoA 30°/AoD 40°) is caused by reflection that is not captured by the Tx/Rx during MRF.
We found such spots correspond to signal paths with negligible RSS and hence little im-
pact on network performance. Also, adding more Rx position samples can incrementally
reduce the probability of prediction loss.

Figure 5.13 plots the channel prediction error over all propagation paths among all
links. The average and 90-th errors of path length are 0.64 m and 1.41 m. The average
AoA and AoD prediction errors are 4.5° and 5.7°, and 90-th errors are 12.2° and 10.0°,
respectively. These results verify that E-Mi can accurately predict the AoA/AoD and path
length of unobserved locations, based on a number of sparse samples.

Figure 5.14 further shows the predicted v.s. measured RSS among all paths and

the corresponding CDF. We observe that among all paths and links, E-Mi’s median RSS
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Figure 5.15: Experiment in a complicated printing room.

prediction error is only 2.8 dB. The scatter plot in Figure 5.14 further shows that locations
with higher RSS benefits from higher prediction accuracy, since it mainly involves LOS
paths that follow the Friis pathloss model more closely. Even though E-Mi’s prediction
is imperfect, we show that it can already become a salient tool for network deployment
and protocol optimization (Sec. 5.9).

Scalability in complicated environment. We explore the scalability and generality
of E-Mi in two steps. First, we collect ground-truth channel profile in a printing room
— a more complicated environment (Figure 5.15) than the office. Figure 5.16 (a) and
(b) compare the channel profiles (high RSS corresponding to the AoAs/AoDs created by
dominant reflectors). Although the printing room hosts a much larger number of ob-
jects, the number of dominant reflectors remains similar (~ 6). Our close examination

reveals that the dominant directions mainly come from the metal shelf, glass window
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Figure 5.17: Reflector location error vs. number of Rx sampling positions.

and concrete wall, etc., i.e., large objects with strong reflectivity. On the other hand,
wooden shelf, desk, and small structures on the wall, barely contribute to the RSS. In
both environments, the 6 most dominant reflections account for > 95% of the total
RSS. This experiment demonstrates that even in a complicated environment, the 60 GHz
channel remains sparse, i.e., only a few dominant reflectors determine the channel quality.
Thus, to predict the channel, E-Mi only needs to capture and model a few dominant
reflectors.

Second, we investigate how many sampling locations are needed to reconstruct the
dominant reflectors. We simulate an 8x10 m? room environment with four concrete
walls. The Tx is placed at the center and Rx randomly moves over 5 ~ 30 locations in
each test. Across tests, different number of planar reflectors are placed randomly around
the Tx/Rx locations. We use the ray tracing to obtain the ground-truth (AoA, AoD,

length). Figure 5.17 depicts the average error between E-Mi’s reconstructed reflector
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positions and ground truth. Generally, more dominant reflectors requires more sampling
positions. Yet, even for an 8-reflector environment, E-Mi only needs 20 sampling loca-
tions to ensure an accuracy of around 0.2 m. Since the number of dominating reflectors
tends to be sparse, the amount of on-site sampling needed in E-Mi is still substantially
lower than that of a site-survey. Besides, the reflector accuracy depends on the radio’s
sensing position, and it tends to be more accurate if the radio can see stronger reflected
paths from a reflector. Fortunately, this location sensitivity will be averaged out when

the number of sensing positions is sufficiently large.

5.9 Case Study of E-Mi

In this section, we present an example application which uses E-Mi to predict 60 GHz
network performance and optimize the AP placement. E-Mi can also be applied to other
scenarios, e.g., device localization and environment mapping. Yet, exploring E-Mi in a

broader range of areas is beyond the scope of this work.

5.9.1 Environment-Aware 60 GHz AP Deployment

Measurements (Sec. 5.1 and [165]) showed that the performance of 60 GHz networks is
a sensitive function of location and reflector position, specifically w.r.t.

(i) Coverage: The spatial RSS distribution of a 60 GHz AP tends to be unevenly
distributed, even among same-distance links, due to two unique factors: (a) High direc-
tionality: The AP’s phased-array antenna can only generate a discrete set of directional
beam patterns, which typically point to unevenly distributed spatial angles [136,165].
(b) Ambient reflections: Different reflectors cause RSS to distribute unevenly, e.g., re-
ceivers close to strong reflectors tend to benefit from high RSS [165].

(ii) Robustness: i.e., resilience of the network under blockage. 60 GHz links tend

to be frequently disrupted due to inability to diffract/penetrate human body. Beam-
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steering alleviates the problem, but whether the resulting reflection path can detour
blockage highly depends on the geometry/reflectivity of environment [51, 165].

To address the environment sensitivity, we propose to use a multi-AP architecture
to cover a constrained environment. Through a central controller, the APs can tightly
cooperate with each other. When experiencing poor throughput or blockage, a client
can immediately switch to an alternative AP. The architecture itself is not new, but in
60 GHz environment, it needs to meet one key challenge: For a set of APs under a given
environment, how to deploy them optimally so as to maximize the coverage and robustness
to blockage?

We employ E-Mi to answer this question. The basic idea is to predict the AP locations
that provide best coverage and robustness to a typical set of client spots. The client spots
are locations at which clients tend to concentrate. The client spots can be manually
specified by users within E-Mi’s environment map (e.g., Figure 5.10 (b)). Alternatively,
the E-Mi AP can divide the environment map into grids, implicitly sense clients’ locations
over time (Sec. 5.5.2), and incrementally build clients’ spatial distribution. Client spots
can be defined as grids where the dwelling probability exceeds a threshold (e.g., 0.05).

To maximize coverage, we define the performance metric D as the mean bitrate
among W given client spots. Suppose each client is associated to the AP with highest

bitrate. Then, for each combination of AP locations,

1
D= szgl argmax;_, . 4 T(RSS),;, (5.9)
where RSS;; represents the RSS from AP j to client i. A is the number of APs, and 7°(-)
maps RSS to the achievable bitrate using the 802.11ad rate table [166]. The candidate
AP position can either fall in the grids or be manually specified by users within E-
Mi’s environment map. To find the best multi-AP deployment, we simply use E-Mi to

predict the performance of all candidate position combinations and select the one that
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maximizes D.

For a given multi-AP deployment, we further define the robustness metric as £ =
D' /D, where D' is the mean bitrate under blockage. Using E-Mi, we can “rehearse”
the impact of human body blockage without field war-driving. Since human body is
aquaphobic [32, 136, 165], the blockage may annihilate one or more paths. So we
can use ray-tracing to derive D' by averaging the bitrate resulting from blockage of
random movement. We repeat the procedure over candidate AP position combinations
and single out the best. The optimized AP location essentially maximizes the number of
paths to each client. The more reachable paths will make the network more resilient to
blockage because radios can immediately reestablish the link upon blocking via another

path.

5.9.2 Experimental Verification

We evaluate the E-Mi-based AP deployment with dominant reflectors in Figure 5.10
(b). We set 24 random client spots and divide the environment into 20 equal sized
grids. The center of each grid is considered as a candidate AP position. We compare E-
Mi with random deployments and an empirical approach that puts APs in four corners to
maximize coverage. Since our experiments have already validated the accuracy of the
ray tracing method, we reuse ray tracing to evaluate the RSS from an AP to client. The
RSS is then mapped to bit-rate and link throughput following [165]. Consistent with
Sec. 5.8.1, each AP/client has a 16-element phased array, with 32 codebook entries and
beamwidth of 22.5°.

Coverage: Figure 5.18 plots the CDF of clients’ throughput under 2-AP deployment.
For Random, the throughput is averaged across all AP locations. We observe that E-Mi
gains substantial advantage from its environment-awareness, with median throughput
improvement of 2.24x over Random, and 4.54x over Corner. Moreover, E-Mi con-

sistently delivers higher capacity for all clients, i.e., it does not sacrifice fairness. The
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results manifest the ineffectiveness of empirical approaches, which are unaware of the
impact of dominant reflectors on 60 GHz network performance. Even with 2 APs, E-
Mi can optimize AP placement and boost network capacity to 1.4x compared with a
single-AP deployment.

We further evaluate E-Mi in 30 different environment topologies, created by inten-
tionally adding reflectors (up to 10), with random orientations, inside the environment.
Figure 5.19 (a) shows that, given a single AP, E-Mi has 2.2 x average capacity gain over
the empirical deployment, and up to 4x gain in certain environment that is observed
to feature heterogeneous reflector placement. More APs can offset the environment
heterogeneous, and hence degrade E-Mi’s gain slightly.

Robustness: Under the same topology as Figure 5.18, Figure 5.19 (b) plots the
CDF of throughput loss across all clients under random human blockages (created by

randomly moving at different locations inside the environment). Owing to its awareness
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of reflectors, E-Mi’s median throughput loss is only around 20 Mbps, in comparison to
700 Mbps to 830 Mbps in the empirical approaches. The normalized throughput gain
of our optimization is consistent with the measurement (Figure 5.1) using commercial
60 GHz devices.

We also found that the coverage-maximizing deployment differs from the robustness-
maximizing one. In practice, one may use a weighted balance between the metrics,

based on how likely the blockage is to happen.

5.10 Discussion

We present E-Mi as a sensing-assisted paradigm to facilitate 60 GHz networks, whose
performance is highly sensitive to reflectors. E-Mi senses the environment from 60 GHz
radios’ eyes. It “reverse-engineers” the geometry/reflectivity of dominant reflectors, by
tracing back the LOS/NLOS paths between a pair of 60 GHz nodes. Through case studies
and testbed experiments, we have demonstrated how such environment information
can be harnessed to predict 60 GHz network performance, which can in turn augment

a broad range of network planning and protocol reconfigurations.
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CHAPTER 6

Conclusion

In conclusion, this dissertation proposes to augment the wireless systems with sensing
information, with the end goal of enabling new IoT applications and solving critical net-
working performance issues. Conventional wireless systems are primarily standalone,
executing prescribed network protocols in the cyberspace — without exploiting or shar-
ing any intelligent sensing information with other system parts. Though such design
philosophy works well in the past, it becomes challenging to meet the new IoT de-
mands and fails to scale with the complexity of mmWave networks, e.g., 60 GHz radios
suffering from significant performance loss under user mobility and human blockage.
This dissertation is inspired by such an observation — wireless channels exhibit a
strong dependence on the physical environment. As such, many emerging IoT network-
ing paradigms can reveal sensitive information about the physical environment. Thus,
we take an unconventional approach and show that many open-challenging problems
in wireless systems can be readily solved by exploring sensing capabilities from wireless
channels and signals. Following this theme, we have proposed two design paradigms
— sensing-oriented intelligent systems and sensing-assisted networking protocols. The
former enables passive sensing of the physical space through a new modality, which is
complementary to active sensors and will trigger many exciting [oT applications, e.g.,
batteryless orientation and location tracking. The latter paradigm, reversing the above

principle, demonstrates that external sensors can significantly improve the networking
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reliability for applications such as wireless VR. Besides, we also show that wireless sys-
tem can benefit from passive sensing information, which allows them to see the nearby
environment from the radios’ eyes and helps optimize the network deployment. The
environment awareness offers the systems superior performance in comparison with

conventional wireless protocols which reside only in the cyber space.

6.1 Lessons Learned

This thesis elaborates on contributions that span both sensing and networking areas.
Traditional research in radio sensing often focuses on designing new hardware that re-
alizes the radar functionality, which however limits the potential application scenarios.
On the other hand, many wireless protocols currently running treat the physical envi-
ronment as a black box, which tends to be unreliable when the channel becomes highly
dynamic. In contrast, we bridge the gap by jointly considering the sensing and network-
ing in the wireless system design. We demonstrate that general communication devices
can be re-purposed and achieve the radar-like sensing capability. Moreover, it becomes
possible to crack many open challenges in the wireless networking area by exploiting
external sensing information for assistance. Below are some of the lessons we have

learned.

* Re-purposed functionalities of Communication Hardware: The first challenge
in designing sensing-augmented wireless systems stems from the non-ideal hard-
ware of communication radios. Traditional radars allow us to process the received
signal in the analog domain. However, wireless networking systems tend to dig-
italize the data symbols, since they are built only for communication purpose.
As a result, they often expose limited physical-layer information, such as RSS
and phase, for public access. Critical information regarding the physical envi-

ronment will get obfuscated. Therefore, novel processing algorithms are needed
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to reconstruct the meaningful environment information. Besides, compared with
dedicated radar hardware, wireless communication circuits are far from ideal,
with limitations such as narrow bandwidth and uncalibrated antenna response,
which make the signal processing difficult. However, we can compensate for such
hardware difference by designing additional training procedure to calibrate the

systems.

Performing the preliminary experimental study is a helpful way to identify such
problems in an early stage. For instance, before Tagyro, RFID localization re-
search adopts an ideal phase-distance model, which assumes the phase changes
linearly over the tag-to-reader distance. Despite the simplicity, my experimental
study shows that the model hardly characterizes the phase change in actual RFID
systems, since the phase is also a sensitive function of the tag’s orientation and
the electric-magnetic coupling of antennas. Thus, the ideal model only holds un-
der stringent setups. In contrast, Tagyro adopts a layout-calibration procedure to
address the phase distortion caused by the coupling effects and can estimate the
rotation of RFID tags. In this thesis, we demonstrated how experimental study
could uncover the possible imperfection of communication hardware and bring it

into more practical applications through innovative designs.

Computational Modeling of Physical Environment: Another challenge in de-
signing sensing-augmented wireless systems comes from the intrinsic relation-
ship between the environment (target), abstract sensing data, and tremendous
decision-space. The channel data often contains incomplete information about
the target environment and thus does not directly lead to the decision space.
Moreover, the signals are covered by noise and mixed with many other disturb-
ing components from unrelated targets. Making sense of the data requires a deep
understanding of the interaction between the sensing signals and the physical

environment, distilling internal structural patterns, and designing analytical algo-
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rithms.

Building signal-level computational simulation model is a quick way to explore
the underlying interaction between the sensing information and physical environ-
ment. As demonstrated in this thesis, the computational approach provides us the
capability to synthesize wireless signal distortions created by physical environ-
ments, human activity, and daily objects, allowing us to verify the algorithm de-
sign even before implement the whole systems. For example, prior to our mTrack
design, passive mmWave localization mainly leverages the narrow beam and re-
flection signal strength to determine the object’s direction. Nevertheless, this ap-
proach can only achieve low precision since the RSS is not a reliable function of
the distance. In contrast, mTrack proposed to leverage the phase information for
fine-grained passive tracking, but it suffers from the background reflection which
distorts the signals. To overcome this problem, we leveraged the computational
approach to simulate how the signal deviates under background reflection, which
enabled us to identify the inherent property and reconstruct the original pattern
without distortion. E-Mi represents another similar example, where we leverage
a 60 GHz ray-tracing engine to model how the dominant reflectors in a given
environment reshape the signal at the receiver side. It allows us to design the

algorithm with better accuracy than previous approaches.

6.2 Future Work

This dissertation has demonstrated that the concept of sensing-augmented wireless sys-
tems can help create the more reliable and capable cyber-system as well as new sensing
applications/services, laying down the foundation for the advent of IoT. However, we
believe the design principle can have broader implications and will have long-lasting

impacts. An important future direction that builds upon this thesis is to continue fo-
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cusing on developing new computational algorithms and networking architecture for
smart wireless-connected devices, to meet the needs of demanding applications such
as wireless VR and autonomous driving. This design philosophy opens up many new
research opportunities:

Multi-band Content Delivery Framework: Over the past decades, the wireless
technology has been mainly focusing on delivering high bit-rate to meet the tremen-
dous growth of mobile devices and video streaming services. The latest mmWave and
massive Multiple-input and Multiple-output (MIMO) technologies can already provide
multi-Gbps to a single user. However, besides bit-rate, many emerging applications
have strict requirements in low-latency and high-reliability. Although mmWave links
can meet the throughput requirements, they are vulnerable to user mobility and ob-
stacle blockage. Solving these new challenges requires us to not only redesign new
networking protocols/algorithms but also reconsider existing network architecture. In
this thesis, the Pia design marks one first attempt in improving the 60 GHz link robust-
ness for wireless VR applications. However, it only focuses on a small mmWave network.
An immediate next step is to extend the design to enterprise scale with dense node de-
ployment. The goal is to use the WiFi interface as the sensing-assistive channel and
enable robust mmWave spatial sharing under user mobility. For example, one potential
direction to design a multipath content delivery framework that can unify multiple ra-
dios that are currently available in mobile devices, such as WiFi and WiGig, to create a
single low-latency, mobility-robust and energy-efficient virtualized link for demanding
applications.

Scalable mmWave Sensing Systems: Existing sub-6 GHz wireless sensing appli-
cations are commonly limited to a set of well-predefined gestures or activity patterns.
However, mmWave radios can change this situation and enable powerful wireless sens-
ing tools due to the directional beam, ultra-short wavelength, and tremendous band-

width. It can provide super-fine sensing resolution in both spatial and temporal do-
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mains. The mTrack system design demonstrated that mmWave signals could be easily
exploited to track human finger movement at sub-centimeter granularity. As future
work, this can be extended to a larger scale and realize an accurate indoor position-
ing system using ubiquitous mmWave radios. Moreover, in the 5G, the millimeter-wave
cellular base-stations can be turned into a fine-grained location tracking system to co-
ordinate the scheduling of self-driving cars, e.g., determine who should leave first at
a four-way stop intersection. It will be especially useful in an urban area because the
traffic is dense and the GPS system deteriorates.

Sensing-assisted Codebook Generation: In E-Mi, we demonstrate that smart wire-
less sensing can benefit mmWave networks performance by “seeing” the surrounding
environment. However, it doesn’t account for the reflection and coupling effects from
nearby objects, which will also distort mmWave beam patterns, making the factory-
default codebook less effective. To overcome this problem, we need to design an auto-
mated codebook generation mechanism that can learn the environmental and electrical
impacts, and automatically generate/optimize beamforming codebooks that will pro-
vide better signal quality/coverage. Enabling such intelligent wireless sensing systems
requires synergistic solutions between signal processing and machine learning.

Towards Seamlessly-connected mmWave Networks: Besides high throughput,
wireless network connectivity is a focusing area of research in both academia and in-
dustry, which aims to address the coverage and availability problems. It is an important
research direction because, in the US, 1.4 million people living in rural areas still have
no LTE access. Moreover, existing wireless network infrastructures are fragile in dis-
asters, e.g., it took more than two weeks for primary cellular service to recover after
Hurricane Irma. However, solving this problem is fundamentally challenging due to the
centralized legacy cellular-network architecture. We believe the mmWave networks can
change this situation owing to two unique advantages: directional transmission and

vast spectrum. As a result, it can enable efficient peer-to-peer communication via spa-
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tial reuse. Besides, through directional wireless backhaul and relays, mmWave radios
can instantly connect millions of devices throughout the space yet still maintaining high
throughput. To expand the network coverage, one solely deploys a node in the desired
area and doesn’t need to the worry about wired backhaul deployment or complex net-
work configurations. The node would automatically discover nearby peers and together
form a high-speed network. Enabling such smart and self-dominated mmWave nodes
not only requires exchanging external sensing information, such as geo-location and
mobility, but will also necessitate new designs of hardware, protocols, and algorithms.
Protecting User Privacy Under Ubiquitous Sensing: Even though the sensing-
oriented wireless systems can enable many new IoT applications, it will expose signif-
icant threats to privacy and security. For example, mobile devices, actively transmit-
ting radio signals, e.g., from WiFi or Bluetooth, can be exploited to recover sensitive
information such as movement trajectory and sound. Thus, it is crucial to detect and
prevent the malicious users, and only permit authorized ones to access meaningful sens-
ing information. To realize these objectives, a secured wireless physical-layer that can
“encrypt” the Channel State Information (CSI) will become necessary. A feasible so-
lution, for instance, is to let the transmitter create artificial distortion patterns in the
amplitude, phase, and Doppler shift in each packet. Such distortion will not affect the
receiver’s packet decoding. However, it will prevent the malicious attacker from extract-
ing any useful sensing information from the CSI. An authorized user can compensate
the distortion patterns and obtain valid sensing results by using encryption information.
Moreover, this solution can also be extended to protect against passive wireless sens-
ing, in which the target object (e.g., human body) does not transmit signals actively.
Nearby mobile devices, e.g., smartphone, can assist to create such distortion patterns as

jamming signals to confuse the attacker.
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