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Sensing the Physical World Using Pervasive Wireless Infrastructure

by

Elahe Soltanaghaei
Abstract

WiFi connectivity is ubiquitous nowadays, specially in the new era of Internet of Things (IoT),
where the majority of physical devices, home appliances, and vehicles have some kind of
network connectivity. On the other hand, recent developments in wireless technologies have
transformed the role of wireless signals from a pure communication medium to an enabling
tool for non-intrusive sensing. Radio signals propagate along multiple paths and reflect from
objects before arriving at a receiver, so they carry information from the environment. In this
thesis, we exploit the traditionally challenging multipath propagation and convert it into an
opportunity for human sensing, device localization, and object tracking by mapping each
wireless reflection to relevant physical and behavioral measurements. Beyond leveraging the
pervasive wireless infrastructure, the major breakthrough enabled by this thesis is our inno-
vative approach of unilateral sensing, in which a single WiFi device unilaterally senses the
physical world without requiring coordination or data sharing with any other devices. This,
in turn, converts every WiFi-enabled device into an individual sensor that learns about the
environment, leading to a scalable sensing platform.

This dissertation delivers four fundamental contributions. First, it presents a novel local-
ization approach called Multipath Triangulation, which combines the geometric properties
of wireless multipath signals to triangulate WiFi devices and reflection surfaces. Next, the
multipath triangulation is exploited to produce the first decimeter-level unaided localization
system that requires only a single WiFi receiver to unilaterally locate any other WiFi devices
in the room. Beyond localizing WiFi devices, we further extend multipath triangulation to
develop the first WiFi-based object tracking system that can localize the passive wireless
reflections from a battery-free tag in the presence of complex multipath propagations. Fi-
nally, we demonstrate that multipath reflections provide peripheral WiFi vision for sensing
the presence of people in a room, even if they are stationary, without requiring them to carry
any devices or wear a tag.

To deliver these contributions, we employ the underlying physical properties of wireless
multipath propagation and map the frequency, temporal and spatial characteristics of these
signals to the physical environment. We implement new systems and algorithms that are
compatible with commodity WiFi devices, which are also evaluated in regular indoor envi-
ronments. A broad range of applications benefits from this sensing information including
health and elderly monitoring, home automation and security, or search and rescue missions.
We believe that these approach becomes a necessity in the near future as IoT devices become
even more ubiquitous and context-aware services such as home well-being monitoring, robot
assistants, and autonomous driving turn into daily life routines.
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Chapter 1

Introduction

Nowadays, majority of physical devices such as home appliances, wearables, and vehicles

have embedded actuators and network connectivity, which enable them to connect with other

devices and exchange data, creating a network of things. The promise of IoT has been a fu-

ture where connected devices work together to automate the world. This means a home

that monitors your activities and health status, learns your habits and preferences, and auto-

matically controls lighting, air conditioning, and more. With the increasing number of IoT

devices, new smart applications have emerged that rely on knowing the whereabouts of de-

vices, people, and objects. However, deploying large-scale localization systems can be cost

prohibitive and creates a massive amount of data exchange and communication overhead.

In this research, my goal has been to build new systems for sensing the physical world by

merely leveraging the pervasive wireless infrastructure. This leads to a vision of omnipresent

sensing, where the WiFi in every building acts as an efficient non-intrusive sensing system.

This research shows how we can convert every commodity WiFi device into an individual

sensor to learn about the environment and enable new services ranging from indoor tracking

to human sensing.

The motivation behind this research stems from two trends: WiFi is now pervasive in

1
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urban environments, and the number of wireless devices is constantly growing and predicted

to approach 1 trillion by 2025. In effect, this network of wireless devices creates radio waves

that interact with each other and the environment. Each signal travels in the wireless medium

along multiple paths reflecting off of walls, furniture, and human body before arriving at a

receiver, so it carries information about the environment. While multipath propagation is tra-

ditionally known as the core challenge underlying most wireless problems, this thesis tries

to transform this challenge into an opportunity for sensing. I demonstrate that multipath

signals can extend indoor localization to any wireless devices by providing unaided local-

ization; and each reflection can play as a sensor by revealing information about different

parts of the physical environment, advancing object tracking and human sensing.

One of the key advantages of this sensing approach is that it does not require any dedi-

cated sensing infrastructure, coordination between multiple devices, or any sort of data shar-

ing beyond standard WiFi communication. We call this Sensor Piggybacking: using the

available communications between devices to unilaterally sense the physical world without

relying on any coordination, data sharing or synchronization between multiple devices. It

can operate opportunistically whenever the wireless nodes happen to communicate, with no

additional overheard. In addition, it doesn’t have to be the WiFi access points that perform

the sensing and localization.

Another advantage of the systems developed in this research is that they are compatible

with commodity WiFi devices, their hardware imperfections, and intrinsically noisy wireless

channel. We take advantage of recent advances in MIMO communications that transmit and

receive signals across multiple antennas. We also use WiFi OFDM signals in the ISM band

to collect the fine-grained Channel State Information (CSI) from commodity WiFi chips.

CSI is measured from the packet preamble and, so can be measured for eavesdropped pack-

ets without establishing two-way communication. However, the key challenge in extracting

semantics from these channel measurements is that CSI contains the signal distortions due to
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both multipath propagation and imperfect signal processing in the hardware such as impre-

cise sampling frequencies between the WiFi transmitter and receiver, or shift of the central

frequencies.

We overcome this challenge by developing a novel channel combination scheme that

extracts and disentangles multipath reflections by combining measurements from multiple

antennas and multiple frequency sub-channels, and then use each signal as an independent

measurement. This thesis demonstrates how these individual reflections can contribute to

sensing and localization. This innovative system allows any single WiFi device to (1) inde-

pendently localize nearby WiFi devices even the access points themselves, (2) track battery-

free objects or IoT devices that don’t have WiFi transceivers, and (3) act as a sensor to detect

the presence, location or activities of the occupants without requiring them to carry or wear

any devices.

This revolutionizes the way we conduct sensing by increasing its efficiency and accuracy

while drastically reducing its cost. It also enables applications in diverse areas including

healthcare, robotics, or virtual reality. For example, the HVAC system could detect the

entrance or exit of the occupants and adjust the temperature accordingly to save energy while

maintaining the occupants comfort; the available WiFi devices in a home could act as security

sensors and monitor the entire house while it is empty, and track occupants’ activities while

they are home; or the robotic vacuum cleaner could navigate inside the room and find the

missing objects by just using the available WiFi. We expect these systems to become a

necessity in the near future as IoT devices become even more ubiquitous, and context-aware

services such as home well-being monitoring, robot assistants, and autonomous driving turn

into daily life routines.
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1.1 Wireless Multipath: From Challenge to Opportunity

Multipath propagation is an inevitable phenomenon in wireless communication. Wireless

signals emitted by a transmitter reflect and refract from objects in the environment, making

multiple copies of the signal. The majority of the signal power is transferred through the

direct path or Line of Sight (LoS) signal between the transmitter and receiver. However, the

received signal is the superposition of all copies of the signal, which combine at the receiver

and either reinforce or cancel each other. Multipath propagation has been a challenge in

wireless communication as it causes interference in a variety of ways including distortion

of the signal, loss of data, and multipath fading. It is even a more challenging problem

in indoor applications as walls, furniture, and machinery act as obstacles or reflectors that

redirect parts of the transmitted signal.

Unlike the previous works that try to overcome multipath interference by suppressing

multipath effect, or isolating the features of the LoS signal, we harness reflections in the

environment and show that each reflection contains information from a part of the physical

environment. This research builds upon recent advances in wireless communication such as

MIMO and OFDM to extend its role beyond simply a communication medium to that of a

sensing tool. We present a new method of disentangling multipath signals and estimating the

geometric features of each reflection such as direction or distance. We further empower this

capability by harnessing the extracted signals to infer human presence, environment char-

acteristics, object locations, or even other devices’ locations. A broad range of applications

benefit from this sensing information including health/elderly monitoring, home automation

and security, or search and rescue missions.
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(a) Unaided Device-localization (b) Unaided Object Tracking (c) Peripheral WiFi Vision

Figure 1-1: Systems Developed. This dissertation chronicles the evolution of using perva-
sive wireless infrastructure for sensing, starting with (a) unilaterally localizing WiFi devices,
which converts every WiFi-enabled device into a sensor. Then, all these WiFi devices are
used to (b) track objects by using a simple battery-free tag and detecting its passive wireless
reflections. Eventually, the thesis progresses to a holistic peripheral WiFi vision by providing
(c) human sensing without requiring the person to carry a device or wear a tag.

1.2 Research Contributions

In this thesis, the pervasive wireless infrastructure and the multipath propagations are em-

ployed to push the limits of indoor localization, object tracking, and human sensing. The

systems developed in this research has three key properties that make them particularly pow-

erful: First, they make no assumption on the presence of a dedicated localization or sensing

infrastructure. They operate unilaterally on any WiFi-enabled devices without making any

assumption about the environment. Second, the systems are built based on the resources

and technologies that are available in commodity WiFi devices. Third, all of these systems

are implemented in practice and are extensively evaluated in regular indoor environments

to demonstrate their feasibility and practicality. Below, the contributions of each of these

systems are explained:

1. Unaided Localization of WiFi Devices: I present Multipath Triangulation, a new local-

ization technique that uses multipath reflections to localize a target device with a single
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receiver. In effect, it uses multiple reflections for triangulation similar to the way older

systems use multiple devices. The key insight behind multipath triangulation is that the

LoS and a reflection path form a multipath triangle that localizes the target devices by

computing the directions of each path, known as angle of arrival (AoA) and angle of

departure (AoD). In addition, to fully constrain the geometry of this triangle, the rela-

tive Time of Flight (rToF) of two paths, or the length difference of the LoS and reflected

path, is computed to define the scale of the triangle. As a result, multipath triangulation

overcomes the conventional challenges in range estimation with commodity WiFi and the

need for time synchronization between the WiFi transceivers by leveraging the difference

in ToF of two paths instead of the absolute ToF.

This led to the design of the first decimeter-level unaided localization system [1]. With

this approach, any WiFi device can localize other nearby WiFi devices without requiring

to perform any coordinated actions or even establishing a two-way communication. For

example, a home automation system can localize controllers such as smart thermostats or

smart plugs, even if neither the controller nor the home’s access point supports a local-

ization protocol. Beside localizing a target device, Multipath Triangulation localizes the

reflectors with respect to the receiver, which enables new potential solutions for indoor

mapping by stitching static localized reflectors, or device-free localization by tracking

reflections from the human body without requiring the person to hold or wear a wire-

less device. In Chapter 3, I elaborate on Multipath Triangulation and present a prototype

implementation of this localization system in commodity WiFi devices that we called

MonoLoco.

2. Object Tracking using Battery-free WiFi Tags: While unaided localization can achieve

accurate tracking of wireless devices, not all the objects have a WiFi transceiver. This dis-

sertation also demonstrates how we can localize any object by simply attaching a tag. Ob-

ject localization is crucial for many context-aware and automation applications in smart
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homes, retail stores, or warehouses. However, no existing object tracking technology

offers both simple setup and long-term operation. RFID technology enables low-cost,

battery-free tags that can be placed on every object, however, the cost and complexity of

covering a space with RFID infrastructure limit its practical adoption. On the other hand,

WiFi localization provides simple setup by using the available wireless infrastructure but

requires an active WiFi radio on the target of interest. In this research, I present TagFi as

the first object tracking system that combines the best features of RFID and WiFi local-

ization by using pervasive wireless infrastructure to accurately localize battery-free tags

with a single commodity WiFi receiver.

The fundamental challenge in sensing objects is that the wireless reflections from a battery-

free tag are considerably weaker than many other multipath signals propagating in the

physical environment, so they get overwhelmed by the superposition of all signals in the

receiver. To address this challenge, TagFi uses a novel modulation technique to set apart

the weak passive reflection of an object among complex multipath signals. Our solution

is based on a realization that a modulated multipath signal is incoherent with the rest of

multipath reflections, which makes it distinguishable regardless of how much this modu-

lated path is attenuated. Chapter 4 presents our design of a WiFi-based tag that employs

this realization and demonstrates how TagFi leverages the underlying physical proper-

ties of multipath propagation to detect and localize the passive wireless reflection from a

battery-free WiFi tag.

3. Peripheral WiFi Vision for Human Sensing: beyond localizing devices and objects, this

thesis demonstrates that monitoring wireless reflections from objects and the human body

enables peripheral WiFi vision for human sensing. The ability to automatically control

air conditioning, heating, and lighting provide significant monetary and environmental

benefits, which can be only realized by efficient and accurate human presence sensing.

However, existing occupancy sensors can only detect the motion of people, causing ma-
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jor comfort issues when the users are stationary. To address this problem, this research

presents PeriFi, an occupancy sensing system that detects human presence, and not just

human motion. So, it can sense both moving and stationary occupants by exploiting

wireless reflections. Our key insight is to convert each reflection into an individual spatial

sensor and track temporal and spatial variations of these wireless paths to increases the

sensing area and sensitivity to small movements of a stationary target. Chapter 5 describes

our algorithms to classify occupancy states of a room and how to capture the variations

of multipath characteristics due to human movements.

1.3 Thesis Outline

The rest of this dissertation is organized as follows:

• Chapter 2 overviews the knowledge background of wireless signals and the underlying

technologies that are borrowed in this dissertation from wireless communication. It

also discusses the state of the art in WiFi sensing and localization.

• Chapter 3 presents Multipath Triangulation as a novel localization approach and demon-

strate its application in device localization with a single commodity WiFi receiver.

This chapter revises a previous publication [1]; Elahe Soltanaghaei, Avinash Kalya-

naraman, and Kamin Whitehouse. Multipath Triangulation: Decimeter-level WiFi

localization and orientation with a single unaided receiver. ACM MobySys 2018.

• Chapter 4 presents a WiFi-based object tracking system that exploits passive wireless

reflections from a customized battery-free tag. This chapter, in full, is a reprint of the

material for an under-review paper. Elahe Soltanaghaei, Kamin Whitehouse, Bodhi

Priyantha, Jie Liu, Gerald DeJean. TagFi: Localizing battery-free objects using a

single commodity WiFi device.
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• Chapter 5 presents PeriFi, an innovative approach for human sensing by converting

wireless distortions caused by body movements to a useful sensing method. This ap-

proach proposes the concept of peripheral WiFi vision, which addresses the challenge

of detecting the presence of stationary people. This Chapter, in full, revises a previ-

ous publication [2]: Elahe Soltanaghaei, Avinash Kalyanaraman, Kamin Whitehouse.

Peripheral WiFi Vision: Exploiting multipath reflections for more sensitive human

sensing, ACM WPA 2017.

• Chapter 6 concludes the thesis by summarizing the contributions and describing future

work.



Chapter 2

Background and Related Work

In spirit, this research advances the well-established problem of indoor sensing and navi-

gation, which has been explored through various means including acoustic signals [3, 4],

ultrasound [5, 6], FM [7], infrared [8], RFID [9, 10], Bluetooth [11], cellular [12, 13], Zig-

bee [14, 15], WiFi [16–18], UWB [19, 20], and more. The advantage of using WiFi signals,

however, is that they are already everywhere even in the millions of older buildings that do

not have sensing and localization infrastructures in place. One of the earliest WiFi-based in-

door tracking systems is RADAR [16] developed at Microsoft. The system utilizes the signal

strength captured from multiple WiFi nodes and match it with the radio signatures collected

offline from every location in the room. However, the key challenge in inferring position or

generally context-based information from WiFi signals is that we live in an ocean of radio

signals which bounce off all walls, furniture, and reflection surfaces, so just the movement

of a person in the room or displacement of furniture can change the wireless signatures.

Traditional solutions to address this challenge follow three research lines of recurrent finger-

printing, suppressing multipath interference, or isolating the features of the LoS path. Unlike

these previous works that all try to eliminate the multipath effect, this dissertation demon-

strates how each individual multipath reflection can contribute to sensing and localization.

10
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Figure 2-1: Multipath Propagation. Wireless Signals propagate along multipath paths in
indoor environments creating rich multipath propagation.

This chapter briefly overviews the fundamentals of wireless communication and the un-

derlying wireless technologies that this dissertation is built upon. At last, an overview of

the state of the art in WiFi sensing and localization is provided. The related works are then

categorized based on the application and the type of techniques used to overcome multipath

interference.

2.1 Multipath Propagation

In a wireless link, the electromagnetic signal is emitted from an antenna as a radio wave,

which then radiates through the wireless medium or the environment. However, wireless

signals do not go on a straight line; they propagate along multiple paths and many copies of

the signal arrive at the receiver, as shown in Figure 2-1. The inherent multi-path phenomenon

of indoor environments is one of the most important channel effects. The superposition

of these signals at the receiver results in constructive or destructive interference depending

on the phases of the individual signals, thus either giving a good overall signal or mostly

canceling each other.

What is worse, the multipath channel characteristics may change over time due to change

of channel geometry. Small differences in the delay or phase of multipath signals can make
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a big difference in the received signal due to the superposition effect. For example, half a

wavelength delay of a 2.4GHz reflection will completely null the received signal (assuming

that the signal strengths of the two paths are equal). Temporal variations can happen due to

the movement of a person inside the room, which changes the length of the wireless path

reflected from the body over time, or the person may block some of the existing reflections

in the environment. Furthermore, as a result of multipath phenomenon, the received wireless

signals significantly vary over frequency and space, which causes uncertainty in wireless

communication. Frequency selective fading is one of the anomalies caused by multipath

fading, in which different frequency components of the signal experience uncorrelated fad-

ing, causing problems in decoding the symbols. On the other hand, the spatial variation of

the wireless signals is the main challenge of mobile wireless nodes because there is a sig-

nificant probability of deep fading at any given location due to the change of surrounding

environment and their corresponding multipath characteristics.

In spite of challenges that multipath propagation causes, an alternative way of looking at

this phenomenon is that it provides diversity. In a sufficiently rich multipath environment,

different copies of the signal are observed across different frequencies and spatial locations.

The next section elaborates on two technologies that take advantage of multipath diversity

for better communication quality. These two techniques are building the fundamentals of the

approaches developed in this dissertation for sensing and localization.

2.2 Overview of MIMO-OFDM Links

MIMO (Multiple Input Multiple Output) and OFDM (Orthogonal Frequency Division Mul-

tiplexing) are the two 802.11 schemes that are developed based on spatial and frequency

diversity of multipath signals to improve wireless capacity and quality. As shown in Fig-

ure 2-2, in OFDM, a frequency bandwidth splits into multiple subcarriers each of which
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Figure 2-2: OFDM Scheme. The subcarriers, in OFDM, are orthogonal to each other.

carries a different modulated bit in parallel. So, it takes advantage of frequency diversity to

provide a higher level error-correcting as all subcarriers will not be affected the same way

with multipath interference and we never lose all the data due to deep fading of the signal. In

addition, each of these subcarriers transfers the bits for a longer time, so it can average out

the temporal fades by turning a single fast channel into many slower parallel channels, taking

advantage of time diversity. As a result, OFDM signals are more resilient to interference and

frequency-selective fading. OFDM is widely used as a modulation technique and is available

in major communication applications such as WiFi 802.11a/g/n.

MIMO is a wireless technology that takes advantage of spatial diversity. The earliest idea

of MIMO was proposed in 1970 to configure multiple antennas co-located at one transceiver

for improving the link throughput. The key insight is that the antennas separated by at

least half a wavelength has independently-faded channels. So, a multi-antenna receiver can

combine the received signals from multiple antennas to average out the noise. Similarly, a

multi-antenna transmitter can emit multiple signals in a way that the copies arriving at the

receiver combine optimally. On the other hand, the spatial diversity caused by multipath

propagation leads to splitting the data into multiple independent streams transmitted through
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Figure 2-3: a bloc-view of a MIMO-OFDM link in the context of 802.11n

different antennas and received by multiple antennas, providing bit rates as high as 450Mbps.

This is called spatial multiplexing and combined with OFDM, it evolved to MIMO-OFDM

technology that is now available in 802.11n.

Figure 2-3 demonstrates the basic model of a MIMO-OFDM link in the context of

802.11n. First, the transmitter generates S spatial streams of symbols for a packet that is

OFDM modulated. This codes the bits across frequency and spatially diverse subcarriers.

Next, the spatial mapper maps the S streams into M transmit antennas. Different spatial

mapping algorithms are developed to optimize the decoding process. Then, the signal prop-

agates in the wireless medium that alters the transmitted signals by H. The matrix H known

as the Channel State Information (CSI) consists of the phase and amplitude coefficients by

which the signal is affected as it travels the wireless medium. It should be noted that the

channel H is different for every OFDM subcarrier, although it is demonstrated as a single

RF channel in Figure 2-3. Finally, N receive antennas capture the signal and employ one of

many MIMO processing algorithms to disentangle the S streams and demodulate the sym-

bols. To do so, the receiver first computes the channel coefficients (H) using the known

packet preambles, which is then used to decode the signal. The following section elaborates

on this process in details.
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2.3 Channel State Information

The central component and the input of the algorithms developed in this thesis is a set of

low-level RF channel measurements known as Channel State Information (CSI). For every

packet transmitted over the air, the receiver detects the beginning of the packet from the

increase of the energy and then estimates the parameters of the wireless channel from the

known symbols in the packet preamble to decode the bits. To calculate CSI, the received

signal x is expressed in terms of the CSI matrix H and the transmitted signal y as follows.

x = Hy + n (2.1)

where the various symbols are:

The receiver solves this set of equations for the known preambles (for which both x

and y are known) for the CSI matrix H.The CSI includes the channel gain coefficient (both

amplitude and phase) for each OFDM subcarrier. For an N × M MIMO link, the CSI is an

N × M × S matrix, where each entry represents the channel coefficient from one transmit

antenna to a receive antenna for each of S subcarriers. In this dissertation, we leverage

the fine-grained CSI measurements to characterize multipath propagation and show how

to transform this information into efficient, robust, and accurate sensing and localization

systems.

CSI is measured automatically at the receiver in the course of receiving 802.11n packets.

We leverage this mechanism and configure the commodity network cards to send the mea-
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Figure 2-4: The Intel Wireless WiFi Link 5300 used for the experiments of this dissertation.
This 802.11n device supports three antennas and three spatial streams, and operates on both
2.4GHz and 5GHz frequency bands

sured CSI up to the driver and log this information in the user-space application. For this,

we leverage the CSI tool [21] developed for Intel WiFi Wireless Link 5300 network cards

(Figure 2-4). These 802.11n MIMO chipsets have three antennas and support MIMO-OFDM

and more specifically spatial multiplexing with three data streams. The CSI tool modifies the

card’s firmware and iwlwi f i driver for Linux to log the channel metrics for 30 subcarriers in

both 20MHz and 40MHz OFDM channels.

2.4 Sensorless Sensing with WiFi Network

The ubiquity of WiFi in every indoor environment and its technological advances have ex-

tended the role of WiFi infrastructure from a sole communication medium to a sensorless

sensing platform. The concept of sensorless sensing refers to the ability of inferring the sur-

rounding environments by merely leveraging a pre-existing infrastructure that is deployed

for a different primary usecase. Over the past two decades, there has been increasing interest

in using wireless signals and more specifically WiFi to sense the environment and people.

The presence of WiFi devices in any indoor environments, the capability of these signals to

traverse occlusions, and their sensitivity to any small movement make this sensing modality

suitable to be used for detecting the human motions [22, 23], human activities [24–27], and
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localizing the target in indoor environments where GPS does not work [16, 28–34]. In ad-

dition, researchers have inferred more fine-grained information from WiFi signals through

applications such as hand gesture recognition [35], keystroke detection [36], object imaging

[37] or human identification [38, 39]. In this dissertation, we leverage WiFi signals for lo-

calization and sensing with novel capabilities such as unilateral localization of WiFi-enabled

devices, or tracking of battery-free objects. We take the unique approach of harnessing wire-

less reflection instead of eliminating them to deliver these applications, which are discussed

in the next section.

2.5 From RSS to CSI

Available in mainstream wireless signal measurements, the Received Signal Strength Indi-

cator (RSSI) has been adopted in vast WiFi-based sensing and localization systems [24, 28,

33, 37, 40]. However, the main problem of RSSI is that it only measures the total amount

of power in a link, which does not include the channel properties for different frequency and

spatial subchannels that WiFi uses to send independent data. This results in very limited

accuracy (e.g. 2-4 m accuracy in localization), especially in complex environments and sce-

narios. In contrast, CSI is a fine-grained measurement that captures the channel details at

the level of frequency-selective fading and independent spatial paths. This makes the PHY

layer Channel State Information a promising substitute for MAC layer RSSI. The channel

response information on each subcarrier includes both amplitude and phase changes which

can be utilized to provide a lot more information than RSSI readings.

One of the common ways of inferring semantic context from WiFi signals is finger-

printing of received signal power or channel information, and adopting a pattern-matching

approach. The main idea is to collect signal features for all possible locations in the area of

interest and build a fingerprint database. Although this method has been widely used for mo-
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tion detection [41] and indoor localization [16, 32–34], the achievable performance is limited

to a few meters due to complex multipath effect. In addition, these methods rely on a manual

training mechanism for every physical environment, thus suffering from cumbersome efforts

of characterizing the environment especially if it is dynamic. Some proposals tried to im-

prove the accuracy and practicality by using supervised machine learning models. Although

this type of solution is common for occupancy detection [42, 43] and activity recognition

[25–27], it does not help localization. In addition, the performance of these methods is

still limited to the training dataset, resulting in the need to continuously re-characterize the

environment.

To address the limitations of fingerprinting, some proposals focus on RF propagation

models [44–46] to estimate the distance between a transmitter and a receiver based on the

signal strength reading and known signal attenuation properties. The absolute distance can

be estimated by using signal propagation models given that the transmission power at a ref-

erence point is known. However, these methods still suffer from poor localization accuracy

due to signal fluctuations caused by multipath fading and indoor noise. For example, TIX

[47] achieves an accuracy of 5.4 meters by triangulating based on the signal strength mod-

els Lim et al. [48] combines the RF propagation method with singular value decomposition

to create the map and achieve a median accuracy of 3 meters. Finally, some model-based

techniques improve the RF propagation models with bayesian probability to capture the re-

lationship between different nodes [49]. In addition to RSSI and signal strength, later works

leverage the channel state information to define finer signatures. However, the majority of

research in this domain still focuses on CSI amplitude [25–27, 32].

Another line of research on WiFi sensing analyzes the signal propagation by deriving the

intermediate geometric parameters of the signal such as the distance (e.g ToF) or direction

(e.g. AoA and AoD) with regard to the reference points. These relative parameters are then

converted into location estimates [29–31], trajectory [50], or velocity [51] using geometric
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algorithms. However, due to fundamental limits in the range resolution of WiFi, these meth-

ods either use multiple access points [29–31, 50, 52, 53] or multiple frequency channels [34].

Either approach requires the coordination of multiple WiFi devices, which can be an issue in

public spaces that WiFi devices are often in different administrative domains or in environ-

ments served by only a single AP including homes and small business. On the other hand,

channel switching requires close coordination between the transmitter and receiver, which

means that both nodes must be upgraded to run a switching protocol, thus introducing new

protocol overhead.



Chapter 3

Unaided Localization of Wireless Devices

In recent years, several new developments have enabled RF localization with tens of cen-

timeters error – a promising and important step towards the vision of accurate and ubiqui-

tous indoor device localization. A common thread that runs through this new generation of

techniques is the ability to eliminate the effects of multipath interference by directly mea-

suring geometric features of the line of sight (LoS) signal, such as angle of arrival (AoA) or

time of flight (ToF). However, due to fundamental limits in clock synchronization or range

resolution, current methods require some form of explicit coordination between nodes. For

example, AoA-based methods require coordination across multiple access points (APs) to

perform triangulation; and ToF-based methods require establishing two-way communication

as well as channel switching between the transmitter and receiver to overcome the chal-

lenge of clock synchronization and bandwidth limitation. Coordination between nodes can

take many forms but cannot be achieved without introducing complexity, communication

overhead, pre-deployed infrastructure, and/or the practical challenges of protocol rollout and

adoption.

In this chapter, we present a different approach to WiFi localization: instead of eliminat-

ing the effects of multipath reflections, we use them to help localize the transmitter. Every

20
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Figure 3-1: Unaided localization of wireless devices using multipath triangulation

multipath reflection is considered to be an independent measurement of the target location.

As shown in Figure 3-1, we extract features of the multipath signals, including their angle

of arrival (AoA), angle of departure (AoD), and relative time of flight (rToF), i.e. their ToF

relative to that of the LoS path. These multipath features are combined with the AoA and

AoD of the LoS path to form a multipath triangle between the target device, the receiver,

and the reflector. The key insight behind our approach is that the geometry of this triangle

is fully constrained; the AoA and AoD of the two paths define the shape and orientation of

the triangle while the rToF uniquely defines its scale. As such, it can be used to triangulate

the position of the transmitter relative to the receiver. In effect, this approach uses multipath

reflections in the same way that conventional triangulation uses multiple APs. We call this

approach multipath triangulation.

The main benefit of multipath triangulation is that it enables what we call unaided device

localization: a single receiver can localize a transmitting target without coordinating with any

other nodes. It avoids coordination with APs by using multipath reflections to triangulate the

target location, and it avoids coordinating with the transmitter by measuring rToF instead of

absolute ToF. Unlike ToF, rToF can be measured entirely at the receiver without coordinating

with the transmitter because it relies on relative phase values across frequencies, thus not
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requiring clock synchronization [30]. In contrast, existing systems require the APs to share

their locations with mobile nodes [6, 16, 32], to share measurements with each other [30, 31,

52, 53], or to perform coordinated actions with the target node for time synchronization [54,

55] or frequency hopping [29, 40, 56]. Each of these methods incurs some challenges of

coordination in terms of complexity, overhead, infrastructure, or adoption.

We leverage this feature of multipath triangulation to design MonoLoco, the first unaided

WiFi localization system with decimeter-level accuracy that requires only a single commod-

ity WiFi receiver and a single channel. As a bonus, it also provides the orientation of the

target with degree-level accuracy. MonoLoco uses only Channel State Information (CSI)

from a 3-element antenna array to derive AoA, AoD, and ToF of each path. It defines a new

model of the wireless channel based on subspace-based super-resolution methods [30, 57,

58] that combines transmitting antennas, receiving antennas and multiple frequency subcar-

riers into a single large-aperture sensing array. Then, it plugs the derived AoA, AoD, and

ToF into a non-linear optimization problem to determine the location and orientation of the

target. CSI is already collected by commercial WiFi chipsets without requiring a firmware

upgrade, and multi-element arrays are commonly used on APs, laptops, drones, televisions,

and many other devices. As such, MonoLoco is fully-piggybacked on top of WiFi commu-

nication; it does not impose any requirements beyond standard WiFi protocols, including

hardware changes, protocol overhead, external clocks, external sensors (such as inertial sen-

sors), or environmental profiling. Thus, MonoLoco can be used opportunistically whenever

these nodes happen to communicate, with no additional overhead.

Furthermore, CSI is measured from the packet preamble and, as such, can be measured

for eavesdropped packets even without 802.11 association, and even if the packets are en-

crypted. Thus, MonoLoco allows any WiFi device to localize any other nearby WiFi device

even if neither of them is an AP. For example, a home automation system can localize con-

trollers such as smart thermostats or smart plugs (with respect to its own coordinate system),
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even if neither the controllers nor the home’s AP(s) support a localization protocol. In addi-

tion, MonoLoco provides orientation estimates with degree-level accuracy, which can enable

new context-based applications. For example, when a person asks a smart speaker for a pic-

ture or recipe, it can automatically cast the image to a display with a position and orientation

that is visible from a given location. Similarly, a robot can navigate to a WiFi power socket

while using its estimated orientation to determine the side of the wall from which to approach

it.

To evaluate this approach, we implement MonoLoco using Intel 5300 WiFi cards oper-

ating at 5GHz with 40 MHz of bandwidth. Each node was equipped with a 3-element linear

antenna array with 2.7 cm spacing between antennas. We deployed MonoLoco in four en-

vironments with different multipath properties, including an anechoic chamber, a home, two

office environments, and two public spaces. Our experiments show that MonoLoco achieves

a median localization error of 0.5 m and a median orientation error of 6.6 degrees, which are

comparable to the best existing systems that require multi-node coordination. Results also

show that MonoLoco can approach this accuracy with as few as 7 packets. These results

are promising and serve as a proof-of-concept for the multipath triangulation approach. We

expect these results to improve when used with more advanced resolution algorithms such

as Maximum Likelihood methods [59] and non-linear solvers, which are now becoming

computable. In addition, Results are also expected to improve when using more number of

antennas or larger bandwidth, all of which are possible with today’s WiFi chips.

3.1 Background and Related Work

In general, wireless localization schemes either map measurements from wireless signals into

geometric parameters such as distance or direction to localize the target with respect to one or

multiple reference devices, or prelabel landmarks to directly localize the target in the space.
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In this chapter, we focus on the first scenario where two devices are localized with respect

to each other. The state-of-the-art device localization systems can be categorized into (1)

distance-based (or ToF-based) methods which leverage trilateration or multilateration, and

(2) angle-based methods which use triangulation. However, using either of these methods

requires some form of explicit coordination between nodes that is explained next.

Time of Flight (ToF) measurement is a widely used technique for device localization,

which relies on measurements of travel time of signals between the transmitter and receiver.

However, accurate measurement of ToF requires a common clock and strict time synchro-

nization between the transmitter and receiver. To overcome this challenge, traditional ToF-

based systems either use multiple synchronized transmitters such as the GPS system [60],

or use the “echoing” method [61–65] where the transmitter measures the round trip prop-

agation time. A problem with round-trip ToF-based systems is the response delay at the

receiver which highly depends on the receiver electronics and protocol overheads. A recent

system called Chronos [40] addresses this problem by leveraging the channel frequency re-

sponses and combining these measurements from both transmission directions. In effect,

it can accurately estimate ToF by removing the sampling frequency offset caused by lack

of time synchronization between two nodes. However, it still suffers from the fundamental

limitation of the round-trip techniques, which is the required two-way communication and

overhead of message exchanging between any two nodes to localize each other. Cricket [6]

is a localization system that overcomes the synchronization problem by using a combination

of RF and ultrasonic signals, however, it requires dedicated hardware.

Time Difference of Arrival (TDoA) is another technique to overcome the synchroniza-

tion problem. It uses relative time measurements between multiple pairs of APs or reference

nodes with known locations, instead of absolute time measurements [29, 56, 66, 67]. Each

difference of arrival time measurement produces a hyperbolic curve in the location space, so

the TDoA from at least three receivers is required to find the intersection and accordingly
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Underlying Decimeter-Level Orientation Single Access Unaided Fully
Method Localization Point Piggybacked

ToneTrack [29] Multilateration 5 5 5 5 5

PinLoc [32] Fingerprinting 5 5 5 5 X
SpotFi [30] Triangulation X 5 5 5 X

Chronos [40] Trilateration X 5 X 5 5

MonoLoco Multipath
Triangulation

X X X X X

Table 3.1: Compared to the state-of-the-art of WiFi localization systems, MonoLoco is the
only single access-point solution that provides decimeter-level localization and orientation
information and requires no coordination, time synchronization or external networking pro-
tocol with the target or with other APs.

the location of the transmitter. Although this technique does not need any time synchroniza-

tion between the transmitter and receiver, it requires strict time synchronization between the

access points.

Another component of ToF (or TDoA)-based localization systems is to convert the time

(or distance) measurements into locations using geometric algorithms such as trilateration

or multilateration. These algorithms localize the target by finding the intersection of distance

measurements from multiple anchors, which mandates a centralized localization infrastruc-

ture with multiple access points or reference nodes to coordinate the localization together.

Chronos[40] addresses this issue by performing trilateration between time-synchronized an-

tennas separated by 30cm, however, it still requires coordination between the transmitter

and receiver to share their channel measurements for clock synchronization. SAIL [64] is

another system that can localize a target with a single access point using round trip ToF

measurements. However, it relies on external IMU sensors on the target as well as target

movement to perform trilateration.

Besides the synchronization error, the other factors that affect ToF (and TDoA) estima-

tion accuracy are the signal bandwidth and the sampling rate. Time resolution is inversely

related to the radio bandwidth, and low sampling rate (in time) reduces the ToF resolution

since the signal may arrive between the sampled intervals. Some proposals such as Chronos
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[40] and ToneTrack [29] emulate wideband communication by switching between multiple

channels and stitching measurements from these channels together to obtain the ToF with

high resolution. However, not only these techniques do not overcome the required coordina-

tion for time synchronization, they even introduce new coordination between the transmitter

and receiver for channel switching. Some other proposals address the bandwidth limita-

tion by using frequency domain super-resolution algorithms [68, 69] and joint estimation of

multiple geometric parameters [70].

Angle-based method or triangulation is another group of localization systems that either

use beamforming (with directional antenna) to estimate the direction with maximum signal

strength, or leverage relative phase measurements in an antenna array to estimate the angle of

the LoS path. Although angle-based techniques do not suffer from time synchronization or

bandwidth problem, they still require measurements from several (four to six) anchors simul-

taneously to perform triangulation [30, 31, 50, 52, 53], thus requiring information sharing

and coordination of several nodes for accurate localization. In addition, very large antenna

arrays (6-8 elements) are usually required [31] to improve the resolution.

Multipath triangulation builds on the state-of-the-art methods and combines the best

features of angle-based and ToF-based methods. It avoids coordination between multiple

APs by using angular features of multipath reflections such as Angle of Arrival (AoA) and

Angle of Departure (AoD), and combining them with those of LoS path. In addition, it

overcomes time synchronization problem by leveraging the difference in ToF of two paths

instead of the absolute ToF to constrain the localization algorithm. Therefore, it does not

require any form of coordination, data sharing, or synchronization. As a result, any two

devices can be localized with respect to each other even without establishing a two-way

communication. We exploit multipath triangulation with WiFi to develop a device-based

localization system called MonoLoco and show that this technique even works on commodity

WiFi devices. MonoLoco is a system that provides decimeter level location and orientation
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information using just a single unaided WiFi receiver. it defines a novel 3-dimensional super-

resolution algorithm that leverages CSI measurements to estimate the geometric features of

multipath reflections, and builds upon previous Joint AoA and Delay Estimation (JADE)

techniques [30, 70, 71].

Disentangling multipath is a widely studied problem in ToF cameras [72], light imag-

ing [73, 74], or wireless sensing and imaging [2, 71, 75, 76]. A recent system called WiCap-

ture [50] introduces a WiFi-based technique for motion tracking that uses multipath reflec-

tions to compensate for the distortions caused by the sampling frequency offset. So, it can

estimate the trajectory of the motion (not the absolute position of the target) by using the

temporal changes in the phase of the received signal in multiple WiFi access points. Unlike

this previous system, multipath triangulation directly uses multipath reflections for geomet-

ric mapping in place of multiple nodes to perform triangulation.

Besides localizing another device, prior works have also attempted other forms of lo-

calization such as device-free localization of a person with FMCW radars [76, 77], UWB

impulse radars [78, 79], RFID [80], or WiFi [81, 82], as well as self-localization of a

target/robot in the environment with fingerprinting [16, 32–34, 83], ambient signals [84],

SLAM-based techniques [85], or dead reckoning [86]. These techniques are complementary

to our system where every wireless node can localize other nodes with respect to itself.

Orientation Estimation: The standard way to measure the orientation of a device is via

the use of IMUs [87, 88]. However, with IMUs, the gyroscope only provides the derivative of

the yaw while the magnetometer can be limited by perturbation in measuring the heading in

indoor spaces [89]. As a result, some wireless-based solutions are introduced [90, 91], which

use MIMO to estimate AoA and AoD. However, the performance of these methods is limited

by coarse-grained multipath resolution. Multipath triangulation uses the same principle but

applies a 3-dimensional super-resolution algorithm to extract the features of multipath more

accurately and identify the direct path from which the orientation is estimated.
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3.2 Multipath Triangulation

Conventional features of multipath reflections such as AoA, AoD, and ToF are determined

in large part by the location of the reflection surface, which is neither known nor of inter-

est. These multipath features do not contain any information about the relationship of the

receiver and the transmitter locations. As such, multipath reflections have generally not been

considered useful for localization. This chapter introduces a new geometric algorithm called

multipath triangulation that combines the geometric features of a multipath reflection with

the LoS path to estimate the location and orientation of the target device as well as the lo-

cation of the reflector. The basic insight behind multipath triangulation is that the relative

ToF (rToF) of two paths, the difference between the length of the reflected path and the di-

rect path, actually does have useful information even while the absolute ToF of a multipath

reflection does not. The direct path and a reflected path form a triangle with the AP at one

vertex, the target at another vertex, and the reflection surface at the third vertex. Two angles

of that triangle can be known based on the AoA and AoD of the two paths, and the rToF

constrains the relative lengths of the sides of the triangle. Together, these constraints fully

determine the triangle and thus the location of the target and the reflector.

More concretely, the following 4-step procedure can determine the location/orientation

of the target, as illustrated in Figure 3-2. In step (1), the AoA of the direct path (θ1) constrains

the target location to be on line relative to the orientation of the receiver’s antenna array. In

step (2), the AoD of the direct path (ϕ1) constrains the orientation of the target’s antenna

array with respect to the receiver’s antenna array. This orientation is labeled α. In step (3),

the AoA and AoD of the reflected path (θ2 and ϕ2) define a triangle between the target, the

receiver, and the reflector, but the size of that triangle is still unconstrained. Here, the key

innovation of multipath triangulation comes into play. From all possible triangles, only one

of them has the corresponding rToF (i.e. the ToF difference of the reflected path and the
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direct path). Therefore, in step (4), the rToF (∆T ) constrains the size of the triangle such that

b + c − a = ∆T × C, where b + c is the length of the reflected path, a is length of the direct

path, and C is the speed of light. This fully determines the triangle, allowing the location of

the target (x1,y1) and the location of the target (x2,y2) to be known.

Conventional triangulation method fully determines the triangle formed by a target and

two receivers by using three pieces of information: two AoA estimates from the target to the

receivers, and the distance between the reference receivers. This method is based on the clas-

Figure 3-2: Multipath triangulation uses the (1) AoA and (2) AoD of the direct path to
estimate the target’s orientation. Then, in step (3), it uses AoA and AoD of the reflected path
to find the relative location of the target with respect to the reflector and the receiver. In step
(4), it uses the relative ToF between the two paths to find the target location.
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sical angle-side-angle triangle congruence theorem which proves that these three properties

are sufficient to fully determine any triangle. Multipath triangulation uses a similar process

to fully determine the triangle formed by multipath reflections, except that it uses four angle

estimates (AoA and AoD of the direct path and a reflected path) and one rToF value.

It should be noted that the principles of multipath triangulation are independent of the

frequency of the RF signal, antenna array arrangement, or the multipath resolution algorithm.

In addition, this new triangulation algorithm can be used for different types of applications

where the location or orientation of another device or a reflector is of interest. These ap-

plications range from indoor navigation and mapping to health/elderly monitoring. In this

chapter, we focus on device-based localization and show that this approach even works on

commodity WiFi devices by using MIMO-OFDM technology and only 3 antennas. We use

multipath triangulation to localize two WiFi devices with respect to each other. This results

into MonoLoco, the first decimeter-level WiFi localization system that requires no coordina-

tion, data sharing or even two-way communication between the transmitter and receiver. In

the next section, we explain the details of MonoLoco and the implementation of multipath

triangulation for device-based localization.

3.3 MonoLoco: Unaided Device Localization

Commodity WiFi chips provide the amplitude and phase shifts introduced by the wireless

channel in the format of Channel State Information (CSI). MonoLoco exploits multipath

triangulation algorithm and CSI values from a 3-element antenna array and 30 frequency

subcarriers to localize and orient another WiFi device. It uses a new method to resolve the

AoA, AoD, and ToF of multiple propagation paths between the transmitter and receiver. The

basic intuition is that (a) the AoA creates a predictable phase shift on the different sensing

elements of the receiving antenna array, (b) the AoD creates a predictable phase shift from
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Figure 3-3: MIMO Antenna Arrays. The phase shift across the antenna array is a function
of the antenna spacing d and the angle of arrival θ of the signal.

each of the transmitting antennas on a given receiving element, and (c) the ToF creates a

predictable phase shift across different frequencies. To calculate these values, MonoLoco

combines measurements across multiple subcarriers on multiple receiving antennas, from

each of the transmitting antennas. In our implementation, we use 3 receiving antennas, 3

transmitting antennas, and 30 subcarriers for a total of 270 sensing elements. In theory,

this large aperture could resolve as many as 269 different propagation paths. In practice,

however, only a handful of paths can be resolved due to measurement noises. Still, this set of

270 sensing elements contains enough information to estimate the AoA, AoD, and ToF and

the large aperture allows for a higher accuracy than state of the art methods. Implementations

that use more antenna elements or more frequencies could achieve even higher accuracy.

Given this sensing array, MonoLoco resolves multipath features using a joint estima-

tion technique that we call 3-dimensional super-resolution. This approach builds on well-

established noise subspace methods such as MUSIC [58] and Joint AoA and Delay Estima-

tion (JADE) techniques [30, 70]. We first explain how the standard MUSIC algorithm works,

and then present our extensions for joint estimation of AoA, AoD, and ToF.

3.3.1 MUSIC Overview

MUSIC is based on the intuition that when different propagation paths have different AoAs,

the paths can be resolved by leveraging the extra phase shift introduced by the paths on
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the antenna array. As shown in Figure 3-3, this additional phase shift is due to the extra

distance that the signal travels to reach the succeeding elements of the antenna array. This

added phase shift Φ(θl) is a function of both the AoA of that path and the distance between

antennas, and can be expressed as:

Φ(θl) = e− j2π f d sin(θl)/C (3.1)

where θl is the AoA of the lth path, d is the distance between the antennas, C is the speed of

light, and f is the frequency of the transmitted signal. Consequently, the resulting vector of

received signals across the antenna array due to lth path can be written as a linear combination

of the signal incident on the first (reference) antenna as:

X(t) = [x1(t), ..., xM(t)]T = a(θ)s(t) + N(t) (3.2)

where M is the number of receiving antennas, s(t) is the received signal at the first antenna

and N(t) is the noise vector. a(θ) is called the steering vector and expresses the expected

phase differences across the antenna array:

a(θ) = [1,Φ(θ)1, ...,Φ(θ)M−1]T (3.3)

When there are L incident paths arriving at the antenna array, the signal received at each

antenna is the superposition of all paths. Therefore, Equation 3.2 can be written as

X(t) =

L∑
i=1

a(θi)si(t) + N(t) (3.4)

The MUSIC algorithm analyzes the eigen structure of the correlation matrix by defining

M − L eigenvalues as the noise subspace EL = [e1, ..., eM−L] and the other L eigenvalues as
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the signal subspace. Then, it searches for the AoAs whose steering vectors are orthogonal to

the noise subspace, which appear as peaks in the following spatial spectrum function:

P(θ) =
1

aH(θ)ELEH
L a(θ)

(3.5)

3.3.2 3D Super-resolution of AoA, AoD, and ToF

We extend the standard MUSIC algorithm into a 3 dimensional joint estimation by leverag-

ing the spatial diversity in receiving antenna array to estimate AoA, the spatial diversity in

transmitting antenna array to estimate AoD, and frequency diversity across OFDM subcarri-

ers to estimate relative ToF. The signal emitted from a linear transmit array will be received

with a phase shift Γ(ϕ), which is function of AoD. For lth path with AoD ϕl, the phase shift

across transmitting antennas is given by:

Γ(ϕl) = e− j2π f d′ sin(ϕl)/C (3.6)

where d′ is the distance between transmitting antennas.

Furthermore, the current WiFi standards such as 802.11 leverage OFDM technology

wherein data is transmitted over multiple subcarriers. For equispaced OFDM subcarriers,

the lth path with ToF of τl introduces a phase shift of

Ω(τl) = e− j2π fδTl (3.7)

across two consecutive OFDM subcarriers with fδ frequency difference. We point out that

the phase shifts due to AoA and AoD across subcarriers are negligible due to the small

frequency difference across WiFi channels [30].

MonoLoco jointly estimates AoA, AoD, and ToF by defining the sensor array from all
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subcarriers of all receiving antennas for all streams transmitted from multiple antennas. This

information is accessible in commodity WiFi chips with MIMO-OFDM techniques (more

specifically MIMO spatial multiplexing). The overall attenuation and phase shift introduced

by the channel measured at each subcarrier by each antenna is reported as the Channel State

Information (CSI) in a 3× 3× 30 format - 3 receiving antennas, 3 transmitting antennas, and

30 subcarriers. Therefore, the measured sensor array X is constructed by stacking CSI from

all the subcarriers at all antennas, resulting in a single column vector of length 3 × 3 × 30 (=

270). The new steering vector a(θ, ϕ, τ) is formed by phase shifts introduced at each of the

sensors, and is given by:

a′(θ, τ) = [

RX1︷   ︸︸   ︷
1..ΩK−1

τ ,Φθ, ...,Ω
K−1
τ Φθ︸            ︷︷            ︸

RX2

, ...,

RXM︷                    ︸︸                    ︷
ΦM−1
θ , ...,ΩK−1

τ ΦM−1
θ ]T (3.8)

a(θ, ϕ, τ) = [a′θ,τ,Γϕa′θ,τ, ...,Γ
N−1
ϕ a′θ,τ]

T (3.9)

where Ω(τ) is written as Ωτ, Φ(θ) as Φθ, and Γ(ϕ) is written as Γϕ. Therefore, the new

measurement matrix X is constructed using the above steering vector, and three parameters

of AoA, AoD, and ToF that maximize the spatial spectrum function (Equation 3.5) will be

estimated. However, this requires finding the peaks in a 4D space (θ, ϕ, τ, P). To solve

this problem, instead of implementing the standard MUSIC algorithm, we use the improved

version called RAP-MUSIC [57], which uses an iterative mechanism to find the paths from

signal subspace instead of noise subspace. Therefore, in each iteration, the global maximum

is considered as the resolved path.

Another challenging issue is that the ToF estimates do not capture the actual time that the

signal travels. The reason is that the WiFi transmitter and receiver are not time-synchronized.

Furthermore, the estimated ToFs also include the delays from sampling time offset and

packet detection delay [30, 32]. To address this challenge, in the next section, we explain

MonoLoco’s ToF sanitization approach, which results in accurate estimation of the relative
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ToF between different resolved paths.

3.3.3 ToF Sanitization

One of the challenges in estimating ToF with commodity WiFi devices is that the measured

channel at the receiver experiences a random phase shift due to sampling time offset (STO)

and packet detection delay (PDD) across packets [32]. While the variations due to sampling

time offset may seem small, packet detection delays are often an order of magnitude larger

than ToF [40]. To address this challenge, MonoLoco applies a ToF sanitization algorithm

similar to the ones proposed in PinLoc [32] and SpotFi [30].

STO and PDD have a constant effect across all transmitting (TX) or receiving (RX) an-

tennas since all the radio chains of a WiFi card are time-synchronized. Hence, an additional

delay of τs adds a phase shift of −2π fδ(k − 1)τs to the phase of the kth subcarrier in each

antenna. For each CSI measurement, we remove the offset by removing the linear fit of the

unwrapped phase shifts across subcarriers of all N × M antennas. Suppose ψ(n,m, k) is the

unwrapped phase of the CSI at the kth subcarrier of a packet transmitted from the nth TX

antenna and received at the mth RX antenna, then we can obtain the optimal linear fit as:

τ̂s = arg min
β

N,M∑
n,m=1

K∑
k=1

(ψ(n,m, k) + 2π fδ(k − 1)β + α)2 (3.10)

Intuitively, β is the common slope of the received phase responses for all antennas, and

α is the offset. The modified CSI phase is then defined to be:

ψ̂(n,m, k) = ψ(n,m, k) − 2π fδ(k − 1)τ̂s (3.11)

Note that this technique does not estimate the exact value of τs for each packet. The

slope of unwrapped phases across the subcarriers consists of the delay caused by STO/PDD
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as well as the phase shift due to ToF of the shortest path. Therefore, subtracting this value

leaves only enough information to derive the relative ToF (rToF) between multipaths. In

other words, the values τl derived in Section 3.3.2 are not valid after ToF sanitation, but the

rToF value ∆T j = τ j − τ1 for path j > 1 with respect to the shortest path is still valid.

3.3.4 Localizing the Target

MonoLoco localizes the target by combining the resolved geometric features of multipaths

described above: the AoA and AoD of multiple propagation paths, and the rToF between the

LoS path and each reflected path. MonoLoco defines the LoS path to be the resolved path

with the shortest ToF value. To localize, MonoLoco finds the orientation and location of the

target that best explains these observed multipath features, as described below.

Without loss of generality, we explain MonoLoco’s multipath geometry in a simple case

of two paths; but the method generalizes to more multipath signals in a straightforward

manner. Figure 3-4 illustrates an example of the target location and orientation. The path

angles are defined to vary between −π2 to π
2 going from the 3rd array element to the 1st, as

illustrated. In the example in the figure, the LoS signal is transmitted from the target with

AoD ϕ1, propagates a distance a and arrives at the receiver with AoA θ1. The multipath

reflection is transmitted from the target with AoD ϕ2, propagates a distance b + c and arrives

at the receiver with AoA θ2. These values represent the 5 multipath features resolved by the

signal processing algorithms in Section 3.3.2: AoA (θ1) and AoD (ϕ1) of the LoS path, AoA

(θ2) and AoD (ϕ2) of the reflected path, and the relative ToF between two paths ∆T = τ2−τ1.

Given these values, MonoLoco must estimate 5 new parameters: the target orientation

(α), the target location (x1, y1), and the reflector location (x2, y2). We define the coordinate

system with respect to the receiver’s antenna array and the orientation of the target α is

defined to vary between 0 to 2π moving clockwise. With these definitions, the multipath
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geometry defines four triangles named A−D, as shown in Figure 3-4. We use these triangles

to define the following 4 equations that relate the observed multipath features to the location

and orientation parameters we are trying to estimate:

4A :
x1

y1
= tan(θ1) (3.12)

4B :
x2

y2
= tan(θ2)

4C :
x1 − x2

y1 − y2
= tan(α − ϕ2), where

α = ϕ1 + θ1

4D : b + c − a = ∆T ×C, where

a = ‖x1, y1‖2

b = ‖x2, y2‖2

c = ‖(x1 − x2), (y1 − y2)‖2

where C is the speed of light. Intuitively, equations derived from triangles A to C define

the relative location of the target with respect to the receiver and the reflector. The equation

derived from triangle D leverages the relative ToF to define the actual scale of these triangles

since there is only one scale that satisfies b + c − a = ∆T ×C. Finally, the orientation of the

target is defined to be

α = ϕ1 + θ1 (3.13)

MonoLoco solves for α directly using the equation above and solves for the location

parameters XY = [x̂1, ŷ1, x̂2, ŷ2] by solving the following non-linear optimization problem:

[X̂Y] =argmin
XY

S (XY) (3.14)
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where

S (XY) = [tan(θ1) −
x1

y1
]2 + [tan(θ2) −

x2

y2
]2

+ [tan(α − ϕ2) −
x1 − x2

y1 − y2
]2 + [(∆T ×C) − (b + c − a)]2

To optimize this objective function, we search for the most likely location of the target

and reflector by forming a 20 centimeter by 20 centimeter grid, and evaluating S (XY) at

each point in the grid. Then, we use constrained nonlinear optimization (the fmincon solver

in Matlab) on the three positions with minimum S (XY) in the grid to find the best solution.

Note that the above equations will hold for any arrangement of target-reflector loca-

tion and orientation, and could be applied to different antenna array arrangements. We will

Figure 3-4: Multipath Geometry. The direct path and a multipath reflection form a tri-
angle (D) between the AP, the target, and the reflector. This triangle defines a relationship
between the target location/orientation and the observed AoA, AoD, and rToF values. That
relationship can be encoded in terms of three other triangles (A, B, and C).
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Figure 3-5: The symmetry of a linear antenna array creates ambiguity in AoA and AoD
measurements. Therefore, MonoLoco solves for the target location that best explains either
the resolved angle or its supplementary angle.

discuss symmetry ambiguity of linear arrays in Section 3.3.5 and explain the required modi-

fications to provide 360-degree coverage.

3.3.5 Overcoming Antenna Symmetry

The angle spectrum resolved with a linear antenna array is 180 degrees, so it cannot deter-

mine from which side of the array the signal is arriving. Figure 3-5 illustrates an example of

this ambiguity in which incident paths A and B arrive from different sides of the array but the

observed AoA for the two paths are equal (θA = θB). The reason for the angle ambiguity is

that a linear array has reflectional symmetry along the direction of the array, and so signals

from both sides produce equivalent phase shifts across a linear antenna array.

In many applications such as robotics and virtual reality where WiFi devices can be any-

where in the surrounding environment, a circular or non-linear array is used to break this

symmetry by adding a sensing element in a second dimension, thereby increasing the angle

resolution to a full 360 degrees. However, most commercial APs still use linear antenna ar-

rays and so, we evaluate MonoLoco using linear antenna arrays. This is a worst-case analysis

and future products that can be built with circular arrays can achieve higher accuracy.

Given this symmetry, any AoA (or AoD) value θ could actually be one of two possible
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values: θ or π − θ. To address this challenge, MonoLoco applies the localization algorithm

using both the resolved angle and its supplementary angle. Therefore, it runs 8 optimiza-

tion processes in parallel to examine the symmetry ambiguity for the AoA and AoD of the

reflected path and AoD of the direct path (e.i. 3 slots with 2 possible values for each result

in 8 combinations or 8 symmetry scenarios). Then, from 8 estimated locations, MonoLoco

chooses the one with minimum cost value of the objective function in the corresponding es-

timated location. The intuition behind this algorithm is that only one of these 8 conditions is

geometrically feasible, which appears with minimum cost value. It should be noted that this

approach is not a solution for identifying the symmetry scenario, but just a mechanism to

estimate the location and orientation of the target regardless of the symmetry ambiguity. We

expect to have errors in estimating the correct symmetry scenario in the case of large errors

in multipath resolution, but eventually, we expect that the final estimated location is the best

solution since it has the minimum cost value.

3.3.6 Improving Localization using Multiple Packets

Every packet that is received creates a new observation of the 5 resolved multipath features

described above. If more than one packet is received, these observations can be combined to

create an over-constrained system of non-linear equations in order to further improve local-

ization. There are many ways to solve this non-linear system and in this section we describe

a 3-step data cleaning process. This process is motivated by our observation that noise in

some packets can cause super-resolution to resolve spurious paths, while other packets re-

solve correct paths. The three steps are described below.

Step 1: We estimate the location/orientation parameters for each packet independently,

using the methods described before. Any packet with spurious paths will generally result in

geometrically infeasible conditions, which will manifest as high values of the objective func-
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tion S (XY). Therefore, MonoLoco uses a very low threshold value to discard any packets

with objective values substantially higher than zero. Note that any packet with geometrically

feasible multipath features will have an objective value that is close to zero, so this step does

not eliminate all packets with errors.

Step 2: Previously, we assumed the path with the shortest ToF is the direct path. How-

ever, in the presence of spurious resolved paths, this assumption may not be held. To this

end, Multipath features from the remaining packets are used to determine the true LoS path.

MonoLoco applies the K-means clustering algorithm on all paths from remaining packets.

The number of clusters is set to 5, based on the typical number of dominant paths in an in-

door environment [31, 53]. Then, we extend the SpotFi’s direct path likelihood function [30],

where the likelihood of lth path being the direct path is calculated as

Pl = exp(ωCC̄l − ωθσ̄θl − ωϕσ̄ϕl − ωτσ̄τl − ωsτ̄l) (3.15)

where C̄l is the number of points in the cluster of lth path, τ̄l is the average ToF of the cluster,

and σ̄θl , σ̄ϕl , and σ̄τl are the population variances of the estimated AoAs, AoDs, and ToFs

for the corresponding cluster, respectively. The ω weighting factors are constant values

to account for different scales of the corresponding terms [30]. The intuition behind this

approach is that the parameters of the direct path have small variations over time compared

to the estimated reflected paths. Therefore, the size and variance of each cluster are strong

indicators of the LoS path.

After the true LoS path is identified, MonoLoco filters any remaining packets that have

a resolved path that is shorter than the LoS path. In other words, it recalculates the rToF

between the reflected path and the LoS path and filters out the packets where the identified
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direct path does not have the shortest ToF:

∃ τ
re f
i | (τ

los
i − τ

re f
i ) < 0 (3.16)

where τlos
i and τre f

i are the ToF of the direct path and the reflected path in ith packet, respec-

tively.

Step 3: The set of remaining packets is called (P f iltered), each of which has its own

location/orientation estimate. MonoLoco chooses the packet that has the lowest objective

value. This could be expressed as

[X̂Y , α̂] = arg min
XYi

S (XYi), i ∈ P f iltered (3.17)

Intuitively, MonoLoco chooses the packet for which the 5 resolved multipath features

are most consistent with each other, presumably because this packet was subject to the least

noise. We did not do a comprehensive exploration of the selection algorithm and present this

one only as a proof of concept. We believe that other approaches to solve full non-linear

system defined by P f iltered may indeed produce better results.

3.4 Evaluation

3.4.1 Experimental Setup

We evaluate our system using Intel NUCs D54250WYK1 equipped with off-the-shelf Intel

5300 WiFi cards which support three antennas. We employed Linux CSI tool [92] to obtain

the PHY layer CSI information for each packet. The experiments are conducted in the 5 GHz

WiFi spectrum using 40 MHz bandwidth. We built 9 nodes and used one node as the access

1https://ark.intel.com/products/76977/Intel-NUC-Kit-D54250WYK
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point (AP) and 8 nodes as target devices in multiple locations (as illustrated in Figure 3-6).

We use the method introduced in WiCapture [50, 93] for calibration and operated all nodes

in monitor mode. Each node was equipped with three 3dBi omni-directional antennas2 in

a uniform linear array. The distance between any two antennas is equal to 2.7 cm (half a

wavelength). The nodes were placed atop 110cm speaker stands during the experiments to

represent a practical height.

All experiments were conducted as follows. First, all nodes (both AP and target nodes)

are set in monitor mode on channel 118 with 40 MHz bandwidth in the 5GHz band. Then,

for every target location shown in the testbeds, 500 packets were transmitted with a 5 ms

interval using the spatial multiplexing protocol in 802.11n. Measurements were collected in

both directions – from the target to the AP and from the AP to the target – both of which were

analyzed independently as separate experiments to estimate the location of one device with

respect to the other one. The main results are calculated using 20 packets and the impact of

the number of packets on localization is discussed in Section 3.5.3.

We first validate the localization model in an anechoic chamber as shown in Figure 3-

7(a). This enabled experiments with known propagation paths. The number of reflections

was varied between 1 to 5 and different orientations and positions were measured, resulting

in 30 different target positions in total, as shown in Figure 3-6(a). Then, to evaluate the

performance of MonoLoco in more realistic conditions, we deployed in a home with two

occupants, in two offices environments and a large public arena with the presence of 1-5

occupants. Locations of WiFi APs and 51 target locations are depicted in Figures 3-6(b)-

(d) with the snapshots of the deployment environments in 3-7(b)-(d). These experiments

resulted in 102 different experimental scenarios, including both directions (from AP to target

and target to AP). In cases where more than one AP is deployed to span the area, the closest

AP to the target location was used for localization. The majority of node distances are
2https://www.data-alliance.net/antenna-5-1-5-8ghz-3dbi-omni-directional-dipole-w-rp-sma-male-

connector/
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Figure 3-6: Experimental Setup. Experiments were run in four environments with varying
size and multipath complexity. The closest AP to each target was used for localization.
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between 1m to 4m due to the size of the spaces available, but 26% of total experiments

evaluate distances larger than 4m especially in the corridor and public arena. This is similar

to the experimental setup of the related works [31, 40] with 25-35% of localization tests

having 4m to 15m distances. Ground truth location and orientation were measured using

a combination of laser range finder, a construction protractor, floor and ceiling tiles, and

architectural drawings of the building.

We compare the performance of the proposed 3D super-resolution algorithm with the

2D method proposed in Spotfi [30]. However, the closest available localization system to

MonoLoco is Chronos [40] that demonstrates accurate WiFi localization with a single AP,

Figure 3-7: Snapshot of Experimental Setups. The four experiments tested different dis-
tances, angles, and multipath environments.
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but it relies on external coordination between the transmitter and receiver for sharing chan-

nel measurements in each side of transmission as well as frequency hopping. In contrast,

MonoLoco assumes no coordination or data sharing between the two nodes. In addition,

Chronos requires a large spacing in the AP’s antenna array (12-30cm) and so it would be

severely handicapped if run on the hardware designed for MonoLoco. So a head-to-head

comparison would not be meaningful and only a qualitative comparison is provided.

3.4.2 Model Validation in Anechoic Chamber

Before testing in a realistic environment, we validated the proposed localization model in a

controlled environment such as an anechoic chamber with known propagation paths. This

experiment establishes an experimental upper bound on accuracy by limiting multipath re-

flections. We first established the lack of multipath reflections in the anechoic chamber by

verifying that no packets are received since the spatial multiplexing technique in 802.11n

requires multipath propagation to make multi-stream transmissions. Any reflections in the

chamber were not strong enough to enable transmission. Then, we placed 1-5 curved metal

sheets at different locations in the chamber to generate controlled multipath geometries.

These geometries included the ambiguity caused by antenna symmetry described in Sec-

tion 3.3.5. The metal sheets were curved to create a scattering effect, increasing the chance

that the reflections reach the receiver. We used packet reception rate to verify the incidence

of at least one reflection path.

From Figure 3-8, we observe that the proposed localization method achieves a median

localization error of 25cm and median orienting error of 3.5 degrees in anechoic chamber.

There are likely two main sources of this error. First, ground truth: since the coordinate

system is defined relative to the AP antenna orientation, ground truth errors can produce

error in target location. Second, multipath resolution: the resolution capability of MUSIC
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Figure 3-8: Localization Accuracy. The cumulative distribution of location error shows that
MonoLoco’s median error varies between 0.2m to 1.3m across environments with different
multipath complexity.

is limited by the angular separation of multipath components, and the physical geometry of

the linear antenna arrays causes lower resolution of estimated angles as they approach their

extremes (−pi/2 and pi/2) [31].

3.4.3 Location Accuracy

Next, we evaluate MonoLoco in realistic indoor environments with complex multipath prop-

agation. We deploy multiple WiFi nodes equipped with WiFi cards in three sets of envi-

ronment with different levels of complexity: (1) a home deployment, which is a cluttered

environment with a lot of furniture nearby the nodes; (2) two office environments, which

includes deployment in two offices on two sides of a corridor. During the experiment there

were 1 to 5 occupants inside the offices sitting at the desks, and (3) two public areas, includ-

ing a large open space and two corridors. The open space area contained many tables and
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chairs at about the same height as the WiFi nodes, which resulted in a complex multipath

environment and NLoS scenarios. Both areas enabled larger distances between the AP and

the targets, compared to the home and office deployment. The open area allowed reflection

paths that were much longer than the LoS signal while the corridors were narrow and limited

the separation of propagated paths from the LoS signal.

As seen from Figure 3-8, the median localization error of MonoLoco is 0.54m and 0.64m

in home and office deployments, respectively. Under stressful conditions in the public arena

deployment, the median localization error approaches 1.3m which is proportional to the dis-

tance of the links. The higher error rate in this area is due to rich multipath propagation

and lower resolution of multipath estimates. In addition, the public arena deployment con-

tains NLoS conditions due to obstacles in the LoS path such as furniture and glass walls.

We point out that the reception of direct path is essential for MonoLoco’s localization algo-

rithm, but the results show that it is robust to partial LoS blockage. These results show that

MonoLoco’s accuracy is comparable to state-of-the-art indoor localization systems that use

multiple APs [30, 31, 52], or frequency hopping for ToF measurements [40, 64].

3.4.4 Orientation Accuracy

Besides localization, MonoLoco provides the orientation information. In the experiments

performed in four environments shown in Figure 3-6, random orientations are chosen for

each target location ranging between 0 to 2π. As seen in Figure 3-9, MonoLoco achieves

a median orientation error of 3.5 degrees in anechoic chamber, 4.2 degrees in home, 5.5

degrees in office deployments, and 10 degrees in public arena deployment. The main rea-

son for MonoLoco’s high performance in estimation of the orientation is that orientation is

mainly derived from AoA and AoD of the direct path, which is the dominant component in

the received signal, and therefore less prone to multipath resolution error.
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Figure 3-9: Orientation Accuracy. The cumulative distribution of orientation error shows
that the median error varies between 3.5 to 10 degrees across environments with different
multipath complexity.

MonoLoco achieves high accuracy in estimating location and orientation for two main

reasons. First, MonoLoco’s multipath super-resolution algorithm resolves multipath compo-

nents more accurately by using a 3D joint estimation. Second, MonoLoco jointly computes

the location and orientation by minimizing the geometric errors along multiple paths. There-

fore, identifying the orientation allows to compensate the errors in localization estimation.

3.5 Sensitivity Analysis

3.5.1 AoA-AoD Estimation Accuracy

The goal here is to show that MonoLoco’s 3D super-resolution algorithm provides a more

accurate AoA and AoD estimation than state of the art. However, we don’t have the ground

truth parameters of the reflection paths in the realistic environments. Therefore, in Figure 3-
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(a) AoA Estimation error (b) AoD estimation error

Figure 3-10: MonoLoco’s 3D super-resolution algorithm improves both (a) AoA and (b)
AoD estimation in comparison with SpotFi’s 2D approach [30].

10, we show the accuracy of the AoA and AoD estimations only for the direct path. After

running the super-resolution algorithm, we choose the resolved AoA and AoD values that

are closest to the LoS path and calculate their difference from the ground truth values. We

compare this error with the 2D AoA-ToF estimation method proposed in SpotFi [30]. To

measure AoD with SpotFi, it is applied on transmitting antenna array incident on the first

receiving antenna.

Figure 3-10(a) plots the CDFs for AoA estimation error for all links in all experiments.

MonoLoco achieves median AoA accuracy of 4.02 degrees better than that achieved by

SpotFi. In AoD estimation, shown in Figure 3-10(b), MonoLoco achieves an improvement

of 4.53 degrees in the direct path error. The reason for the higher performance of MonoLoco

compared to SpotFi is that a larger sensor array consisting of 3 transmitting antenna, 3 re-

ceiving antenna, and 30 subcarriers (3×3×30 = 270) is used, which provides larger aperture

to separate multipath components. In addition, in AoD estimation, both methods converge

to similar error rates in 80th percentile of the error. This is more a limitation of the linear

antenna array; any method will produce higher error when the incident angle of the signal

approaches the angle of the array.
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3.5.2 Impact of Distance

Next, we evaluate the impact of the distance between two transceivers on location and ori-

entation accuracy. Figure 3-11 plots the distance between each target location and the AP

against localization and orientation error in the 4 deployments. In Figure 3-11(a), we ob-

serve that the average localization error increases with the increase of the distance between

two nodes. This is primarily due to the reduced signal-to-noise ratio at greater distances,

which results in lower accuracy in multipath resolution (especially for reflected paths). In

addition, the majority of target locations with long distances belong to the public arena de-

ployment which is a cluttered environment with narrow corridors and complex multipath

propagation.

It should be noted that the population of the experimental locations is not uniform across

different distances with a lower density around large distances (> 5m). This imbalance is

taken into account in calculation of 90%-percentile confidence intervals, which appeared as

an increasing pattern across distances. On the other hand, the localization accuracy is pro-

vided for each environment separately in Figure 3-8 since the distribution of link distances

are not uniform in all experimental environments. In Anechoic chamber where link distances

are between 0.85m to 2.7m, the median localization error is 25cm. In home and office en-

vironment with link distances between 1.1m to 5.5m, the location error is 0.54m to 0.64m.

Finally, in the public arena with link sizes between 1.5m to 12.7m, the median accuracy is

1.3m. Therefore, we can conclude that the accuracy is proportional to the distance of the

nodes.

Figure 3-11(b) shows the orientation accuracy against the distance between each target

location and the AP. Although it is expected that the average orientation error increases with

an increase in distance, our observations show the distance is not the main factor in the

accuracy of orientation estimates. The reason is that orientation is mainly calculated from



3.5. SENSITIVITY ANALYSIS 52

(a) (b)

Figure 3-11: Distance vs. Accuracy. The average (a) localization, and (b) orientation errors
increase as the distance between the target location and the AP increases.

the AoA and AoD of the direct path which carries the dominant signal power, thus less prone

to the additional noises from further distances. Theoretically, the accuracy of the resolved

angles is the main factor affecting the orientation estimation. The resolution of subspace

methods such as MUSIC degrades as the incident angles approach the edges of the spectrum

(e.g. −π and π in linear antenna arrays). Therefore, for a linear antenna arrangement, the

accuracy of the orientation estimation would be lower if the target’s antenna array is either

perpendicular or in-line to the AP’s array.

3.5.3 Impact of Number of Packets

Section 3.3.6 describes how MonoLoco combines data from multiple packets, if available.

Figure 3-12 shows how this approach affects localization accuracy as the number of packets

used for localization is changed from 7 packets to 50 packets. Each line represents the

cumulative distribution of the combined error in all four environments for a given number

of packets. Even with 7 packets, MonoLoco achieves a median localization accuracy of

0.84m using all deployments including the public arena, compared to 0.5m obtained using
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Figure 3-12: Number of Packets vs. Accuracy. The cumulative distribution of localization
error for 7, 20, and 50 packets shows that MonoLoco works well with small number of
packets. All target locations in 4 deployments are aggregated in this graph.

50 packets. With only 1 packet, it was able to achieve 0.7m error in the home and offices and

approximately 2m error in the public arena. These results indicate that MonoLoco is able

to achieve location estimates with reasonable accuracy with only the first few packets, and

gets diminishing returns as more packets are received. Although some nodes will want the

highest accuracy possible, this speed can be beneficial in cases when the target can only send

a small number of packets or needs a location estimate quickly.

3.6 Discussion

One limitation of multipath triangulation is that it relies on the existence of a propagation

path going directly from transmitter to receiver. The evaluation demonstrates that it works

well even in NLoS scenarios where the direct path is not the strongest signal, but in the

case of complete blockage it will actually produce the wrong location estimate. Currently,
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all other decimeter-level WiFi localization systems also have this limitation, and localizing

targets with no LoS path is still an open problem. A second limitation of multipath triangula-

tion is that it requires a 3-element antenna array on both the transmitter and receiver, similar

to Chronos [40]. As such, it cannot localize/orient small devices such as smart phones or

smart watches that typically have only one antenna. However, many WiFi devices includ-

ing laptops, APs, robots, and smart appliances do have 3-element antenna arrays, which

are becoming more common with MIMO technology. MonoLoco can be used by a single

autonomous robot to localize multiple APs, which could in-turn be used to localize single-

antenna devices using protocols such as SpotFi [30]. Moreover, the presence of the 3-element

array on the target is what enables orientation inference. Finally, multipath triangulation re-

lies on first order reflections and assumes that the second order reflections are too weak to

be resolved. In indoor environments, it is rare to receive a second order reflection, but if so,

we can filter out these reflections in the post-processing step and use another pair of paths.

The main contributions of this chapter are the new multipath triangulation techniques,

and the 3D super-resolution algorithm to estimate the geometric features of multiple paths.

These techniques are not limited to WiFi, and can be used in many ways besides single-

device WiFi localization. MonoLoco is just a proof-of-concept for the wide range of appli-

cations where these techniques can produce substantial gains such as in indoor mapping, ob-

ject imaging, or device-free localization. In future work, we plan to explore how MonoLoco

could interact with WiCapture [50], which uses multipath reflections to provide accurate

motion tracking. WiCapture can only get relative motion and not absolute position, so these

two systems are complementary and could be combined. Additionally, the current version

of MonoLoco uses a subspace super-resolution algorithm to resolve multipath features with

a linear antenna array. However, the fundamental methods are independent of the multi-

path resolution technique and the antenna configuration. Therefore, we will explore how

MonoLoco’s performance could be improved by advances in multipath resolution such as
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the recent works in Maximal Likelihood Estimation techniques [59], larger antenna arrays,

or circular antenna arrays.

3.7 Conclusion

This chapter presents multipath triangulation, a new localization technique that leverages

multipath reflections to estimate the location of a target and a reflector with respect to the

receiver. We use multipath triangulation to develop MonoLoco, the first localization system

that provides decimeter-level localization and orientation information without any informa-

tion sharing or coordination across multiple nodes. A single WiFi node or access point can

localize any other WiFi transmitter that it hears. The protocol is fully piggybacked on top

of the WiFi protocol. We expect multipath triangulation and its use of multpath reflections

for localization to lead a universal paradigm shift in IoT where the WiFi in every home and

office can act as an efficient non-intrusive yet omnipresent sensing system which does not

require new sensor hardware installation. We believe that multipath triangulation is more

widely applicable to protocols other than WiFi and for problems other than target localiza-

tion, including device tracking, indoor mapping, object imaging, and device free tracking,

which are among our future works.



Chapter 4

Tracking Battery-free Objects with

Commodity WiFi

Object location and tracking is an essential part of the smart, automated systems that are

envisioned for the home, office, and retail spaces of the future. People want to locate a bag

or jacket at home, a tool in a workshop, or an exhibit at a museum. However, no existing

object tracking technology offers both simple setup and simple long-term operation. With

RFID technology, one can track an object simply by attaching a low-cost, battery-free tag, but

only after a complex setup involving one or more RFID readers, anchor tags, and/or mobile

readers [94–96]. On the other hand, WiFi localization systems offer simple initial setup by

taking advantage of the pervasive wireless infrastructure, but can only localize WiFi radios

that are difficult to keep powered on over the long term [1, 97]. In order for the vision of

pervasive computing to be fully realized, new object tracking solutions must be developed

that support low-cost, battery-free tags without requiring new infrastructure deployment.

This chapter presents a new localization system that we call TagFi: the first technique to

enable a user to localize a passive object with decimeter-level accuracy simply by using com-

modity WiFi devices – with no need for initial setup. To do this, TagFi combines the best

56
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features of RFID and WiFi localization: 1) low cost, battery-free tags by using backscat-

ter technology, and 2) turnkey setup by leveraging existing WiFi devices to eliminate the

need for new infrastructure. TagFi works with unmodified WiFi and no hardware, firmware,

or protocol changes are required. It only uses Channel State Information (CSI), which is

collected by commercial WiFi chipsets. In addition, CSI is measured from the WiFi packet

preamble and can, therefore, be used to localize a tag just by eavesdropping on WiFi packets.

This converts any WiFi-enabled device into an individual sensor to locate “things”, whether

a battery-free object or a low-power IoT device that does not have a WiFi transceiver.

The basic idea of TagFi is to create a tag that reflects a WiFi signal, and then to triangulate

the position of the tag by measuring the angle of arrival (AoA) and angle of departure (AoD)

of this reflection. However, the main challenge is that these passive reflections are consid-

erably weaker than the Line-of-Sight (LoS) path between the WiFi transceivers. Moreover,

wireless signals propagate along multiple paths reflecting off of walls and furniture, so the re-

ceived signal is the superposition of all these paths, making the detection of the tag reflection

even more challenging.

To overcome this problem, we build TagFi based on a realization that a modulated mul-

Figure 4-1: High level design. WiFi packets are backscattered from the WiFi tag carrying a
modulation pattern.
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tipath signal is incoherent with the rest of multipath reflections. This incoherency enables

super-resolution algorithms to identify the weak passive reflection of an object among com-

plex multipath propagations. We borrow the technique of backscatter modulation from con-

ventional RFID to build a battery-free tag that modulates the WiFi signals across packets

by switching its internal impedance between reflective and non-reflective modes. As shown

in Figure 4-1, when the tag’s switch is off (Tag Mode=0), it acts as an open terminal and

the received WiFi packet is completely absorbed by the tag, resulting in no reflection from

the tag to the receiver (and creating the possibility of harvesting energy). However, when

the switch is on (Tag Mode=1), it acts as a shorted terminal, which creates an impedance

mismatch and a total reflection of the WiFi packet from the tag. In this manner, the tag is

capable of modulating the backscattered WiFi signal.

TagFi leverages this unique property of the tag reflection to extract the geometric features

of the backscatter signal. It combines CSI measurements from multiple packets carrying the

modulated backscatter signal, as well as measurements from multiple transmitting antennas,

receiving antennas, and multiple frequency subcarriers to estimate angle-of-arrival (AoA),

angle-of-departure (AoD) and time-of-flight (ToF). We leverage the incoherency of the mod-

ulated backscatter signal and develop a new super-resolution algorithm to extract the angle

and time features for the tag reflection. This effectively enables localizing the tag by forming

a multipath triangle between the WiFi transmitter, the tag, and the WiFi receiver.

We implement TagFi using Intel 5300 WiFi chips as the WiFi transmitter and receiver,

operating at 5GHz with 40MHz bandwidth. Each transceiver is equipped with a 3-element

linear antenna array. We also made a prototype of the WiFi tag using an off-the-shelf RF

switch, whose ports are connected to a regular WiFi antenna, a 50Ω and a short circuit cap.

We deploy TagFi in an office building and evaluate its performance in multiple scenarios. Our

empirical results show that TagFi achieves a median localization accuracy of 0.2m, which is

comparable with the best existing WiFi localization systems, all of which require a WiFi
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transceiver on the object and coordination between multiple APs.

Contributions: TagFi introduces multiple key innovations:

• TagFi exploits a novel technique of modulating the backscatter signal across multiple

packets to overcome complex multipath interferences, which enables object tracking with

commodity WiFi even in the presence of strong LoS path between the WiFi transceivers.

• The simple structure of TagFi’s tag enables a new paradigm of sensing and tracking

battery-free objects with any WiFi-enabled device.

• TagFi introduces the first WiFi-based object tracking system that provides decimeter-level

localization accuracy by only using CSI measurements in a single commodity WiFi re-

ceiver. It does not require any type of modification in WiFi transceivers, external hardware

or even time synchronization between the WiFi transmitter and receiver.

4.1 Background and Related Work

TagFi is related to previous works in three areas: localization of commercial RFID tags, de-

vice localization of WiFi radios, and backscatter communication. Combining the bests of all

these systems, TagFi introduces the first object localization system with a single commod-

ity WiFi receiver, enabling a new paradigm of sensing and tracking battery-free objects with

commodity WiFi. It avoids expensive and extensive deployment overheads by leveraging the

pervasive wireless infrastructures. In addition, it overcomes multipath interferences by cus-

tomizing a WiFi-based tag that modulates the backscatter signal. Finally, the tag passively

backscatters the WiFi packet, therefore, it does not require an active WiFi transceiver on the

target and can operate by harvesting energy from WiFi signals. In what follows, we discuss

how TagFi relates to related works.
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RFID-based Localization. Tracking of battery-free objects with RFID has received con-

siderable attention for many decades. In these systems, a battery-free tag backscatters the

excitation signal transmitted by an RFID reader and encodes its own information on the re-

flected signal. The phase and amplitude of the backscattered signal is then used for localizing

the tag by either calculating the received signal strength (RSS) [9, 98–100], the time of flight

based on phase measurements [95, 101–104], or the angle of arrival (AoA) using multiple

antennas [105–109]. However, to deal with multipath interferences, they require to either use

a dense deployment of reference tags in the area of interest [94], leverage a moving reader’s

antenna to create a synthetic aperture radar [95], or perform frequency hopping across all

RFID channels [96] to emulate a wider bandwidth. Additionally, all these RFID-based ap-

proaches require dedicated infrastructure and expensive RFID readers. In contrast, TagFi

leverages the available pervasive WiFi infrastructure and enables object tracking with every

single WiFi device. We borrow the RFID modulation technique that is designed for RFID

reader-tag communications and transform it into a technique for identifying the weak WiFi

backscatter signal in the presence of complex multipath propagations.

WiFi-based Localization. Active radios such as WiFi has been extensively used for localiz-

ing devices, which require a WiFi transceiver mounted on the target. The transmitted signal

is then collected by one or multiple WiFi receivers to compute the location of the target. The

first generation of WiFi-based localization systems look at the received signal strength and

use fingerprinting to determine the location of the target [16, 44, 46, 110, 111]. However,

these methods require an extensive effort to characterize the environment. Recent techniques

eliminate the effect of multipath interferences by directly measuring the geometric features

of the line of sight (LoS) path between the target and the WiFi receiver(s). AoA-based meth-

ods [1, 31, 52, 53, 112–114] use an array of antennas to compute the direction of the LoS

signal, while ToF-based methods [63–65, 110, 115, 116] use signal measurements from mul-

tiple frequency channels to estimate the distance between the transmitter and receiver. Since
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all of these systems require an active WiFi transceiver on the target, they are not suitable

for tracking of battery-free objects. In contrast, TagFi utilizes the passive wireless reflection

from an object by using a battery-free tag attached to the target.

WiTag [117] is the closest related work to our system, which leverages the reflections

of a passive low-power tag and localizes the tag with commodity WiFi radios. However, to

deal with multipath interference, the tag shifts the incident signal to an adjacent frequency

channel that is not overlapped with the original frequency band. However, frequency shifting

causes several issues that limit the performance and practicality of this solution. First, shift-

ing the signal frequency requires a high-frequency oscillator which consumes more power,

therefore the tag cannot operate by harvesting energy. Second, explicit coordination be-

tween the two WiFi transceivers is required to agree on the secondary frequency channel,

therefore, the localization protocol cannot be piggybacked on top of the available communi-

cations, increasing the networking overhead and interference with the data communications.

In contrast, TagFi does not require any frequency shifting or power-hungry operation inside

the tag, so it can operate on battery-free tags.

WiFi Backscatter Communication.The concept of utilizing the passive WiFi reflection is

originally proposed for connecting battery-free objects to the Internet. WiFi Backscatter

[118], BackFi [119], and Passive WiFi [120] are the examples of these systems that use

specialized readers for decoding WiFi backscattering signals. However, all of these systems

either require modification on the WiFi device or specialized hardware to cancel multipath

interference. A recent category of backscatter communication systems utilize commodity

WiFi devices, but they deal with multipath interferences by shifting the frequency of the

backscatter signal to a non-overlapping channel [121] or changes the phase of the signal [122,

123]. In all of these cases, the tag’s switch should operate at 20 MHz or higher frequencies to

modulate the backscatter signal, which significantly increases the power consumption of the

tag [124]. In contrast, TagFi does not require any specialized WiFi transceiver, extra WiFi
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helper, or frequency shifting in the tag, so it can gracefully operate using commodity WiFi

radios and battery-free tags. Although TagFi mainly focuses on object tracking, we believe

it can be extended to a WiFi backscatter communication system.

Finally, recent works [125, 126] have demonstrated the ability to harvest power from

WiFi transmissions. [127] shows the feasibility of harvesting 0.5 − 1 mW of power from

beamformed WiFi transmissions and [128] harvests power from existing WiFi chipsets while

preserving network performance. TagFi builds upon this capability and designs a new WiFi-

based tag with a functionality as simple as switching the impedance of an antenna, which

can fairly operate with WiFi energy harvesting.

4.2 System Design

TagFi is a WiFi-based tracking system for battery-free objects. It enables a tag to be localized

with existing WiFi devices without requiring any modification on the WiFi device or external

coordination with other nodes. As shown in Figure 4-1, a WiFi device such as a laptop or

cellphone receives the packets from an access point or any other WiFi device. At the same

time, the tag modulates the WiFi packets and backscatters them, which is also received at the

WiFi receiver. TagFi measures the CSI values of the received packets and identifies the tag

reflection from complex multipath signals by exploiting the modulation of the backscatter

signals across multiple packets. Figure 4-2 shows an overview of TagFi, which works in

three steps:

• Backscattering modulated WiFi signals: Multipath interference is the main challenge

of detecting the weak backscattered signal of the tag. TagFi addresses this challenge by

modulating the tag reflection at the packet level. Section 4.2.1 explains how this approach

effectively enables extracting the tag reflection from the rest of the multipaths.
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Figure 4-2: System Overview of TagFi

• Extracting multipath geometries: The backscatter signal, along with other multipath

signals, is then received by a WiFi receiver to extract the CSI information. TagFi lever-

ages the phase difference across multiple antennas on the WiFi transmitter and receiver

to estimate the angular geometries of the tag reflection and the LoS path. Section 4.2.2

explains how TagFi differentiates the backscatter signal from a mobile path and extracts

its modulation pattern.

• Localizing the tag: TagFi defines a triangle between the WiFi receiver, the tag and the

WiFi transmitter. It constrains the geometry of this triangle by obtaining the AoA and

AoD information of the tag’s backsattered path as well as the LoS path, thus localizing the

object.

In the following sections, we elaborate on each of these steps and then present the perfor-

mance of the proposed method in a regular office building. Finally, the chapter concludes

with a few applications of this system followed by discussions on system limitations and

future works.

4.2.1 Backscattering Modulated WiFi Signals

To detect and localize a battery-free tag with WiFi, the tag backscatters the incident signal

from a WiFi transmitter and the WiFi receiver measures the received signal from an antenna
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(a) Switch Off (b) Switch On

Figure 4-3: Backscatter Modulation. TagFi modulates the backscatter signal by either re-
flecting or adsorbing the WiFi packets, which is used to break the coherence of the backscat-
ter signal with other multipath reflections.

array to estimate the signal’s angular geometries. However, the presence of multipath sig-

nals specially the strong LoS path coming directly from the WiFi transmitter dominates the

received signal, which makes it very challenging to extract the tag reflection.

To address this problem, TagFi leverages a realization that a modulated signal is inco-

herent with the rest of multipath signals, which makes it distinguishable regardless of how

much this modulated path is attenuated. We harness this property and design a new tag that

is tuned to the WiFi frequency range and modulates the WiFi packets by switching the tag’s

internal impedance between reflective and non-reflective modes. As shown in Figure 4-3a,

when the tag’s switch is off, it acts as an open terminal and the received signal flows into

the circuit for energy harvesting. However, when the switch is on, it acts as a short termi-

nal, which results in impedance mismatch and total reflection of the received power (Figure

4-3b). So, per WiFi packet, the tag is either in reflective or non-reflective mode, thus mod-

ulating the backscattered signal across multiple packets. It essentially reflects or absorbs

the WiFi packet received by the tag to modulate the WiFi channel between the tag and the

receiver, which will be next used to effectively separate the weak backscatter signal from

strong multipath interferences.
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Figure 4-4: 802.11n high throughput (HT) packet structure. The long raining symbols
(HT-LTFs) are used for MIMO channel estimation.

While TagFi’s tag is modulating the WiFi packets, the WiFi receiver measures the Chan-

nel State Information (CSI) for each WiFi packet, which includes the amplitude and phase

shifts introduced by superposition of all multipath signals including te tag backscatter signal.

However, the WiFi receiver should capture a valid WiFi signal backscattered from the tag to

be able to localize the tag. Therefore, the tag needs to properly reflect the preamble of the

WiFi packets used for CSI measurements. According to IEEE 802.11n high throughput (HT)

packet structure [129], the preambles of each MIMO-OFDM packet contains long symbols

(called HT-LTF in Figure 4-4), which are used for MIMO channel estimation. The number of

HT-LTF symbols depends on the number of transmitted spatial streams. In the case of spatial

multiplexing with 3 transmitting antennas, the duration of the training symbols is between

40 to 50 microseconds. Therefore, the minimum period that the tag maintains its impedance

has to be larger than the duration of HT-LTF training symbols.

It should be noted that since TagFi performs modulation in the packet level, it works

seamlessly with any packet transmission rate or even if the packets are not being sent at

fixed intervals. In other words, the tag decides to change the modulation based on the arrival

of a new packet and detects the starting point of a packet using a low power envelop detector

used in the conventional WiFi backscattering systems.
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4.2.2 Extracting Multipath Geometries

TagFi exploits CSI values to estimate (1) the direction at which the signal is arriving at the

tag (known as AoD), (2) the direction at which the backscattered signal is arriving from

the tag to the WiFi receiver (known as AoA), and (3) the relative Time of Flight (ToF) of

the tag’s reflection with respect to the LoS path. When the tag is in the reflective mode, it

is technically a shorted antenna that reflects back any received signal, thus behaving like a

static reflector. So, the tag’s reflection can be considered as one of the multipath signals.

However, this passive reflection will disappear when the tag switches to the non-reflective

mode. In the following sections, we first explain how CSI at the receiver can be modeled

in terms of the AoA, AoD, and ToF of the received multipath signals and how backscatter

modulation helps to estimate these parameters for the tag reflection.

4.2.2.1 Multipath Resolution.

The WiFi receiver is equipped with an antenna array, so each multipath signal introduces a

phase shift across the receiving antennas, which is due to extra distance that it should travel

to reach every antenna. As shown in Figure 4-5, this phase shift is a function of the path’s

AoA:

Φ(θl) = e− j2π f d sin(θl)/c (4.1)

where θl is the AoA of the lth path, d is the distance between the antennas, f is the frequency

of the transmitted signal, and c is the speed of light. Therefore, the resulting vector of

the received signals due to the lth path can be written as ~a(θl)Γl, where Γl is the complex

attenuation along the path at the first antenna and ~a(θl) is the corresponding steering vector

defined as

~a(θl) = [1,Φ(θ)1, ...,Φ(θ)M−1]T (4.2)
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Figure 4-5: MIMO Antenna Array. Each wireless path has to travel an extra distance to
reach (or leave) different elements of an antenna array, which causes a phase shift that is a
function of the antenna spacing and the direction of the signal (AoA or AoD).

where M is the number of receiving antennas. In the presence of L paths, the overall signal

will be written as the superposition of the signal received from all the paths:

~χ =

L∑
i=1

~a(θi)Γi (4.3)

This is the standard form for applying the well-known super-resolution MUSIC algorithm

[58] to compute AoA of multipath signals including the tag reflection. However, the main

challenge is that the tag’s backscattered signal is multiple times weaker than the signal that

comes directly from the WiFi transmitter or even other multipath reflections. So, the tag

reflection will not be among the top 6-8 reflections [97] that are detectable by typical super-

resolution techniques. TagFi overcomes this challenge by leveraging the modulation of the

backscatter signal. The key intuition is that a modulated path is incoherent with the rest

of multipath signals, which means there is no constant phase and amplitude relationship

between them.

TagFi’s mathematical trick to extract the weak reflection of a tag in a rich multipath envi-

ronment is best demonstrated through an example in Figure 4-6. Without loss of generality,

let us consider two packets and assume there are only the LoS and the backscatter paths

between the WiFi transceivers. During the first WiFi packet transmission, the tag is in the
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Figure 4-6: Impact of Backscatter Modulation. WiFi packets received with different tag
modes can be written as a linear combination of the same steering vectors but independent
gain vectors.

non-reflective mode, thus absorbing the signal and there will be no path between the tag and

the WiFi nodes. So, the phase shift across the receiving antennas is caused by only the AoA

of the LoS path. During the second packet transmission, the tag switches to the reflective

mode, which results in a phase shift caused by AoAs of both the LoS and the backscatter

paths. Figure 4-6 shows that the CSI measurements of these two packets can be written

as a linear combination of the same steering vectors derived from the AoAs of both paths,

but linearly independent complex gains. So, the CSI of different packets, that includes the

modulated backscatter signal, are incoherent with each other.

We leverage this realization and combine the signal measurements from multiple WiFi

packets to increase the rank of the modulated backscatter path and realize the detection of the

tag’s weak backscatter signal. So, a new measurement matrix � can be constructed, which

concatenates the CSI values from multiple packets:

� = [ ~H1 ~H2 ... ~HP] (4.4)
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where ~Hp is the CSI measurement of the pth packet. We further generalize this formulation

by combining the signal measurements from multiple transmitting antennas and multiple

frequency subcarriers since the same non-linearity will be hold for their corresponding phase

shifts. The signals emitted from different sensing elements of the transmit antenna travel

different distances, which appears as a phase shift of ψ(ϕl), and is a function of AoD:

ψ(ϕl) = e− j2π f d′ sin(ϕl)/c (4.5)

where ϕl is the AoD of the lth path, and d′ is the distance between transmitting antennas. Fur-

thermore, the current WiFi standards such as 802.11n leverage OFDM technology wherein

data is transmitted over multiple subcarriers. For the signal received along lth path, the phase

shift across two subcarriers is given by

Ω(τl) = e− j2π fδτl (4.6)

where fδ is the frequency difference of two consecutive OFDM subcarriers and τl is the ToF

along lth path. Therefore, the overall signal obtained at the mth receiving antenna from the

nth transmitting antenna at the kth subcarrier can be written as follows and is reported as CSI

values:

xm,n,k =

L∑
i=1

Γi(e− j2π(m−1)d sin(θi)/λ × e− j2π(n−1)d′ sin(ϕi)/λ × e− j2π(k−1) fδτi) (4.7)

We redefine the vector ~Hp and use the new � to extract the geometric parameters of

multipath signals.

~Hp = [

T X antenna 1︷          ︸︸          ︷
~X1,1 , ..., ~XM,1 , ~X1,2 , ..., ~XM,2︸          ︷︷          ︸

T X antenna 2

, ...,

T X antenna N︷           ︸︸           ︷
~X1,N , ..., ~XM,N)]T (4.8)
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~Xm,n = [xm,n,1 ... xm,n,k] (4.9)

Equation 4.7 is in a standard form to apply joint AoA-AoD-ToF 3D super-resolution

algorithms such as the one proposed in [1]. The basic idea of the 3D super-resolution algo-

rithm is eigen decomposition of the correlation matrix R�, where R� = E[��H] is a square

matrix of size S = (M × N × K) for M receiving antennas, N transmitting antennas, and K

subcarriers. The eigenvectors corresponding to the smallest (S − L) eigenvalues construct

the noise subspace EN = [~e1, ...,~eS−L]. Since the signal and noise subspaces are orthogonal,

the parameters of the paths appear as sharp peaks in the following spatial spectrum function:

P(θ, ϕ, τ) =
~a(θ, ϕ, τ) ~aH(θ, ϕ, τ)

~aH(θ, ϕ, τ) ~EN ~EH
N ~a(θ, ϕ, τ)

(4.10)

where ~a(θ, ϕ, τ) is the paths corresponding steering vector determined as:

~a(θ, ϕ, τ) = [~a′ , ~a′ ψϕ , ... , ~a′ ψN−1
ϕ ]T (4.11)

~a′(θ, τ) = [

RX1︷   ︸︸   ︷
1..ΩK−1

τ ,Φθ, ...,Ω
K−1
τ Φθ︸            ︷︷            ︸

RX2

, ...,

RXM︷                    ︸︸                    ︷
ΦM−1
θ , ...,ΩK−1

τ ΦM−1
θ ] (4.12)

where a′(θ, ϕ) is written as a′. The incoherency of the modulated backscatter signal with

other multipaths results in a sharp peak at P(θb, ϕb, τb), where b corresponds to the tag

backscatter signal. After resolving the parameters of multipath signals, TagFi’s next step

is to identify which path represents (1) the LoS signal between the WiFi transmitter and re-

ceiver, (2) the tag backscatter signal. By identifying these two paths, TagFi then combines

the angular features of them to constrain a triangle between the WiFi transmitter, receiver,

and the tag, thus localizing the tag.

LoS Detection. TagFi defines the LoS path to be the path with the shortest ToF value since

it does not go under any reflection before reaching the receiver. It is worth noting that
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commodity WiFi radios can only estimate the relative ToF between multipath signals [1] due

to the sampling frequency offset (SFO) and sampling time offset (STO) caused by lack of

time synchronization between the two nodes. However, the relative ToF is sufficient to find

the shortest path which is determined to be the LoS path.

4.2.2.2 Selecting Candidate Tag Reflections

To identify which resolved path represents the parameters of the backscatter signal, TagFi

first employs the unique feature of the tag reflection which is its modulation. As mentioned

before, the backscatter signal is the only multipath that is modulated across WiFi packets and

it is only detectable if multiple packets are concatenated in the super-resolution algorithm.

So, TagFi identifies the potential backscatter paths by comparing the output of the super-

resolution algorithm on the ensemble of packets and on every single packet. Let us assume

a sequence of P modulated packets are received and the geometric parameters of {θl, ϕl} are

estimated for L paths using the ensemble of the packets. TagFi then finds this parameter set

for each individual packet by applying the super-resolution algorithm on single ~Hp, which

results in a set of resolved paths as

⋃
p∈P

⋃
l∈L(p)

{θ′l , ϕ
′
l} (4.13)

TagFi finds the unique elements of this parameter set by clustering the resolved paths

and selecting the cluster centroids ζ = {θ′c, ϕ
′
c}, ζ ∈ C, as the path representatives. Then, the

candidate backscatter signals are extracted as:

{ {θl, ϕl} | l ∈ L and {θl, ϕl} ± ε < C } (4.14)

ε is the threshold used to account for the noise in measurements and the estimation vari-
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ances and is set to 3◦ in our current implementation. It should be noted that there is usually

more than one multipath signal incident at the tag as the transmitted signal reflects off of

objects before arriving at the tag. Similarly, the signal backscattered by the tag bounces off

of objects and reaches the receiver along multiple paths. However, the second-order reflec-

tions are significantly attenuated and won’t be among the 6-8 dominant paths resolved by

3D super-resolution algorithm. So, TagFi assumes that the candidate backscatter paths are

first-order reflections.

4.2.2.3 Mobile Path Filtration

In practice, it is necessary for an object tracking system to work robustly in a dynamic envi-

ronment with people moving around. However, the main challenge is that the movement of

a person introduces Doppler frequency on the reflected signal from the body, which changes

the length of the path over time. This makes the mobile path incoherent with the static paths

as well as the backscatter signal, so it will be mistakenly selected as a candidate backscatter

signal. Another challenge in identifying the backscatter signal is that the super-resolution

algorithm may resolve spurious paths due to noises in signal measurements, which may be

confused with the backscatter signal. TagFi handles these challenges by employing v se-

quences of P modulated packets and a clustering technique on their corresponding candidate

tag reflections. The intuition is that the AoA and AoD of the backscatter signal have smaller

variations over time compared to falsely resolved or mobile paths. On the other hand, the

AoA and AoD estimates from the same paths but different sequences will be clustered to-

gether. So, the diameter of each cluster will define the angular variations of each path across

packet sequences. TagFi applies a K-means clustering algorithm on the candidate backscatter

paths extracted for v sequence of P packets and calculates the following likelihood function

per cluster:

Pl = exp(ωCC̄l − ωθσ̄θl − ωϕσ̄ϕl) (4.15)
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where C̄l is the number of points in the cluster of lth path, and σ̄θl and σ̄ϕl are the population

variances of the estimated AoAs and AoDs, respectively. The ω weighting factors are con-

stant values to scale the corresponding terms [1]. The cluster with the highest likelihood will

be eventually determined as the backscatter path.

4.2.2.4 Extracting Tag Modulation Scheme

Finally, TagFi extracts the modulation scheme of the tag, which represents the identification

of the object. Now that we have the AoA and AoD of the tag reflection, the expected phase

shifts due to tag’s reflection across the transmitting and receiving antenna arrays can be

computed, thus the corresponding steering vector ~a(θb, ϕb). The tag’s modulation scheme

will be determined by computing the correlation of the tag’s steering vector with the CSI of

every modulated packet in a sequence. Specifically, we expect this correlation to be higher

when the tag is reflecting the WiFi signal since the corresponding steering vector is contained

within the signal subspace and will be orthogonal to the noise subspace. As such, we define

a thresholding mechanism on the following correlation function

Corrp =

∥∥∥~a(θb, ϕb)
∥∥∥∥∥∥∥∥~a(θb, ϕb) × ~Ep

n

∥∥∥∥∥ , p = [1, 2, ..., P] (4.16)

where ~Ep
n is the noise subspace computed from the CSI of the pth packet. If Corrp is greater

than Tresc, the modulation mode is determined as 1 (or reflective) for that packet and 0 (or

non-reflective) otherwise. We define threshold Tresc to be µ ± σ, where µ and σ are the

mean and standard deviation of Corrp across the P packets.



4.2. SYSTEM DESIGN 74

Figure 4-7: Object Localization Algorithm. TagFi localizes a tag by creating a mul-
tipath triangle between the WiFi transmitter, WiFi receiver, and the tag. The triangle is
constrained based on AoDs (ϕ1, ϕ2), AoAs (θ1, θ2), and the distance between the two WiFi
transceivers (a).

4.2.3 Localizing the Target Tag

TagFi localizes the tag with the derived AoA and AoD of the backscatter path along with

the ones for the LoS path between the WiFi transmitter and receiver. As shown in Figure

4-7, the LoS signal transmits with the AoD of ϕ1, propagates a distance a, and arrives at

the receiver with the AoA of θ1. Similarly, the backscatter path from the tag has left the

WiFi transmitter with the AoD of ϕ2 and arrives at the WiFi receiver with AoA of θ2. The

AoAs and AoDs are calculated from the CSI measurements using 3D multipath resolution

algorithm [1]. Given these values, we denote the location of the tag as (x, y), which can be

derived from the intersection of the semi-ellipse determined by the range and the semi-line

determined by AoAs: 

b =
a sin(ϕ1−ϕ2)

sin(π−(ϕ1+ϕ2+θ1+θ2)

x = b sin θ2

y = b cos θ2

(4.17)

Since the WiFi transceivers are fixed and their locations are available, we assume that the link

distance a can be directly calculated. However, it should be noted that the super-resolution
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algorithm, presented in section 4.2.2.1, also calculates the relative ToFs for all paths. So, if

the link distance is not available in practice, TagFi can still localize the tag using Multipath

Triangulation [1] which relies on relative ToF of the LoS path and the backscatter signal.

In addition, in the case of having multiple WiFi transmitters in the monitoring area, we can

further improve the localization performance by solving the following optimization problem:

argmin
Q∑

i=1

(xi − x̂)2 + (yi − ŷ)2 (4.18)

where Q is the number of WiFi transmitters. It should be noted that this is only for further

improvements in case more than one transmitter is available. TagFi properly works with a

single pair of WiFi transceivers.

4.3 Evaluation

4.3.1 Implementation

We implement TagFi using a pair of Intel NUCs equipped with Intel 5300 NIC and three 7

dBi omni-directional antennas1, which form a uniform linear array. We install Linux 802.11n

CSI tool [21] in the transceivers to collect CSI measurements from 3-element antenna arrays

in each of the WiFi transmitter and receiver, and 30 frequency subcarriers. Devices are

set to work in monitor mode using channel 128 at 5.63 GHz frequency with a 40 MHz

bandwidth. The transmission rate of packets is set to 3000 Hz. We use the antenna calibration

method introduced in WiCapture [50, 93] to compensate for the local oscillator offsets of

radio chains. It should be noted that TagFi does not require any extra coordination or a

specific type of packet, so it can piggyback localization on top of any communicated WiFi

1https://www.data-alliance.net/antenna-dual-band-2-4ghz-5ghz-7dbi-omnidirectional-outdoor-indoor-rp-
sma/
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(a) Tag prototype (b) Experimental Setup

(c) Snapshot of the tested cluttered environment

Figure 4-8: TagFi’s Experimental Setup. (a) A prototype of TagFi’s tag is built using an
off-the-shelf RF switch connected to a WiFi antenna, and (b) is tested for different distances
and angles in (c) a cluttered multipath rich environment.

packets.

We built a prototype of the WiFi tag, shown in Figure 4-8a, using a IDT-F2977EVBI2

switch that is connected to a 5 GHz WiFi antenna, a 50Ω and a short circuit cap to emulate

“reflective/non-reflective” states. It should be noted that the tag is not equipped with any

WiFi transceiver since it just requires to passively backscatter the available WiFi signals.

2https://www.idt.com/document/dst/f2977-datasheet-rev-o



4.3. EVALUATION 77

4.3.2 Experimental Setup

We deploy our system in a regular office building that spans an area of 12 × 30m, as illus-

trated in Figure 4-8b, in the presence of 1-5 occupants and a lot of furniture and electrical

equipment with rich multipath propagation. We place the transmitter-receiver pair in 5 dif-

ferent locations, shown in Figure 4-8b, and place the tag in random locations for a total of 51

test spots. In addition, for any tested location in figure 4-8b, we collect CSI measurements

in both directions and estimate the location of the tag for both communication directions,

which results in a total of 102 different experimental scenarios. In each experiment, 1000

packets are transmitted with a 3ms time interval and the tag’s modulation mode changes per

packet, obtaining a uniform “..0101..” modulation scheme. The main results are calculated

based on the sequences of 10 modulated packets and the impact of the number of packets on

localization is discussed in Section 4.4.3.

Note that we do not compare with state-of-the-art WiFi-based object tracking systems

like WiTag [117] and BLoc [130] because they rely on frequency shifting and therefore

require a customized tag to eliminate multipath interference and separate the backscattered

signal. In addition, we do not compare with RFID-based localization systems like [104]

since they require the installation of specialized RFID readers. Therefore, a head-to-head

comparison would not be meaningful and only a qualitative comparison is provided.

4.3.3 Benchmark Verification

We first verify the key innovation of TagFi, which is utilizing the backscatter modulation

for eliminating the coherence of the backscatter signal with other multipath reflections. We

place a pair of WiFi transceivers in an empty environment at proximity of 1 meter to each
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other, shown in Figure 4-9a. The tag is equipped with a 10 dBi directional antenna3, to en-

force a stronger reflection for better visualization, and is placed between the transmitter and

receiver in a position that creates a backscatter path with AoA and AoD of 0◦ for verification.

First, we switch the tag into “reflective” mode, so a backscattered path is expected from the

transmitter to the tag to the receiver. However, we can see in Figure 4-9c that only one clus-

ter of AoA-AoDs is obtained, which is due to the strong LoS path between the transmitter

and receiver. The tag’s reflection is not detected in this case since it is multiple times weaker

than the LoS path, thus being swamped by the multipath interferences.

Next, the tag starts modulating the backscatter signal by continuously switching the mod-

ulation mode between reflective and non-reflective. We can see in Figure 4-9d that two

clusters of AoA-AoDs are derived in this case: one belongs to the LoS path and the other

belongs to the backscatter path. The AoA and AoD of the new derived path are clustered

at 0◦, matching the angles of the tag. This confirms the mathematical formulations pre-

sented in Section 4.2.2.1 and the expected rank increase in the system of equations due to

the backscatter modulation. Finally, Figure 4-9b demonstrates that this approach effectively

detects the tag reflection even though there is no obvious change in the raw CSI values as the

tag switches the modulation mode. This confirms the importance of this realization and the

significant improvement over the state-of-the-art WiFi backscattering techniques [118] that

rely on the changes of the raw CSI amplitude to extract the modulated information in ranges

as short as 0.5 meter.

4.3.4 Tag Localization Accuracy

We evaluate TagFi localization accuracy by deploying the system in two spaces of 12 × 13m

and 12×18m with rich multipath propagation that replicates the scenarios used for evaluation

3Alfa APA-M25 dual band 2.4GHz/5GHz 10dBi high gain directional indoor panel antenna with RP-SMA
connector
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of state-of-the-art systems like [130]. It should be noted that the experiments of this chapter

are conducted in the presence of moving people, which confirms the robustness of TagFi in

dynamic environments. We first place the tag at each of the tested locations shown in Figure

4-8b. we also vary the location of the TX-RX link throughout the evaluation area between

locations 1-5. For each tag location shown in blue, we choose the closest TX-RX link to the

tag for localization. Since the detection range of the tag is constrained by the power of the

backscattered signal, we discard instances where the tag does not respond and will analyze

the tag detection rate later in Section 4.3.5.

Figure 4-10 shows the CDF of TagFi’s localization error along each of the X and Y di-

(a) Experimental setup (b) CSI of the two modulation modes

(c) Tag is continuously on (d) Tag is modulating

Figure 4-9: Benchmark experiments. The tag reflection with AoA and AoD of 0◦ is
only detectable when the tag starts modulating the WiFi packets by switching between
reflective/non-reflective modes. This is despite the fact that no obvious variation can be
observed in the raw CSI values as the tag modulation changes.
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Figure 4-10: TagFi’s Localization Accu-
racy. TagFi can achieve median error of
17 and 29 cm along X and Y dimensions.

Figure 4-11: TagFi’s Detection Rate. The
detection rate decreases from 100% in 1m
to 50% in 8m distance from the links.

mensions. TagFi can achieve a median error of 17cm and 29cm, as well as 80th percentile

errors of 62cm and 1.2cm across x and y coordinates, respectively. These results are com-

parable to state-of-the-art WiFi-based tag localization systems that use multiple APs and

battery-powered tags [117, 130]. The primary reason behind the high performance of TagFi

is its ability to separate the backscatter signal from multipath interferences. Generally, the

tag localization accuracy depends on several factors including the profile of multipath propa-

gation, the distance from WiFi link, and the presence of obstacles. For example, Figure 4-10

shows that TagFi’s localization accuracy is lower along Y dimension than X dimension. The

reason is that the tested locations are further away from the WiFi link in the Y axis. There-

fore, a small error in AoA and AoD estimations causes a larger error in Y-axis localization.

Nevertheless, TagFi still achieves an overall Euclidean distance error of 35cm and the 80th

percentile of 1cm as shown in Figure 4-10.

4.3.5 Tag Detection Rate

To test the working range of TagFi, we first fix the tag-to-TX distance at 0.7m, while varying

the tag-to-RX distance, and vice versa. Figure 4-11 shows the tag detection rate with respect
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to its distance from the WiFi transmitter and receiver. As the tag moves away from the WiFi

transmitter, the detection rate decreases from 100% in 1m to 53% in 8m distance. Similarly,

as the tag moves away from the WiFi receiver, the tag detection rate decreases from 100% to

50% in 1m and 8m distances, respectively. Theoretically, the power loss of a radio signal is

proportional to the inverse square of the distance, so as the length of the backscattered signal

increases, it undergoes more attenuation and a smaller fraction of the signal arrives at the

receiver along the backscatter path.

We can also see that the detectability of the tag is more sensitive to the tag’s proximity

from the WiFi receiver, so we can ensure high detection performance by maintaining a clean

direct path between the tag and the WiFi receiver. This requirement can be fairly satisfied in

regular office buildings, considering that there are usually multiple WiFi devices locating in

different rooms. In addition, TagFi only requires a single WiFi receiver to locate the object

with no additional coordination with any other devices. So to locate an object in practice,

the smart building controller will inquiry all WiFi devices, they independently eavesdrop the

transmitted packets and apply TagFi. So, we can expect that the WiFi device in the vicinity

of the object to accurately locate it.

4.4 Sensitivity Analysis

4.4.1 Impact of TX-RX Location

Next, we evaluate the effects of the WiFi link location on detecting the tag’s backscatter sig-

nal. In each location, we place the WiFi transmitter and receiver such that they are 0.7 to 6m

away from each other. The WiFi link locations are shown as 1-5 in Figure 4-8b. For each tag

location shown in blue, we choose the closest TX-RX link to the tag for localization. Figure

4-12 plots the tag detection rate as a function of different TX-RX locations. We can see that
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Figure 4-12: TagFi Performance vs. Distance The tag detection rate varies based on the
location of the WiFi link and is expected to be lower for a highly multipath rich environment.

the probability of detecting the tag is changing from 98% in location 1 to 60% for location

5. The main factors affecting these variations are a combination of destructive/constructive

interference and the distance of the tag from the WiFi link. For example, in locations 3 and 4,

the tag is located between cluttered tables and multiple electronic and metallic items, creat-

ing rich multipath propagation, which results in lower detection rate. In addition, in location

5, the tag is located in longer ranges from the WiFi transmitter and receiver, for which the

strong LoS path between the WiFi transmitter and receiver swamps the backscatter signal,

making the tag detection more challenging.

4.4.2 AoA-AoD Estimation Accuracy

We measure the accuracy of AoA and AoD estimations using the absolute difference be-

tween the ground truth and estimated values for both the backscatter path and the LoS path

between WiFi transceivers. Figure 4-13a shows the CDF of the AoA estimation errors.

TagFi can achieve median errors of 7◦ and 5◦ and 80th percentile of 10◦ and 13◦ for the
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(a) (b)

Figure 4-13: TagFi Performance in Angle Estimation. The high performance of TagFi in
tag localization is the result of the high-resolution estimations of the AoAs and AoDs for
both the LoS and the backscatter paths.

LoS and backscatter paths, respectively. In addition, Figure 4-13b shows the performance of

AoD estimations, for which TagFi achieves median accuracy of 6◦ and 5◦ for the LoS and

backscatter paths, respectively. The 80th percentile accuracy of AoD estimations degrades to

10◦ and 18◦. These results are comparable to WiTag’s performance [117], which also reports

a median accuracy of 7◦ to 14◦ in AoA estimation. The key point is that TagFi achieves sim-

ilar accuracy without requiring to shift the frequency of backscatter signal or a high-power

circuitry in the tag.

As can be seen in Figure 4-13, the LoS estimates in both the AoA and AoD CDFs have

shorter tales compared to the ones for the backscatter path. Since a higher signal power

propagates along the LoS path, the angular estimates are more accurate for this path. Another

factor affecting the performance of super-resolution algorithms is the direction of the incident

signals. In other words, a higher estimation error is expected as the incident angle of the

signal approaches the angle of the array. For example, when the direction of the backscatter

signal is close to 90◦, it is hard to identify the direction since similar phase differences will be

introduced across the antennas for both 90◦ − ε and −90◦ + ε for 0◦ ≤ ε ≤ 30◦. In our current
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Figure 4-14: Number of Packets vs. TagFi’s Accuracy. TagFi is capable of localizing the
tag with small number of packets.

experiments, the majority of the tag positions (78%) create a backscattered signal at AoAs

or AoDs larger than 40◦, which results in a higher super-resolution error for the backscatter

signal. This is though more a limitation of the linear antenna arrays and can be addressed by

using circular antenna arrays.

4.4.3 Impact of Number of Modulated Packets

TagFi primarily relies on the modulation of the tag reflection to identify this weak backscat-

ter signal from complex multipath propagations. So, receiving WiFi packets with different

modulation modes is critical for achieving high accuracy in tag localization. We would like

to evaluate the impact of the number of modulated packets in localization accuracy. Fig-

ure 4-14 measures the Euclidean distance of the estimated locations and the ground truths

for all tested tag locations, as the number of packets changes from 5 to 50 packets. We

can see that even with 5 packets, TagFi achieves a median localization accuracy of 20cm.

These results indicate that TagFi can achieve high performance with only few packets. It is
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Figure 4-15: TagFi’s tag power consumption is low enough to operate with WiFi energy
harvesting.

worth noting that the minimum number of required packets is a function of the modulation

patterns. For example, in the performed experiments, there is only one active tag using uni-

form “...01010..” modulation, where 0 means the tag is in non-reflective mode during one

packet transmission and switches to the reflective mode for the next packet, indicated as 1.

Therefore, TagFi technically requires only 2 consecutive packets to remove the coherence

of backscatter signal. However, utilizing more packets can improve the localization perfor-

mance by filtering out the noise in measurements. It should be noted that the performance

of TagFi is independent of the modulation pattern or the order of ”reflective/non-reflective”

modes across packets as the super-resolution algorithm has no notion of packet order.

4.5 Discussions

4.5.1 Tag Power Consumption

One of the remaining questions here is the power consumption of TagFi’s tag. The current

prototype of the tag uses off-the-shelf components, which are not designed for battery-free or
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low power use-cases. As a result, we come up with an equivalent realization of TagFi based

on the energy harvesting circuitry in the literature and leave the tag fabrication for future

work. Figure 4-15 shows a high-level breakdown of the power-hungry components of the tag.

Considering the simple functionality that we expect from the tag, the major source of power

consumption is the clock generation block or the oscillator, which has a power consumption

proportional to the clock frequency. For example, prior work such as WiTag [117], that

needs to shift the backscatter signal to another frequency channel, requires an oscillator

that operates in 20 Mhz, which consumes more than 1mW of power. However, TagFi does

not require to shift the frequency of the signal, so even a 25KHz clock is sufficient, which

consumes a few microwatts of power. Moreover, recent research on WiFi energy harvesting

[127, 128] shows the possibility of harvesting between 30 to 400 microwatts from WiFi

transmissions, which is more than enough for TagFi design.

4.5.2 Effect of Backscattering on WiFi Networks

TagFi performs localization without requiring any explicit coordination between the tag and

WiFi transceivers or WiFi devices themselves. Moreover, since the backscatter modulation

changes per packet, TagFi works seamlessly with any packet transmission rate or even if the

packets are not being sent at fixed intervals. Therefore, it can be fully piggybacked on top

of the available WiFi communications without imposing any requirements beyond standard

WiFi protocols.

In addition, the presence of an active tag in the environment does not affect the quality

of ongoing WiFi communications since the tag reflections are considerably weaker than the

typical indoor multipaths. As shown in Figure 4-9b, the modulation of the backscatter signal

has minimal impact on the raw CSI values so it does not interfere with existing WiFi traffic.

Our analyses show that 99.3% of the packets transmitted in the conducted experiments has
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been received properly during the tag modulation. In other words, an active tag can be

considered as a passive reflector in the environment similar to any other object or furniture

in the room.

4.5.3 Co-existence of Multiple Tags

One of the important improvements of TagFi over conventional RFID or WiFi-based local-

ization systems is its potential capability of localizing multiple tags simultaneously. The key

intuition is that the backscatter signals of different modulations not only are incoherent with

the other multipath signals, but also they are incoherent with each other. So, the active tags

only require to have unique modulation schemes so that TagFi can separate their reflections

from each other.

To better explain this capability, let’s say there are two active tags with the modulations

of 010101 and 001001 across 6 packets, where “1” means the tag is in the reflective mode

and “0” indicates the non-reflective mode. Without loss of generality, let us assume there are

only the LoS path and the backscatter signals between the WiFi transmitter and receiver. The

two tags create different superpositions of signals across the first three packets, for which the

received signals across the antenna array will be written as

The measurements at these three packets can be written as a linear combination of the



4.5. DISCUSSIONS 88

AoAs of the two backscatter paths and the LoS path, while the vectors of complex gains are

linearly independent of each other. Therefore, the three measurements are incoherent with

each other:

(4.19)

As such, to separate R modulating tags from each other, TagFi requires to receive R +

1 WiFi packets with unique combinations of active tags. In addition, the modulation of

multiple active tags can be synchronized by sending a preamble from the WiFi transmitter

and having a low power envelope detector in the tags to decide when to start modulating.

Designing a coordination and query protocol for the multi-tag scenarios is part of our future

work.

4.5.4 Applications

TagFi’s capability in object localization leads a new paradigm of using commodity WiFi

devices for sensing and tracking battery-free objects or IoT devices that do not even have

WiFi transceivers. This enables a rich set of context-based applications and is going to

have a significant impact on the smart home, smart health and IoT domains. Some of these

applications are presented as follows.

Scalable IoT Infrastructure: With the increasing number of IoT devices such as sensors

and actuators, new smart applications have emerged that rely on knowing the location of

devices, people, and objects. However, relying on dedicated localization infrastructures cre-

ates massive amount of data exchange and communication overhead and is not a scalable

solution. TagFi takes a step toward the vision of omnipresent sensing by converting every
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commodity WiFi device into an individual sensor to locate ”things” whether a battery-free

object or a low-power IoT device that does not have a WiFi transceiver. TagFi leverages

the available wireless infrastructure to piggyback localization on top of the ongoing commu-

nications without relying on any explicit coordination, data sharing, or imposing any extra

overhead on the wireless medium.

Smart Health: well-being and elderly monitoring is another set of applications that signif-

icantly benefit from a robust object tracking system. For example, in a vision of ”homes as

caregivers” for in-aging people, the home’s smart controller exploits all the available WiFi

devices in different rooms to monitor the activities of the person and her interactions with the

objects in the environment, for example, if she takes her medication properly. TagFi’s capa-

bility in tracking battery-free objects, along with device-free localization techniques such as

Widar2.0 [131] for human tracking, would realize this vision by automatically providing the

whereabouts of people and objects on every single WiFi receiver.

Backscatter Communication: Although the main focus of this chapter is object tracking,

TagFi does show high potential in other use-cases such as backscatter communication. Data

and bits can also be transferred through the modulation of the tag, thus creating a commu-

nication means with battery-free objects. Section 4.2.2.4 describes how TagFi identifies the

modulation pattern by exploiting the correlation of the identified backscatter path with every

single packet. The same technique can be used to decode the bits. We expect a high corre-

lation with packets transmitted during tag’s “reflective” mode, thus representing bit “1”; and

low correlation with packets that are transmitted when the tag is off, representing bit “0”.

Extending TagFi as a backscatter communication system and optimizing it for bit-rate is part

of our future work.
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4.5.5 Discussion

To localize an object, TagFi requires a direct path from the WiFi transmitter to the tag to the

WiFi receiver. So, the performance of TagFi degrades in the case of complete tag blockage.

Currently, all other object tracking systems also have this limitation and localizing tags with

no direct reflection is still an open problem. In addition, TagFi’s detection range is still lim-

ited to ranges below 6-8 meters as the current tag prototype uses off-the-shelf components,

which causes low radar cross-section and significant power loss in the tag circuitry. As part

of our future work, we plan to fabricate the tag on PCB board that is optimized for mini-

mum signal attenuation, and design an antenna with high radar cross-section. Nevertheless,

considering the fact that TagFi can perform localization with a single WiFi receiver, we can

assume that the smart building controller compensates for the short range by inquiring all

the WiFi devices to independently search for the object of interest and we can expect that at

least the closest WiFi device to the object will detect and accurately localize it.

In addition, in the current implementation of TagFi, we assume that both WiFi transceivers

are stationary while the environment can be dynamic. The movement of WiFi transceivers

will affect all multipath signals, thus degrading the incoherence of the modulated backscatter

signal with other paths. In our future work, we plan to extend TagFi for mobile WiFi devices

by incorporating the on-device IMUs to compensate for the mobility. It should be noted

that the evaluations of this chapter are performed in a dynamic environment which confirms

TagFi’s robustness to the presence of moving people and objects in the environment.

4.6 Conclusion

This chapter presents TagFi, a novel WiFi-based object tracking system that leverages the

passive wireless reflection from a battery-free tag. The key innovation of TagFi is its unique
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mechanism to extract the weak tag reflection from complex multipath propagations in indoor

environments. TagFi shows that modulating the backscatter path across WiFi packets elim-

inates the coherence of this signal with other multipath signals, enabling super-resolution

algorithms to estimate the parameters of the backscatter signal. TagFi is the first tracking

system that localizes battery-free tags by using a single WiFi device without requiring any

hardware modification, or coordination and information sharing between multiple devices.

As a result, a single WiFi device can piggyback the localization task on top of any ongoing

communication.

TagFi leads a new paradigm in IoT world by enabling unilateral sensing and tracking

of ”things” with commodity WiFi and can be widely applied to novel context-based appli-

cations in smart building, smart health, and robotics. We believe TagFi can be extended to

other use-cases such as WiFi backscatter communications, opening new research problems

on WiFi energy harvesting, multi-tag coordination, and long-range communication.



Chapter 5

Human Sensing Using Wireless

Reflections

Human presence sensing has significant potential to provide monetary and environmental

benefits by saving energy. Motion sensing is often used for lighting control and, although

current systems often turn off the lights when occupants are not in motion, these errors can

easily be fixed by moving or waving at the motion sensor. However, they would cause major

comfort issues with heating and cooling control due to the thermal inertia and resulting time

lag. The ability to automatically control air conditioning has been available for over hundred

years, but the potential energy saving have not been fully realized due to lack of a sensing

system that can detect human presence, and not just human motion.

Recent advances in wireless techniques such as MIMO-OFDM have extended its use

beyond simply a communication medium to that of a device-free human sensing tool. The

previous works that have explored the possibility of inferring occupancy from WiFi sig-

nals [41–43, 132] focus on detecting motion of the target and measure the temporal varia-

tions of WiFi signals caused by target movements as an indicator of occupancy. However,

they suffer from high false negative rates since they cannot differentiate an unoccupied room

92
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from a non-moving person. Rich multipath distortions in indoor environments is one of the

main challenges of these systems, causing the signal disturbance produced by people to be

swamped in the noise distortion subspace due to destructive interferences. This limitation is

particularly problematic for long sedentary activities such as movie watching or sleeping.

To address this problem, we propose a new technique called Peripheral WiFi Vision (Per-

iFi): using multipath signals to increase the sensing area and sensitivity levels of WiFi sens-

ing. The basic approach is to resolve multipath reflections and leverage each path as an

individual sensor, rather than treating it as just a distortion. The intuition is that analyzing

each path independently allows more sensitive detection of disturbances caused on weak

Non-Line-Of-Sight (NLOS) signals which would otherwise be swamped by the strong Line-

Of-Sight (LOS) signal when looking only at the aggregated received signal. This allows the

approach to be more sensitive to small movements of a stationary target. In addition, people

affect the multipath reflections even when they are perfectly still, while other approaches

require the person to be moving.

Instead of any special wireless hardware, we leverage on the ubiquity of commodity

WiFi devices. The presence of several WiFi-enabled devices or plug-in modules deployed

in every room of a home creates a wireless mesh, which can serve as a sensor network

and provide rich information about the environment. To sense the person’s presence, PeriFi

firstly characterizes the multipath environment of an empty room by using a novel subspace

methods that we call Multipath Smoothing. Then, it looks for changes in that multipath

environment such as (1) multipath variations in a time window caused by a moving person, or

(2) multipath attenuation and reflections caused by a stationary (sitting or standing) person.

To capture these changes, PeriFi employs supervised classification models with one-time

training.

To implement PeriFi, we leverage the PHY layer Channel State Information (CSI) pro-

vided by commercial WiFi cards, which offer fine-grained channel responses at the granular-
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ity of OFDM subcarriers. We evaluate PeriFi in 6 individual physical configurations with 11

different occupancy states resulting in 66 individual conditions and 96 minutes worth of data.

Our extensive analysis and experiments show that the relative phase information and mul-

tipath characteristics play a key role in determining the occupancy specifically if the target

is stationary or completely still. Also, results indicate that PeriFi can detect occupancy with

96.7% accuracy, compared to the conventional solution with 56.1% and 76% accuracies.

5.1 Related Work

Device-free passive detection with WiFi signals have drawn much attention in the past years.

Recent works focus on fine-grained PHY layer CSI as a promising substitute for MAC

layer RSSI. We can categorize these works into three main approaches: fingerprint-based,

threshold-based, and respiration-based. Unlike PeriFi which analyzes the multipath signals

individually, all of these approaches look at the aggregate CSI values, which makes them

less sensitive to fine movements without relying on scenario-specific calibration.

The fingerprint-based approaches [41] measure the similarity of CSI fingerprint of an oc-

cupied room with the reference unoccupied condition. The intuition behind this technique is

that the disturbance of CSI values created by human motions reduce the similarity between

occupied and unoccupied fingerprints. However, similar to any fingerprinting approach, they

require a large database of all occupied scenarios in different locations, which is practically

impossible due to random movement behavior of occupants. The threshold-based algorithms

[42, 43, 132] define an individual metric as a threshold line to differentiate occupied and

unoccupied conditions based on the temporal correlation of CSI values [42, 43], or the cor-

relation of CSI values over multiple frequencies [132]. Although these algorithms are fairly

accurate in detecting human motion, they are incapable of detecting stationary or still occu-

pants since the fine or even absence of the target movements causes no measurable temporal
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or frequential variation of WiFi signals.

Apart from the above works, DeMan [43] proposed respiration rate as a metric to detect

stationary target by justifying a sinusoidal model and looking for desired breathing frequency

component in the signal. Although the performance of this method is promising in extremely

controlled scenarios, small body movements or the working distance range limit the perfor-

mance and make it impractical for occupancy detection. Besides these WiFi-based occu-

pancy detection method which use commodity devices, there some high resolution breath

detection [133], and device-free localization systems [77], which require specialized bulky

hardware and radar techniques such as FMCW, thus cannot be implemented by commercial

products. We build PeriFi upon noise-subspace methods [30, 134] to capture multipath re-

flections. Although these methods focus on better estimation of the LOS signal by discarding

the NLOS signals, PeriFi leverages all multipath components and use each as a spatial sensor

to infer occupancy.

We design PeriFi upon previous works and add some features to capture Doppler Shift

caused by a moving person, and attenuation and reflections caused by a stationary or still

person. For this purpose, we build our model on noise-subspace methods [30, 134] proposed

for device-base or device free localization to capture multipath reflections. The difference

between our approach and these localization solutions is that they assume the presence of

the target in the environment and accordingly the existence of a reflection from human body.

However, without this assumption in occupancy detection, we require further considerations

to distinguish empty from occupied states, which will be elaborated in the next section.

5.2 Peripheral WiFi Vision

Complex indoor environments cause wireless signals to propagate along multiple paths, re-

flecting off of walls, furniture and human body (shown in Figure 5-1). The received signal
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Figure 5-1: Multipath Propagation. An illustration of (left) multipath propagation in the
presence of a target, and (right) additional phase shift of the incident signal in the second
antenna.

is the combination of all these paths, thus suffering from multipath interference. In the oc-

currence of destructive inferences, the human body disturbance may be canceled out in the

aggregated signal. In addition, the properties of the received signal are dominated by objects

in the Fresnel zone of the LoS path, resulting in a linear sensing region despite the omni-

directional nature of the antennas. So, in the presence of an occupant in the NLoS area, the

resulting disturbances are weak and can be swamped by the LOS signal when looking at the

aggregate value.

To address this challenge, we leverage multipath reflections and analyze them indepen-

dently to provide peripheral WiFi vision. Each of these paths reveals information about a

different part of the physical environment and acts as an additional sensor. This increases

sensitivity by allowing LoS and NLoS paths to be analyzed independently, thus can differen-

tiate between empty room and an occupied room with a stationary or completely still target.

We further improve the sensitivity of this approach by leveraging the presence of several

WiFi-enabled devices in a building. PeriFi takes advantage of these spatially diverse WiFi

components such as personal computers, smart TV, or thermostats to create a wireless mesh

that covers the home and can view different aspects of a target simultaneously.
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PeriFi leverages the PHY layer Channel State Information (CSI) provided by commer-

cial WiFi cards. CSI provides a small version of fine-grained channel frequency response at

the granularity of OFDM subcarriers. While previous studies [41, 42] show that CSI suffers

from arbitrary phase offsets due to Packet Detection Delay (PDD) and Sampling Time Off-

set (STO), we show that the effect of these noises can be eliminated by converting raw CSI

values into multipath components. The intuition behind this idea is that our novel multipath

resolution method leverages multiple subcarriers of a WiFi channel to eliminate phase off-

sets caused by STO and PDD, and uses multiple transmitting antennas to separate coherent

multipath signals, thus providing more accurate estimation of the stationary environment.

The details of our data preprocessing method are explained in Section 5.2.1.

Similar to threshold-based algorithms, PeriFi requires a prior multipath characteristics of

the environment with no human presence. However, unlike fingerprint-based approaches, it

doesn’t need scenario-specific calibrations for all possible occupancy states. So, in the first

step, PeriFi characterizes the multipath components of an empty room for each Tx-Rx link

and converts each path into multiple features over both time and space such as the power,

Angle of Arrival (AoA), and relative Time of Flights between paths (rToF). Then, in a sliding

window fashion, PeriFi monitors and scans these paths multiple times per second and uses a

classifier to detect the presence of people. The details of multipath resolution algorithm and

extracted features are explained in Sections 5.2.2 and 5.2.3, respectively.

5.2.1 Data Preprocessing

Leveraging OFDM and MIMO technologies in the current WiFi standards such as 802.11n,

the commercial WiFi cards can provide the overall attenuation and phase shifts of the trans-

mitted signal introduced by the channel. This information is represented in the form of CSI
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in the granularity of 30 subcarriers for 3 antennas,

CS I Matrix =


csi1,1 csi1,2 ... csi1,30

csi2,1 csi2,2 ... csi2,30

csi3,1 csi3,2 ... csi3,30


where csim,n is the CSI of mth antenna and nth subcarrier, which includes the received signal

from all paths.

Each CSI value depicts the amplitude and phase responses of the channel. Although

CSI phase values are more sensitive to small changes in the environment, they are prone to

arbitrary errors caused by PDD and STO. To address this issue, we leverage the constant

behavior of STO across antennas and the linearity of this offset across subcarriers. On the

other hand, our observations from extensive experiments [135] show that the CSI phase is

significantly noisy in the frequencies with destructive interference. So, we sanitize the phase

values by using a similar technique as in [30], but for a portion of subcarriers with no deep

fading.

5.2.2 Resolving Multipath Propagation

In wireless communications, signals from a transmitter arrive at the receiver in multiple

paths after reflecting off the objects in the physical environment. Each of these paths have

their own specifications which could be characterized by the Angle-of-Arrival (AoA), Angle-

of-Departure (AoD), path delay or Time-of-Flight (ToF), and fading. Many techniques have

been proposed for estimating AoA in a MIMO array such as super-resolution subspace meth-

ods [58]. However, they assume that the received reflections are from different targets, thus

uncorrelated with each other; while the wireless multipath reflections in indoor environments

are emitted from a single source, thus phase-synchronized and highly correlated.
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To address this issue, some signal processing methods such as spatial smoothing [31,

136] and forward-backward averaging [137] are proposed to decorrelate the multipath sig-

nals. However, they decrease the array aperture and the degree of freedom, resulting in lower

accuracy and fewer number of resolved paths. Recent works try to overcome these limita-

tions by developing joint estimation in both ToF and AoA dimensions [30, 70], but they still

suffer from reduced effective aperture.

In this research, we propose a new smoothing algorithm called MIMO Smoothing, which

leverages the recent advances in wireless techniques such as MIMO-OFDM to improve the

accuracy of multipath estimation. MIMO arrays employ multiple transmitting antennas for

emitting multiple data streams, and multiple receiving antennas for separating these signals.

This results in spatial diversity both in transmitting and receiving antenna arrays. In addition,

Figure 5-2: Human Body Movements on Wireless Signals. PeriFi detects different oc-
cupancy scenarios based on changes in multipath characteristics of empty room as well as
stability of AoA spectrum in each angle.
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OFDM as a modulation format has been widely used in wireless communication for encod-

ing data streams on multiple carrier frequencies, which provides frequential diversity due to

multipath selective fading. MIMO smoothing combines the frequential and spatial diversity

to accurately separate coherent signals, without decreasing the effective aperture.

The basic idea in MIMO smoothing is that the signals transmitted from any of the trans-

mitting antennas will be incident in any of the receiving antennas, provided they are in far

field. However, each propagation path has to travel an additional distance if transmitted from

the second antenna, introducing a constant phase shift on the received signal. Therefore, the

propagation paths received from multiple transmitting antennas have similar steering vectors,

while the superimposed received signals across receiving antennas are linearly independent.

This is due to different phase shifts associated with multipath components from the trans-

mitting antennas to the receiving antennas. As a result, the transmitting antennas could be

successfully used to separate the received signals and vice versa, which are explained in

details in the next section.

5.2.2.1 MIMO Smoothing

The super-resolution sub-space methods such as MUSIC [58] resolve multipath components

by relying on extra phase shifts across sensor arrays due to additional travel distance (shown

in Figure 5-1). The introduced phase shift of kth path with AoA of θk at mth antenna is denoted

as a function of AoA:

φ(θ) = e− j2π f d sin(θ)/c (5.1)

where d is the distance between antennas, c is the speed of light, and f is the frequency of the

transmitted signal. The MUSIC algorithm uses this information and creates a measurement



5.2. PERIPHERAL WIFI VISION 101

matrix X based on the received signal across antennas as:

X(t) = [x1(t), ..., xM(t)]T = a(θ)s(t) + N(t) (5.2)

where M is the number of antennas, s(t) is the received signal vector at the first antenna and

N(t) is the noise vector. a(θ) is called the steering vector and expresses the phase differences

at the antenna array:

a(θ) = [1, φ(θ), ..., φ(θ)M−1]T (5.3)

The MUSIC algorithm calculates the eigenvectors of XXH, and divides them into noise and

signal subspace. Then, it searches for the AoAs whose steering vectors are orthogonal

to the noise subspace. This method assumes that the incoming signals are from different

sources and are uncorrelated with each other. However, the multipath signals are phased-

synchronized, thus resulting in a reduction in the rank of the covariance matrix and superpo-

sition of coherent signals in the output of MUSIC. Therefore, a preprocessing scheme such

as spatial smoothing [136] is required to convert the covariance matrix into a full rank ma-

trix[31, 136]. In spatial smoothing, the receive antenna array is divided into a number of

smaller overlapping sub-arrays as shown in Figure 5-3. Then, the covariance matrices of all

sub-arrays are averaged. However, this smoothing method reduces the aperture of the sensor

array from M to M − r + 1, where r = L + 1 is the size of sub-arrays and L is the number of

coherent paths.

To address this problem, we leverage the presence of multiple transmit and receive an-

tennas in MIMO systems. The idea is that the incoming signals from different transmitting

antennas can define the virtual subarrays required in spatial smoothing. The intuition behind

this idea is that the signals emitted from a linear transmit array will be received with a phase
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Figure 5-3: Spatial Smoothing. The Conventional spacial smoothing approach reduces the
array aperture length and degree of freedom

shift Γ(ϕ), which is a function of AoD

Γ(ϕl) = e− j2π f d sin(ϕl)/c (5.4)

where ϕl is the AoD of the lth path. Since each received signal from different transmitting

antennas has its own AoD, the virtual subarrays are linearly independent, thus increasing the

rank of the covariance matrix. A MIMO radar with M receiving and N transmitting anten-

nas can resolve L = min(M,N) coherent paths using MIMO smoothing, while the effective

aperture of the sensor array remains M. For more clarity, let’s consider an example, where

L = 2, M = 3, and N = 2. As shown in Figure 5-4, xi, j shows the received signal at antenna i

from transmitting antenna j. The measurements of the two virtual transmit subarrays can be

written as a linear combination of the same steering vectors, but with linearly independent

complex gains due to AoD phase shift. Therefore, we can successfully apply MUSIC on the

averaged covariance matrix of multiple transmitting antennas, while increasing the rank of

the covariance matrix.

We further improve the multipath resolution, by combining MIMO smoothing with joint

estimation of multipath characteristics. The current WiFi standards such as 802.11 leverage

MIMO-OFDM technology, in which data streams are transmitted over multiple antennas and

multiple subcarriers. Therefore, instead of just estimating AoA of each propagation path, we
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Figure 5-4: Incoherency of Virtual Subarrays. The transmit virtual subarrays share the
same steering vector but linearly independent gains.

can jointly estimate AoA and ToF while applying MIMO smoothing. For two consecutive

OFDM subcarriers, the lth path with ToF τl introduces a phase shift as bellow

Ω(τl) = e− j2π fδτl (5.5)

where fδ is the frequency difference between two consecutive subcarriers. It should be noted

that AoA and AoD do not introduce any phase shift across subcarriers because of the small

frequency differences. However, we can measure the phase shifts across subcarriers based

on ToF (because of the absence of speed of light factor in the denominator). Considering the

sensor array as all subcarriers in all receiving antennas, the new steering vector per transmit-

ting antenna is formed by phase shifts due to AoA and ToF as

a(θ, τ) = [1..ΩK−1(τ),Φ(θ), ...,ΩK−1(τ)Φ(θ), ...,

ΦM−1(θ), ...,ΩK−1ΦM−1(θ)]
(5.6)

where M is the number of receiving antennas and K is the number of subcarriers. The new

steering vector is of dimension (MK) × L, and the measurement matrix X is of dimension

(MK)×PN, where P is the number of samples and N is the number of transmitting antennas.

It should be noted that the MIMO smoothing could be applied for AoD-ToF estimation by
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defining virtual sub-arrays from receiving antennas.

Figure 5-2 illustrates the effect of a person’s presence on the resolved AoA pseudo-

spectrum for a sample experiment. The figure contains the variations of the power values for

each angle across 1000 packets in a boxplot per angle. The comparison of the unoccupied

spectrogram with others reveals that we can detect the presence of a person inside the room

either with changes in the multipath components such as changes in the resolved angles

in still or stationary scenarios, or with temporal changes caused by major movements in

stationary or moving scenarios.

5.2.3 Feature Extraction

In addition to the multipath components extracted by Dynamic MUSIC [134] or SpotFi [30]

algorithms, PeriFi uses some statistical features on relative phase values between antennas

and subcarriers to capture temporal and frequential variations caused by human movements.

Then, it uses a machine learning classifier to convert this high dimensional feature set into

a single model to infer occupancy. In summary, we can categorize the defined features as

follows:

• Temporal variations: 3 max eigenvalues of correlation matrix of successive measure-

ments of CSI amplitude, phase, and relative phase.

• Frequential variations: 3 max eigenvalues of correlation matrix of subcarriers over

multiple measurements.

Mean, max, min, median, STD, and entropy of:

• AoA, rToF, and power of 3 resolved paths by Spotfi and Dynamic MUSIC across

packets.
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• channel components across packets: subcarrier index and the SNR value of Deep fad-

ing, 3 abrupt change points in SNR pattern across subcarriers.

• channel variation factor for CSI amplitude, phase, and relative phase across subcarriers

as

v =

√
var(x)

1
M

∑M−1
m=o |xm|

2
(5.7)

where x is the vector of CSI measurements with length M, and var(x) is the sample

variance of vector x. The denominator represents the RMS value of the vector x.

• entropy of CSI amplitude, phase, and relative phase across subcarrier.

5.3 Experimental Setup

5.3.1 Implementation

To evaluate our PeriFi system, we employ two laptops equipped with Intel 5300 WiFi cards

and 3 external antennas as the transmitter and receiver. The CSI tool [138] is installed on

them to obtain the CSI phase and amplitude values of 30 subcarriers for each received packet

per antenna resulting in a 3x3x30 CSI matrix. We conducted 6 experiments with different

link conditions in a typical office building shown in Figure 5-5. The communications are

operated in 5.63 GHz frequency band employing an unused 40 MHz channel.

Each experiment includes 4 different types of the occupancy states in both LOS and

NLOS: (1)empty: when nobody is inside the room, (2)walking: when someone walks ran-

domly near or far from the LOS, (3)stationary: when a person is in the room, but only has

fine movements such as writing, (4)still: when the occupant is in the room, but completely

still such as sleeping or sitting still. Each experiment includes multiple scenarios for each

of these occupancy states, resulting in 11 different scenarios. A sample experimental setup



5.3. EXPERIMENTAL SETUP 106

Figure 5-5: Experimental Setup. Floor plan and a sample experimental setup.

is shown in Figure 5-6. Each scenario is conducted for 1 minute, resulting in 96 minutes of

data in total. For the collection of CSI, the transmission rate of 100 pkts/s is chosen and a

sliding window mechanism with 2-second time window and 1-second sliding is used.

5.3.2 Baseline

We compare PeriFi with two recent threshold-based methods that are widely used in the liter-

ature. Both of these techniques measure the correlation of CSI values for an empty room and

define a threshold line to differentiate occupied and unoccupied conditions. The temporal-

base thresholding algorithms such as PADS [42] and DeMan [43] apply eigen decomposi-

tion on the CSI correlation matrices of successive measurement to extract time dimension

information and characterize the temporal variations of wireless signals caused by human

motions. However, they cannot detect stationary or still occupants with fine movements. On

the other hand, the frequential-base thresholding algorithms [132] use the subcarrier dimen-

sion information of CSI and extract the eigenvalues of the correlation matrices of subcarriers

over multiple measurements. The observations show that there is a correlation among CSI

changes across subcarriers in the presence of an occupant. In both of these algorithms, the

threshold value is usually obtained by employing the well-known Support Vector Machine
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Method (%) Acc FNR FPR F-Score
PeriFi 96.7 7.6 0 96.1

Temporal Base 56.1 11.1 69.5 63.8
Frequential Base 76.8 23.6 22.8 74.2

Table 5.1: Detailed performance comparison of PeriFi with two baselines

(SVM) classification. To have a fair comparison, we use the same classification model to

train PeriFi.

5.3.3 Evaluation Metrics

To detect home occupancy, PeriFi requires a WiFi module in every room of the home to form

a wireless mesh. Therefore, the goal of PeriFi is to use all information gathered from mul-

tiple links for inferring occupancy. To address this requirement, we build one classification

model for all 6 experiments to represent multiple links in home. In spite of previous works

which require separate training for each link condition, PeriFi provides a generalizable and

scalable solution to the size of homes. To evaluate the classification models, we use Leave-

One-Scenario-Out (LOSO) to provide a calibration-free evaluation for different occupancy

scenarios. In addition, we can evaluate the performance of the proposed system in detecting

the occupancy of scenarios not seen in the training phase.

We measure the following metrics: (1) Detection Rate: the fraction of cases where the

human presence or absence is detected correctly, (2) False Positive: where a false “human

presence” is announced, (3) False Negative: where a false “human absence” is announced.
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Figure 5-6: Occupancy Detection Accuracy. PeriFi achieves 96.7% accuracy compared
with 56.1% in temporal and 76% in frequential baseline.

5.4 Evaluation

5.4.1 Detection Accuracy

Table 5.1 summarizes the performance of three methods based on accuracy, FNR, FPR, and

F-Score. PeriFi performs 96.7% accurately compared with 56.1% and 76% in temporal and

frequential baselines, respectively. Figure 5-6 elaborates these numbers in the form of a

confusion matrices. We expect PeriFi to outperform the temporal and frequential baselines

in differentiating empty states from occupied states with stationary or still targets, since it

doesn’t rely on temporal or frequential variations to detect occupancy. The results in Figure

5-6 show that PeriFi outperforms the baselines by 100% correctly detecting empty states,

compared with 30% and 77% in the baselines. In addition, PeriFi achieves 92% accuracy

in detecting occupied conditions including moving, stationary, and still scenarios, while the

baselines only achieves 89% and 76%. In spite of PeriFi which performs accurately in dif-

ferentiating the occupancy states, temporal baseline shifted the threshold line toward higher

values, thus providing a higher accuracy in detecting occupied scenarios, while producing

higher false positives. The frequential baseline could define the threshold line more balanced,

however it couldn’t correctly differentiate empty and occupied states in 20% of cases.
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Figure 5-7: Overall Accuracy. PeriFi
achieves 93.75% averaged detection rate in
all types of occupancy states compared to
74% and 72% in the baselines.

Figure 5-8: NLoS Accuracy. Although
PeriFi outperforms the baselines in overall,
it still has lower accuracy in NLOS condi-
tions.

5.4.2 Occupancy Status Detection

To better understand the reason of false negatives in all three approaches, we provide de-

tection rates based on the type of occupancy states in Figure 5-7. As expected, all three

algorithms could detect moving states 100% because of high disturbance. Low accuracy of

temporal baseline in detecting empty states and frequential baseline in detecting still states

indicate that a threshold-base method is not enough to detect little-movement occupants. On

the other hand, PeriFi could provide a higher accuracy in detecting all types of occupancy,

but it still misses 12% of low-movement still and stationary states. These misdetections

could happen in scenarios where the target is not in the Fresnel zone of LOS path or any of

the main reflections.

5.4.3 NLoS Performance

Finally, we categorize the detection rates based on whether the occupant’s presence happened

in the LOS or NLOS. As shown in Figure 5-8, PeriFi could enhance the sensing coverage by

using the multipath reflections. However, it still has lower detection rate in NLOS conditions
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Figure 5-9: MIMO Smoothing Performance. It achieves an average improvement of 6.9
degree over SpotFi in AoA estimation

since the number of resolvable paths are limited by the size of antenna array. Although

increasing number of antennas or links is a common solution for this problem, we believe

part of this issue could be addressed by defining higher resolution features to detect chest

movement in completely still occupancy states.

5.4.4 MIMO Smoothing Performance

to evaluate MIMO smoothing, we use 10 mini-PCs that are equipped with Intel 5300 cards,

CSI tool [92], and 3 antennas. Each of these nodes can work in transmitting or receiving

modes. We conducted a round robin experiment, where in each round one node is trans-

mitting and the other nine nodes are receiving. Since we only have ground truth AoA for

the direct path between the transmitter and receivers, we measure the accuracy of the AoA

estimation as the minimum difference of the ground truth value and estimated AoAs. Figure

5-9 shows the CDFs for AoA estimation error and compare MIMO smoothing with SpotFi

which introduces a 2D smoothing for AoA-ToF estimation. In line-of-sight (LoS) cases,

MIMO smoothing achieves median AoA accuracy of 7.1 degrees better than that achieved

by SpotFi. In non-line of sight (NLoS) scenarios, we achieve an improvement of 6.8 degree
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Figure 5-10: Snapshot of MIMO Smoothing Effect. (Left) can resolve more paths com-
pared to SpotFi (Right)

in direct path AoA errors.

Our empirical analyses show that MIMO Smoothing can also resolve more paths as

shown in Figure 5-10. The higher resolution in addition to more accurate estimations pro-

vides the opportunity of using Wireless signals and commodity WiFi devices for reliable

presence sensing [2, 71] and precise localization of people/robots in the physical environ-

ment even if the reflected signals from human body is so weak.

5.5 Discussion and Future Opportunities

The analysis in this research considers empty room as a static environment. Therefore, if

the links conditions change such as replacement of the transmitter or receiver, or adding new

links, the system requires to be recalibrated. However, to reduce the need of recalibration,

we do not rely on portable devices such as cellphones and laptops. Instead, we use plug-in

WiFi modules which will be deployed in every room. In addition, we didn’t study the perfor-

mance of our method in the presence of a moving object such as a fan or pets. In our future

work, we will differentiate these conditions based on the differences in size of disturbances
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and breathing rates. For example, a moving animal will create low signal disturbance but

high Doppler values and will affect a changing set of paths, while a stationary person will

create low signal disturbance with low Doppler values, affecting only a fixed set of paths. In

addition, in this work we didn’t study the effect of furniture movements. As our future work,

we plan to design an automatic calibration model inspired from our previous work [139, 140]

to detect empty room in offline mode and use that period to retrain the classification model.

5.6 Conclusion

In this work, we present an innovative approach for occupancy detection which converts dis-

tortions caused by multipath propagation to a useful sensing method. Our proposed approach

addresses the challenge of detecting the presence of non-moving people and provides a sin-

gle solution to infer home occupancy by using the concept of peripheral WiFi vision. Our

analyses show that PeriFi can achieve 96.7% accuracy in occupancy detection with different

occupancy scenarios including empty, moving, stationary, and still.



Chapter 6

Conclusion

This dissertation focuses on the sensing capability of pervasive wireless infrastructures and

more specifically WiFi networks. The presented technologies demonstrate that a pre-existing

network of commodity WiFi devices can sense the physical environment by accurately lo-

cating WiFi-enabled devices, battery-free object, or even IoT devices that don’t have a WiFi

transceiver. In addition, we show that the presence of a person inside the room can be de-

tected by tracking the wireless multipath signals since a person within the effective area of

the wireless network unavoidably disturb the wireless propagation. The key advantage of the

WiFi-based sensing solutions provided in this thesis is that they can realize these capabilities

by just leveraging the available infrastructure, which eliminates the need for new hardware.

In addition, they can sense almost everywhere due to the ubiquity of wireless signals. Con-

text information provided by these sensing systems will provide great opportunities for new

public services such as security monitoring and emergency rescue, or personal services such

as monitoring the user’s interactions with the physical world for fall detection, well-being

monitoring, or home automation. In the following sections, we provide a summary of contri-

butions, limitations and assumptions, and potential extensions of this research in the future.
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6.1 Summary of Contributions:

This thesis primarily presents multiple systems for sensing and localizing things in the phys-

ical environment by just relying on the pervasive wireless infrastructure. However, the con-

tributions of this research can be framed at a higher level as follows:

• From a system perspective, this research presents a fundamentally new approach of uni-

lateral sensing, in which the individual devices are empowered to unilaterally sense and

localize other devices, objects, and people without relying on any coordination or synchro-

nization with other devices, data sharing or even establishing a two-way communication.

• From the signal processing perspective, this dissertation introduces a novel 3D super-

resolution algorithm that disentangles wireless multipath signals and accurately estimates

the geometric parameters of each path such as their angle of arrival, angle of departure,

and relative time of flight with respect to each other. We demonstrate that this information

can enable new sensing and localization services.

• The contribution of this research may be also viewed in geometrics as we introduce a

new triangulation method that only relies on the relative length of two sides of a triangle

with respect to another side. The conventional triangulation relies on the angle-side-angle

congruence theorem to find the unique triangle between 3 vertices, however, Multipath

Triangulation uses what we call angle-relative Side-angle theorem. The fact that this

geometry can be solved and that enables big practical gains in localization is one of the

main contributions of this research.

• From a networking perspective, this dissertation expands the role of wireless networks

to pervasive sensing infrastructure. The systems developed in this thesis can be fully

piggybacked on top of WiFi communications without imposing additional requirements

beyond the standard WiFi protocol. We called this sensor piggybacking and show its



6.2. FUTURE WORK 115

capability in localizing WiFi-enabled devices and battery-free objects as well as sensing

people in the physical environment.

6.2 Future Work

While this dissertation has taken major steps toward omnipresent sensing, the presented

methods have some limitations, which are worth exploring in the future. In this section,

we first review these limitations and potential solutions to extend the current designs, and

then highlight some of the exciting research directions toward a holistic intelligent sensing

platform.

Below are some of the assumptions and limitations of our proposed systems:

• Mobility: In this thesis, we evaluated the presented systems in a regular environment with

multiple people moving around, demonstrating the robustness of these algorithms to envi-

ronmental dynamics. However, in our current implementations, we assume that the WiFi

transceivers themselves are stationary. The movement of the WiFi transceivers changes

the length of multipath signals independently, which requires further consideration in the

super-resolution algorithms. Future work can explore more advanced algorithms to cap-

ture not only the direction and length of multipath signals but also the Doppler shift of

each path caused by mobility.

• Form-factor: Our proposed methods leverage the spatial diversity on the WiFi transmitter

and receiver to disentangle wireless multipath signals. So, the presence of antenna arrays

on the WiFi transceivers is necessary. However, this limits these solutions to devices that

can fit the antenna array ( 6cm). Many WiFi devices including laptops, APs, robots, and

smart appliances already have 3-element antenna arrays and this is becoming even more

common with MIMO technology. For smaller devices, utilizing their mobility to create
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virtual antenna arrays is an interesting research proposal for future work.

• 3D Tracking: The systems developed in this dissertation are focused on 2D sensing and

localization, which is sufficient for many applications such as home automation or elderly

monitoring. However, to extend these systems for robotic applications such as personal

drones or 3D motion tracking for gesture recognition, we need to extend these systems to 3

dimensions. Future works may use 3D antenna arrangements to overcome this limitation.

• NLoS Sensing: Our designs rely on the existence of a direct path between the WiFi receiver

and the target of interest, whether it is another WiFi device, an object, or a person. The

in-situ experiments conducted throughout this thesis demonstrate that these systems work

robustly in NLoS scenarios where the direct path is not the strongest signal. However, in

the case of complete blockage of the LoS path, the accuracies drop significantly. Currently,

all other tracking systems also have this limitation and localizing things without a direct

path or reflection is still an open problem.

Beyond overcoming these limitations, we believe this approach to evolve wireless medium

into intelligent sensing networks that sense the surrounding environment with human-scale

context information. So, we envision the future of wireless sensing to be significantly driven

by the ongoing paradigm shift toward smart cities, autonomous systems, and virtual reality.

Below are some of the areas for future research:

• Autonomous Vehicles: The performance and capabilities of autonomous cars or aerial

drones can be greatly enhanced through wireless coordination such as driving at high

speed around blind corners by leveraging the sensing capabilities of the cars ahead through

wireless communication. However, mobility has traditionally been a challenge for wire-

less networks due to rapid fluctuations of the wireless channel. By leveraging the sensing

techniques developed in this research and characterizing multipath propagation, we can
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assess the wireless quality and control the trajectory of the mobile agents to guarantee

wireless connectivity. This allows mobile systems to realize the performance benefits of

wireless coordination while preserving the ability to provide provable safety guarantees.

• Smart Health: The systems we built can accurately track devices, object, and people,

which provides the fundamental context for higher-level applications. The integration of

these sets of information to infer semantics enables new methodologies for remote sensing

of physiological and psychological signs. The body movement, emotional reactions, and

cognitive performance are examples of the semantics that can be inferred with wireless

sensing. This eventually converts smart homes into continuous well-being monitoring

systems that can diagnose critical health situations.

• Human as a Mobile Sensor: With the ubiquity of personal smart wearables such as cell

phones, smartwatches, or tablets, the pervasive wireless infrastructure is converting to a

mobile platform, which can dynamically sense people’s behavior and their interactions

with each other and the physical environment. This thesis demonstrates the power of WiFi

in human sensing and localization, which creates the basis for a ubiquitous sensor-fusion

system. This can be achieved by transforming our proposed stand-alone sensing platform

to a collaborative crowd-sourced system.
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