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Abstract

Computing devices have historically maintained a balance of input and out-
put capabilities for positive and productive user experience. However, new and
upcoming mobile devices, particularly mixed reality (XR) headsets and smart glasses,
have made trade-offs that prioritize mobility and wearability to enable always
available content display at the cost of usable input. While advances in display
and computation have increased the potential of these devices, limitations in in-
put continue to constrain what users can actually do with them. This has led to
an input gap that threatens to increase frustration, confusion, and inefficiency
when users are not given enough input capability to interact with the interfaces
presented to them.

Prior research has overly focused on improving explicit input techniques,
which ignores the physical context wearable devices are inherently situated in.
In contrast, in this thesis, I explore an alternative approach: implicit input which
uses sensors worn on the body to detect behaviors that occur naturally around
devices. The primary part of the body that I focus on is the hands, as hands are
the dominant means by which people interact with the world. I present three ap-
proaches that demonstrate how implicit input can expand interaction by enabling
devices to understand what a user is touching, how they are moving, and which
objects they are interacting with. For each approach, through several proof-of-
concept systems I show the effectiveness of novel sensing for enabling new forms
of implicit input. Together, these systems illustrate how sensing everyday hand
and body behaviors can meaningfully augment existing input. I argue that the rise
of AI-driven mobile applications further exposes the shortcomings of current input
frameworks, which provide limited user context and keep devices largely reactive.
As a whole, my research agenda positions implicit sensing of hand interactions as
a foundation for more proactive, context-aware devices that both better leverage
advances in AI and help close the growing input gap in mobile computing.
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Chapter 1

Introduction

1.1 Overview
Since the earliest computing systems, progress in human-computer interaction
(HCI) has been shaped by a balance between what computers can present to users
and what users can express to computers. Advances in output technologies, from
text terminals and graphical displays to smartphones and immersive spatial head-
sets, have continually expanded the information, services, and experiences avail-
able through computing systems. Equally important, however, have been ad-
vances in input technologies. Keyboards first enabled textual communication,
then mice enabled graphical interaction, and touchscreens transformed direct ma-
nipulation into a ubiquitous form of mobile computing. Throughout the history
of computing, increases in output capability have typically been accompanied by
corresponding advances in input, allowing users to effectively access and control
increasingly powerful systems.

Today, computing is entering a new era of wearable and spatial devices. Mixed
reality (XR) headsets, smart glasses, and AI pins promise access to digital infor-
mation that is integrated with the physical world. These devices can present rich
visual content, understand their surroundings, and deliver context-aware experi-
ences that were once confined to science fiction. Yet despite remarkable advances
in sensing, display, and computational capabilities, a fundamental challenge re-
mains unresolved: input.

Unlike previous generations of computing platforms, emerging wearable de-
vices often lack input techniques that are simultaneously efficient, socially accept-
able, low effort, and available in everyday settings. Traditional approaches such
as keyboards, mice, and touchscreens are difficult to translate to head-worn de-
vices, while alternative approaches such as voice, handheld controllers, or mid-air
gestures introduce their own practical limitations. As a result, the rapid evolution
of output capabilities has outpaced corresponding advances in input, creating a
growing interaction bottleneck for the next generation of computing.
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CHAPTER 1. INTRODUCTION

1.2 The Input Gap on Mobile Devices
In Figure 1.1, I have imagined a design space of mobile devices comparing input
capabilities to mobility. Observing this space shows that capabilities for input have
shrunk while small form factors and mobility have significantly improved. This
has led to the creation of an input gap where output is more capable than input.
Devices with an unbalanced ratio of input and output offer a compromised user
experience that cannot offer their true capabilities to their users. This is because
when input or output is offered at a certain level in a system, users expect that they
should be able to interact with or receive feedback from said system at a matching
level. When expectations are misaligned, users may become frustrated, confused,
or at best inefficient. As shown in Figure 1.1, designers have increasingly been
prioritizing mobility and slim form factors at the cost of usable input capabilities.

For example, in the transition from the desktop, a non-mobile device, to the
laptop, the first major mobile device, laptops sacrificed the mouse and keyboard
functionality like the number pad. Similarly evolving from laptops to smartphones
to smartwatches to smartglasses, devices lost physical keyboards, trackpads, and
eventually touch screens entirely. While initial gains in improved mobility were
high, there are now diminishing returns. Conversely, devices once maintained
similar input to a desktop but are now significantly less capable, drifting down
into the input gap. This is perhaps best typified by mixed reality headsets, such
as Apple’s Vision Pro, which has processing and output capabilities on-par with
or even exceeding a desktop computing setup, but which is so input poor as to
make writing an email or creating a slide show laborious. Future smart glasses
with integrated displays will likely be at risk of a similar deficit where users can
see more than they can do.

I believe this represents a fundamental shift in the design space of computing
devices. In the past, devices were grounded in place and had ample considerations
for both user input and content output. In contrast, on present and future trajec-
tories, devices have chosen to be highly mobile and have slim form factors at the
expense of removing common input affordances like keypads, touchscreens, and
positional cursors.

For example, smartwatches are desirable because they are slim and allow
users to see content like notifications without pulling out their phone. Yet when
users want to perform meaningful interactions with said content, such as respond-
ing to a text, input on the watch is so constrained that they are forced to take out
their phone which defeats the main benefit of the wearable.

I believe this ”input gap” represents a grand challenge for the HCI community.
Advances in mobile technology have given devices like smart glasses great poten-
tial, yet due to their compact form factor they lack traditional input like touch-
screens or keyboards, which holds their potential back. If we could find better
ways to interact with wearable devices, despite their small form factors, their full
computational potentials could finally be unlocked. This is what my thesis aims
to explore.
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1.3. UTILIZING USER CONTEXT

Figure 1.1: Design space of mobile devices showing how devices have increasingly prioritized
mobility and slim form factors at the cost of usable input capabilities. Devices that retain mobility
while improving input (shaded red area) are currently lacking, which has led to an input gap.

1.3 Utilizing User Context
To address the input gap, my work rests upon a critical observation: physical con-
text is a powerful, yet underutilized source of information. Knowing what a per-
son is doing, what they’re holding, their mood, attention, and more are all valuable
forms of input that are currently underutilized. New smaller devices may not be
able to support traditional input, but if they have knowledge of a user’s context,
they could predict user intent and remove some of the input burden.

Conveniently, mobile devices are almost always worn, held, or carried on the
body, and thus are in close proximity to many interesting interactions of body
parts with the local environment. However, despite this powerful vantage point
I believe very few devices take advantage of sensing the interactions directly sur-
rounding them. This problem is especially stark when considering wearables such
as a smartwatch, smart ring, or smart glasses ask users to put something additional
on their body, but are not taking advantage of the vantage points available to them
in their worn positions. For example, a smartwatch is worn on the forearm but
tracks more information about the legs (e.g., step count) and lungs (e.g., respiratory
rate) than it does about the arm and hand it is worn on. This is true for many other
devices such as ear buds, smart rings, and smart glasses that users take and wear
with them throughout many different activities. While a small and compact form
factor is a limitation for traditional forms of input like touchscreens, keypads, or
a mouse, sensors that can look outwards from devices into the surroundings have
much greater latitude.
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1.4 Closing the Input Capability Gap
My work uses novel sensing techniques to eliminate the tradeoff in the mobile
device design space: allowing devices to keep mobile and slim form factors, but
also taking advantage of sensing nearby body parts and context to enable powerful
new forms of user input. Up until now, the missing link has been how to translate
sensed body interactions into usable input for a device. Specifically, my work
addresses how we can use hand interactions, as hands are the primary means we
use our bodies to physically interact with the world.

1.4.1 Conventional Approaches in Explicit Input
One straightforward avenue is mapping hand interactions into explicit input com-
mands. This includes all forms of deliberate input from the user intended to di-
rectly manipulate a UI or other virtual object or action. Examples include flicking
your wrist to dismiss a message, tapping an icon, and pinching to zoom. This is a
popular area of input research the HCI community has explored for close to the
past half century, including myself in parts of this thesis, and for good reason.

Improving explicit input is important because it addresses the existing gaps
with direct interaction on devices. For example, emerging categories of devices
with head-mounted displays, such as mixed reality headsets and smart glasses, are
refreshingly mobile and leave the hands unencumbered, but lack traditional input
interfaces like a touch screen or buttons. This creates an input/output mismatch
that makes these devices both difficult to use, and has contributed to poor user
adoption despite revolutionary display capabilities. In order to become popular
with consumers, it is thus necessary to innovate and provide more effective and
efficient methods of explicit input.

1.4.2 Improving Implicit Input
However, a key issue with explicit input is that it doesn’t supply any context about
the user. This leaves input confined to the current paradigm of mobile systems that
must act reactively to user commands. As we move into a future where our devices
are acting increasingly as independent agents, another approach, which has up to
this point been underexplored, is to improve input into the agents so that they can
act more proactively. In contrast to traditional forms of conscious, explicit input,
this requires input that is implicit and sensed automatically from the user without
needing conscious intent.

Examples of implicit input include sensing natural human activities, such as
taking a medication or prepping a kitchen, that provide useful signals about user
tasks and behaviors. Implicit input gives us the ability to translate sensor data
like video and audio into context like the pose of your arm or if you just picked
up a tool. Yet, to maximize the potential of implicit input, systems need a way to
translate that context into something actionable for an application to use. I believe
that recent advances in AI are the perfect bridge for this.
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1.5. DOCUMENT STRUCTURE

Right now, AI has the potential to be a transformative technology for improv-
ing input, but its big problem is that it lacks contextual information about a user
unless explicitly specified. This means current AI is not very useful for helping
users with tasks out in the real world. To be useful, AI needs better contextual un-
derstanding of users. Using implicit input, we can generate basic descriptions of a
user’s context that can be used as input for an AI layer which uses its intelligence
to tell the app what to do. My research has been exploring how to use implicit
sensing to provide the best data for this channel.

In this thesis, by exploring implicit hand interactions, my work aims to si-
multaneously solve the practical shortcoming of wearable AI systems and use the
combination of better context sensing and intelligence to solve the mobile input
gap. This document presents my body of research toward this objective.

1.5 Document Structure
The next two chapters review prior work and outline the approaches I have ex-
plored for augmenting mobile input. Chapter 4 covers ad-hoc surface touch detec-
tion, describing my most promising technical approach: EclipseTouch. Chapter 5
describes my work on SmartPoser, a system that uses sensors on commodity smart
devices to track the wearer’s arm pose. Chapter 6 details my work on DiscoBand, a
novel smartwatch sensing strap that used multi-view depth sensors to track hand
pose, arm pose, and the nearby environment. In Chapter 7 I describe my work on
Contextra, a wristband system for detecting object grasps with fusion of hetero-
geneous sensors. Chapter 8 describes TrigRing, a refined grasp detection system
using sensor fusion on a smart ring, and introduces a unifying idea for using grasp
signals as a trigger for continuous context recognition. To conclude, in Chapter 9
I synthesize findings from across my work to make design recommendations for
future hand-sensing devices. Finally, in Chapter 10, I discuss the contributions of
this thesis and propose several directions of future research.
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Chapter 2

Background

My work on improving implicit input draws on techniques spanning several ar-
eas of human-computer interaction research, including touch tracking, pose esti-
mation, human activity recognition, and context-aware computing. This chapter
summarizes the prior work from these areas that most influenced my own.

2.1 Surface Touch Tracking
With the adoption of headsets that allow users to visualize virtual content overlaid
on the physical world, users will naturally need a way to both interact with said
content and have their devices understand interactions with the world. One neat
solution to solving both of these problems is enabling surface touch tracking.

Right now the vast majority of mixed reality interactions constrain users to
pointing at, poking, or tapping screens and buttons floating in midair. Without the
built-in tactile feedback of a physical button or touch screen these interactions are
distracting and less ergonomic. Grounding virtual user interfaces (UIs) to physi-
cal surfaces solves the tactile feedback problem, but introduces a new problem of
detecting touch on surfaces.

In addition to interacting with mixed reality UIs, there are also other opportu-
nities for using surface touch tracking to improve explicit input such as the ability
to perform mouse or track pad input on any surface, including the body. This
type of explicit input allows users to use positional tracking to control a cursor or
perform gestures like swipes or pinches. One of the current drawbacks to using
an XR headset as a general-purpose computing device is the lack of keyboard or
cursor input. Surface touch tracking is an important opportunity for addressing
this input disparity precisely because it provides the capability to enable both.

On the other hand, surface touch is also an unassuming source of implicit
input. Users may make contact with a surface to interact with virtual content
projected onto it, but they also may do so because they are interacting with a
physical object or interface on that surface. If a system can recognize moments
when surface touch occurs, this can be an implicit cue that some type of physical
interaction or activity is occurring.
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Multiple decades of HCI research have attempted to tackle the surface touch
tracking problem. Importantly, while work on sensing touch from wearable de-
vices has some overlap with research on detecting touch with instrumented sur-
faces, mobile touch detection is a unique and more challenging task. In multiple
lines of work many different sensing techniques have been explored including
egocentric cameras [86, 239, 273, 274, 318], IMUs [89, 90, 190, 209, 211, 260], acous-
tic [79, 100, 142, 185, 205, 259, 343], RF [139, 141, 292, 346, 347], and even indirectly
from hand pose [63,355]. Overall, the most promising modern techniques, such as
EgoTouch [203] and UmeTrak [94], use egocentric cameras from a headset wear-
able and can reliably track touch with no prior calibration or instrumentation of
the hands.

2.2 User Pose Estimation

2.2.1 Hand Pose Capture
Hands are perhaps the most natural and common way for users to interact with
their devices and the world. Interactions with the hands are natural, intuitive,
and introduce only a low cognitive load [128]. With a potential transition in the
near-future to devices that are worn on the body and place no physical input af-
fordances in the hand, it is vital to search for new ways to keep the hands engaged
in input. The recognition of this problem is why hand pose capture has remained
a central task in HCI research on input techniques for so long. It’s also why I be-
lieve accurate hand pose capture represents the most foundational opportunity for
improving implicit input.

My definition of hand pose capture broadly covers many different sub-problems.
For example, it includes the more limited tasks of hand gesture recognition, point-
ing, or pinch detection which are all important forms of explicit input. However,
it also includes the more challenging task of building a continuous 3D model of
the hand that can be used for teleoperation of a robotic hand, or implicit sensing
like detecting hand activities.

In the past, many different sensing techniques have been researched to cap-
ture hand pose from wearable devices. The technique used often differs depending
on the application or vantage point the hands are being sensed from. Some pop-
ular sensing techniques have included electromyography (EMG) [137, 148, 173],
tomography (EIT) [345], acoustic [95, 205, 264, 338], cameras [14, 46, 313], IMUs
[246, 302, 320, 325, 326], capacitive [236, 284], and depth sensors [80, 81, 267]. Of
these, camera sensing, in particular from an egocentric, head-based perspective
has proven to be the most powerful technique with many high-performing prior
works [93,94,114,198], and even popular libraries such as MediaPipe [344]. How-
ever, hand pose capture faces a common sensing obstacle: the hand frequently
occludes itself or is occluded by the arm. Camera-based systems are especially
vulnerable to this, and their added power and privacy costs have kept research
into alternative sensing techniques active.
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2.2.2 Body Pose Capture
Zooming out beyond the hands, capture of the entire body also is a valuable oppor-
tunity for augmenting input. In certain contexts, such as posing a virtual avatar,
having an accurate estimate of the user’s body pose is a highly useful form of
raw explicit input. Yet more abstractly, once a model of body pose is obtained,
this information can then be used as a proxy about different behaviors, poses, or
activities that may be of interest to a system. This second part underscores the
full opportunity body pose captures can provide in augmenting implicit input on
mobile devices.

Of these potential input opportunities for body pose capture, numerous health
applications are notable. For example, repetitive leg motions can be used to count
squat exercises, and changing arm reach can be used to track rehabilitation progress.
While many of these have been attempted to be tracked by inertial motion sensors
(IMUs) in the past [201,254], such as the ones built into a smartwatch [201], IMUs
have the limitation of only accurately tracking the point of instrumentation (e.g.,
the wrist for the smartwatch example). Any health tracking beyond the instru-
mented points is only an estimate, which is the main reason why full body pose
capture has the potential to unlock many input benefits.

Counterintuitively, one popular approach for estimating body pose from wear-
ables has been to use IMUs integrated into various devices worn across the body
[67, 168, 240, 254, 290, 332]. The idea behind these works, such as IMUPoser [201],
is that despite only sensing the motion of isolated body parts, physical models
built upon deep learning can be used to fill in the rest. Outside of IMUs, other
methods used in the past for estimating body pose include cameras [109,118,130],
radio frequency (RF) waves including Wi-Fi [237,238] and ultrawide-band (UWB)
[191, 265, 328], acoustic [181], and specialized garments [339, 340].

2.3 Human Activity Recognition
Recognizing a user’s local activity context offers a valuable form of implicit input,
signaling both what the user is doing and how the system should respond. This
context detection is a unique opportunity in its own right because it not only serves
as implicit input directly, but also makes other forms of input far more useful. For
example, in a life logging application, arm pose capture alone may recognize that
a user is holding their hand up to their mouth. However, once augmented with
context information, a device could go one step further to detect more specific
actions including eating, brushing teeth, coughing, or just scratching an itch that
each warrant different responses.

Many prior researchers have explored tracking human activities and behav-
iors through instrumented environments [123, 229, 230, 248, 299, 314], but when
users leave these environments the tracking is lost. The defining characteristic of
mobile devices is that they are mobile, and thus inherently users take them with
them as they move around and perform many activities. For this reason, I believe
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mobile devices in fact have an ideal perspective to sense and recognize human
behaviors and contexts no matter where they are.

A significant amount of prior HCI and ubiquitous computing research has
explored the problem of HAR and how wearable sensors can be used to recognize
discrete classes of activities such as cleaning, cooking, or even specific steps of
making a recipe. Most commonly, the sensing modalities used for wearable HAR
are microphones [149,150,182,329] and IMUs [20,92,96,216,300], as audio and mo-
tion data contain the most accessible, salient information about a user’s activity
on mobile devices. Other less common sensing modalities have included on-body
cameras [48, 163, 213, 227], RF [72, 298], and a fusion of multiple sensing modali-
ties [1, 31, 158, 161, 196, 200, 232, 276, 331]. Of these, camera and fusion approaches
appear to be the most promising for future research with the introduction of pow-
erful vision-language models (VLMs) [220].

Yet, a persistent problem within HAR research has been knowing where and
when to look for possible activities in a dense and continuous stream of sensor
data. On a mobile device it is often too power and computationally expensive to
constantly be performing such inference, especially on video data. Thus another
important line of work searches for ways to use lighter-weight sensing to detect
smaller contexts or ”trigger moments” that may indicate an activity of interest
[180, 200, 220, 331]. I have found this last problem especially compelling in my
own work, since solving it is what I believe will unlock the benefits of HAR-based
implicit input sensing for real-world users.

2.4 Held-Object Detection
A final goal for context-aware wearable computing is detecting the objects a user
is holding. Objects reveal a great deal about the activity being performed, thus
both detecting when a user is holding something and identifying what that object
is have become prime directions of HCI research. This work falls into two major
categories: held-object identification and object grasp detection. Systems in both
categories have drawn on a range of sensing techniques, including EMG, MMG,
capacitive sensors, optical sensors, and cameras.

Held-object identification is concerned with the problem of recognizing ob-
jects currently held in the hand. ViBand [153] for example used an oversampled ac-
celerometer to recognize motion and vibrations typical of use with certain objects.
EM-Sense [154] and Maekawa et al. [176] meanwhile used the electromagnetic ra-
diation emitted by electrical objects to discern their identity. More uniquely, other
work [37, 167] has used hand pose as an indirect ”sensor”. By using pose tracking
to detect grasp shapes that are signature to use of certain objects, the identity of
those objects can be determined.

Object grasp detection, by contrast, focuses on detecting the specific moments
when a user interacts with an object. I believe this direction has strong potential
for implicitly detecting changes in user context, and I have pursued several projects
building on the wrist-wearable grasp detection work of Berlin et al. [29], Cofer et
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al. [50], and Theiss et al. [282]. Of particular interest is these projects’ shared
use of a tiered sensing approach, in which multiple heterogeneous sensors work
together, each successively activating another sensor with higher fidelity [29, 50,
282]. Sensor fusion is an extremely powerful approach for grasp detection, in
addition to many other forms of implicit input, as I will discuss in Chapters 7 and
8.

10



Chapter 3

My Implicit Input Approaches

In this chapter, I summarize three key approaches I explored to improve implicit
input on wearable devices: touch, pose, and object grasps. All three are moti-
vated by the same underlying question: what does a device need to know in order to
proactively assist users based on their context? My first approach holds that devices
should know what a user is touching. Touch has long been explored as a form of
explicit input, but knowing what or when a user touches something is also a valu-
able implicit signal. My second approach holds that devices should know how a
user’s body is moving, since pose and specific motions are highly characteristic of
certain activities. My third approach holds that devices should know what object
a user is holding, since picking up an object is itself a strong implicit signal that an
interaction is about to occur. For each approach, I explored multiple techniques
using novel wearable sensors to detect the behavior of interest.

3.1 Touch
One of the most fundamental ways to interact with the world around us is touch.
Touch is not only how we manipulate objects, but making contact with an object
is also a strong signal of intent to interact with that object. For this reason, touch
is a valuable approach for sensing implicit hand interactions. Sensing touch can
help devices answer questions like: are your fingers contacting a surface? How
many and which ones? How much pressure are they applying?

Touch tracking has been explored in depth by the HCI community for decades,
but mainly for explicit input purposes [97, 159, 273, 308, 318, 349]. Using touch as
implicit input is a different approach that has been far less explored. In my work, I
have explored tracking touch input with two different technical approaches. Both
of these approaches were envisioned as addressing the longstanding problem of
ad hoc surface touch detection on mixed reality (XR) headsets, which in the past
have struggled with integrating virtual content with the physical world. I started
with developing an approach VelociTrack [60], wherein I used a pair of high-speed
cameras track the fingers and derive virtual motion signals from fingertip depth
that can be used to detect decelerations upon touch. This technique worked well,
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but struggles on softer surfaces that disrupt fingertip motion. In my second and
complementary approach, EclipseTouch [202] (Figure 3.1), I solved this by using
a different technique where I used infrared light illuminators to cast structured
shadows of the fingertips that provide distinctive visual features to a camera of
when touch contact occurs. Chapter 4 will discuss EclipseTouch in detail.

3.2 Pose
Another powerful signal for implicitly sensing interactions is the pose of a user.
The way we move our bodies tells a lot about what we are doing. When people
perform most activities or behaviors, their hand or arm adopts a pose that is char-
acteristic of that activity. For example, pinched fingers when strumming a chord,
a precision grip when holding a pencil, alternating straight and bent arms when
doing dips, or a pulling motion when sawing wood. For all these examples, sens-
ing pose can provide a strong implicit signal that an activity is being performed.
As a result, devices should know things like: is your hand making a distinctive
pose? Are you moving your arms? Are you sitting down or on the move?

The first technique I explored focused on tracking a user’s full-body pose
for games and social interactions in virtual reality (VR). This system, Controller-
Pose [4], placed two wide-angle cameras in the left and right VR controllers and
pointed the cameras back at the body to image the torso, arms, and legs. In my
next technique, I pivoted to investigating how smart devices users already use
and wear can implicitly track the wearer’s arm pose. In SmartPoser [59], I accom-
plished this by using commodity ultra-wideband (distance) and IMU (motion) sen-
sors already built into a paired smartphone and smartwatch to estimate the pose
of the watch arm. Chapter 5 will discuss SmartPoser in further detail. Finally, in
DiscoBand [58] (Figure 3.2), I took a different approach and showed how the devel-
opment of a smartwatch band with a novel multi-view depth sensing setup could
be used to not only track arm pose, but also hand pose, and implicit interactions
with the nearby environment. Chapter 6 will discuss DiscoBand in detail.

3.3 Object Grasps
Objects hold a great deal of contextual information and picking one up is a strong
indicator of an intent to interact with it. Knowing what object you’re manipulat-
ing, whether it be taking a medication or repairing a car, is an opportunity to be
proactive and assist a user in that activity. I have discovered that grasping an ob-
ject is a powerful implicit proxy that an interaction is occurring. Many common
activities center around grasping objects. From drinking a cup of coffee, to going
for a drive, or playing ultimate Frisbee, any automated system that wants to recog-
nize these contexts should focus on using object grasps as a trigger that something
interesting has happened. In addition, grasps tend to be a reliable proxy because
users don’t usually pick up objects unless they intend to interact with them.

12



3.3. OBJECT GRASPS

Object grasps are complicated and thus benefit from multiple types of sen-
sors working together to detect them. I have pursued two consecutive approaches
to this problem. The first, Contextra [57] (Figure 3.3), is a wristband system that
detects grasps by fusing IMU data, electromyography (EMG) data, and data from
three mini infrared cameras. Chapter 7 discusses Contextra in detail. The sec-
ond, TrigRing, builds on the ideas from Contextra to create a constellation system:
a wearable that detects object grasps triggers a wake-up signal to smart glasses,
which then use a camera and vision-language models (VLMs) to determine what
object the user is holding or what activity they are engaging in. Running an ego-
centric camera continuously, as smart glasses do, consumes substantial power and
can compromise user privacy. By offloading the grasp detection trigger to a sepa-
rate, lower-power device, the glasses can instead remain asleep most of the time.
TrigRing is a prototype implementation of this triggering concept, built around a
low-power sensing smart ring; its details are discussed in Chapter 8.

Figure 3.1: EclipseTouch is a headset-integrated approach for touch input on ad hoc surfaces.
Illuminators create shadows (1/2/3/4), which are used to estimate touch contact and hover distance.

Figure 3.2: DiscoBand is a smartwatch strap (A) with 16 multi-zone depth sensors angled outward
and toward the hands (B), capturing a point cloud (C) that enables arm and hand pose tracking.
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Figure 3.3: Contextra is a wrist-worn system that works with an egocentric camera, such as on
smart glasses, to determine a user’s context (left) by fusing data from IR cameras, EMG electrodes,
and an IMU to detect object grasps (middle), enabling interactions such as habit tracking (right).
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Chapter 4

Ad Hoc Touch Tracking Via
Headset-Integrated Sensors

This chapter was adapted from my published paper:

Vimal Mollyn*, Nathan DeVrio*, Chris Harrison. 2025. EclipseTouch: Touch Seg-
mentation on Ad Hoc Surfaces using Worn Infrared Shadow Casting. Proceedings
of the ACM Symposium on User Interface Software and Technology (UIST ’25).

4.1 Introduction
Mixed reality (XR/AR) headsets are becoming more widespread, with increasing
consumer excitement about forthcoming glasses-like form factors. However, nav-
igating user interfaces on these devices generally requires users either to carry
accessory controllers everywhere they go, or be limited to poking and swiping at
interfaces in the air.

A complementary, long-envisioned interaction option is to ground virtual in-
terfaces to real-world surfaces. One of the most reliable ways to achieve such in-
teractions is to instrument surfaces with sensors. While robust, it is not feasible to
do this for every surface in the world. In a future with highly mobile wearers of AR
glasses, users may wish to temporarily and opportunistically appropriate surfaces
for touch interaction. For this reason, there exists a significant body of work on ad
hoc touch input without instrumentation of the environment. In most cases, this
requires instrumenting the user instead, often with a special-purpose accessory
device. Even when such sensors could be plausibly integrated into future smart-
watches, it is most common for people to wear watches on their non-dominant
hand.

I believe the ideal sensing method should integrate directly into the head-
set/glasses so that the user only needs to carry a single, self-contained device (i.e.,
the glasses). Only a handful of methods, which I discuss in Related Work, achieve
this property. To this, I add two additional practical constraints: robust opera-
tion 1) across a wide variety of materials, including the user’s skin; and 2) across
environmental conditions (dark, bright, noisy, moving, etc.).
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In this work, I present EclipseTouch, a new headset-integrated technique for
ad hoc touch sensing. My system leverages the well-known phenomena of shadow
casting, utilized in prior touch sensing work, but never demonstrated in a single
worn device. More specifically, EclipseTouch uses an infrared, egocentric headset
camera, which captures shadows cast by one or more synchronized infrared illu-
minators on the headset (Figure 4.1). As the geometry between the camera and
illuminators are fixed, these shadows inherently capture a finger’s distance from
a surface, including direct contact (Figure 4.10). Importantly, my approach must
first filter out shadows cast by extraneous light sources in order to be robust. At
the core of my system is an optimized deep neural network that has an inference
time of 0.47 ms on an Apple M2 processor (used in the Apple Vision Pro). The
result is a method that works ”out of the box” and requires no pre-registration
or calibration of the environment, surface, or user. My approach works across
a wide array of common surfaces, as well as lighting conditions, from bright to
pitch-black. EclipseTouch can also be readily integrated into several popular XR
headsets that already contain the requisite sensing hardware and compute. Taken
together, this set of capabilities sets it apart from prior work, even those relying
on similar phenomena.

4.2 Related Work
In this section, I review prior systems that have used techniques relevant to Eclipse-
Touch. I begin with systems that examined the problem of ad hoc surface touch de-
tection. For these, I start with instrumented environments (the systems least sim-
ilar to my approach), progress to arm-worn mobile systems, and finally to mobile
systems that do not require arm instrumentation (most similar to my approach). I
conclude this section with a review of systems that specifically used shadows for
touch tracking.

I emphasize that although active-illumination shadow tracking has been used
previously — including for the exact same use case as this present work — my
particular instantiation offers a favorable mix of capabilities not demonstrated in
any prior work (Table 4.1), including:

• Uses hardware already present in modern headsets (cameras and illuminators).

• Requires no instrumentation of the user’s arms (i.e., bare hands).

• Enables ad hoc input for commonplace surfaces, including the user’s skin.

• Works across lighting conditions, including in complete darkness.

• Works ”out of the box”, requiring no pre-registration or calibration of the sur-
face, user, or environment.

• Offers high touch input accuracy (98.0% touch segmentation, 6.9 mm hover dis-
tance estimation mean error).
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System
Name

Sensor
Hardware

Mobile vs.
Stationary

Instrumented
Hands / Arms

Supports
Multitouch

World
Input

Skin
Input

Demonstrated
in Darkness

Estimates
Hover Distance

Touch
Accuracy

TapLight [273] IR Camera, Structured Light Mobile No No Yes No No No 95.3%
OmniTouch [97] Depth Camera Mobile No Yes Yes Yes No No 96.5%
EgoPressure [349] RGB Camera Mobile No Yes Yes No No No n.r.
MRTouch [318] Depth & IR Camera Mobile No No Yes No No No 96.5%
PressureVision++ [85] RGB Camera Stationary No Yes Yes No No No 89.3%
PlayAnywhere [308] IR Camera, IR LED Stationary No No Yes No No No n.r.
Matsubara et al. [186] IR Camera, IR LEDs Stationary No No Yes No No No 96.1%
EgoTouch [203] RGB Camera Mobile No Yes No Yes No No 94.9%
Shadow Touch [159] RGB Camera, White LED Mobile Yes Yes Yes No No No 99.1%
EclipseTouch (Ours) IR Camera, IR LEDs Mobile No Yes Yes Yes Yes Yes (6.9 mm error) 98.0%

Table 4.1: Overview of key related work. Green is a positive attribute; red is negative. Refer to
individual papers for study details.

4.2.1 Detecting Touch with Instrumented Environments
The most straightforward way to add touch tracking to a surface is to instrument
that surface directly. This is a well-explored area of research that I will not cover
in depth for brevity. Some of the most common techniques have included placing
microphones [99, 215, 222] or LIDAR [152, 275] on the surface, or cameras above
the surface. For cameras, there have been many different optical approaches. For
example, thermal cameras have been used to detect changes in heat left behind
on the surface after touch [77, 127, 147, 155]. RGB cameras have been used to cap-
ture images of the fingernail and its color change during presses [3, 47, 184, 277]
or even estimate fingertip pressure [47, 85, 86]. Perhaps the most popular tech-
nique has been to use fixed depth cameras operating above surfaces. After Benko
and Wilson’s works that pioneered this approach [28, 309], many other iterations
have improved performance using flood-fill algorithms [317], combining infrared
camera data [316], and applying machine learning [71]. Other lesser used optical
approaches include multi-path interference from infrared depth cameras [256,315],
laser speckle imaging [221], and imaging reflections of the finger in mirrors and
glossy surfaces [218,336]. A major drawback of all these systems is that they need
to instrument every potential surface or environment that the user may wish to
interact with, which scales poorly. For this reason, research has looked into in-
strumenting the user with sensors to detect touches on ad-hoc surfaces, which I
review next.

4.2.2 DetectingTouchwith Finger/Hand/Arm-Mounted Sen-
sors

When a user touches a surface, their touching finger produces a number of char-
acteristic signals that could be used to detect touch contact. For instance, IMUs
attached to the fingernail can detect spikes in deceleration that occur when a fin-
ger touches a surface [210, 211, 260], but are cumbersome for users to wear and
recharge. More popular is an IMU ring form factor, which could be used to detect
touch [89, 90] and mouse-like 2D inputs [138, 160, 257]. Beyond rings, researchers
have also explored using IMUs placed on the wrist (like a smartwatch) to detect
tap events [190], however this signal is less robust.

Fingers also passively produce characteristic acoustic signals when tapping
or swiping on a surface, which travel through the body and can be sensed with
sensors mounted on the arm [79,100,142,185]. Alternatively, touches can be sensed
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Figure 4.1: High-level overview of EclipseTouch’s experiment hardware and software pipeline.

through changes in reflections of actively emitted acoustic signals. For instance,
Mujibiya et al. [205], SoundTrak [343], and VersaTouch [259] emitted ultrasonic
waves through transducers placed on the arm and finger to detect contact and
pressure on the skin.

For detecting touches to the skin, one accurate approach that researchers have
explored is detecting changes to RF signals transmitted through the user’s body.
AtaTouch [141] detected subtle finger pinches by sensing changes in impedance
between an antenna and the user’s body. SkinTrack [347] used two devices, a
signal-emitting ring and a wristband receiver, with the body as an electrical waveg-
uide to sense finger touch on the skin. ActiTouch [346] and ElectroRing [139] work
in the same way, but move the transmitter and receiver to more convenient form
factors. Finally, Z-Ring [292] used a single electrode ring that acted as a transceiver
to sense bio-impedance changes in the hand. While these approaches are accurate,
they are inherently limited to operation on conductive objects, such as the human
body (but not most walls or furniture). A key limitation of all these prior systems
is that they require instrumentation of the user’s finger, hand or arm, in addition
to the XR headset.

4.2.3 Detecting Touch without Finger/Hand/Arm- Mounted
Sensors

For users that are already wearing an XR headset or glasses, rather than instrument
a user’s hands with a second device (likely special-purpose, as even smartwatches
are rarely worn on the dominant hand), a more practical approach would be to
have all necessary hardware contained within the XR headset/glasses. Dominant
among these approaches is to use headset mounted cameras with computer vision
to detect touches on surfaces.

As most modern headsets come with built-in 3D hand and world mesh track-
ing support, research has looked into inferring surface touch using this data. How-
ever, the world mesh modern headsets build is not currently accurate enough for
touch detection purposes. For this reason, TriPad [63] required users to calibrate
and define surfaces; hand tracking and dwells were used to instantiate touch planes
and touches were detected by measuring fingertip proximity to the created plane.
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Richardson et al. [239] and Streli et al. [274] focused on surface typing and used
neural networks to analyze patterns of hand motion to detect surface taps with
high accuracy. However, both these systems required pre-registered surfaces to
work, and could not detect stateful touches (including hover and touch-ups).

Another approach that has seen the most success in the past is using depth
cameras. OmniTouch [97] and Imaginary Phone [91] were early among these ef-
forts and used depth cameras to track the fingers and detect touches on the palm
and other surfaces using a combination of flood-filling and contour detection. MR-
Touch [318] combined depth sensor data with infrared reflectivity data from a Mi-
crosoft HoloLens to improve touch detection accuracy. The problem with depth
cameras, even today, is noisy signal — the difference between a finger touching
vs. slightly hovering above a surface is hard to distinguish. For this reason, Om-
niTouch required users to lift fingers 20 mm above the surface to reliably separate
hovering from touch events. This is awkward, and not like how one scrolls or
types on their touchscreen devices. Moreover, depth cameras have other draw-
backs including higher power consumption, lower resolution and lower framer-
ates. Taplight [273] estimated fingertip depth and surface contact by using re-
mote vibrometry (laser speckle sensing) obtained from a headset mounted laser
and monochrome camera. This approach, while accurate in some contexts, does
not function on many common surface materials, and can additionally fail from
user head motion and multiple inputting fingers.

Most relevant to EclipseTouch is recent work on detecting surface contact
using only headset cameras. This is challenging, as the finger directly occludes
the point of touch contact, and the system must adapt to surface materials, light-
ing conditions, touch types, and skin tones. PressureVision [86] and later Pres-
sureVision++ [85] described deep learning-based approaches to detecting contact
pressure of the hand to a surface, albeit with a fixed desk-mounted camera and re-
stricted lighting and surface conditions. EgoPressure [349] extended this work to
headset-mounted cameras by collecting a large egocentric hand pressure estima-
tion dataset, but their system ran offline (not in real-time) and required ambient
illumination. In my prior work EgoTouch [203], I demonstrated a system for de-
tecting on-skin touch and force using only headset RGB cameras, by looking at
patterns of skin deformation, color change and shadow convergence. Similar to
EgoTouch, PalmPad [102] could also detect touches to the skin with a headset-
mounted RGB camera, however it could not estimate force and only supported the
palm. Both EgoTouch and PalmPad ran in real-time, but only worked on the skin,
required ambient illumination (i.e. did not work in the dark), and were susceptible
to false positives from extraneous shadows in the environment.

The fundamental problem with all these prior approaches is that they rely
on existing sources of illumination. However, ambient light is uncontrolled — it
can be diffused, harsh, oblique, bright, multicolored, single/multi-point, and even
non-existent (dark). With EclipseTouch, I sought to overcome these limitations by
controlling the shadows cast by the finger on the surface.
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4.2.4 Detecting Touch using Shadows
To conclude my literature review, I now specifically discuss systems that have
leveraged shadows to track user interactions, as this most closely relates to my
technical approach.

Starting with seminal work, there is Myron Krueger’s Videoplace [145], which
utilized user silhouettes for interactivity (though not true shadows). As far as I am
aware, the earliest known work to leverage ”shadow shape analysis” at the fingers
for touch input is Andy Wilson’s PlayAnywhere [308]. This system used a cam-
era and illuminator that was fixed with respect to the input plane by virtue of the
system being placed on a table. This system laid the conceptual groundwork for
using shadows for detecting touch, measuring the decreasing distance between
the shadow and fingertip.

More recent touch systems employing fixed cameras and fixed illuminators
include ShadowReaching [263], Iacolina et al. [119], and Thomas [283]. Matsubara
et al. [186] and Niikura et al. [208] used the same system, which featured two
fixed infrared illuminators and a fixed camera capturing image pairs (one for each
active illuminator). More ambitious is to have only a fixed camera and rely on
existing natural or artificial light sources (i.e., no special illuminators). Adajania
et al. [2], Paper Piano [288], ShadowSense [112], and Posner et al. [226] use this
approach. However, with no control of the positioning between the camera and
light sources (one or many, harsh or diffuse, bright or dim, etc.), input tends to be
brittle, working well in some cases and failing in others.

Most similar to EclipseTouch, is ShadowTouch [159]. Unlike the above prior
work, ShadowTouch is worn and mobile (i.e., not reliant on fixed external infras-
tructure). Like EclipseTouch, the system used an egocentric headset camera. Un-
like EclipseTouch, ShadowTouch requires a special-purpose LED wristband. As
there is no synchronization between the LED and camera, the LED is persistently
lit, which is prohibitively energy consumptive for a wearable. Additionally, the
authors note that they do ”not have a special design to alleviate the ambient light
interference” [159], an important part of my pipeline. I also move beyond Shadow-
Touch in terms of evaluation generalizability. In ShadowTouch’s study, only three
light-colored and matte surfaces are tested, only in a horizontal setting, and in one
typically-lit environment. In this work, I test 12 surface materials (Figure 4.6), both
dark and light, and matte and reflective. I also test vertical and horizontal orien-
tations, and across three lighting conditions (typical lighting, bright, and dark). I
note that my evaluation results show (Section 4.5) both systems to be of compara-
ble accuracy; in other words, I achieve the same accuracy without the need for a
special wearable.

4.3 Implementation
As a prototype platform, I instrumented a Meta Quest 3. In the following subsec-
tions, I step through the various hardware and software components that make up
EclipseTouch.
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Figure 4.2: Examples of ambient shadow suppression output across a variety of materials, lighting
types (incandescent, fluorescent tubes, CFL, LED, sun), and illumination conditions (diffuse, flood-
light, point source). Note that shadows visible in visible light (RGB Reference) may be invisible in
infrared and vice-versa. Figure 4.8 provides a step-by-step example of shadow suppression.

4.3.1 Camera
I affixed a HT-SUA33GM-T1V-C USB 3.0 camera [116] to the bottom left of my
prototype headset (Figure 4.1). This global shutter camera has a modest resolution
of 640x480 pixels, but is sufficient for my needs (i.e., my shadows are large and tex-
tureless, not requiring high detail). I fitted the camera with an 850 nm bandpass
filter, matching the wavelength of my LED illuminators (discussed next). Even
with this filter, other light sources can cast visible shadows at 850 nm, most no-
tably the sun, as well as incandescent and halogen lights. To account for this, my
pipeline includes an extraneous shadow suppression process, described in Sec-
tion 4.3.5. As I rely on only a narrow frequency band of light, I purposely selected
a monochrome camera with a wideband CMOS sensor (with no Bayer pattern,
which would preclude imaging infrared light). Finally, this camera features an
external hardware trigger, which I use to synchronize with my LED illuminators.
The camera streams video over USB to a laptop, where my software runs. The
maximum framerate of the camera is 791 FPS, though I operate it about half this
speed to increase exposure time.

4.3.2 Illumination Geometry
As already discussed, EclipseTouch relies on active illumination to create struc-
tured shadows. I use LEDs with a wavelength of 850 nm (infrared), that are safe
and invisible to humans, even in darkness. The LEDs are rated at 3 W, but I drive
them at 1.1 W as a power conservation measure. Importantly, my prototype was
built to serve as a vehicle for investigation. As such, I over-provisioned my head-
set with LEDs in each of the four corners. For the corner with the camera, the LED
is placed directly above the camera. This arrangement can be seen in Figure 4.1.
As I will evaluate and discuss later, some illuminator locations are more valuable
than others, and so a commercial implementation would use fewer illuminators,
potentially just one (as can be seen with my final prototype in Figure 4.13).

4.3.3 Driver Board
I use a Teensy 3.2 microcontroller and custom MOSFET LED driver board to pre-
cisely control the timing of my LED illuminators and camera frames (microsec-
ond precision). My Teensy firmware uses the following five-step LED ”firing se-
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quence”: No LEDs on, LED 1 on, LED 2 on, LED 3 on, and LED 4 on. Each step
in the sequence has a duration of 2.5 ms, and at each step the camera is triggered
using its external pinouts. The firing sequence loops continuously, producing a
400 FPS raw video stream.

My camera uses an exposure time of 2.4 ms. I note that this is a comparatively
short exposure time for a camera with a small sensor (1/5.6”), but this is not an
issue for EclipseTouch because I am actively illuminating the scene. Furthermore,
human skin is reflective in infrared, and the user’s hands are never more than 70
cm away from the headset. As can be seen in Figures 4.2 and 4.6, the hand is readily
seen, and the shadows cast are crisp and dark.

4.3.4 Video Stream
On my laptop receiving the 400 FPS camera stream, I read five frames at a time
(i.e., a complete firing sequence), and composite this data into a new, singular
frame containing multiple illumination sources: five 640x480 images side-by-side
in a row. Thus, this new composited stream has a framerate of 80 FPS. The time
between the start of the first frame (no illumination) and the end of the last frame
(LED 4 on) is approximately 12.5 ms. This short duration means that even when
the hands are in motion, the image can be stacked for image processing as though
they were taken at essentially the same moment in time.

4.3.5 Extraneous Shadow Suppression
In addition to my infrared LEDs, other light sources with 850 nm wavelengths
will cast finger shadows. Notable light sources include the sun, as well as some
artificial lights, including incandescent and halogen bulbs (see example shadows
in Figure 4.2). These shadows can generate false events, and so it is desirable to
filter them out.

Importantly, light intensity is additive on image sensors (i.e., each CMOS pixel
measures accumulated light, and if two or more light sources are contributing pho-
tons to this pixel, it will simply be the sum of intensities). I can use this property
to great effect for removing unwanted shadows. Specifically, I can take my ”no
LEDs on” subframe, which captures any shadows generated from extraneous light
sources, and simply subtract this from my other four subframes. This has the effect
of removing the contribution of ambient light on those subframes, leaving only the
illumination from that specific subframe’s LED. An illustration of this process is
shown in Figure 4.8, with example outputs across various environmental condi-
tions seen in Figure 4.2.

4.3.6 Finger Tracking
With extraneous shadows removed, I next move to track the hands in front of the
user. In an integrated system, this information would already be available from the
hand tracking provided by the headset software. However, as I am using my own
camera, I cannot simply use the Quest 3’s hand tracking result, and instead must
compute my own. For this, I utilize my LED 1 subframe, which provides an illumi-
nated view of the hand with minimal shadows (as LED 1 is almost directly inline
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Figure 4.3: Overview of my shadow suppres-
sion process. My ambient subframe (A) cap-
tures shadows cast by ambient light sources.
When an illuminator is on (LED 3 in this ex-
ample), I cast a new additional shadow into the
scene (B). Note this shadow can be weaker than
ambient shadows, as is the case in this example
(see also Figure 4.2). I then subtract the ambi-
ent frame from the LED-illuminated subframe
(B-A). Having now subtracted ambient light,
the frame becomes darker, and represents light
only cast by the headset LED. To compensate
for variable scene brightness (e.g., varying sur-
face albedo and hand distance) I perform a final
normalization — norm(B-A) — which accentu-
ates the shadow. Note only a single shadow re-
mains, the one cast by the headset LED.

Figure 4.4: I tested three lighting conditions in
my study: bright, typical, and dark. For refer-
ence only, I show the scene as it appears to a
standard RGB camera along the top row. The
bottom row shows the LED 3 illuminated sub-
frame at the end of my pipeline (not shown are
LED 1, 2 and 4 subframes, but the results are
equivalent). In short, EclipseTouch is reason-
ably agnostic to ambient lighting condition as
it provides its own illumination. Note also how
shadows cast from ambient sources are not vis-
ible in the processed frame due to shadow sup-
pression.

Figure 4.5: XR headsets on the market already include integrated infrared illuminators and
infrared-sensitive cameras, suggesting EclipseTouch could be enabled via a software update. Addi-
tionally, I note that future AR glasses could also incorporate a single camera and LED in opposite
corners of the frame, much like Ray-Ban Meta AI Glasses do today.
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with the camera). I run Google’s MediaPipe hand tracker [344], which provides
21 2.5D hand keypoints, though I only use the five fingertip points. I create 64x64
pixel patches centered on each fingertip. I use the wrist and Metacarpophalangeal
(MCP) hand joints to normalize the size of the fingers (i.e., scale, irrespective of
distance from the camera), and then the MCP and Proximal interphalangeal (PIP)
finger joints to normalize the rotation (so that all fingers are pointing upwards in
the patch). These finger patches are then passed to my ML model, described next.

4.3.7 Machine Learning
My deep learning model takes in as input a finger patch and a finger ID and jointly
predicts touch state and hover distance. My model is a hybrid vision transformer,
built on top of the FastViT T8 [285] backbone. Finger patches contain N channels
(N ∈ 1,2,3,4), one for each of the illuminator subframes. Finger patches are first
passed through the backbone to produce image embeddings of size 768. These
embeddings are then concatenated with a 5 dimensional one-hot encoded vector of
the finger ID (thumb=1, pinky=5) to produce an embedding of size 773. Finally, this
embedding is passed through a multi-layer perceptron (2 layers, hidden dimension
128, GeLU [106] activations) that encodes the scaled distance of the finger to the
surface. Touch state is obtained by sigmoid activating and thresholding this value.
I smooth touch and hover distance predictions with a mean filter over the 30 most
recent frames.

4.3.8 Model Training Protocol
In my subsequent user study, I employ a leave-one-participant-out cross validation
scheme to train and evaluate my models. My models were trained using the Py-
Torch and PyTorch Lightning deep learning frameworks. I initialized the FastViT
backbone with ImageNet pretrained weights. I first trained the model to esti-
mate touch state (by minimizing binary cross-entropy loss) and later fine-tuned
the model to encode distance in the final logit (by minimizing the sum of mean
absolute error and mean squared error). Models were trained for 10 epochs using
the Adam optimizer, a batch size of 128 and a learning rate of 0.000003, which took
about two hours on an NVIDIA 2080 Ti GPU.

4.3.9 Compute and Power Consumption
I carefully designed my model to be able to run as a lightweight background pro-
cess, concurrent with numerous other models that already run on XR headsets
(hand/body tracking, SLAM, etc). After training, I re-parameterize the model [285]
to an equivalent one with fewer parameters (total 3.3M parameters). On an M2
MacBook Air — with similar hardware to the Apple Vision Pro — my model has
an inference time of 0.47 ms. This means that my model can potentially run at
~2000 FPS, or run at e.g., 60 FPS consuming a small fraction of the headset’s pro-
cessing power.

As noted previously, my infrared LED illuminators consume 1.1 W when ac-
tive. Only one LED is active at a time, and no LEDs are active 1/5th of the time,
yielding a mean power draw of 0.9 W for illumination. My microcontroller and
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Figure 4.6: The twelve materials I tested in my study. Note the difference in appearance in RGB
vs. infrared color spaces.

LED driver board consumes 0.3 W. My camera, running at 400 FPS, draws 0.8 W.
As one reference point, the Meta Quest 3 draws ~8.6 W of power during use (giving
its 18.9 Wh battery a stated 2.2 hours of runtime).

4.3.10 Compatibility with Existing Headsets
I note that several popular XR headsets already contain the requisite hardware
to enable EclipseTouch. For example, the Apple Vision Pro contains two infrared
illuminators and six monochromatic cameras sensitive to infrared light (Figure
4.5, left). The low-cost Meta Quest 3S contains two infrared illuminators and two
monochromatic cameras (Figure 4.5, right). In both cases, the illuminators are used
to boost hand tracking performance in low-light conditions [104]. However, their
arrangement is also perfect for EclipseTouch — two infrared illuminators offset
from one or more infrared cameras (more discussion in Section 4.5.1). Thus, it
is likely that EclipseTouch could be enabled with a software update (at present,
neither headset provides ad hoc surface touch segmentation, other than in a rough
way using the native hand tracking).

4.4 Data Collection Protocol
To collect data to train and evaluate EclipseTouch, I recruited 10 participants (4
female, 6 male, all right-handed) for a one-hour user study. Participants were
compensated $20 for their time. After completing consent paperwork, participants
were fitted with my EclipseTouch-instrumented Quest 3, which streamed my 80
FPS video composite to a local desktop via USB where it was saved. The study was
conducted in a windowless room with controlled lighting. I measured lux, reported
later, using a Sper Scientific 840022 Light Meter. During the study, participants
stood in front of a standing desk or a wall. Unlike prior work, I did not restrict
participants’ head motion or distance to surfaces.

I designed my study to capture a variety of conditions such that I could later
analyze system performance across different materials (n=12, of varying albedo,
sheen, patterns and translucency; Figure 4.6), surface orientations (horizontal and
vertical), and lighting conditions (bright, typical, and dark; Figure 4.4). It was not
possible to fully cross these conditions due to combinatorial explosion, and so I
designed blocks of sessions to collect data, varying a single experimental factor at
a time.
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Figure 4.7: Results across illuminator combinations. A colored dot indicates that the correspond-
ing illuminator is active in that channel. The best combination (LED 3 & LED 4, operating in
separate channels) is marked with a star.

All of the individual sessions followed the same basic data collection pro-
cedure. First, participants were instructed to continuously touch and drag on a
presented surface with their index finger, during which time 30 seconds of data
was recorded. This was immediately followed by a second session capturing 30
seconds of data in which participants were asked to hover their finger above the
surface and to perform repeated in-air taps. These trials provided positive and
negative examples to train my machine learning model.

To collect data across a variety of surfaces, I curated a set of 11 diverse mate-
rials — including wood, plastic, metal, fabric, and painted/printed surfaces — seen
in Figure 4.6 (along with a summary of their properties). These material samples
were all cut down to 60×40 cm so as to be easily swapped and organized during
the study. Both touch and hover sessions of data were collected for all 11 materi-
als, in a random presentation order, in a horizontal orientation (placed on a desk),
and in typical home lighting (measured at 127 lux, with typical home illumination
around 100-200 lux [306]).

Next, I collected data in two additional lighting conditions: bright (1633 lux)
and dark (0.005 lux). For reference, typical TV studio lighting is around 1000 lux
and a quarter moon on a cloudless night is 0.01 lux [306]. For this study block, I
reduced my material set down to two: white wall and patterned wallpaper. The
former was a representative plain and light-colored material, and the latter served
as a more challenging surface, being darker, glossy, and patterned. For these two
materials, I collected two additional sessions of data in each lighting condition
and in a horizontal orientation. Note in the previous block of sessions, I already
captured data for these two materials under typical lighting (127 lux). For my
three lighting conditions, I provide reference visible-light photos and infrared-
illuminated subframes in Figure 4.4. I also collected data for surfaces in a vertical
orientation. For this, I use my same pared-down material set — white wall and
patterned wallpaper — and my typical home lighting condition.

Finally, the user’s skin is a special, high-value input surface with unique op-
tical properties (most notably subsurface scattering, creating diffuse shadows). In
order to evaluate EclipseTouch’s ability to extend to skin input (my 12th material),
I collected eight sessions of data on the palm: two sessions each with the hand
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held horizontal in my bright/typical/dark lighting conditions, and two sessions
with the hand held vertically in typical lighting.

In total, each participant completed 42 sessions of data collection. With each
session producing 30 seconds of data and a system framerate of 80 Hz, multiplied
by 10 participants, this process yielded 1,008,000 individual frames for training and
analysis.

4.5 Results and Discussion
My system prototype and study procedure was purposely designed to enable in-
vestigation of several important factors. First and foremost, I ran an ablation
study to identify the most promising illuminator geometry, balancing accuracy
with practicality. All subsequent results use this arrangement. Input to the skin is
broken out as a special discussion. I conclude the section with two supplemental
studies: hover distance estimation and multitouch. For touch prediction, I report
classification accuracy and for hover distance estimation, I report mean absolute
error in millimeters. Other than my illumination geometry ablation study (the
next section), all results reported in this section are trained and tested with leave-
one-participant-out cross validation, with no user or surface calibration. In all
experiments, I always test on unseen users.

Across all materials (including skin), in both orientations and all three light-
ing conditions, EclipseTouch achieves an overall mean accuracy of 98.0% (SD=0.3%)
using its best-performing LED 3 & 4 illumination geometry.

4.5.1 Across Illumination Geometries
First, I evaluate the performance of EclipseTouch under different illuminator con-
figurations. My prototype hardware has four illuminators (Figure 4.1), which leads
to 15 possible combinations (24 − 1) for illuminator placement on the headset.
To enable triggerless operation and higher framerates, illuminators could also be
turned on in groups of two, three, or four, and so I additionally ablate these 11 extra
combinations. Due to the additive property of light transport, I can simulate these
combinations by averaging the subframes from each of the LEDs. Figure 4.7 shows
all the 26 illuminator combinations I tested. Prior to training each model, I mod-
ify the model architecture to accept images with different numbers of channels,
by modifying the input channels of the first convolution layer of the backbone. I
used six participants’ data for training, and the remaining four participants’ data
for testing.

Results from this ablation study are shown in Figure 4.7. Focusing first on the
Single Channel, Single Illuminator results, it is clear that LED illuminators 3 and
4 yield the best results (96.7% and 96.2% accuracy). Indeed, there is a clear pattern
in performance relating to illuminator-camera distance. Figure 4.1 shows shad-
ows formed by each of these illuminators. I note that illuminators 3 and 4 are the
furthest offset from the camera and produce the most prominent shadows of the
touching finger. Next farthest from the camera is illuminator 2, which produces
notably smaller shadows of the touching finger. Finally illuminator 1, which is
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Figure 4.8: Touch classification accuracy vs.
surface material.

Figure 4.9: Touch classification accuracy vs.
lighting condition (left) and surface orientation
(right).

in-line with the camera, produces almost no shadow, leading to the worst perfor-
mance of all the illuminators (89.0%).

Moving on to Single Channel, Multiple Illuminator configurations, where
multiple illuminators are on at the same time, I observe that the best combinations
are LED 3 + 4 (94.7%), as well as LED 2 + 4 (also 94.7%). While this performance is
high, I observe that all combinations in this category consistently perform worse
than their individual channel counterparts, as well as the best performing single-
illuminator configurations. Simultaneously turning on multiple illuminators had
no performance benefit over using one or more LEDs at optimal locations.

Finally, looking at Multiple Channel, Multiple Illuminator results, I find the
best-performing combination is LED 3 & 4 at 97.9%, followed closely by LED 2, 3 &
4 at 97.6%. This makes sense, especially considering the fact that LED illuminators
3 and 4 already achieved high accuracies on their own.

Notably, the accuracy with even just one LED at an optimal location is similar
to the best performing combination (96.7% for LED 3 alone vs. 97.9% for LEDs 3
& 4). This is promising, as existing headsets already include a pair of illuminators
offset from integrated cameras (see Figure 4.5 and Section 4.3.10), potentially al-
lowing EclipseTouch to be enabled through a software update. I also created a final
prototype for demo purposes, seen in Figure 4.13, which features a single illumina-
tor based on these results. For all subsequent study results, I report performance
on this best-performing, multi-channel illuminator configuration: LED 3 & 4.

4.5.2 Across Surface Materials
A key component of my study was to evaluate the performance of EclipseTouch on
a variety of everyday materials (see Figure 4.6 for the 11 non-skin materials that
I tested). Importantly, these materials had a wide range of properties, including
varying albedo, sheen, patterns and translucency. Results from this evaluation
are shown in Figure 4.8. Across all materials tested, performance remains high,
averaging 98.6% accuracy. This ranges from 96.6% for the yellow acrylic material
to 99.8% for the green fabric material. Note that 9 out of 11 materials tested have
accuracies above 98.0%, indicating strong generalization of EclipseTouch across
surface materials.

Performance remains similar across albedo types, with light materials aver-
aging 98.2% (SD=1.3%), medium materials averaging 99.0% (SD=0.7%), and dark
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materials averaging 98.4% (SD=1.4%) accuracy. This is encouraging, since darker
materials often pose a challenge to other vision-based systems.

Similarly, performance remains comparable across sheen types, with matte
materials averaging 98.6% (SD=1.1%), satin materials averaging 98.7% (SD=0.9%),
and glossy materials averaging 98.4% (SD=1.6%). Note that while I do include
glossy materials, none of my materials were fully reflective, like glass. These ma-
terials do not produce shadows and thus cannot be supported.

Also encouraging is that performance remains high with materials with busy
patterns; over 99.0% accuracy for my patterned wallpaper, wood table, and ceramic
tile surfaces.

The worst performing material was the yellow acrylic, which had a mean
accuracy of 96.6%. This material is semi-translucent, and produces shadows with
softer edges as compared to the other materials in my study, potentially reducing
performance. Opaque materials averaged 98.8% accuracy (SD=0.9%).

4.5.3 Across Lighting Conditions
Next, I analyze performance across lighting conditions. Figure 4.4 shows the three
lighting conditions I tested in this study, ranging from dark (0.005 lux) to bright
(1633 lux) lighting. Results for the three materials I studied across lighting condi-
tions can be seen in Figure 4.9. On average, touch accuracies were 98.1% (SD=1.5%)
for the bright condition, 97.3% (SD=2.3%) for the typical condition, and 99.0%
(SD=0.8%) for the dark condition. Overall, performance remains similar across
lighting conditions, with a slight increase in performance in the darkest lighting
condition. This is an encouraging result, since most prior work either did not test
or did not work well across such a wide range of lighting conditions.

4.5.4 Across Surface Orientations
Touch performance across the two orientations I tested can be seen in Figure 4.9.
On average, performance was slightly better for the horizontal condition (97.3%
accuracy, SD=2.3%) vs. the vertical condition (95.8% accuracy, SD=2.4%). Notably,
the patterned wallpaper material had a sharp decrease in performance from 99.1%
to 93.5% accuracy. I note that in my user study, participants typically had their
hand closer to the headset in the vertical condition vs. the horizontal condition,
which could have contributed to this decrease in performance. Furthermore, shad-
ows of the touching finger look different in the vertical condition as compared to
the horizontal condition, and since the majority of my training data was collected
in the horizontal orientation, I hypothesize my models may be slightly biased to-
wards this orientation.

4.5.5 On-Skin Touch Detection
An important surface material to study for touch input is the user’s skin, as it is al-
ways available for input on the go. However, skin has unique properties that set it
apart from the other materials I tested. It has varying albedo, surface texture, and
some translucency (leading to subsurface scattering of light). It is also deformable
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Figure 4.10: Example 250 ms sequence of an
index finger descending to tap a surface. Note
how the shadow evolves over time (illumi-
nated by LED 3), converging towards the fin-
ger, and essentially disappearing upon contact.
My model uses this visual information to pre-
dict hover distance.

Figure 4.11: Left: Predicted vs. true hover
distance. Overall, EclipseTouch is fairly linear
and accurate, up to about 10 cm (mean error of
6.9 mm). Right: Mean absolute hover distance
error vs. true distance — note the slight upward
trend in error.

and non-planar. For this reason, I separately trained a model for skin input. I envi-
sion this model being used when the XR headset’s existing hand tracking detects
probable hand-to-skin input.

On-skin touch detection results are shown in Figures 4.8 and 4.9. Compared to
other materials, detection accuracy was slightly lower, at 94.7% accuracy (SD=2.3%).
I note, however, that this performance is still competitive with prior work [97,203].
Across lighting conditions, performance also remains high, with a noticeable jump
in performance in the dark (99.2% accuracy). I note that prior vision-based on-skin
touch systems, such as my own EgoTouch [203], have essentially 0% accuracy in
the dark. Across orientations, performance is higher in the vertical orientation
(98.3%) vs. the horizontal orientation (94.7%).

4.5.6 Supplemental Study: Hover Distance
As a user moves their finger towards a surface, the shadow cast by that finger
moves and the distance between the fingertip and the tip of the shadow changes
proportionally (Figure 4.10). For this reason, I hypothesized that it would be pos-
sible to train a model to estimate finger hover distance above a surface. To train
and evaluate this model, I ran a small supplemental user study with 5 participants
(2 male, 3 female). Participants filled out consent paperwork and were fitted with
the EclipseTouch prototype. Participants stood in front of a table in a typically lit
room. To collect ground truth distance of the finger from the surface, I affixed a
HD USB webcam to the side of the table, so as to track the participant’s touch-
ing finger from the side. At the start of the study, the experimenter calibrated
the pixel displacements of the user’s hand in the webcam view to real-world units
(mm). Then, participants were asked to lift their index finger up and down above
a certain location on the surface. Participants were instructed to only lift their
finger vertically, so as to accurately track their fingertip’s ground truth distance
from the surface. I collected three sessions lasting 60 seconds each, for a total of
72,000 frames at 80 FPS.

To train this model, I simply fine-tuned my existing EclipseTouch model to
directly estimate hover distance in the output touch classification logit (before
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Figure 4.12: Results from my multitouch supplementary study, broken out by inputting finger.

activation). The main motivation for this design was that hover distance and touch
classification confidence are highly correlated. Furthermore, this allowed me to
have a single unified model that estimated both hover distance and touch state
simultaneously. All models were trained with a leave-one-participant-out cross
validation scheme.

Results from this supplemental study can be seen in Figure 4.11. In my hover
distance region of interest, below 10 cm, my model had a mean absolute error
of 6.9 mm. For ground truth distances less than 1 cm away from the surface,
my model had a mean absolute error of 2.5 mm. Furthermore, I note that error
increases slightly as distance from the surface increases (Figure 4.11). Example
predictions of this model as a user touches a surface can be seen in Figure 4.10.

4.5.7 Supplemental Study: Multitouch
To evaluate the performance of EclipseTouch on multiple fingers, I ran a small
supplemental study (in tandem with the hover distance estimation study). For this
study, I collected four types of sessions, all with the white wall material in typical
lighting. First, participants were asked to touch and drag across the surface with
all their fingers simultaneously. Next, participants were asked to hover close to the
surfaces and to perform in-air taps with all their fingers. Third, participants were
asked to perform a pinch and zoom motion with their index and thumb fingers
while touching the surface. Finally, participants were asked to perform the pinch
and zoom motion in the air while hovering close to the surface. Each session lasted
30 seconds, and I collected three rounds per session, for a total of 144,000 frames at
80 FPS. I then fine-tuned my models with this data. Similar to before, I employed
a leave-one-participant-out cross validation scheme to train my models.

Results from this study are shown in Figure 4.12. Similar to [159], I observe
that the model performs similarly across the thumb, index and middle fingers
(98.7% accuracy, SD=0.3%). Performance drops slightly for the ring finger (97%)
and drops further for the pinky finger (91%), as they are sometimes not visible to
the camera.

4.6 Limitations
While EclipseTouch represents a useful and practical increment over prior work,
there is still room for improvement to achieve touchscreen-like performance. Fore-
most, similar to other vision-based approaches, EclipseTouch needs line-of-sight
to the touching finger to function. On modern headsets, this issue has been par-
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Figure 4.13: Based on my evaluation results, I created a final prototype featuring a single infrared
emitter and camera.

tially addressed by incorporating multiple cameras on the headset, expanding the
field of view outside that of the users.

I also note that EclipseTouch does not work across all surface materials. In
particular, highly-reflective and transparent materials will fail, such as mirrors and
glass (as no shadows are visible). In future work, the reflection of the finger on
the surface itself could be used to estimate touch contact [218]. Apart from this,
I also observed that very dark materials (in infrared) did not cast shadows, nor
did highly 3D-textured surfaces (e.g., piled carpets, fur, fluffy clothing). Across all
materials tested in my study, the two worst-performing were User Skin and Yellow
Acrylic (the only two semi-translucent materials I tested). One hypothesis for this
reduced performance is that subsurface scattering interferes with cast shadows.
In the future, EclipseTouch could use its cameras and computer vision to identify
unsuitable surfaces, and steer users to utilize compatible ones.

The power draw of EclipseTouch could be an obstacle to adoption in commer-
cial systems (read more about the power consumption of my prototype in Section
4.3.9). In general, active illumination is power expensive. In systems using light
emitters, such as the LIDAR and TrueDepth sensors in Apple’s iPhones, the sen-
sor is only turned on when needed. For example, the auto-unlock feature is first
triggered by a motion event detected by a lower-power IMU, before turning on
the more power-expensive TrueDepth sensor for Face ID. Even when on, the duty
cycle is kept very low. A similar approach could be used for EclipseTouch. Con-
temporary XR headsets already build a model of the environment and track the
user’s hands for input. This data could be used to activate EclipseTouch oppor-
tunistically, when the hands are closer than e.g., 30 cm to a surface. When active,
the infrared LEDs could be strobed for very short durations (my cameras are al-
ready externally triggered, so synchronization is not an issue), further reducing
power consumption.

Another condition where EclipseTouch does not presently function is in di-
rect sunlight. As noted in my study, my bright lighting condition was 1633 lux
(exceeding that of typical TV studio lighting at 1000 lux [306]). It was certainly
bright compared to a typical office, but not bright compared to the direct Sun,
which can be 100,000 lux [306]. At this level of illumination, my 1.1 W LEDs can-
not compete, and the shadows they cast simply disappear into noise. Other active
illumination sensing methods have employed various strategies to combat this,
including modulating and polarizing light, as well as using very narrow bandpass
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optical filters. This is how, e.g., depth sensors such as Microsoft’s Kinect and Ap-
ple’s iPhone LIDAR can work in outdoor scenes.

4.7 Summary
In this chapter, I presented EclipseTouch, a headset-only system for detecting
touches on everyday surfaces, including the user’s skin, using worn infrared shadow
casting. Moving beyond prior work, my results show that this approach is accu-
rate (98.0% touch accuracy, 6.9 mm hover distance error), and works across a wide
range of surface materials, lighting conditions and orientations, while running ef-
ficiently and with low latency. In addition, my ablation studies reveal optimal
illuminator arrangement geometries and suggest that EclipseTouch could be im-
plemented in existing headsets through a software update.

In this chapter I presented EclipseTouch and showed how ad hoc touch track-
ing can be enabled with the sensors already built into commercial headsets. I also
discussed how touch can be an important implicit approach that can inform intent
to interact with a surface or object. But one limitation of touch tracking is that
although it senses interactions with the environment, it doesn’t capture a lot of
information about the user themselves. For the next two chapters, I will show how
I attempted to get this information by using two different technical approaches for
tracking the hand and body pose of a user.
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Chapter 5

Arm Pose Estimation Using
Commodity Smart Devices

This chapter was adapted from my published paper:

Nathan DeVrio*, Vimal Mollyn*, Chris Harrison. 2023. SmartPoser: Arm Pose Esti-
mation With a Smartphone and Smartwatch Using UWB and IMU Data. Proceedings
of the ACM Symposium on User Interface Software and Technology (UIST ’23).

5.1 Introduction
Despite being worn on the wrist, contemporary smartwatches know more about
their users’ legs, lungs, and heart than about their arms. For instance, smart-
watches can predict locomotion mode, track total number of steps taken, and mea-
sure respiration and heart rate. Yet, beyond some very specific use cases (e.g., hand
washing detection [11]), the activities of the arms and hands are unknown, despite
the fact that they are the chief appendage we use to manipulate the world around
us. If I could better track the arms, I could power more sophisticated applications

Figure 5.1: SmartPoser fuses UWB distance and IMU data from an off-the-shelf smartphone and
smartwatch (A) to track a wearer’s real-time arm pose (B & C).
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spanning fitness [61,307], rehabilitation [21], life logging [195], occupational train-
ing [35], and context-aware assistants [233], to name just a few domains.

Researchers have long recognized the importance of tracking arm pose to
support such use cases. As I will discuss in the Related Work section, a wide vari-
ety of methods have been brought to bear on this problem. Much prior work has
utilized external, fixed equipment (most often cameras), but this immediately pre-
cludes mobile use. Next most common are worn sensor arrays or suits, which are
comparatively more practical, but still face significant consumer adoption head-
winds. Ideally, I could track a user’s arm pose with devices they already own and
routinely carry with them [120, 234], relying on no external infrastructure.

In this work, I present SmartPoser, a new arm pose tracking method that uses
only an off-the-shelf smartwatch and smartphone (Figure 5.1). In other words, my
technique is software only, and could be enabled on recent devices as an over-the-
air update or app download. SmartPoser also allows users to be on the move while
it performs its tracking, a capability not found in many prior approaches [254,350].
Taken together, these advances could significantly improve the ease-of-use and
practicality of mobile arm-tracking applications.

Uniquely, I take advantage of recent ultra-wideband (UWB) functionality to
capture the distance between the smartwatch and smartphone. I fuse this with
more conventional IMU-reported data, specifically watch and phone orientation
and acceleration. Importantly, the UWB measurements are absolute, and less drift-
prone as compared to relative inertial data used in most prior work. As a conse-
quence, my tracking output is more stable and accurate. In my user study, my sys-
tem achieved a median positional error of 11.0 cm for the wrist and elbow joints,
which is comparable to prior work requiring uncommon hardware.

The contributions of this work are as follows: 1) A self-contained and software-
only approach for arm pose tracking combining UWB and IMU data, which is
unique in the literature. 2) A functional, real-time implementation using two com-
mon off-the-shelf devices. 3) User studies that show my system achieves the best
tracking accuracy among systems that do not require special user instrumentation
or external infrastructure. 4) Open-sourced, synchronized UWB/IMU/Kinect data,
processing pipeline, and trained models.

5.2 Related Work
In this section, I review past systems for arm pose tracking. In addition to arm
tracking, I also discuss systems for whole-body pose tracking that have used com-
parable sensing technologies. I first cover systems that use UWB for pose tracking,
before moving to IMU-based systems. I then conclude with systems most similar
to my own — ones that combine inertial data with some form of distance-based
measurement.

5.2.1 UWB-Based Pose Tracking
My system takes advantage of ultra-wideband (UWB) ranging. This technique uses
the time-of-flight of a challenge-response transmission to determine the distance
between two devices. Unlike other more popular RF technologies, such as WiFi
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or Bluetooth, UWB operates at a very low energy level and instead of varying
frequency or power, the technology transmits information at specific times us-
ing a large bandwidth. This results in multiple beneficial properties such as high
immunity to multipath fading, high data throughput, and excellent time-domain
resolution, allowing for more accurate localization and tracking, down to centime-
ters [88].

Due to the strengths just described, UWB has become a popular approach for
pose tracking systems due to its ability to accurately measure the distance between
devices in space. A common setup is to place UWB beacons on the limbs and torso
of a user and instrument an environment with one or more receivers to measure
the time-of-flight of signals transmitted from the beacons [191, 328]. Researchers
have also created a UWB radar with a large, MIMO antenna array that can capture
a radio ”image” of the user’s pose [265]. When compared to cameras, UWB can be
more privacy-sensitive and can operate through walls and other occlusions [265].

Beyond UWB, there have also been other RF technologies used for pose track-
ing, many of which share similar advantages to those just described for UWB. In
comparable setups, researchers have placed a transmitter in the environment and
tracked the pose of a user (often uninstrumented) by measuring signal reflections.
Examples of such systems include ones that use RFID scanners and tags [133,295],
mmWave radar [249], and even WiFi [237, 238]. One drawback of systems that
use purely RF ranging is that although they are able to measure the distance to
different parts of the body, it is difficult to distinguish fine limb orientations such
as the rotation of the wrist. For this reason, RF systems are often combined with
IMU sensors that can provide information on limb orientation [51, 108, 353].

5.2.2 IMU-Based Wearable Pose Tracking
The idea of tracking pose with a wearable system of inertial sensors did not surface
until the miniaturization of magnetic, angular-rate, and gravity (MARG) sensors
in the late 1990s [19]. Pioneering systems had to deal with the problem of fusing
measurements from multiple instruments to track limbs, all the while minimizing
drift. In addition, these systems also had difficulty detecting and correcting for er-
roneous measurements such as magnetic disturbances [19,183]. The two dominant
approaches that were developed to solve these problems include Complimentary
filters by Bachman et al. [19] and Kalman filters by Marins et al. [183]. While these
two seminal works would develop the theoretical foundations for tracking pose
with inertial data, many others went on to take these ideas and develop them into
real-world systems [168, 197, 337, 351]. The commercial Xsens system can be seen
as a current peak of this classical filtering and optimization-based approach [240].
By using a suit embedded with 17 IMUs located all over the body, this system is
able to track a wide range of motions at 120 FPS [240].

In recent years, a new class of systems has emerged which are able to use sig-
nificantly fewer IMUs to track pose with a similar level of accuracy [38, 131, 253,
254, 301, 332, 333]. A breakthrough and common theme in these systems has been
modeling inertial data over multiple frames in time, often with neural networks.
A seminal system is Sparse Inertial Poser (SIP) by Marcard et al., which was able
to drop the sensor burden from 17 IMUs down to 6 by using an optimization-based
method [290]. Building upon this, Huang et al.’s Deep Inertial Poser (DIP) [115]
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removed the constraint in SIP of needing to access the entire sequence of data and
instead only used a subset of nearby frames in a bidirectional RNN (Bi-RNN). More
recently, TransPose [333] and Physical Inertial Poser (PIP) [332] advanced DIP’s
Bi-RNN approach, improving fidelity and framerate (to 90 FPS). This was primar-
ily achieved by decomposing the model into sub-tasks that are easier to solve and
combining the outputs to get user pose and global translation. More recently, IMU-
Poser [201] used IMUs already found in smartphones, smartwatches and earbuds
to produce a best-guess pose from one to three points of instrumentation.

Of the IMU-based systems, the most similar to ours is ArmTrak, developed by
Shen et al. [254]. Similar to SmartPoser, the system focused on tracking arm pose
(instead of full-body pose) and did this by using a single IMU on the wrist instead
of multiple IMUs placed across the body. Unlike the later deep learning methods,
they used a hidden Markov model to probabilistically estimate next states for arm
joint positions. This approach produced good arm pose estimates using a single
IMU. However, the method was slow (with reduced accuracy when run in real-
time) and could not track users on the move (only evaluated with feet planted
after calibration). I detail my improvements over ArmTrak, particularly tracking
results, in subsection 5.5.5.

5.2.3 Fusing Inertial and Distance Measurements for Wear-
able Pose Tracking

One of the greatest challenges in working with IMUs, particularly consumer-grade
components, is noise and drift. For this reason, it is often advantageous to have a
secondary sensor stream that can provide absolute position or orientation data.
In the context of body tracking, worn systems have combined IMU data with
magnetic field sensors [241, 312], ultrasonic transmitters and microphones [129,
169,289], infrared distance sensors [319], micro-flow sensors [171], acoustic rang-
ing [350], and optical linear encoders [207]. As previously mentioned, UWB bea-
cons have also been used for this purpose, albeit not in a wearable form fac-
tor [51,108,353]. For each of these sensing approaches, there are important trade-
offs to consider such as cost, robustness to occlusion, and across-environment re-
liability. Yet despite their differences, these sensors all share the same operating
principle of capturing absolute measurements to augment the relative measure-
ments of worn IMUs. Most importantly, all of the aforementioned systems in this
section require new and special devices to be worn by the user. A key contribution
of this work is showing this ranging+IMU fusion approach can now be achieved
on popular commodity devices that users already own.

5.3 Implementation
My motivation in developing SmartPoser was to track arm pose using only a
smartphone and smartwatch (Figure 5.1). Figure 5.2 provides a high-level system
overview and data flow. I now describe the core components of my system.
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Figure 5.2: SmartPoser system overview. My model has 46.4k parameters in total, with 3k param-
eters for the UWB Correction model and 43.4k parameters for the Pose Estimator model.

5.3.1 Proof-of-Concept Devices
I selected an iPhone 13 Pro (iOS 16.4) and an Apple Watch Series 7 (watchOS 9.4)
as a pair of example, off-the-shelf, and popular smart devices. This choice was also
motivated by Apple’s mature UWB and inter-device communication APIs that fa-
cilitated my development. Android lags behind in this regard, with Google adding
UWB support via a Jetpack library only in late 2022 [84]. This is to support applica-
tions like lost object tracking, unlocking cars, and AR localization. Fortunately, the
number of UWB-capable smart devices has steadily grown in recent years [305],
and the feature looks to become increasingly pervasive.

5.3.2 UWB Ranging & IMU Data
In my custom app, I use the iOS Nearby Interaction API [10] to set up a UWB rang-
ing session between the watch and phone. Once the session has been established,
I receive distance updates at approximately 5 Hz. I note that iPhones offer higher
sampling rates and even azimuth and elevation readings when a UWB device is
located within a narrow cone-shaped field-of-view projecting from the rear of the
device. Unfortunately, the field of view is too narrow for me to make practical use
of this capability.

To get data from the IMUs onboard the phone and watch, I used Apple’s Core
Motion API [9], which is standard across all iOS devices. Using the API, I acquire
data about the current orientation quaternions and acceleration measurements of
each device at roughly 25 FPS. I use this as the native frame rate of my system,
upsampling the 5 Hz UWB data to the more responsive 25 Hz IMU rate by dupli-
cating the most recent UWB value. Finally, I note that although the two devices
can estimate the gravity vector and magnetic north, I found it was more reliable to
explicitly align the two devices’ frames of reference. For this, I require the devices
to be placed side by side, which could happen e.g., in a charging dock overnight.

5.3.3 UWB Correction
In early piloting, I saw that UWB measurements exhibited systematic offsets and
characteristic noise, especially for certain arm pose regions. This is chiefly due to
loss of line-of-sight between the two devices due to body occlusion (e.g., putting
the arms behind the head). The example data in Figure 5.3 illustrates this effect.
To capture this data, the authors placed the iPhone 13 Pro smartphone in their
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Figure 5.3: Example user motion sequence over one minute. Raw UWB distance is plotted in blue
— note the significant errors, far exceeding possible arm lengths, when the watch loses line-of-
sight to the phone. My corrected UWB stream is plotted in green. Ground truth distance provided
by an external Azure Kinect is shown in orange.

left-front pants pocket, and wore the Apple Watch Series 7 smartwatch on their
left wrist. The authors then performed a range of exemplary arm motions. During
this process, the phone-to-watch distance was recorded (Figure 5.3, blue line). To
provide a ground truth distance, I used an Azure Kinect and its native SDK to cap-
ture a 3D skeleton of the user in real-world units. Using this skeleton, I ”attached”
a virtual phone and watch, and compute the distance between the two (Figure 5.3,
orange line).

Given the offset and noise is semi-structured, I can compensate for some er-
ror, especially if I take advantage of orientation data from the IMUs, which already
provide some cues as to the orientation and location of the arms. For this, I de-
signed a UWB correction network, which I implemented as a 2-layer bi-directional
LSTM with 8 hidden units each. The input to the RNN is a 125-long sequence (5
seconds of data at my system’s native framerate of 25 FPS) of raw UWB distance
measurements, plus phone and watch orientations (3x3 rotation matrix format)
and accelerations (X/Y/Z), for a total feature dimension of 25. I scale the UWB dis-
tance measurements by the wearer’s arm span. The scaling ensures that the model
is able to generalize to various body sizes. I also scale the acceleration values by
30 in order to make them suitable for training, following prior work [332, 333].
The RNN outputs a sequence of corrected distance measurements. The correcting
effect of this RNN is illustrated in Figure 5.3, green line. In this example sequence,
mean UWB tracking error is reduced from 34.5 cm to 6.7 cm, and is considerably
more stable as well.

5.3.4 Pose Estimation
My pose estimation RNN ingests corrected UWB data along with raw IMU data
(watch and phone orientation and acceleration). Taking inspiration from Deep
Inertial Poser [115] and TransPose [333], this network is also implemented as a
2-layer bi-directional LSTM, with 32 hidden units each. Watch orientation and
acceleration are normalized such that they are relative to the phone’s frame of
reference. Along with having an absolute distance measurement, using relative
orientations helps to make the system more robust against IMU drift. As with
UWB correction, I scale the acceleration values by 30. I use the same input vector
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Figure 5.4: Example set of predicted poses. Vertex error (vs. Kinect ground truth) is color coded.

Figure 5.5: The 20 terminal arm poses utilized in my user study. Note that participants were asked
to transition between these poses and all intermediate data was captured for evaluation (i.e., not
just the terminal poses).

format as my UWB correction network – a 125-length sequence of UWB distances,
phone and watch orientations and accelerations. This 125-length sequence is a
rolling input buffer, and new predictions are made in real-time whenever a new
sample arrives in the buffer (at 25 Hz).

This RNN outputs a 125-long arm pose sequence, containing 3D joint loca-
tions for the wrist, elbow, and shoulder. The predicted joint locations are 9 values
normalized to the user’s arm span, which I can ”reproject” into real-world units
by scaling them by the user’s arm span. Rather than taking the most recent pose
prediction (i.e., the 125th frame), I use the 120th frame. Functionally, this means
I am predicting 200 ms behind real-time. This approach to use the n-5th output
frame was directly inspired by TransPose [333], and offers a compromise between
latency vs. accuracy. Note, during testing I also used the n-5th frame of ground
truth to match with my prediction frame.

5.3.5 Model Training
In summary, SmartPoser consists of two machine learning elements – UWB cor-
rection and then pose estimation. I train the full system end-to-end using the
Adam optimizer, with a learning rate of 3e−4. The UWB corrector is trained to
regress to the Kinect-derived distances (Section 5.3.3), scaled by user arm span, and
using mean squared error loss. The pose estimator network is trained to regress to
arm joint positions (shoulder, elbow, and wrist) using a mean-per-joint-position-
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error (MPJPE) loss. Kinect-derived ground truth arm joint positions are prepro-
cessed to have a shoulder frame of reference (i.e., ignoring world body rotation).

The total loss of my system is the sum of the UWB corrector loss plus the
pose estimator loss. The system is implemented using PyTorch and the PyTorch
Lightning frameworks. For efficient training, I train the model to predict a full mo-
tion window of 125 samples (5 seconds) rather than just the last frame, following
the method in [115, 333]. In other words, during training I use non-overlapping
windows, however for testing I overlap windows by all but one new frame.

5.3.6 Model Inference and SmartPoser Output
To facilitate development and debugging, UWB and IMU data is streamed to a lap-
top (M1 MacBook Air 2021). On this machine, my trained model takes 8.1 ms per
inference (on the CPU, using pytorch), meaning I output pose predictions as fast
as data arrives (25 FPS). To verify SmartPoser could run entirely on-device, I also
converted my trained model to CoreML with mixed precision compute and found
it took only 0.99 ms per inference on an iPhone 12 Pro. Although I envision my
arm pose data most often being used internally and unseen (discussion in Section
5.6), I did build a basic visualization tool, seen Figures 1, 5.2, and 5.4.

5.4 Evaluation
To evaluate the performance of SmartPoser, I conducted a user study with 10 par-
ticipants (mean age 25.4; 3 identified as female, 7 as male). The study took place in a
typical indoor office environment, lasted approximately 45 minutes, and compen-
sated $20. The study was divided into two data collection phases. The first phase
focused on arm motions a user might perform in the course of their daily activities.
Phase two captured less ecologically valid, but more varied and challenging gross
motor arm poses (Figure 6.9).

Before participants wore my test devices, the smartphone and smartwatch
were placed side-by-side, as they might rest in a charging dock. I use this to align
their independent reference frames into a common, global frame of reference. I
then asked participants to wear the smartwatch on their left wrist and to place the
smartphone in their left front pocket (see Figure 5.1), which is a common place-
ment [120,234] (though I note other arrangements are possible, which I discuss in
Limitations). Before each study phase began, I had users perform a T-pose with
their arms (palms facing down, such that the watch face is parallel to the ground)
in order to capture the relative orientations of the two devices on the body (and
importantly, the same study procedure used in IMUPoser [201], Transpose [333],
Deep Inertial Poser [115], and Physical Inertial Poser [332]).

5.4.1 Daily Activities Procedure
The first phase of data collection focused on arm poses that users might assume
during daily routines. To capture such data, I had participants complete an ”ob-
stacle course” style study (see e.g., [23, 122]). I selected 20 brief mock activities,
setup at stations within my study environment. These activities were divided into
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seven categories: Domestic (ironing, open jar, vacuum floor, wipe table), Grooming
(comb hair, wipe forehead, wash with loofa), Food & Beverage (stir pot, pour teapot,
drink from cup), Moving Items (move grocery bag, lift box above head, wear bag
on shoulder), Exercise (jumping jacks, biceps curls), Home DIY (use screwdriver,
use paint roller on wall), and Miscellaneous (check time on watch, read magazine,
flick light switch). Although this set of activities is not comprehensive, I have con-
fidence my system did not overfit. For example, the Demo Activities segment of
my Video Figure shows predictions of unseen poses resulting from naturalistic ac-
tivities. This is a good signal of expected performance for poses and activities not
used in training and matches my anecdotal observations throughout the course of
development.

A large TV screen was positioned in the study area with a list of the activ-
ities. In addition to this visual prompt, the experimenter also spoke aloud the
next activity to perform, and controlled the visual display. Although some activ-
ities were bimanual, in general I asked participants to use their left arm, as it was
the one being tracked. All activities were performed one after another while data
was continuously recorded, thus beyond the activities themselves, I also captured
the transitions between them and miscellaneous organic gestures such as partici-
pants adjusting their clothes. Participants completed this procedure twice, taking
roughly 10-15 minutes in total.

5.4.2 Gross Motor Arm Pose Procedure
Real-world activities tend to be performed in front of the body, or at least close to
the torso. As such, they tend to have less variance and less extreme arm positions.
Thus, as a compliment to my phase one data collection, I also captured a more
gross-motor-oriented arm pose dataset. For this, I use a set of 20 terminal arm
poses, seen in Figure 6.9. These exemplify a variety of spatial endpoints, joint
positions, and joint orientations.

As with phase one, I used a TV screen to prompt participants with a random
sequence of terminal poses (20 poses, 10 repeats, random order). Importantly,
data was continuously captured as participants transitioned between these poses.
Thus, instead of capturing 20 poses, my study captures transitions between ~20C2
pose pairs, so the effective variety and volume of motions I captured was large. In
addition, the amount of time spent in the terminal poses is very low, avoiding bias.
Transitioning through the 200-pose sequence took approximately 10-15 minutes.

5.4.3 Data Capture & Ground Truth
Throughout both phases of the study, I used an Azure Kinect [281] to capture
ground truth data on joint positions and orientations of participants’ arms. The
Kinect ran continuously, and whenever I got a new frame of UWB+IMU sensor
data (at ~25 Hz), I paired it with the most recent Kinect frame. Across all partic-
ipants, my activities dataset contained 151k frames of data (representing roughly
105 minutes of data), and my gross motor dataset contained 129K frames of data
(~90 minutes).
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Figure 5.6: Median per-joint positional error
was 11.0 cm averaged across all study partici-
pants for the elbow and wrist joints. For the
gross motions phase, median per-joint posi-
tional error was 11.2 cm, 9.2 cm for just the el-
bow, and 13.2 cm for the wrist. For the real-
world activities phase, median per-joint posi-
tion error was 11.1 cm, 8.4 cm for just the el-
bow, and 13.7 cm for the wrist. Error bars are
standard deviation (cm).

Figure 5.7: Calculated metrics for all arm
joints for the combined data set of gross mo-
tions and daily activities. All metrics are re-
ported in cm.

5.5 Results & Discussion

5.5.1 Train/Test Procedure
I evaluated my model using a leave-one-participant-out cross validation scheme
(i.e., ten-fold cross validation with whole participants’ data as folds). This simu-
lates ”out-of-the-box” accuracy that requires only a single calibratory pose and no
training data from the wearer (whereas much prior work requires per-user train-
ing data, or even per-worn-session training data). While I train on real-world
activities and gross motor arm motions datasets combined, I break these results
out where appropriate to give further insight into real-world accuracy.

5.5.2 Pose Tracking Accuracy
Across all participants, I found a median error (averaging elbow and wrist joints)
of 11.0 cm (SD=0.9 cm). As I move along the kinematic chain, error unsurprisingly
increases — median error by joint: shoulder 0.17 cm (SD=0.02 cm), elbow 8.7 cm
(SD=0.9 cm), and wrist 13.3 cm (SD=0.98 cm). Looking at error broken out by gross
motor arm poses vs. real-world activities, I find median error (elbow and wrist) of
11.2 cm (SD=2.3 cm) and 11.1 cm (SD=1.3 cm) respectively. Figure 5.6 provides a
summary of these results for median error. Other results metrics for the combined
data set of gross motions and real-world activities can be found in Table 5.7, and
the calculated CDFs in Figure 5.9. My results already used a leave-one-user-out
cross validation and had a low STD of 0.9 cm across users. However, to further
verify I was not overfitting, I also computed metrics testing on the training set
specifically and observed a median wrist error of 11.9 cm (vs. 13.3 cm from cross
validation).
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Figure 5.8: Left: Plot of corrected UWB dis-
tance vs. Kinect-derived distance (280k data-
points). Right: UWB Correction RNN perfor-
mance across study datasets. Mean Euclidean
error reduces from 21.0 cm to 8.6 cm on aver-
age. Error bars are standard deviation.

Figure 5.9: Cumulative distribution functions
(CDF) of the elbow and wrist joint errors.

5.5.3 Spatial Error
As discussed earlier, UWB ranging is sensitive to occlusion (in my case, body oc-
clusion). My UWB Correction RNN (Section 5.3.3) compensates for some of this
error, but not entirely. Figure 5.8 compares mean euclidean error of the raw UWB
distances (21.0 cm) vs. My corrected UWB values (8.6 cm), broken out by study
dataset. I also generated a scatter plot (Figure 5.8) plotting my corrected UWB
distance vs. the Kinect-derived ground truth distance for all 131k frames of study
data from my gross arm pose procedure (representing ~1.5 hours of data). I include
a line of best fit, which has an R2 = 0.72.

Although the correlation is strong, there are other error modes and behaviors
visible. To further investigate this, I created a series of heatmaps visualizing the
maximum UWB error in space around the body using my study data. I look at arm
pose data from all participants combined, and then only the wrist joint, which had
the largest addressable volume and largest median error.

Figure 5.10 provides three heatmaps – a frontal, side, and top-down view
of a wearer. Heatmaps are shown for the error of raw UWB distance, corrected
UWB distance, and joint predictions versus Kinect-derived ground truth. All the
heatmaps have some common error hot spots (red-orange regions in Figure 5.10),
while the volume in the front and to the left side of the body is reasonably accurate.
Most of the regions show up in blue, corresponding to an error of between 0-15 cm.
Wrist locations that could lead to potential self-occlusion, such as the right thigh
and the space above the left shoulder, intuitively show up as highly erroneous
regions in the raw UWB distance heatmaps. Note how my UWB correction module
is able to account for most of these errors. The error-prone areas for the wrist joint
error map well with the error-prone regions for corrected UWB distance and are
altogether much lower than the original errors for raw UWB distance.

5.5.4 UWB Ablation Study
The primary contribution of SmartPoser is the introduction of UWB distance data
to improve arm tracking results. To quantify how much the improvement was,
I ran an ablation study of my complete UWB+IMU system versus one that used
only IMU data. The results of this study can be seen in Figure 5.11.
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Figure 5.10: Three rows of heatmaps visualiz-
ing maximum absolute Euclidean distance er-
ror for raw UWB distances (i.e., not corrected),
corrected UWB distances, and predicted wrist
joint position. For all measurements, error (in
meters) is calculated with respect to Kinect-
derived ground truth. Note the scale for the raw
UWB distances (top row) is different from the
bottom two rows.

Figure 5.11: Ablation results showing the ef-
fectiveness of using both UWB and IMU data
for pose estimation. Results are calculated on
data from both phases of the user study. When
adding UWB data to the model trained on IMU
alone, median error for both joints decreases
from 14.2 cm to 11.0 cm.

Averaging the results from both the gross motions and daily activities phases,
I observed a median error of 11.7 cm for the elbow and 16.7 cm for the wrist for the
model with only IMU data. Compared to my standard results from the model with
UWB+IMU, this meant error was 3.0 cm (25.6%) greater for the elbow and 3.4 cm
(20.4%) greater for the wrist when using only IMU. Additionally, when looking at
pose outputs, I find UWB+IMU is much more stable. For example, when holding
static poses with IMUs alone they tend to ”droop” slowly to a mean pose. These
results show that the contribution of UWB distance measurements is significant
to SmartPoser and a key to helping enable higher-fidelity pose tracking.

5.5.5 Comparison to Prior Work
To contextualize my results, I compare SmartPoser accuracy to other arm track-
ing systems that also do not require special instrumentation (i.e., no new or exotic
sensors worn on the body) or external infrastructure (i.e., entirely self-reliant and
work on-the-go). While these systems were evaluated on different datasets, I be-
lieve it is applicable to compare them to SmartPoser.

ArmTrak [254] achieved a real-time median error of 12.0 cm for elbow and
13.3 cm for wrist while performing free motions with the arm (accuracy was higher
when using an offline model). Of note, ArmTrak required participants to stand still
(i.e., feet planted without the ability to change body orientation), unlike Smart-
Poser. IMUPoser [201] did not report median error, but achieved a combined
real-time mean error of 21.6 cm for all arm joints and 26.9 cm for just the wrist.
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MUSE [253] only estimated position at the wrist for 5 participants and achieved
a real-time (10 Hz on a desktop computer) median error of 13.0 cm for motions
when the body moves around. Compared to these works, my system achieved a
real-time (25 Hz) median error of 11.0 cm for the shoulder and wrist, and 13.3 cm
for just the wrist.

5.6 Example Uses
Arm pose tracking (and body pose more broadly) has been well-motivated in prior
work. My system does not enable any new applications per se, but rather makes
them more practical — able to run on off-the-shelf consumer hardware many peo-
ple already own. For this reason, I do not re-implement any application demos,
and instead point to the literature for motivating use cases. Please see my Video
Figure for real-time demos.

Fitness - Arms are involved in many exercises, and thus tracking the arms
has obvious and immediate utility for fitness-oriented applications. The most
straightforward are applications that automatically track rep counts for lifting free
weights, jumping jacks, jump rope, and similar activities. One could also imagine
a smartwatch assistant verbally guiding a user through a tai chi routine, automati-
cally advancing steps. It may even be possible to track exercise form for personal-
ized feedback; for example, proper extension of the arm when hitting a punching
bag or form when shooting a basketball.

Rehabilitation - Tracking of the arms could also prove useful in rehabil-
itation (e.g., rotor cuff injuries). For example, continuous background tracking
could supplement periodic sessions with physical and occupational therapists by
monitoring arm metrics such as total motion, duration lifted, maximum extension,
and maximum height reached. It could even be that appointments are automati-
cally scheduled if there is limited progress or performance loss in a given metric.
Alternatively, instead of passive, background monitoring, arm tracking could be
employed in interactive rehabilitation applications. For example, an app could
guide users through a series of balance exercises or reaching tasks. Such apps
could not only automatically advance steps, but provide instructive feedback and
encouragement.

Life Logging - Arm tracking could allow for new types of activities to be
automatically tracked for life logging purposes. For example, it might be possible
to track cigarette consumption (repeatedly raising one’s hands to the mouth with
a particular cadence) as part of a smoking cessation effort. Likewise, detecting
periods of food consumption may also be possible for dieting apps. It may also be
possible to log domestic activities, such as cooking, cleaning, vacuuming, folding
clothes, and putting away dishes.

Occupational Safety & Training - Many forms of manual labor employ
the hands, such as carrying boxes, stacking groceries, picking vegetables, driving
a truck, laying bricks, mowing lawns, painting a house, cleaning windows, etc.,
which could be tracked to ensure workers are not fatigued, exploited or injured,
e.g., Repetitive Strain Injury (RSI) [105], Hand-Arm Vibration Syndrome (HAVS)
[255]. It may even be possible to detect improper handling of power tools or heavy
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equipment to improve site safety. Training on how to properly handle a tool could
also happen via a companion smartwatch app.

Gaming - The commercial success of titles like Nintendo Wii Sports (the
fourth best-selling video game of all time [304]) and XBox’s Dance Central fran-
chise ushered in a new era of more physically-oriented games. While some mobile
games have taken advantage of inertial or spatial data, none have leveraged arm
pose to date. In particular, this could be an interesting opportunity to make smart-
watch games larger and more interesting than their diminutive screens might oth-
erwise allow. For instance, users could practice their golf swings or frisbee throws,
with the watch reporting on achieved range and form quality. While I only consid-
ered arm pose tracking with the phone stored in the pocket, my technique should
also extend to a phone held in the hand (with a different machine learning model).
This would allow for gaming experiences with coordinated graphics. More specif-
ically, the user would look at a game running on the phone held in one hand, with
the other hand free to perform game actions, such as throwing a ball or fighting
with a sword.

Context-Aware Interfaces & Assistants - Devices that are context-aware
can automatically summon relevant interfaces and information to augment a user’s
activity. Arm pose is a useful piece of information that could improve the accuracy
and breadth of prior context sensing work (using e.g., environmental sounds [150],
bioacoustics [153], movement data [151]). For instance, arm pose tracking could
help disambiguate if a user is driving an automobile vs. being a passenger. As
discussed in the above subsections on Life Logging and Occupational Safety and
Training, there is a long tail of arm-centric activities that could be automatically
detected, which could launch context-aware functionality.

5.7 Limitations
I believe my proof-of-concept implementation demonstrates the feasibility of my
method, but there are nevertheless limitations of note. First among these limita-
tions is that my current work only considers the case when the phone is stored
in a front pocket, a common but not ubiquitous placement [120, 234]. In general,
my pipeline should scale to other pocket locations, including rear pants pockets,
and potentially even cycling jersey pockets and fanny packs. However, when the
phone is taken out and held in the hand, and can exist in many possible positions
with respect to the body, a third spatial reference would be required (potentially
head position captured via the phone’s user-facing camera or earbuds with UWB).
There already exists work that can automatically detect pocket vs. hand phone
placement [98, 303], which could toggle between different models.

Another piece of information I need is which pocket a user typically stores
their phone and which wrist the user wears a watch, which could be captured dur-
ing a one-time setup wizard. Even with all this data, the user still needs to perform
a calibration procedure, which is a limitation of my current implementation. This
process is described in the Evaluation section, but briefly here, participants in my
study had to hold the devices near each other, then assume a T-pose with their
arm to orient the IMU reference frames (e.g. to offset how the phone is placed
rotationally in the pocket). While inconvenient to perform once, I found the sys-
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tem was able to maintain its calibration for an extended period of time. I note the
T-pose used is not special and could be replaced by a pose users more naturally
perform, such as arm by side (potentially auto-detected using UWB distance). If
the calibration process could be condensed to a single gesture, such as holding the
arms by the side of the body, I imagine there are many contexts in which it would
be acceptable to do this once at the beginning of an activity, such as starting a
workout or a rehab session. This is one aspect where the enhanced tracking mode
for the iOS UWB API mentioned in the Implementation section could be particu-
larly useful. This mode provides both distance and 3D angles between the phone
and watch. Thus, if the watch was held in the phone’s FoV cone, the phone would
know its absolute position relative to the watch and could use this to use this data
to calibrate the IMU reference frames automatically.

One additional issue is that many people do not carry their phone in their
pocket at all [120, 234]. Feminine clothing lacking functional pockets [266] is a
prominent example. People may opt to carry their phone in a bag or purse. Track-
ing watch position with a phone in a bag is a more challenging problem than a
phone in a pocket because, while there is variation in pocket design, the phone is
located in the same area on the body in the majority of cases. This is not true of
bags where the space of possible phone locations is much larger. Since the phone
could move inside bags, I do not expect SmartPoser to work well in such situations.
However, as a solution, instead of using a phone, my system could generalize to
other devices that are worn in static locations and may become UWB-enabled in
the future, such as smart glasses or earbuds.

5.8 Summary
In this chapter I presented SmartPoser, a system that enables 3D arm pose tracking
using an off-the-shelf smartphone and smartwatch in their normally-worn posi-
tions. In my approach, I build upon a state-of-the-art bidirectional LSTM model
for arm pose prediction and fused more traditional inertial data with new UWB
time-of-flight range measurements between the two devices. Independent of us-
ing commodity devices, this technique is novel as UWB ranging has never been
used to augment IMU data in a wearable pose tracking system before. Through
a user study involving real-world activities and gross arm motions, my approach
yielded a median positional error of 11.0 cm for the wrist and elbow joints, with
no user data in the training set. This is a level of tracking fidelity that has only
been achieved in the past through full-body instrumentation with IMUs or UWB-
instrumented environments. Overall, by achieving this result in this consumer
form factor, I believe SmartPoser provides a realistic pathway for arm-based track-
ing and interactions to be adopted for widespread use.

In the next chapter, I will take a different approach to the one I used in Smart-
Poser and instead create a wearable utilizing entirely bespoke sensors. This device
senses not only the arm pose of the user, but also can generate a 3D representation
of their hand and objects currently held in the hand.
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Chapter 6

Multi-View Depth Sensing From
the Wrist

This chapter was adapted from my published paper:

Nathan DeVrio, Chris Harrison. 2022. “DiscoBand: Multiview Depth-Sensing Smart-
watch Strap for Hand, Body, and Environment Tracking” Proceedings of the ACM
Symposium on User Interface Software and Technology (UIST ’22).

6.1 Introduction
Hands are the chief appendage with which humans manipulate the world around
them, and for this reason, digitization of the hands for use in interactive comput-
ing systems has been sought after for half a century [54, 354]. Applications vary
tremendously, including smart environments with hand tracking [33], sign lan-
guage recognition [268], gesture sensing smartwatches [55, 80, 111, 134, 345], and
whole-hand replication in virtual reality for object manipulation [140].

Approaches generally fall into one of three categories. First, I can instrument
both the user and the environment, for example with optical [287], acoustic [228],
magnetic [225, 231] or other markers worn by the user and sensed by external

Figure 6.1: DiscoBand is a smartwatch strap (A-C) featuring sixteen ultra-small, multi-zone depth
sensors (closeup of two sensors in B) looking outwards and towards the hands (green and red frus-
tums in D), which capture a fisheye point cloud (E). Many interactive uses are possible, including
arm and hand pose tracking.
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sensors. Second, it is possible to instrument only the environment, for example
with cameras and use computer vision to track a user’s body pose [41]. Finally, I
can instrument only the user, for example with body-worn IMUs [322], cameras
[262], and many other types of active and passive devices (which I review later).
The latter category has the significant benefit of being mobile (i.e., self-contained
and not limited to a specially-instrumented room), and generally encounters less
occlusion from objects in the environment (e.g., furniture) and the user themselves,
depending on the instrumentation point.

The wrist is a particularly popular instrumentation point from which to sense
the hands for three key reasons. First and foremost, it is a common place to wear
jewelry, watches, and other bands. Second, it is a highly practical location to affix
a small device to the body [78]. And third, wrists are proximate to a user’s hands,
offering the potential for superior data capture. For these same reasons, I too fo-
cus on the wrist location. Also similar to prior work, I employ optical sensors to
capture the hand pose. However, as I will discuss, many prior systems employ-
ing such sensors have had to elevate components centimeters above the skin in
order to achieve reliable line-of-sight, which results in form factors less amenable
for consumer adoption. Additionally, techniques using cameras tend to elevate
privacy concerns (unless otherwise noted, when I discuss ”cameras” in regards to
related work, I am referring to commonly-used, high-resolution, RGB or infrared
cameras).

In response, I set out to create a sensor band that is comparable to a smart-
watch strap: thin and self contained. For this, I use low-resolution (8×8 pixels),
ultra-small (4.9×2.5×1.6 mm) depth cameras. To mitigate natural occlusion (e.g.,
fingers blocking line-of-sight to other features), I use eight sensors distributed
around the periphery of the wrist (Figure 6.1, B & D, red frustums). When one
view is occluded, the others are generally not, and in this manner they can work
together to composite a live 3D point cloud (Figure 6.1E, red points) and resolve a
probable hand pose.

My band also features eight additional depth sensors facing outwards (i.e.,
normal to the skin; Figure 6.1B), which I use to track the arm and upper body (Fig-
ures 1, D & E, green frustums and points). Taken together, these sixteen depth
cameras capture a fisheye-like 1024 point cloud (Figure 6.1E), the rays of which
are reminiscent of a disco ball reflecting light, and so I dubbed my prototype Dis-
coBand (Figure 6.1). The sensors I use have a range of 4 m, allowing me to also cap-
ture the proximate environment, opening other application areas discussed later.

Overall, DiscoBand offers a unique combination of features and properties
that differentiate it from prior work. First and foremost, my band is thin, and
could be plausibly integrated into future smartwatches. Second, my multi-view ap-
proach is inherently more robust to occlusion than single-view methods. Third, my
low-resolution depth data is more privacy preserving than conventional camera-
based wrist systems. Finally, my band’s unique design and data opens entirely
new capabilities not previously demonstrated with wrist-worn setups, including
the ability to estimate user upper body pose, detect held objects, and scan the
environment for obstacles and contextual clues. In this paper, I document the im-
plementation of DiscoBand and different example applications I explored, as well
as report results from a series of user studies that underscore the potential of my
approach.
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Figure 6.2: A high-level overview of wrist-worn, hand tracking methods. I include reference
system(s) for each method, which I then evaluate across a range of desirable qualities. Orange
tildes are used when the capability is system-dependent (and less innate to the method). *Capable
of low-power operation using the next generation of sensors [270].

6.2 Related Work
I now review three key areas of related work. First, I describe the many disparate
application domains that can benefit from hand and arm pose tracking. I then
move to a brief survey of hand and arm tracking systems worn on the wrist, but
which sense the hands and body using indirect means. I conclude with a discussion
of systems closest to my own: wrist-borne systems that use sensors to directly
measure the physical configuration of the hands and arms.

6.2.1 Applications of Hand & Arm Pose Tracking
Gesture and pose tracking of both the hands and arms have been long standing
goals in the field of Human-Computer Interaction (HCI). At a basic level, gesture
and pose tracking can be used to augment existing devices, such as smartphones,
with alternate input channels for interaction. Examples of this include zooming by
pinching the index finger and thumb together [323], dismissing notifications with
a flick of the wrist [30], and sign language input [268]. Recognition of specific key
poses is particularly important in domains such as eating monitoring and medi-
cation adherence in healthcare [62, 235, 348], form correction in fitness [251, 276],
avatar representation in virtual reality [49,244], and remote control of robots [291].
Whole-arm pose tracking has also been explored for in-air gestures for handwrit-
ing [334] and mapping symbolic body language to emojis [144].

6.2.2 Wrist-Borne Indirect Sensing
One approach to gesture tracking is through indirect sensing of measurable fea-
tures that indicate the presence of a pose/gesture without ever imaging the shape
of the body itself. Among the many methods in the literature, I was most inter-
ested in those that involved sensors worn on the arm or wrist, as this was most
similar to my setup.

One of the most popular methods for indirect hand gesture sensing is elec-
tromyography (EMG), which measures the electrical activity of muscle tissue. Many
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systems have implemented this technique because it is relatively non-invasive
[137, 148, 173]. Similar techniques that also measure muscle contraction include
using air pressure bladders affixed to the forearm [134] and resistive strain sensors
on the wrist or back of hand [55, 165].

Another common technique for indirect hand sensing is tomography, which
tracks pose configuration by emitting excitation signals into the forearm and mea-
suring how the received signal changes based on shifts in the internal composition
of the arm. There are many different ways to perform tomography, some involving
infrared light [188, 217] or ultrasound [125, 189], while others use pair-wise elec-
trical impedance measurements from electrodes surrounding the arm [345]. Less
common indirect hand-sensing techniques include acoustic measurements (both
active [205,264] and passive methods [95]), capacitive sensing [236,284], and mea-
suring skin deformations on the back of the hand [278].

The last major indirect technique – detecting movement with inertial mea-
surement units (IMUs) – is used for both hand tracking [302, 326] and whole-arm
tracking [32, 67, 172, 254]. Advantages of IMUs include their ability to detect ges-
tures beyond just the hand and their ubiquity in many of the smart devices users
already own. It is worth mentioning that historically IMUs have been the only ma-
jor technique that has been used for tracking arm pose using wrist-borne sensors.

6.2.3 Wrist-Borne Direct Sensing
Most similar to the sensing technique that DiscoBand employs are on-wrist sys-
tems that directly image the physical form of the hand or arm they are attempting
to track. Within this category there are many different imaging sensors used.
In past years, the two most popular methods have been 1) arrays of IR emit-
ters/detectors positioned around the wrist that capture a single depth value per
detector [80,81] and 2) single cameras mounted above the wrist of many varieties,
including RGB [14,46,313], depth [267], thermal [327], and infrared [140,296,330].
Although not technically a wrist-borne system, ThumbTrak uses IR rangefinders
in a ring array to capture finger micro-gestures [279]. Another prominent cate-
gory of sensing is ultrasonic, ranging from single-sensor measurements [166] to
complex beamforming arrays [124].

While often having superior SNR due to direct tracking of the hand, a com-
monality of the above systems is the need to operate significantly above the surface
of the arm to achieve sufficient line of sight to e.g., the fingers [14, 140, 267]. Even
still, if the wrist bends away from the sensor, most of these systems will lose track-
ing due to occlusion [313, 330]. One of the differentiating features of DiscoBand
is that it aims to mitigate this occlusion problem by capturing depth maps from
many overlapping view points around the wrist. This multi-view approach is un-
derexplored, with the exception of FingerTrak [111], a hand tracking system using
four thermal cameras positioned around the wrist. FingerTrak’s thermal cameras
are low resolution (32×24 pixels), and thus, like DiscoBand, the system is more pri-
vacy preserving relative to those employing high-resolution cameras. Of course,
the two systems are quite different in terms of number of sensors used (and thus
views captured; 4 vs. 16) and the type of sensor data captured (temperature vs.
distance).
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Finally, the most related systems from a sensing standpoint are WristWhirl
[80] and RotoWrist [245], which track continuous wrist angle using small infrared
range finders (depth sensors). The latter sensors are very similar in style and op-
eration to the sensors I use, but are not multi-zone. In other words, WristWhirl’s
twelve and RotoWrist’s eight sensors provide exactly that many distance measure-
ments, whereas DiscoBand’s sixteen sensors provide 1024 points in a 3D volume.
Moreover, the specific sensor I use has a larger field of view, allowing DiscoBand
to capture an aggregated fisheye-like point cloud. These improvements allow me
to consider new and interesting use cases, discussed later.

Beyond IMUs, there has been relatively little work on wrist-borne arm track-
ing. Notable among non-IMU methods is work by Hori et al. [109], which used
a wrist-mounted 360° camera to estimate full body pose. With a resolution of
4992×2496, there are obvious privacy implications, and the apparatus itself is ap-
proximately 10 cm in height. Even still, there is significant self occlusion, which
has been an issue for other worn, single-camera, pose tracking systems. DiscoBand
contributes a new method for arm pose tracking which is comparatively practical
and compact.

6.3 Implementation
DiscoBand is a combination of hardware and software contributions working to-
gether to enable a series of use cases, which I subsequently evaluate. In this sec-
tion, I detail the implementation of these components.

6.3.1 Hardware
My early hardware prototypes consisted of a series of linked rigid PCBs (exam-
ple prototypes shown in Figure 6.3, top row), but these were awkward to wear
and increased the height from the skin, one of the design parameters I sought to
minimize. My final design (Figures 1 and 6.4) features two flexible PCB ”wings”
that permit my prototype to be closely wrapped around a user’s wrist, emulat-
ing a smartwatch strap. Figure 6.3 (bottom row) offers a mockup of a commercial
implementation using a flexible PCB over-molded in silicone.

The most notable component I use is STMicroelectronics’ VL53L5CX time-of-
flight (ToF) ranging sensor (Figure 6.1B, green and red highlights). This diminutive
surface-mount component is able to capture an 8×8 depth image at 15 FPS, up to a
range of 4 m. It uses a 940 nm class 1 laser, which is eye safe. Eight of these sensors
face outwards from my band (i.e., normal to the skin), where they can image the
wearer’s body and environment. Each sensor has a 45° horizontal field of view,
so that together, the eight sensors provide a 360° point cloud (Figure 6.1D, green
frustums). A second set of eight sensors faces towards the user’s hand (i.e., parallel
to the skin), sitting on flexible PCB tabs that bend upwards. These sensors have
overlapping field of views (Figure 6.1D, red frustums), but because they operate
from different vantage points, they are able to image parts of the hand that might
otherwise be occluded in other sensor views.

All sixteen VL53L5CX sensors are controlled by an STM32L431 microcon-
troller, which sits on a small rigid PCB to which my two flexible PCBs attach. I
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Figure 6.3: Two early DiscoBand prototypes
made from rigid PCBs (A & B). A physical
mockup of how DiscoBand could appear in a
commercial form factor (C & D).

Figure 6.4: A photo and PCB layout of my final
DiscoBand prototype, which can also be seen in
Figures 1, 5-8, 13-16.

use all three of the chip’s independent I2C buses to maximize sensor throughput.
The rigid board also features a BNO055 9-DOF IMU (three axis inertial data, ab-
solute orientation, and magnetometer), 64 kB FRAM, and analog power circuitry
for the sensors. Using a modular serial port, my sensor band can run over USB
(for power and data) or be battery powered and communicate over Bluetooth. I
discuss power consumption in Section 6.8.

6.3.2 Firmware
My firmware handles three main responsibilities: interfacing with the depth sen-
sors, packaging data frames, and transmitting them from the watch to a computer
for processing. I note that in the future, all processing could occur on the watch it-
self, as the latest generation of smartwatches contain very capable processors and
machine learning hardware accelerators. To maximize my framerate, I utilize all
three I2C busses on the STM32L431 microcontroller, and also use direct memory
access (DMA) to free the processor for other parallel tasks. One bus is devoted
to each wing’s array of hand-facing depth sensors, while the third bus communi-
cates with all of the outward-facing sensors. I found that the VL53L5CX sensors
do not significantly interfere with one another even when operating simultane-
ously, and I can further select sensor pairs that are on opposite sides of the body
to further reduce any interference. This strategy allows me to overlap as many
as three sensor read requests at once (two hand-facing sensors and one outward-
facing sensor). Rather than wait for all sensors to be read before transmitting a
single data frame, I send sensor values piecemeal as they become available, which
helps to reduce latency. As I have half as many sensors on my two hand-facing
sensor buses, I can receive all hand-facing depth maps at 7.3 FPS. For my single
bus of eight outward-facing sensors, my band runs at 3.7 FPS, and this is also the
frequency at which I send 9-DOF IMU data. This data is transmitted over serial
via USB or Bluetooth. I note that the depth sensors I use can go up to 15 Hz, and
that my prototype’s slower framerate is primarily a consequence of using a single
low-cost microcontroller and sending data back to a computer. If a superior pro-
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Figure 6.5: DiscoBand’s depth sensors capture different views of the hand, which can be compos-
ited into a unified 3D point cloud. In this example sequence, the user uncurls their fingers, which
is apparent in the point cloud data.

cessor was used, enabling on-device compute, both of these bottlenecks could be
eliminated.

6.3.3 Compositing Multi-View Point Clouds
Although my flexible PCBs can deform, the relative geometry of the sixteen depth
sensors is largely constrained. If I take into account a user’s wrist circumference
(which could be entered once during a setup wizard), I can make even tighter
estimates. I use this geometry to composite all sensor data into a unified point
cloud, as shown in Figure 6.5. I can orient this point cloud in three ways, useful
for different applications. First, and most simple, is to keep the point cloud aligned
to the wrist’s coordinate system (essentially the band’s first person view). Second,
I can rotate it to align with the world using the BNO055’s gravity and magnetic
north vectors. Finally, I can align it to the wearer’s body, using my upper body
tracking described later. At this stage, I also perform basic signal filtering to reject
outlier or intermittent noisy depth values, which improves the robustness of my
downstream example applications.

At present, this multi-view compositing process occurs on a laptop using a
custom application I wrote in Python. This app also offers a real-time visualization
of the unified point cloud, with the ability to toggle on and off individual sensors,
which was helpful for debugging and exploring possible use cases. However, I
note that my compositing process is not computationally expensive, and could
occur on the smartwatch in the future, as could the machine learning components
described in the next section.

6.4 Example Uses & Implementations
My primary motivation for creating DiscoBand was to enable arm and hand pose
tracking. My band’s design reflects this, with two rings of depth sensors explicitly
targeted for these applications. For these primary use cases, I built functional,
real-time implementations, which I evaluate in a later user study. However, during
my development process (and particularly after I was able to visualize the multi-
view point clouds generated by my band), many additional uses came to light.
These application areas, explored but not rigorously implemented, are described
in Section 6.7.
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Figure 6.6: Four example arm poses (top row)
alongside real-time output of DiscoBand’s arm
pose pipeline (bottom row).

Figure 6.7: Four stills of example hand poses
(top row) alongside renders of the 21 hand pose
joints predicted by my model (bottom row).

Figure 6.8: Left: photo of example hand pose. Right: the three virtual view depth maps my pipeline
creates as features for hand pose estimation.

6.4.1 Arm Pose Tracking
Tracking a user’s arm relative to their upper body has applications in context sens-
ing (e.g., activity detection), fitness (e.g., rep counting), rehabilitation (e.g., range
of motion tracking), and other domains. As discussed in Related Work, the most
common way this data is captured today is with external sensors, such as cam-
eras placed in a room. There are comparatively few self-contained, worn systems
that track the arm and upper body in the literature, with the most popular method
being worn IMUs requiring per-worn-session calibration.

For this application, DiscoBand uses data from its eight outward-facing depth
sensors. The raw point cloud data is geometrically complex, and thus I sought an
efficient way to reduce dimensionality. For this, I cluster the point cloud using
DBSCAN [69] (min cluster size 16, max inter-point distance of 75 mm) and iden-
tify the closest large cluster (generally the user’s torso). I then compute the phi,
theta, and distance values as machine learning features. I also include the absolute
orientation of the wrist (three Euler angles) provided by my band’s IMU.

To capture ground truth arm pose for training, I use an RGB webcam and
BlazePose [25] via MediaPipe Pose [83], which provides 3D estimates for 33 body
keypoints. Of these, I save six keypoints: the left wrist, left elbow, left shoulder,
right shoulder, left hip and right hip. In cases where a user wears a smartwatch
on their right hand, I would capture right wrist and right elbow instead. I use
SciPy’s ExtraTreesRegressor (default parameters) to predict the aforementioned
six upper body points, with the midpoint between the two hip joints as the root
node. Example tracking is shown in Figure 6.6 and my Video Figure.
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Figure 6.9: The ten terminal arm poses used in my study. Top row: Reference pose images. Bottom
row: point cloud of body as seen by the eight outward-facing sensors.

Figure 6.10: The ten terminal hand poses used in my study. Top row: Reference pose images.
Bottom row: palm-normal-view synthetic depth maps (see Figure 6.8) of the hand as captured by
the eight hand-facing sensors.

6.4.2 Hand Pose Tracking
More widely explored in the literature is hand pose tracking, which has immedi-
ate applications in VR input (e.g., grasping objects), free-space interactions (e.g.,
gestural control of IoT devices), and activity detection (e.g., carpal tunnel mitiga-
tion). I note that data capture inevitably suffers from heavy hand self-occlusion,
and when rendered as a point cloud (examples in Figure 6.5), the data more resem-
bles that of a 3D convex hull. Nonetheless, the external geometry that is captured
is indicative of many different hand poses.

As with arm pose tracking, I featurize the point cloud to provide a lower-
dimensional representation that is both descriptive and stable. More specifically, I
create three synthetic 14×14 depth maps looking at the hand from different virtual
viewpoints: looking down the palm normal, along the arm’s axis, and a side view
of the hand (pinky finger closest to virtual camera). An example of these three
views for a thumbs-up pose can be seen in Figure 6.8.

For ground truth data capture, I use a webcam and MediaPipe Hands [82,174],
which provides 3D coordinates for 21 hand keypoints. In pilot testing, I found this
software offered better tracking accuracy and stability than a Leap Motion Con-
troller, which is often used in such experiments. My model (SciPy ExtraTreesRe-
gressor, default parameters) predicts MediaPipe’s 21 hand keypoints. Example
hand pose tracking can be seen in Figure 6.7.
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6.5 Evaluation Procedure
To evaluate the efficacy of my multi-view depth sensing approach, I recruited ten
participants (mean age 25, all right-handed) for a 60 minute study, which paid $20
in compensation. The study was conducted in a standard office space with large
pieces of furniture nearby and next to a set of large windows letting in outside light.
After a brief orientation, participants were fitted with DiscoBand, proceeding once
they felt comfortable. I then recorded six body measurements: shoulder width,
arm length, wrist diameter, palm width, band to wrist crease distance, and band to
middle finger tip distance. These values are passed to my machine learning models
as user descriptors, and also used to normalize my data in analysis.

My procedure was divided into two parts, starting with an arm pose study.
Lacking a common set of arm poses from the literature to work with, I devised my
own set of ten poses, exemplifying a variety of arm movements. In designing my
arm pose set, I aimed to capture 1) a variety of joint movements (shoulder/elbow)
and 2) joint orientations, as well as poses that 3) provided varied spatial endpoints
(i.e., above/below the shoulders, as well as in-front/to-the-side of the body). Im-
portantly, I was not just considering the poses as static endpoints, but also con-
sidering variation in the dynamic movements between poses. Pictures of my final
pose set can be seen in Figure 6.9.

These poses were visually requested using a computer monitor. Participants
were instructed to slowly move their body to match and then hold that pose for a
few seconds, after which the monitor showed the next arm pose to be performed.
One round of data collection consisted of all ten arm poses in a random order. Ten
rounds of data were collected in this manner, which formed one session of data.
DiscoBand was then removed and participants were given a few minutes break.
The band was then re-worn and a second session of data was collected.

Importantly, I did not just record data at the terminal arm poses, but rather
continuously throughout the experiment. This provided significantly more pose
variety (and tracking challenge) than a defined pose set. Consider, for instance,
all the intermediate pose states between the salute pose and hands-on-hips. In
essence, each round of data capture can be thought of not as ten random pose tri-
als, but rather as nine paired pose transitions (90 possible pairwise combinations).
For ground truth 3D body pose, I used a webcam (1 m away) and BlazePose [25]
running on MediaPipe Pose [83], which provides 33 body keypoints at 30 FPS.
Each time my band transmits a frame of data, it is saved alongside the most re-
cent BlazePose output. Across my ten participants, this data collection procedure
yielded 50,000 body pose instances.

Next, my study moved to hand poses. This procedure was similar to arm
pose, this time with a ten-gesture hand pose set drawn from the literature [124,
134, 345] (Figure 6.10). As before, a computer monitor requested the hand pose,
and participants slowly moved their hands to match, holding the pose for a few
seconds, before continuing to the next trial. One round of data collection consisted
of all ten hand poses requested in a random order, and ten rounds were collected
per participant to complete one session. As before, two sessions of data collection
were completed, with a break in between when the band was removed. To capture
ground truth hand pose, I placed a webcam 25 cm below the participant’s hands,
looking upwards. I use MediaPipe Hands [82, 174] to estimate the 3D hand pose

58



6.6. RESULTS & DISCUSSION

Figure 6.11: Hand pose study per-joint position error averaged across all participants for 21 hand
keypoints. My lowest mean per-joint position error was 11.7 mm for within-session.

(21 keypoints) which, like before, is recorded in each frame of data. Across all ten
participants, this collection procedure yielded 100,000 hand pose instances.

Similar to arm pose, I recorded the continuous motions between hand poses
and not just the terminal poses. With this process, I was able to collect data and
eventually track hand movements down to the granularity of individual fingers.
Tracking of individual finger movements specifically occurred during the evalua-
tion when performing transitions such as Fist → Thumbs up and Relax → OK and
can also be seen in my Video Figure.

6.6 Results & Discussion
For my evaluation, I was interested in investigating DiscoBand’s performance in
predicting arm and hand pose when moving continuously between poses in my
gesture sets. In addition, I also wished to quantify performance stability for a single
user across multiple worn sessions, and across multiple users. To accomplish this, I
compared my regression model results against the BlazePose ground truth in three
separate analyses of within-session, cross-session, and cross-user performance.

6.6.1 Within-Session Performance
I conducted an investigation of within-user continuous joint error to simulate the
performance of the system when it is calibrated to each user when first worn.
I train/test my model using a modified k-fold cross validation procedure (k = 5)
whereby I divide the data in the two session into 5 folds each, and then select
one fold from each session to concatenate into a test data set and concatenate
the remaining 8 folds into a training set. Of note is that all folds were divided at
gesture transitions and data was not shuffled, ensuring there was never training
and testing on data from the same instance of a performed gesture. I averaged the
results from all 25 fold combinations to estimate within-session performance for a
single user, and repeated this process for all users. Combining the per-user results,
I then calculated mean per-joint position error (MPJPE) across all participants,
which is shown along with standard error bars in Figure 6.12 for arm pose tracking
and Figure 6.11 for hand pose tracking (dark blue bars).
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Figure 6.12: Arm pose study MPJPE across all participants for six upper body keypoints. Within-
session accuracy was the strongest, with a MPJPE of 8.8 cm for the arm joints (keypoints 0 & 1)
and 5.9 cm for all upper body points.

For within-session arm tracking, I found an MPJPE of 8.83 cm (SD=2.83 cm)
for the arm joints (wrist and elbow) and 5.88 cm (SD=2.75 cm) for all upper body
points. The maximum joint error was 11.05 cm for the wrist, which is expected
given that it has the greatest range of motion and is furthest from the root node.
When viewing arm pose prediction outputs, the most common observation was
that the model would get the general arm gesture correct, and any error often arose
from the fine pitch of the elbow or shoulder joint bends.

For within-session hand tracking, I found a MPJPE of 11.69 mm (SD=2.37
mm) and a maximum joint error of 21.84 mm (tip of the middle finger). Joint error
decreases for each finger joint moving inwards from the distal end, as one would
expect. Error was lowest at the middle finger metacarpal joint, rather than the
wrist joint, because when the hand pitches MediaPipe returns keypoints rotated
about a root close to that joint rather than the wrist, giving it the smallest range
of motion.

6.6.2 Across-Session Performance
In addition to testing performance in single worn sessions, I also wished to test
reproducibility, namely the ability to have stable performance each time the user
puts on the band without the need for retraining. To test across-session perfor-
mance, I evaluated my model with a simple leave-one-session-out cross validation,
whereby I first train on data from session one and test on session two, and vice
versa, averaging the results to obtain performance for a single user. This process
was repeated for all users and all per-users results were combined to calculate
MPJPE as shown in Figure 6.12 for arm pose tracking and Figure 6.11 for hand
pose tracking (orange bars).

For cross-session arm tracking, I found a MPJPE of 12.16 cm (SD=4.32 cm)
for the arm joints (wrist and elbow) and 7.40 cm (SD=3.28 cm) for all upper body
points. For cross-session hand tracking, I found a MPJPE of 17.87 mm (SD=2.89
mm). In both studies, but especially for hand tracking, there was a noticeable in-
crease in error when testing cross-session performance. This is almost certainly
due to the band varying slightly in worn position across sessions, and given the
model is only trained on data from one session (i.e., one location), it cannot ex-
trapolate to other locations. It seems likely that more varied training data would
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Figure 6.13: In these paired examples, I can see how DiscoBand is able to image the other (unin-
strumented) arm. For illustration, the real point clouds have been rotated to match a greyscale
reference photo.

be of great benefit. For arm pose tracking, the effect is less severe as surfaces are
both farther away and more coarse. Finally, I note that cross-session robustness
is often a challenge for worn sensor systems, and DiscoBand is no exception. As
one point of reference, FingerTrak [111] saw a 127% increase in error when mov-
ing from within-session to cross-session testing (vs. DiscoBand’s 53% increase in
error).

6.6.3 Cross-User Performance
Beyond testing performance for individual users with custom models, I also wished
to evaluate the ability of my system to be trained once (i.e., model flashed at the fac-
tory) and work for all users. To investigate this, I performed a leave-one-user-out
cross validation, where data from nine participants was used for training and the
tenth for testing. This process was repeated for all possible combinations of par-
ticipants and the results were averaged to calculate MPJPE. The results are shown
in Figure 6.12 for arm pose tracking and Figure 6.11 for hand pose tracking (grey
bars).

For cross-user arm tracking, I found a MPJPE of 12.42 cm (SD=2.97) for the
arm joints (wrist and elbow), and 8.24 cm (SD=2.96) for all upper body points.
For cross-session hand tracking, I found a MPJPE of 19.98 mm (SD=3.29). I was
surprised to find that for the wrist joint, the most important for arm pose tracking,
there was almost no increase in error moving from cross-session to cross-user.
This is in contrast to other approaches (e.g., EIT, tomography) which often see
significant drops in performance across multiple users [125, 345].

6.7 Future Use Cases
As discussed in Section 6.4, my DiscoBand implementation focused on two core
use cases: arm and hand pose tracking. However, over the course of more than
a year of development, I identified several other interesting use cases. Although
only brief explorations with basic implementations, I believe they convey how
DiscoBand is an enabling technology with many interesting uses.
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Figure 6.14: Example point clouds of various hand-held objects as captured by DiscoBand’s eight
hand-facing depth sensors. For illustration, the real point clouds have been rotated to match a
greyscale reference photo.

Figure 6.15: Example single-frame point clouds as the user approaches a laptop to begin work.
Green and red point clouds are from outward- and hand-facing depth sensors, respectively. In the
right two examples, the hand-facing sensors capture the geometry of the keyboard and screen of
the laptop.

6.7.1 Bimanual Activities
While prior work has shown that smartwatches can be used to detect activities
performed with the hand (see e.g., [150, 151, 153]), they are inherently limited by
the fact that users wear one smartwatch on one arm. Worse still, the most com-
mon location to wear a smartwatch is on the non-dominant hand; if an activity is
performed with the other (dominant) hand, it is likely impossible to detect.

In the case of bimanual activities — such as cutting food on a plate, steering
a car, typing on a keyboard, riding a bicycle, tying one’s shoes, or performing
jumping jacks — DiscoBand can provide useful data. These examples are illustrated
in Figure 6.13 where I can see DiscoBand readily captures the other arm using its
outward-facing depth sensors. The resolution is crude at present, permitting only
arm detection and angle estimation. However, forthcoming advances in sensor
resolution will greatly enable this use case. I speculate that virtual IMU data could
be synthesized by tracking the opposing arm mass, such that a single smartwatch
has inertial data for both hands, which would be a huge boon to many context
sensing applications.

6.7.2 Ad Hoc Touch Tracking
My band’s hand-facing depth sensors not only capture the hand, but also objects
and surfaces in front of the hand. These surfaces could be opportunistically ap-
propriated for ad hoc touch input [97]. To explore this opportunity, I created a
functional application that can detect touches and basic 2D gestures on ad hoc
surfaces. To detect everyday planar surfaces (uninstrumented walls, tables, coun-
tertops, etc.), I run Optimal RANSAC [101] on the point cloud (ignoring points
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Figure 6.16: As the user turns, a higher-resolution, multi-frame point cloud of the office is built
up. Note the ajar door to the left is captured.

further than 50 cm away). This process identifies and fits a plane to the point
cloud, if one exists. For “click“ detection, I extend a ray from the band and test
for collision with the fitted plane at the tip of the index finger (a distance I mea-
sure per user, but which could be captured once in a setup wizard). I note a more
advanced version of my software would detect a pointing gesture using my hand
pose pipeline, but I did not combine these two processes. Finally, once the user
has ”clicked” a surface, my band tracks in-plane 2D gestures using its IMU (see
Video Figure).

6.7.3 Held Objects
My eight hand-facing depth sensors are not only capable of imaging hand pose,
but also objects held in the hand. Figure 6.14 includes example point clouds for
a coffee cup, water bottle, notebook, duffle bag, grocery bag, umbrella and door
handle. I threshold depth values further than 1 m, as these are unlikely to be an
object held in the hand.

The low-resolution nature of my point clouds will naturally lead to confusion
among objects if only geometry is leveraged for classification. However, machine
learning could utilize two other important pieces of information. First is distance
the object appears from the wrist, and the second is absolute hand orientation. For
instance, an umbrella is not only distinctive for its large curved surface, but also
the fact it operates 1 meter away and above the user. Arm pose data, which my
system excels at, could also prove helpful in disambiguating some generic object
geometries, such as a user bringing a cylinder-like object to their mouth (i.e., a
bottled beverage).
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6.7.4 Environments
While held-object and bimanual activity detection operate in the near field, I can
also use DiscoBand to image the far field for environment detection and scanning.
As noted previously, my current prototype can sense surfaces up to 4 m away.

Although a single frame of depth data does not typically allow for fine-grained
geometric details to be resolved, some environments are distinctive. For example,
a car interior is typified by a small enclosed volume, in which the hands operate
in front of the body. Further, the presence of a vertical surface to the immediate
left of a user would suggest they are in the driver seat (in countries with left-hand
drive), which could be a useful contextual clue for a smart assistant (e.g., manag-
ing cognitive load). Figure 6.15 offers an example sequence of single-frame depth
data, where the geometry of a tabletop and then laptop become visible. Even more
interesting is when multiple point clouds are combined over time to build up a
fine-grained 3D model of the environment. As a simple demo, I used my arm pose
tracking (which provides 6-DOF wrist orientation data) to layer multiple point
clouds. Figure 6.16 offers an example scene. Due to the nearly 360-degree na-
ture of my sensing frustums, it is also possible to perform scans like this from a
variety of arm poses, not just the one used in Figure 6.16. I note that more ad-
vanced multi-frame registration methods (e.g., SLAM [64]) would provide even
better output, an implementation I leave to future work. Finally, I also speculate
that a detailed model of the ground could be captured simply by the arms natu-
rally swinging during locomotion, which could have assistive uses for those with
impaired vision.

6.7.5 Body Scanning
Finally, DiscoBand is also capable of opportunistically scanning the user’s body.
The arms naturally sway in front and behind the user as they move about, provid-
ing multiple view points of the body. Like environment scanning, the point clouds
can be correlated and overlaid to build up a 3D scan of the torso. Such a feature
could be used to detect clothing, such as jackets, or potentially tracked over time
for fitness and health applications.

6.8 Limitations
I believe my approach and proof-of-concept implementation demonstrates signif-
icant promise, but there are nonetheless important limitations worth discussing.
Chief among these is the outstanding challenge of hand pose estimation in the face
of significant hand self-occlusion. This issue is inherent to all wrist-borne direct
sensing systems, and severity of the effect only increases as the sensors operate
ever-closer to the skin. DiscoBand’s multi-view approach partially mitigates this
issue, and superior depth sensor resolution and machine learning models could
yield further accuracy gains. Further, a multi-modal sensing approach, combining
multi-view depth sensing with non-line-of-sight methods such as EIT [345] and
EMG [137,148], could prove successful as they are robust in orthogonal ways [42].

Like almost all worn sensing systems, my band achieved its best hand pose
accuracy when trained and tested using within-worn-session data (MPJPE of 11.69
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mm). This result is not surprising, but it is also unrealistic, as consumers cannot
be expected to re-calibrate their device each time it is worn. When I look at cross-
session hand pose accuracy (i.e., where the band is removed and later re-worn),
MPJPE increased to 17.87 mm, which is a more realistic appraisal of my band’s
pose accuracy. Even more challenging for the pose model is when it is only trained
on data from other people, but never on its own user. This simulates ”out-of-the-
box” accuracy. Like most worn systems, across-user accuracy was DiscoBand’s
worst performing train/test condition. However, I was surprised to see that it
was competitive with my cross-session performance. I suspect this is because the
model was trained on more data (nine users instead of one), and hypothesize that
across-user accuracy could improve further with a larger corpus.

My lab study also has some limitations, First, it was conducted exclusively
indoors, as the one-off hardware was tethered and reasonably fragile. Although I
did not formally test my system outdoors, it is expected that IR interference from
direct sunlight would impact performance (though I note that time-of-flight depth
sensors can operate in direct sunlight, unlike structured light approaches). Second,
with regards to the biometric calibration data I collected from my participants at
the beginning of the study, I would hope to eliminate this in the future. Instead
of manual input of body data, it may be possible to conduct a one-time, automatic
calibration where hand and arm length could be determined by performing known
poses.

I also note that my wrist band is very much a proof-of-concept implementa-
tion, and several engineering challenges would have to be overcome in a consumer
version. One issue is cost – my band cost roughly $200 to build (as a one-off proto-
type). While each VL53L5CX sensor only costs around $6 USD in large volumes, I
utilize sixteen of these sensors that drives up the bill of materials. Perhaps in very
large volumes, economies of scale could reduce the price. Alternatively, future it-
erations of the sensor could increase the field of view and sensor resolution, such
that the number of sensors could be halved.

Power consumption is also a significant challenge, especially in a wrist-worn
device where battery size is constrained. At full duty cycle, my present band
consumes 3.6 W (which I note is lower than comparable systems such as Finger-
Trak [111]). For this reason, I completed much of my development and testing
with the band tethered to a power source (runtime was 3.7 hours when using a
4 Ah LiPo battery). To make my approach compatible with mobile device power
budgets, the sensing would have to be made intermittent, sampling the scene only
occasionally. It could wake and run at full speed opportunistically, perhaps trig-
gered by an application or IMU data (similar to raise-to-wake functionality in con-
temporary smartwatches). Fortunately, the time-of-flight depth sensors I employ
are seeing continuous improvements. Indeed, the next generation of the sensors
has already been announced by STMicroelectronics [269, 270] and will consume
50% less power than the components I used (while also offering higher resolution).

Finally, in this paper, I described seven example uses for DiscoBand: arm
pose, hand pose, bimanual tracking, ad hoc touch tracking, held-object detection,
environment scanning, and body scanning. I believe this long list highlights the
generalizability of my approach and the long tail of applications it could enable.
However, my explorations were not exhaustive, and I hope others will join me in
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applying this general approach to new application domains, especially those that
were not previously possible in a mobile context.

6.9 Summary
In this chapter I presented my work on DiscoBand, a novel sensing wristband
utilizing a distributed array of ultra-small depth cameras to digitize a user’s hand
and upper body pose. My depth sensors also image the environment around a user,
enabling additional uses cases. My approach allows for a uniquely thin form factor
(<1 cm), which could permit integration into future worn consumer electronics.
Further, my low-resolution point clouds are much more privacy preserving than
comparable camera-based systems. In my user study, I found that DiscoBand can
track the six upper body keypoints with a mean joint positional error of 5.88 cm.
For hand pose, I found a mean joint positional error of 1.70 cm.

Through the work of DiscoBand, I showed how pose tracking can be enabled
with depth sensors in a wristband that are low-profile and resistant to occlusion.
I also discussed how pose can be an important implicit approach that can inform
the nature of a particular interaction. In the final pillar, I am going to go one step
further and show how I can make systems learn not only if your hand is assuming
a particular shape, but whether you are using it to grab an object and engage in
an activity.

I also want to highlight that so far, I have shown two practical methods for
sensing implicit behaviors of users: where you are touching, and how your body
is moving. Although I have shown these methods work well; they each are trained
to track highly specific hand behaviors like when you make touch contact or your
current pose. What these systems lack is a way to generalize to a broader scope
of implicit behaviors like if you’re brushing your teeth or driving a vehicle. In
the next two chapters, I first discuss my technical approaches for detecting object
grasps, then show how grasps can serve as a powerful trigger for egocentric cam-
era systems that use vision-language models to recognize more general-purpose
activities.
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Chapter 7

Detecting Object Grasps With
Sensor Fusion On the Wrist

This chapter was adapted from my paper:

Nathan DeVrio, Roger Boldu, Eric Whitmire, Wolf Kienzle. 2025. “Contextra: De-
tecting Object Grasps With Low-Power Cameras and Sensor Fusion On the Wrist”
Proceedings of the ACM Conference on Mobile Human-Computer Interaction (Mobile-
HCI ’25).

7.1 Introduction
Many people carry multiple wearable devices with them wherever they go. Yet
despite their omnipresence, these devices still know little information about the
settings users are in. As an example, a smartphone may be able to infer that a user
is making dinner if they have opened a cooking app and are looking through a
recipe, but very rarely is this done automatically. If obtained, contextual informa-
tion, such as if a user is making a meal, can be used to provide better adaptive and
context-specific interfaces and experiences. In this work, I explore how a device
on the wrist is uniquely suited to sensing information that can be used to inform
context.

Smartwatches are the most commonly worn all-day wearable devices; many
users are already acclimated to wearing them. Smartwatches are also worn in close
proximity to the hand, the primary body part people use to interact with the world.
As a result, they are well-positioned to sense signals from interactions that are too
noisy and too difficult to detect from other parts of the body. Past HCI research
around wearable sensing on the wrist has actively explored recognizing general
context by means of intermediate problems such as pose tracking and activity
recognition. In contrast, there has been less exploration of directly recognizing
specific moments of micro context, like picking up an object, when just-in-time
feedback is most valuable.

In this project, I propose Contextra, a system that uses sensor fusion on the
wrist to recognize when a user picks up an object. I reference Wimmer’s and Za-
iti et al.’s [286, 311, 341] claim that object grasps are a foundational component of
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inferring when a user is in an interesting context that I might want to recognize
and use it as the basis for this work’s motivation. An ”interesting” context relates
to the idea that for some objects, if a user picks them up, it may be useful to the
user to provide additional information or guidance to help them with their task.
Examples include tracking caffeine consumed when picking up a coffee cup or
providing explanation on how to use a tool. Wimmer’s framework of grasp in-
teractions [310] defines three stages of a grasp: capturing the grasp, identifying
it, and interpreting it. In this work I focus on a technical, wearable solution for
the first two stages. For the second stage, I focus on identifying whether a grasp
occurred or not rather than recognizing the type of grasp from a known grasp sig-
nature. For the third stage, I discuss potential applications of Contextra in grasp
interpretation, but leave this to future work.

Object grasps are complex actions, made up of multiple stages. Through ex-
perimentation I found certain types of sensors were better suited to detecting parts
of a grasp than others. Past work has also shown the disadvantages of individual
sensing modalities [178,179,187,282]. Thus, using these factors as my motivation,
I designed a system that uses a fusion of sensing approaches. On the wristband,
I use optical, electromyography (EMG), and accelerometer sensors, each to detect
different stages of the grasp. For example, the accelerometer is good at detect-
ing initial movement of the arm and vibrations on object contact, while EMG can
detect extension and flexion of the fingers when opening and closing the hand.
Sensing the entire grasp process versus only trying to detect no grasp/grasp states
has advantages for small objects and for EMG or acceleration whose features do
not appear in steady-state signals. To clarify, data from the whole grasp process is
used to pick up unique impulse features, but my target is to detect no grasp/grasp
state transitions.

While EMG and accelerometers have been used in the past to try to de-
tect grasps [29, 282], my incorporation of multi-view optical data from three low-
resolution cameras is novel for such a wearable system. Beyond providing com-
parable grasp recognition performance on previously tested objects, I believe my
camera fusion approach also has the potential to improve reliability and robust-
ness across objects and users. This is because EMG and accelerometer data can be
high variance depending on a particular grasp style [66, 192], while the presence
of objects in the camera views tended to be a lower variance feature. These advan-
tages show how fusing many sensors together is advantageous and how Contextra
offers a unique contribution to the space of grasp detection that has not been filled
by previous wearable devices.

I emphasize I tackle the problem of detecting grasps from continuous sensor
streams, not just classifying the type of a known grasp. Compared to more com-
mon problems in prior work of classifying hand pose, grasp type, or what object
is held, ours is a unique problem with its own challenges. I call this problem con-
tinuous grasp detection and believe it is an exciting problem because if solved, a
system could be an automatic “wake word” recognizer for contextual AI, saving
devices with conventional sensors like head-mounted cameras enormous power.
In sum, in this paper I contribute the following:

1. A multi-view camera sensing approach on the wrist for detecting when ob-
ject grasp events occur.
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Figure 7.1: High-level overview of highly-related worn grasp detection systems. Comparable
numbers drawn from published materials as best possible, but please consult individual papers for
specifics.

2. A late-fusion model that incorporates EMG and acceleration sensor features
from the entire grasping process to overcome camera weaknesses like oc-
clusion.

3. My entire system is low-power and privacy-sensitive so that it could run all
day and prevent higher-power headset cameras and microphones needed
for context-dependent apps from burning power and invading user privacy.

7.2 Related Work
In this section, I review past systems that used wearable sensors to look at objects
held in a user’s hand. I break out my discussion into three primary subsections.
These range from (1) using held objects to recognize activities, the least similar to
my task, to (2) classifying grasp types, and finally (3) detecting object grasps, the
most similar to my task. Although there is overlap between my techniques and
those used in grasp research for robotic hands, I omitted these works because of
the gap in interaction task and the lack of human physiology to sense. The one
exception is recent work on (4) sensor fusion to plan grasps for prosthetic robotic
hands which I discuss in a final subsection.

7.2.1 Object-Centered Activity Recognition
The first category of work I examine involves systems that use only wearable sen-
sors (i.e., no instrumentation of objects) to detect an object a user is holding and/or
how it is being used to recognize a particular activity. These sorts of systems are
unique from Contextra in that they do not sense grasp directly and are not focused
on recognizing grasps, and instead focus on recognizing activities or use of held
objects, which is different from my goal. Despite this, many of the sensing tech-
niques used, particularly in camera-based systems are also applicable for my grasp
recognition task and worth explaining because they both involve imaging objects
near the hand.
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Cameras are one of the most powerful sensors available for sensing object-
based activities. This is because they are able to directly image if there is some-
thing being held in or near the hand. Maekawa et al. conducted investigations
through multiple works showing how a camera on the wrist could effectively
be used in combination with IMU and microphone data to capture information
about what object a user is holding to classify activities of daily living [178, 179].
Independently, IMUs, particularly the accelerometer component have also been
popular for recognizing object-based activities [37,153,204]. Common techniques
when using IMUs involve sensing grasping posture and motion with held objects
to get clues about the activity [37, 204]. Other less common sensing schemes
that have been used to recognize object-based activities include magnetic sen-
sors [176,177,297], capacitive sensors [243], and measuring vibrations from a voice
coil actuator [212].

7.2.2 Grasp Type Classification
There is a separate body of work focused on the problem of classifying what type of
grasp is being used. Knowing what type of grasp a user is using is often important
because it can clue the identity of the object or what context or activity the object
might be used in. Many different sensing approaches have been used on wearable
devices to classify grasp types without instrumenting objects including EMG [6,
70], force myography [132], cameras [40, 140, 313], and inference directly from
hand pose [352].

The approaches in these works are in general broken into two parts. First,
sensing is used to detect what class of grasp is being used, such as a pinch, palmar,
or cylindrical [6, 40, 70, 132, 313]. In some cases such as Fan et al’s work using
EMG, they also examined how performance varied for objects of different sizes
and weights as these characteristics are directly correlated with the strength of
EMG signals [70].

The second part of this category involves taking information about the grasp
type and combining it with prior knowledge about a specific context or object
set to identify what object the user is holding [40, 70]. In Section 7.6, I describe
my vision for how Contextra could be combined with a camera on a headset to
recognize objects in a power-efficient manner. Additionally, I discuss how objects
could be directly identified from my camera data given prior information, similar
to the works discussed in this section.

7.2.3 Object Grasp Detection
The last category of systems is focused on the same interaction problem as my
system. Namely, given a continuous sequence of sensor data, can I identify at
which moments, if at all, a user grasps objects? Systems in this category are most
related to Contextra. As such, to show a direct comparison of Contextra to prior
work, I provide a table in Figure 7.1 that provides a high-level overview of technical
properties and performance for systems of this category.

Early on and to this day, the most popular approach for detecting grasps in
this way has been using RFID. These systems instrument objects with passive RFID
tags and place an RFID reader on the user’s body to detect (via proximity) when
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objects are picked up. Schmidt et al. [247] pioneered this technique with a more
abstract goal focused around interactions with objects once held and used RFID
reader prototypes integrated into clothing. Since then, many systems have iterated
on the idea, compacting the prototype into a glove [75] or wristband [29, 74, 282].

While reliable, a major drawback with using RFID is that it requires all objects
to be instrumented with tags ahead of time. To overcome this, many other sensing
techniques have been used to detect grasps either instead of or in addition to RFID.
The most popular of these involve sensing biosignals generated from muscles or
neurons that are characteristic of the arm grasping an object. Example biosens-
ing techniques that have been explored in the past include EMG [187, 282], force
myography [321], and electrocorticography [224]. While biosignals can generate
strong features and avoid object instrumentation, their practical use is limited by
the high variance of their signals across different user populations.

One of the most promising ways to retain the benefits of biosignals like EMG
while overcoming their limited robustness is to use data from additional sens-
ing channels such as accelerometers [282]. Outside of EMG, tiered sensing has
also shown promise when combining channels such as accelerometers and near-
infrared detector pairs [50]. Two of the systems just mentioned are the closest to
Contextra’s approach, thus I describe them in more detail here.

Theiss et al. [282] created a wearable system for predicting grasps using a
tiered approach to sensing to minimize power consumption. By default, an ac-
celerometer was running, then when motion was detected, the EMG system was
woken up. Then if a grasp was detected, RFID was used to recognize what object
was picked up. Their grasp detector is notable because of its goal to detect grasps
by using a fusion of features derived from accelerometer and EMG data. I note a
critical difference that Theiss et al. used an EMG (Myo) band placed on the up-
per forearm while ours was worn at or close to the wrist. Sensed EMG signals
are much stronger where muscle is thicker near the elbow, however this location
is not practical for a system like ours that envisions itself as a part of a future
smartwatch.

In Cofer et al.’s [50] work on the other hand, they used optical sensor data
from 20 near infrared emitter-detector pairs. The NIR sensors were placed on a
wristband and aimed inwards towards the wrist to measure tissue displacement
and detect when objects were touched (picked up) by users. When a grasp was
detected, an IMU was used to classify the grasp type. Note the NIR sensors only
collect a single brightness value each, thus are much lower resolution than the
cameras I use. Although the sensors used in Cofer et al.’s system were less like
Contextra than Theiss et al.’s, their 1D-CNN model is more similar to ours than
Theiss et al.’s decision-tree based model.

Compared to these past systems, I believe Contextra presents a novel innova-
tion in fusing IMU and EMG data with feature-rich optical data from multi-view
cameras. No prior system has attempted to use wearable camera data (single or
multi-view) alongside EMG and IMU data for grasp detection. For the problem of
binary grasp detection, Contextra is the first system to fuse data from different
sensor types together. Prior systems that employed multiple types of sensors only
used them in tiered approaches where one sensor detected an event that was used
to trigger another [50,282]. Finally, to combine my sensing channels, I took advan-
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tage of a multi-layer, late fusion deep learning model that stabilized performance
across objects.

In practice, this means my system is more accurate at detecting when objects
are picked up than prior work, and can be expected to work more reliably across a
wider variety of different object shapes and sizes. This is the primary advantage of
my technique over those compared against in Figure 7.1. While my grasp perfor-
mance is superior to some other systems, for those with comparable performance
Contextra demonstrated an ability to work across a wider set of objects. For exam-
ple, Xiao et al. [321], Maufroy et al. [187], and Theiss et al. [282] relied heavily on
an EMG-based technique, thus performance was only strong for larger and heav-
ier objects which required more muscle contraction. I believe my improvements
in grasp detection versatility pave the way for a general-purpose context-aware
agent that can provide feedback to a user based on what they are holding in a way
not possible with previous techniques.

7.2.4 Sensor Fusion for Planning Prosthetic Hand Grasps
Robots always know when they are initiating a grasp. Thus, instead of recognizing
when grasps occur, work in the robotics field is typically centered around separate
problems of determining the correct pose to execute the grasp and planning the
motion [135]. However, with recent advances in prosthetics, there have been new
avenues of robotics research focused on using wearable sensors to initiate and plan
grasps for prosthetic hands. These works differ in that there is a human wearing
the sensors who expresses an intent to grasp. The primary sensing modality used
is EMG to allow users to use natural muscle contractions to control the hand.
Secondary sensing modalities such as eye-tracking, IMUs, and cameras have also
been used in sensor fusion which is highly relevant to my system.

Deshmukh et al. [56] and Zandigohar et al. [342] used a fusion of EMG and a
head-mounted camera to plan grasps. In both they created a camera-EMG fusion
model. Deshmukh et al. focused on classifying grasp types from EMG data [56]
and Zandigohar et al. segmented continuous EMG data into four grasp motion
phases [342]. On the other hand, Shi et al. used a model combining eye tracking
and a camera from a headset and EMG and an IMU from the arm to control a
prosthetic and plan the pose of grasps [258].

While many of the techniques used overlap, there are key differences be-
tween these works and Contextra. The first key difference between these works
and ours is the difference in task. Namely, these works focused on planning grasp
hand poses rather than using existing hand poses and objects to detect grasp mo-
ments. Second, my technique has the novel advantage of using multiple lower
resolution cameras worn on the wrist instead of a single high resolution camera
on the head. This change allowed Contextra to consume much less power while
achieving strong performance.

7.3 Implementation
My work on Contextra involved developing both novel sensing hardware and the
software to process sensor data. When combined, these components could auto-
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Figure 7.2: Contextra system diagram. I take 30 × 30 optical data from three mini active IR cameras
and fuse it with 16 EMG channels and IMU acceleration. These sensing streams are combined in
my model to perform object grasp detection.

matically detect when the wearer picked up objects. In this section I detail their
technical background and implementation.

7.3.1 Sensor Selection
One of the most important questions in the initial design of my system was what
sensing modalities to use. To decide, I broke down the anatomy of a grasp to
identify opportunities for sensing. A typical grasp begins with the user reaching
for an object by moving their arm. An IMU sensor, particularly an accelerometer,
is suited for detecting gross motion such as this. Next, a user opens their hand
(if not already), makes contact with the object, and closes their hand around it.
An accelerometer may be useful again for detecting vibrations from contacting
the object, but the extension and flexion of the fingers may be better sensed using
EMG. In addition, cameras could be used to detect objects that have come into
close contact with the hand and may be likely picked up. Finally, a user tightens
their grip on the object and picks it up to complete the grasp. Depending on the
weight of the object, EMG can be useful here to detect muscle strain during the
lift. Otherwise, gross arm lift movement can be sensed using the IMU again.

While EMG and an accelerometer are powerful on their own, they do have
certain disadvantages that make it hard to detect some grasps. A characteristic
example is picking up objects slowly or lightly. A prominent EMG feature useful
in grasp detection is the transient change in signal power. When picking up a
light object, there is less strain put on the arm muscles so signal power changes
less, to the point where in some cases it is barely noticeable from an EMG trace
if an object is being held or not. Similarly, a prominent accelerometer feature
is looking for signal spikes produced by vibrations when making contact with an
object or surface. When objects are picked up quickly or aggressively, these spikes
are prominent. On the other hand, when objects are picked up slowly or gently,
the spikes can be nonexistent.

As a result of these disadvantages, I was motivated to pursue a sensor fusion
approach where I combined data from multiple sensing modalities. Beyond EMG,
and an accelerometer, which each have their own advantages for sensing differ-
ent parts of the grasp, I searched for an additional sensing channel I could use to
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Figure 7.3: Timeline of a user grasping an object, along with demonstrative traces of sensor data
from my different sources. In each frame, I highlight how different sensing channels (optical, EMG,
and acceleration) can contribute by sensing different features of the grasp. For example, the motion
of reaching for an object can be sensed by the accelerometer, then the object can be imaged by the
cameras when opening the grip, and finally EMG can sense muscle contraction when lifting the
object.

recognize objects held in the hand. In particular, I wanted a sensor that could use
a static frame to detect grasps since transient features were already well covered
by EMG and the accelerometer and could be diminished depending on the grasp.
A promising candidate was to use optical data, such as from a depth sensor or
camera, to see if an object was being held in that moment. However, optical sen-
sors often have their own disadvantages, such as being vulnerable to occlusion,
betraying user privacy, and consuming more power.

With all this in mind, I decided to take a balanced approach and used a series
of three infrared (IR) cameras which were low-power and low-resolution and put
together could prevent occlusion with multiple views. In more detail, the reason
I used three cameras as opposed to one was because each camera can capture a
different part of the hand and grasp that may be occluded in a single, static view.
For example, a camera near the palm can see pinches of the index finger and thumb,
but not objects that are approached from the side. This approach was inspired, in
part, by other recent work taking advantage of multiple, smaller camera views
for hand pose tracking [58, 111, 324]. I decided upon the number of cameras (not
more or less) through an initial exploration in my simulator (detailed in subsection
below) that showed three could well capture all visual aspects of the grasp without
redundancies.

A diagram visualizing my chosen sensing channels can be seen in Figure 7.2.
I note that despite my decision to use multiple sensors at the same time (mini
IR cameras, EMG, and accelerometer), compared to a higher-res camera, total
power consumption is still less and I still do not collect any data more privacy-
compromising than 30 × 30 IR images (with background removed).

7.3.2 Camera Sensor Details
Contextra uses the APDS9500 optical sensors. These sensors are marketed to de-
tect gestures using built-in blob detection algorithms. In my work, I used them
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Component Power consumption (mW) @ 3.3 V
Cameras (3 x APDS9500) 33 mW
EMG band (EMG + IMU) 150 mW
ML model (A15 Bionic) 72 mW

Total = 255 mW

Table 7.1: Power consumption of each system component used for grasp detection.

as mini IR cameras by reprogramming the firmware to output raw camera frames
over SPI. Notably, besides the imaging sensor, each component also includes an
IR LED that can be used for active illumination of the target. Cameras were cho-
sen as opposed to just photodiodes because of the number and quality of features
cameras provide. Photodiodes may detect the presence of a target, but a camera
can better see its shape to discern the target is a finger, not a held object.

When taking a picture of a target, I capture a sequence of three frames while
toggling the LED from OFF-ON-OFF. Once complete, the two LED-OFF frames are
averaged and subtracted from the LED-ON frame to produce, using in-situ hard-
ware processing, a single 30 × 30 frame. Two LED-OFF frames are captured and
averaged to reduce their higher expected noise relative to LED-ON frames. In
the output frame, only the objects illuminated by the LED are visible (e.g., those
close to the sensor), while all of the background is removed. An example output
frame can be seen in Figure 7.4. The advantage of this approach is that the most
prominent features in the output images are those which are salient to the grasp
detection problem, namely the hand and objects near the hand. This makes the
downstream recognition task easier by obviating the need to perform separate ob-
ject segmentation on the camera frames to find the hand and objects. In addition,
by removing the background, coupled with the fact that the cameras are already
low-resolution, I betray significantly less privacy than higher-resolution cameras.

The goal of the camera sensors I used was to image objects held in the hand,
thus one potential confounding factor is the presence of other, non-grasped objects
nearby. While certainly a challenge, this is a situation that highlights the benefits
of fusing other sensing modalities. For example, IMU and EMG would not trigger
when just hovering near, but not grasping other objects. In addition, because of
their limited field-of-view and proximity to the hand, many objects are naturally
occluded and only those directly in or next to the hand are visible.

7.3.3 Power Consumption
Each camera outputs frames at 280 FPS. By reprogramming registers, I was able to
lower the LED peak current to 56.7 mA and the exposure time the LED was on to
216 us. This led to only a 6% duty cycle for the LED and 3.4 mA average LED current
draw which made each sensor only consume 11 mW during continuous operation.
Considering that comparable small-package depth sensors and higher-res cameras
can consume in the range of hundreds of mW [68, 271], using these sensors could
result in an up to 10× savings in power. The low-power consumption of my optical
sensing stack was one of the driving factors behind Contextra’s overall design and
purpose. Since it runs at such a low power, Contextra can run continuously to
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Figure 7.4: Example data from the three wrist cameras and mappings to their locations on the
wrist; captured while picking up a paper cup from a table. These views show what kind of features
can be picked up by each camera.

recognize grasps where other more powerful but higher-power systems cannot. In
this way, even when Contextra cannot sense all parts of a context, it can provide
a trigger to wake up other devices in a low-power sleep, such as smartglasses or a
mixed reality headset, to perform deeper recognition.

Many existing commercial VR and XR headsets have built-in cameras used
for pose tracking, however running and processing these cameras is a significant
reason why they do not possess ”all day” battery life. The Meta Quest 3 and Ap-
ple Vision Pro, two popular headsets with such capabilities, only have battery
lives of 2.2 and 2.0 hours, respectively [13, 193]. In addition, although such head-
sets already use cameras (thus camera-grasp detection would not increase power
overhead), these devices are also typically used only for short sessions of entertain-
ment or productivity. My target for Contextra is instead to augment devices like
AR smart glasses that do not constantly run cameras and could have an ”all day”
runtime. This is the reason I advocated for using less powerful but lower-power
camera sensors.

Outside of the cameras, my band that collects EMG and IMU data consumes
150 mW and my estimate for the power consumption of my model on a mobile
chipset is 72 mW (details in subsection 7.3.7). A breakdown of the power con-
sumption of the entire system by component is shown in Table 7.1.

7.3.4 Comparison to Other Camera Sensors
When selecting the camera sensor, I sought a camera that possessed a small pack-
age size, low power, active illumination, high-frame rate, and a resolution large
enough to sense object and hand features. The APDS9500 fit all of these criteria
and thus I chose it because it was easy to procure and interface with. However,
there are alternatives used by other systems with similar properties or minor trade-
offs.

Maekawa et al. used an unspecified camera which captures 352 x 288 pixel
images at 6 Hz (no power specified) [179] OptiRing from Waghmare et al. used the
OVM6948 and a red LED [293]. This sensor had a 200 x 200 pixel resolution, but
was limited to 30 FPS and required 39 mW to run due to extra analog processing
required of its signal. CyclopsRing by Chan et al. used a SONY CCD sensor that
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Figure 7.5: Views from the final camera positions of the thumb, palm, and pinky during a run of
my simulator. On the right I show a rendering of the grasp pose looked like for each of the four
test objects shown.

captured 640 x 480 images at 30 FPS [43] No power was listed but the similar
OV7670 consumes 60 mW continuously [17]. General trends from these systems
and other popular sensors (OV2640: 1600 x 1200 px, 15 FPS, 125 mW [16], IMX708 Pi
Camera 3: 4608 × 2592 px, 10 FPS, >750 mW [15]), are that within this form factor,
resolution can be increased, but this trades off frame rate and power consumed.
These were two properties I wanted to optimize for, which justified my balanced
choice of resolution, frame-rate, and power.

One of the most competitive alternatives is the Himax HM01B0. This sensor,
used by Maruki et al. in their IRIS ring-worn camera, runs up to 60 FPS at 4 mW
and is ∼2x as large as ours. There is no active illumination however; pulsing an
external IR LED would result in a total power similar to ours and add size. Notably,
the HM01B0 has a 320 x 320 pixel resolution, much higher than ours. While more
resolution may help discern tiny objects better, many of the contextual features I
detect (e.g., presence of hand and object) are detectable with a lower resolution.

While Contextra could operate with higher-res camera sensors, there are
three main drawbacks to consider. First, high-res cameras (with some exceptions
such as the HM01B0) tend to consume significantly more power [15, 16, 17]. Sec-
ond, the higher the resolution, the greater the bandwidth burden, which can slow
overall system speed. Finally, increasing resolution increases the risk to invade
user privacy. Down-sampling a high-res camera could be used to alleviate this,
but the other two drawbacks remain. Additionally, a lens with a short focal length
could help to preserve privacy when designing a future high-res camera sensor,
however using external lenses with existing sensors adds bulk.

7.3.5 Camera Position Optimization
In Contextra, I take three of the camera sensors and place them at different posi-
tions around the wrist. The positions, which are shown in Figure 7.4, include (A)
beside the thumb, (B) in front of the palm and ring finger, and (C) beside the pinky
finger. These positions were found, after experimenting with live data, to provide
the most information on object grasps across all camera views.
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I target the camera sensors to be placed on the front of a smartwatch band,
in a normal worn position on the wrist. From experimenting with sensor data, I
knew the rough positions I wanted the three sensors to be located on the wrist.
However, to refine further and determine the exact position, pitch angle, and tilt
angle of each sensor, I made a simulator that could take in 3D models of a grasp
pose and an object and output the best sensor configurations.

The simulator modeled each sensor as a directional light source and camera
with the correct field-of-view (45°) to match the real-world sensor. To ensure that
the simulated cameras did not all converge on the same “best” view, I implemented
strict boundaries on how far the sensors could move from their starting positions
(thumb, palm, pinky), and how much they could tilt. This resulted in views which
could image the same target, but retained the unique perspective from their re-
spective wrist position.

With camera sensors, placing them too close to the hand can lead to occlusion
by the palm [58]. This is part of the reason why my simulation was so important
and I experimented with changing the sensor tilt angle. In my simulation, I as-
sumed the smartwatch band was placed on the wrist, ∼3.5 cm from the base of
the palm. During my Evaluation, I asked users to wear the real band in this same
position, however due to a fixed minimum band size and differences in users’ wrist
sizes, the band was worn further up the forearm for some users (such as the model
in Figure 3.3). Thus, although I did not formally evaluate band placement on the
wrist/forearm, the wrist was the primary worn position and variations were rep-
resented in my data.

In the simulation all parts of the hand and object that could be imaged were
painted a unique color according to their region of interest. The regions I painted
included the palm (red), fingers (green), fingertips (yellow), and object (blue). The
purpose of the simulator was to take input on whether it should reward having
more or less of certain regions in each image and find sensor configurations that
maximized this reward function. During operation, the following process was
used:

1. Instantiate the real-world experimented sensor positions as origin points.

2. Define a range of possible sensor translations and rotations (from user input).

3. Iterate over all possible sensor configurations and capture a 2D image at each.

4. Use a weighted function to calculate a score for each image by looking at each
pixel, assigning a score (0: black, 1: red, 2: green, 3: yellow, 4: blue) based on
what color that pixel is, and summing all pixel scores.

5. Average the best angle and position configurations across different grasp poses
to get the best overall configuration.

In my analysis, I picked a range of translations and rotations to match the
physical constraints of the band. In my color-weighted function, I assigned high-
est weights to the fingertips and object (most important for grasp) and lowest to
the palm (least important for grasp). After running this simulation on four dif-
ferent objects, while varying approach and wrist angles, I averaged the properties
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Figure 7.6: A diagram of my model architecture. My model was split into two branches based on
ground truth label structure. For camera data, I used frame-based labels which indicated a touch or
no touch state and for EMG and IMU data, I used event-based labels which indicated when grasp
events (pick up or set down) occurred. EMG and IMU data were combined using a middle-fusion
approach and then passed through a heuristic boost function to convert its output to match the
frame-based labels. Once in a common format, the outputs from both branches were combined
and returned with the frame-based labels.

of the best configurations. From here I made minor tweaks to account for out-
lier views, and produced a “simulated optimal” sensor configuration, shown for
different objects in Figure 7.5.

The resultant configuration produced by my simulator is what I used to guide
the mounting of my real-world sensors on the EMG band. Anecdotally, I noticed
an immediate improvement in the features I was able to image in live camera data
after switching to simulation-verified sensor positions. Outside of Contextra, I
believe there is potential in this approach for other wrist-based optical sensing
systems and believe it could be improved by using motion capture data to pose the
3D models.

7.3.6 Data Processing
A challenge when processing my data was that each sensor stream came from a
different source, each with a different data rate, and with frame timing that could
not be synchronized. This was a problem because my fusion model needs fixed-
size CNN inputs. Without interpolation, if I received 26 EMG frames for 1 camera
frame and 27 EMG frames for the next camera frame, my fused CNN input would
not be fixed size. To manage this, I employed a buffered window approach. In
this approach, data from all sources was buffered for one second. Each second, a
timer was called that emptied these buffers and interpolated them to the expected
FPS of each stream to account for possible dropped or extra frames. For example,
for one camera, I expected 75 new frames each second. This was downsampled
from the 280 FPS output of the sensor to improve model latency with negligible
performance impact. If 74 or 76 were received instead, I interpolated in time to
get exactly 75 frames. The effect of this on the final data was almost undetectable.
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Afterwards, the one-second chunks collected could be rearranged and overlapped
to produce fixed-sized, windowed inputs to the model. I used a 400 ms window
with 20% overlap, which has been found to encapsulate the duration of a grasp
[321].

The one second buffer I used in my implementation meant in live operation,
predictions would take one second to arrive plus the inference time of the model
(4.4 ms). I chose this buffer size to minimize interpolation needed to batch data
across sensor streams. However, with a minor increase in interpolation, buffer size
can be reduced down to 400 ms, the size of my model’s window. This would cap
the end-to-end latency of the system at ∼405 ms.

Before being passed into my grasp detection model, some of the data streams
required extra processing. Aside from background subtraction and a normaliza-
tion step the camera frames were not pre-processed and were passed directly into
the model. On the other hand, EMG and accelerometer data benefited from small
transformations. For EMG data, I applied a bandpass filter (cutoff frequencies of 20
Hz and 800 Hz) and performed full-wave rectification. The filtering helped remove
baseline noise and motion artifacts while rectification improved interpretability of
the signals.

Past EMG-based systems have found success with extracting features such
as mean absolute value (MAV), RMS, waveform length, and covariance between
channels and running these features through a random forest or SVM classifier
[6, 70, 282]. I tried this approach but found better success by keeping the EMG
signals as a time series and processing them with a 1D-CNN. This may be due to
the fact that I was classifying EMG using event-based grasp labels that prioritized
transient changes in the data.

For accelerometer data, I used a similar approach to EMG. First, I removed the
gravity component from the accelerometer vector. I then took each window and
subtracted the min of the window from the entire window and squared the result.
The purpose of this transformation was to emphasize transient spikes in the data
which is the main accelerometer feature I used for grasp detection.

7.3.7 Model Architecture
A diagram of my complete system architecture can be seen in Figure 7.6. This dia-
gram includes the data processing steps described in the previous subsection and
the machine learning models described in this one. Contextra’s approach to recog-
nizing grasps uses data fusion. In my model I decided to use two layers of fusion.
First, the data from the cameras was separated from the EMG and accelerometer
data. At their core, the data in these two groups looked at grasp from two different
angles. The features from the camera data tried to answer the question ”is there
currently an object held in the hand?”, for which a label is assigned to each frame
to indicate if a grasp is occurring or not. On the other hand, for the time-series
data, the features tried to answer the question ”did a grasp just occur?”, for which a
label is assigned to an event in time. To simplify processing, I treated both the mo-
ment of picking up an object (lift off from rest) and setting down an object (touch
down at rest) the same as ”grasp events”. As a result of this label distinction, one
model with frame-based labels was used for camera data while a second model
with event-based labels was used for EMG and accelerometer data.

80



7.3. IMPLEMENTATION

Inside the frame-based model, a 3D-CNN was used. This was found to have
better results than a 2D-CNN since it can capture temporal changes in image data,
and was found to train more stably than a convolutional LSTM model. Inside the
event-based model, separate 1D-CNNs were used for EMG and accelerometer to
capture transient temporal changes in the signal traces. After this, the outputs
of the 1D-CNNs were jointly fused before additional fully-connected layers. The
output from both models were combined using a late-fusion algorithm.

In the algorithm, I use the raw output of my frame model as my base for
prediction (before taking its argmax). I then look for transitions in the predicted
output of the event model from 0 to 1 (I predict an event just started). When found,
I add a boost Be to the index of the frame output corresponding to the class pre-
dicted least in the last 5 frames. The purpose of this boost is to weight transitions
in the frame model predictions when events are predicted by the event model. On
top of this, a boost Bm is also given to the index of the frame output corresponding
to the class predicted in the last frame. This second boost serves to give momen-
tum to state predictions and prevent bouncing output. In my evaluation I used
boost values of Be = 20 and Bm = 10 which were found by experimentation on
pilot data.

I used this heuristic because I found (A) the frame-based model was generally
more reliable and (B) that transitions in the frame and event-based models were
difficult to exactly match in time. As such it made sense to use the weaker event
model to influence the transitions of the frame model but ultimately use the frame
model for prediction outputs. In addition, the output frame-based predictions were
converted to transitions again in my evaluation metric (see Results section) for a
similar problem of aligning predicted transitions with ground truth transitions
which using an event-based metric allowed me to overcome.

During testing, I found my model’s performance improved if pre-trained on
a larger corpus of pilot data. This pilot data was separate from the main training
data collected on participants during the study. The size of this pilot data was
roughly 4 hours of grasp events collected on data from one of the authors and two
additional users (not in user evaluation). My model was pre-trained for 10 epochs
on the pilot data then fine-tuned for 40 epochs with user data using the ADAM
optimizer and a learning rate of 1e-4.

In total, the model has 613 M FLOPs and 4.07 M parameters. When tested on
a Core i7-10750H laptop CPU the model achieved an inference time of 4.4 ms (227
FPS output). For reference, new frames arrive only every 13.3 ms which still gives
a 8.9 ms buffer for real-time inference. For a mobile deployment I would expect
my model to target a SoC such as the Apple Watch S9 which contains a 4-core
neural engine. Exact specs for the S9 are not available, but its design is based on
the A15 Bionic which has benchmarked an average latency of 9.44 ms (106 FPS) at
72 mW for a 67 M parameter CNN-based model 16x larger than ours [121]. Thus,
I am encouraged my model could run at speed and remain low power on a mobile
chipset.

7.3.8 Ground Truth Data
To collect ground truth data during my study, I used a Sensel Morph touch pad
[250]. The pad detected when there was pressure applied to it, which I used as a
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Figure 7.7: The set of eight objects used in my user study. Objects were chosen in part to parallel
prior work and in part to offer a diversity of sizes, weights, and reflectances.

signal for if the object was currently set down. For the event-based model, I used
transition points in the Sensel data (e.g., from pressure to no pressure) to signal
when a grasp event occurred. In my study design, I considered a potential issue in
that by detecting pressure, the Sensel would not detect the exact moment of the
grasp but rather when the object was picked up and set down. Although an impor-
tant distinction, this ended up not mattering with the technique for evaluating my
data on the labels I adapted from Cofer et al. [50] and describe in Section 7.5. This
is because a Sensel pick up transition always happens after a correctly predicted
grasp up transition and vice versa for the set down transitions.

I also encountered a challenge when I discovered the outline of the pad (made
of reflective metal) was clearly visible in the optical camera data. This worried me
that my model may attempt to train on this feature instead of looking at the shape
and outline of objects. I fixed the issue by laying a cloth over the pad and table
underneath which provided a uniform and undistictive visual pattern.

7.4 Evaluation Procedure
To evaluate the performance of the system I developed, I conducted a user study
on grasp detection accuracy. The goal through the study was to investigate the
following research questions:

(RQ1) How well does Contextra recognize grasps of a diverse set of objects?

(RQ2) How much does Contextra’s performance degrade if it is used by a user not
included in the training data?

(RQ3) Are there certain types of objects that Contextra performs better or worse
on than others?

My study was run on a group of 8 participants (8 male, 2 female, mean age 27).
The study lasted approximately 45 minutes in length and was broken up into three
identical sessions. Each session began with the participant putting on the Contex-
tra device. I did not measure participant’s hands explicitly, however anecdotally,
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hand sizes varied widely (large to small) as well as large variations in wrist size
and hair thickness on the back of the arm (which could be seen in camera images).

Participants then stood in front of a table on which was a Sensel touch pad
and a collection of eight objects (shown in Figure 7.7). Half of the objects in this
set were chosen to overlap with a common set from prior work [282]. The other
half consisted of new objects designed to both provide more challenging targets
and align with my envisioned example uses of Contextra.

During the session, a researcher placed an object on top of the Sensel pad,
began recording data, and asked the participant to pick up and set down the object
15 times. I did not explicitly instruct users to perform challenging cases such as
grasps with no object in the hand or resting the hand on a surface. Nevertheless,
participants were asked to experiment with different typical grips they might use
to pick up the object, and incorporate natural motions and actions while holding or
not holding an object. For example: a participant is not holding an object and starts
with their hand at their side. Upon being prompted to pick up a water bottle, they
grab it around its base and hold it up to their mouth before setting it back down.
Once complete, they return their hand to their side. The purpose of this was to
capture grasp poses that users would use in the real-world and not just repetitive
artificial grasps.

The goal of this instruction was to incorporate variety in the sensor data that
would be more typical of how my system might be used in real-world interactions.
While doing so makes the sensing task more challenging, it reflects the reality that
users do not always grasp the same objects with the same grip or intensity. Further,
a peak in EMG or accelerometer data on its own cannot reliably be assumed to be
a grasp when working outside a lab setting.

Once 15 grasps were complete, this process was repeated for the remaining
seven objects. At the end of the session, participants removed the Contextra band
before re-wearing it for the next session. The purpose of this was both to give
participants a break and simulate different worn positions of the band typical of
normal use.

In my Evaluation, because of the nature of the ground truth sensor used,
I only tested for cases where the object was picked up immediately after grasp.
While sensor information from the entire grasp sequence (in a 400 ms window) was
available to my model, the models were trained to detect ground truth transitions,
in other words, the exact moment in time of the grasp. I did not explicitly test
cases where objects were grasped but not picked up. These cases may be more
challenging due to less IMU motion data, however the IMU acceleration and EMG
spike features would still be present and could help maintain performance.

7.5 Results
In this section I detail the results from my evaluation. For each study, I also exam-
ine whether the research questions of interest I outlined in the previous section
were met. To conclude the section, I provide a breakdown of performance with
respect to different objects tested.
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Figure 7.8: Average precision and recall were 0.87 (SD=0.09) and 0.86 (SD=0.07) for cross-session
and 0.82 (SD=0.12) and 0.84 (SD=0.08) for cross-participant, respectively. Recall tended to be better
and lower variance. P2 and P5 had drops in precision in the cross-participant case, potentially from
unique physiology that highlights the need for larger and more diverse training data.

Figure 7.9: Precision and recall were fairly consistent across objects, with precision varying only
0.03 from the mean for cross-session and recall only 0.04. Performance was loosely correlated with
the size of objects because small ones were harder to image. Small objects like the USB and pencil
performed worst while large ones like the bottles and notepad performed best.

84



7.5. RESULTS

7.5.1 Calculation of System Performance
In my system, I calculate performance metrics for the percentage of correctly iden-
tified grasps, missed grasps, and spuriously detected grasps. I chose this approach
because of the fact that my system continuously outputs predictions for a grasp
state while my objective is to detect finite grasp events in time, thus measuring
accuracy on a frame-by-frame basis is less useful. Before calculating metrics on
my model’s outputs, I first pass the predictions through a filter stage that looks for
short oscillations between the low (no touch) to high (touch) states. If any state
change is detected lasting less than 0.24 s, I determine it to be spurious and filter it
out. This cleans up noisy oscillations in my output predictions. The chosen value
(0.24 s, 3 window overlaps) was taken from Cofer et al.’s assumption of 0.16 s for
minimal press length [50], where I added an extra window overlap of a window
(0.08 s) after finding it increased stability.

When a change from the low to high state is detected in either label or predic-
tion outputs, I check to see if the other time series also changed from low to high
before the original series returns to the low state. If such a change is found, the
event is correctly detected and marked a true positive. If not, the event is marked
a false negative if it is initially detected in the label series, and a false positive if de-
tected initially in the prediction series. This is the same technique used by Cofer et
al. [50]. Improving their method, I also added extra logic to detect when low states
are missed to ensure false negatives and false positives are correctly categorized.

7.5.2 Cross-Session Performance
To evaluate the results from my study, I performed two analyses. The first of
these involved looking at performance across sessions. In this analysis, for each
participant, I used a model trained on data from two out of the three sessions
and tested on the third session. This process was then repeated for the other two
sessions and results were averaged to get final results for each participant.

In my results, I tabulated the number of true positives (a grasp occurred and
I predicted a grasp), false negatives (a grasp occurred and I did not predict it),
and false positives (I predicted a grasp that did not occur). From these values, I
calculated metrics for precision and recall to measure the predictive performance
of my system. These results are shown in Figure 7.8. I chose to use these two
metrics because of their widespread usage for comparability and their ability to
show how well my system recognizes relevant grasp events. I also did not choose
accuracy because we’re detecting entire grasp events, not classifying individual
frames, and accuracy would be diluted because there are many more no grasp
states. Between precision and recall, I am most interested in high recall because
my priority is to detect grasp events when they occur. Since we’re trying to detect
“wake gestures”, recall measures how often the “wake” is not missed.

In my cross-session results, I calculated an average precision and recall over
all users of 0.87 (SD=0.09) and 0.86 (SD=0.07), respectively. These results confirm
RQ1. While recall was fairly consistent across participants, precision varied more
widely with some participants having a much greater number of false positive
triggers. I believe this behavior may be due to the volume of data I collected in
my study. Curious, I tested using a smaller subset of session data and without
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Figure 7.10: Ablation analysis for the different sensing channels of Contextra. Results are shown
for mean precision, recall, and IoU from the cross-session participant data.

Figure 7.11: A subset of the ablation analysis specifically on cross-user data to highlight the ad-
vantage of adding cameras to EMG. Results are shown for mean precision, recall, and IoU.

pre-training and found that my model’s precision improved greatly (>15%) for all
participants when the size of the training corpus was increased. In the future, I
believe this could be improved by collecting more training data of that user, and
also pre-training with a larger corpus of data collected by many users. This is in
line with past work showing the benefit of large training corpuses for EMG [223].

7.5.3 Cross-Participant Performance
In my second analysis, I used the same methods as the first one, however this time
I was interested in examining how well the system performed when tested on new
users it had never seen before. To do this, for a particular participant, I trained my
model on data from all three sessions of all other participants and tested the model
on all three sessions of the participant in question. The results from this analysis
are also shown in Figure 7.8.

In my cross-user results, I calculated an average precision and recall over
all users of 0.82 (SD=0.12) and 0.84 (SD=0.08), respectively. This result is lower
than my system’s performance for the cross-session case, highlighting the fact
that due to the unique physiology of each user, the features they create are slightly
different (answering RQ2). Thus, including data from the current user in training
will improve the performance for that user. This result is also consistent with
prior work using EMG sensor data which showed that although powerful, they
tend to have a higher variance across users as compared to alternative sensing
methods [66, 192].
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7.5.4 Per-Object Performance
Next, in this analysis I break down performance for the different objects tested.
In Figure 7.9 I show precision and recall for each of the eight objects. To answer
RQ3, results were fairly consistent across all objects. For precision, all objects were
within 0.03 of the mean for the cross-session case, with the lowest value for the
pencil (0.84, SD=0.19) and highest for the banana (0.89, SD=0.12). For recall, all
objects were within 0.04 of the mean for the cross-session case and variance was
slightly higher with the USB performing the worst (0.83, SD=0.15) and the 0.5 L
bottle the best (0.91, SD=0.08). These results are notable because as compared to
prior work [29, 282], my system did not have a significant fall off in performance
for smaller or lighter objects, indicating more robustness for recognizing grasps
of diverse object types.

7.5.5 Sensor Ablation Analysis
In my final analysis I performed an ablation study on the contribution of each
sensing channel to the results of my entire system. For this analysis I used my
cross-session data and trained and ran separate models for all major configurations
of sensors. Specifically this included breaking out results for: only one camera, all
three cameras, only EMG, only IMU, EMG + IMU, EMG + IMU + one camera, and
all sensors.

7.5.5.1 Precision and Recall Analysis

Mean results for precision and recall are shown in Figure 7.10. Overall, results
were the worst when using one camera. Of the cameras, the thumb camera was
the worst performing with a low recall (0.27, SD=0.21) while the pinky camera
performed best, albeit with a still low recall (0.51, SD=0.25) but the highest preci-
sion (0.72, SD=0.19). This is logical given that the pinky camera has the best view
of objects as they are approached while the thumb camera may only see them, if
at all, once picked up. On the other hand, combining all cameras provided a sig-
nificant boost to precision (+0.22) and recall (+0.18) versus the best single camera
(pinky).

For the other sensors, the cases for just EMG, just IMU, and EMG + IMU
all performed very similarly (both metrics within 0.03). Of these, EMG + IMU
performed best for precision (0.71, SD=0.06) and recall (0.77, SD=0.06). Compared
to the all cameras case, EMG + IMU had a slightly worse precision (-0.03), and a
much worse recall (-0.13).

I also examined the cases of adding just a single camera to the EMG + IMU
case. By doing so, precision significantly increased (+0.20 at best) while recall
decreased (-0.18 at worst). The best camera sensor to combine with EMG + IMU
was the pinky cam which had nearly the best precision (0.88 SD=0.09) and clearly
the best recall (0.68, SD=0.19).

Finally, the best combined average score for precision (0.87, SD=0.09) and
recall (0.86, SD=0.07) occurred when all sensors were used together. Compared
to the best combined scores for using a single camera (pinky) with EMG + IMU,
precision was only slightly worse (-0.01), but recall was significantly better (+0.19).
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Comparing other cases, using all sensors significantly boosted precision (+0.13)
while only slightly reducing recall (-0.04) versus only all cameras. Compared to
EMG + IMU, using all sensors significantly boosted precision (+0.16) and recall
(+0.10). These results show adding EMG and IMU to a camera-only model boosted
precision and most importantly, adding cameras to a model that uses only EMG +
IMU significantly boosted precision and recall. Given prior works [282] use only
EMG and IMU to predict grasps, this result confirms the benefit of sensor fusion
and shows Contextra’s novel contribution of fusing multi-view cameras provides
demonstrable benefits for grasp detection.

7.5.5.2 Intersection-Over-Union Analysis

In addition to precision and recall, I also include a third metric, intersection-over-
union (IoU) in Figure 7.10. This metric is typically used in object recognition but I
thought it would be appropriate for examining how well my model overlaps in time
predictions of grasp events with ground truth labels. Typically, a value above 0.5 is
considered good, however for grasp events of multiple seconds, higher is better. In
my ablation analysis I saw IoUs above 0.5 when using all cameras, and EMG + IMU
with one or all cameras. In general results for IoU followed the same pattern as the
precision and recall ablation results with the best value (0.57, SD=0.10) achieved
by fusing all sensors.

7.5.5.3 Cross-User Analysis

It is well known that EMG sensors have a high variance across users due to dif-
ferences in physiology. For this reason, I also thought it would be insightful to
conduct a subset of my ablation analysis on cross-user data to see the advantage
of adding cameras to EMG. The results for this analysis are shown in Figure 7.11.
I discussed earlier how recall was the most important metric for grasp detection
to not miss true positives. In this analysis I can see clear patterns, mirroring the
cross-session analysis, that show using cameras, particularly adding them to EMG
+ IMU sensors, helps to significantly boost recall along with all other metrics.

In cross-user analysis, I acknowledge a limitation of my evaluation on a small
set of 8 participants. I believe the large volume of data (3×-20× more than related
studies [50, 282]) and positive results from these participants were strong enough
to show the validity of Contextra’s method. However, ultimately I was not able
to capture the most diverse set of possible hand physiologies and grasp poses. As
such, additional testing on more users would be necessary to fully evaluate the
generalizability of this approach.

Comparing Contextra to prior work, I reference the performance columns
from the table in Figure 7.1. Direct comparisons between systems is difficult due
to the differing performance metrics, experimental conditions, and tested objects.
Nevertheless, focusing on the cross-session and cross-user cases, Contextra ex-
ceeds or matches performance of prior systems and uses what I believe to be a
more challenging object set (smaller and lighter-weight).
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Figure 7.12: Examples of future applications for data collected from Contextra along with demon-
strative example camera frames. Contextra could be used to detect micro gestures on the hand
or objects (A), the identity of a particular object (B), or when a user’s hand is near a surface for
surface-based interactions (C).

7.5.5.4 Performance Trade-offs

For full clarity, I highlight some of the trade-offs made for this performance im-
provement. To recap, for power, the EMG and IMU sensors from my band collec-
tively consume 150 mW and each camera sensor consumes 11 mW. For bandwidth,
the EMG and IMU sensors collectively produce 126 kB/s of data and each camera
sensor produces 66 kB/s. This means by adding cameras precision is boosted by
23% and recall by 13%, but power is increased by 22% and bandwidth by 157%.
Different embedded systems may have different budgets, but I believe for the tar-
get application of using grasps as a wake gesture for contextual AI, a significant
increase in recall is well worth these trade-offs.

7.6 Discussion

7.6.1 Future Work for Grasp Applications
In this subsection, I provide discussion of extended applications where Contextra
could be used in the future. To recap my rationale behind focusing on grasp, I see
detecting grasps as a key building block to enable deeper and more powerful con-
textual experiences. The ability to continuously and reliably detect when objects
are picked up is what makes the following experiences possible.

7.6.1.1 All-Day Context Sensing for AI

The vision behind AI hardware devices, like the Humane AI Pin [117] and features
of the Apple Vision Pro [12], is to eventually have a device that can learn about
a user’s behavior all day and use that knowledge to provide just-in-time contex-
tual assistance. However, present limitations in the power consumption of such
devices prohibit their runtime and privacy concerns may restrict constant use of
prominent wearable cameras. Contextra on the other hand, can continuously run
because of its privacy-aware and low-power sensors. By using the two devices
in conjunction, Contextra can solve problems of current devices by continuously
sensing at the wrist to keep up with context info, then waking up the headset’s
sensors for AI assistance when ready.
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7.6.1.2 Using Objects to Infer Context

Using external devices in a constellation with Contextra has additional benefits
for context recognition. My wristband can know how you are grasping and inter-
acting with an object, while the headset can know what object you are interacting
with. More concretely through an example: (1) Contextra detects the user is hold-
ing something, (2) a headset is woken up and its cameras are used to determine
the user is holding a water bottle, (3) EMG and optical sensors from the wristband
are used to determine how the user is holding the bottle: they are opening it then
drinking from it. The context is the user is taking a drink of water. Once context
is determined, relevant interactions can be enabled, such as having a habit app
update a daily hydration tracker.

7.6.1.3 Additional Uses of Camera Data

When experimenting with the output from my camera setup, I hypothesized that
it may be possible to track other interactions that build upon grasp. Examples,
along with relevant camera data, are shown in Figure 7.12.

One of these is micro gestures on the fingers or held objects. Thumb gestures
such as pinches, taps, and swipes are a potential source of input for a wearable
that does not have traditional buttons or touch screens. Once an object is detected
as grasped, Contextra may also be able to track thumb gestures on said object to
make the object interactable. Returning to the banana example, if a user picks it
up and performs swipes on it, they could cycle through information on a heads-up
display like nutrition facts or recipes.

Other potential interactions include performing object recognition directly
from the Contextra camera data or identifying micro-contexts of the hand. Such
micro-contexts include if it is on a surface, in a pocket, or near the head. All
together, these future directions hint at potential for Contextra’s sensing stack to
be taken beyond grasp and enable new context-centered experiences.

7.6.2 Limitations
I believe my proof-of-concept prototype demonstrates the feasibility of my multi-
view optical fusion method for detecting grasps. Nevertheless, there are lim-
itations to consider. First among these are characteristic limitations of wrist-
based optical sensing. When placed on the wrist, cameras can occasionally suffer
from occlusion. Two common [50,58,111,282] techniques for offsetting this issue,
namely using multiple camera views and fusing data from sensors not affected by
occlusion like (EMG and acceleration), were both used in this work. Contextra also
has the advantage that even if the fingers are not in view, the object may be able
to be imaged. Still, in some rare cases, such as a tiny, light, object that is gently
picked up with the fingers straight ahead, detection accuracy may drop.

Unique to my optical sensing technique is also sensitivity to IR backgrounds
with a high dynamic range. A reminder: my camera processing uses a subtraction
step between the scene illuminated by the IR LED and background IR illumination.
Although I only conducted my study indoors, my sensor has an auto-gain feature,
and I tested that clear images can still be obtained in sunlight. Challenging cases
occur when the user is in a dark environment, which the auto-gain tunes to, but
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sees a light source or a bright window in the camera view. This can produce small
artifacts in the subtracted image which might be mistaken for objects. However,
if a future software model was developed to perform background subtraction on
raw 60 x 60 camera frames, this algorithm could also take care of these IR artifacts.

This point connects to the final issue on limitations of my camera sensors.
First, my cameras are susceptible to occlusion such as long or baggy shirt sleeves.
In such cases detection may still work, albeit with reduced performance, by using
only EMG and IMU. Second, some objects are too small or have a surface so dark
and matte that they are not well captured by the IR cameras. At their core, the
camera sensors work by looking for differences in reflectivity between the objects
and background that correspond to object faces and contours. As such, cases such
as a dark, matte object on a highly reflective background could be recognized, but
a matte object on a matte background would be more challenging. By looking at
the raw 60 x 60 outputs from my image sensors, I know the features of such objects
can be made out better when more pixels are available. As such, I expect that if
the higher-resolution data were made available, grasp detection of these types of
objects would improve, however there would be trade-offs in privacy versus my
current low-resolution approach.

7.6.3 Implications for Practitioners
Many of the insights from this research may have practical implications for prac-
titioners designing context-dependent applications. For one, I have demonstrated
the ability to provide always-on context detection at a low power (255 mW) and
that conserves privacy for users versus constantly running headset cameras. For
practitioners this means they can develop apps that treat event detection as a black
box and can focus instead on recognizing events that have been detected by my
system.

My quantitative results showed that grasp detection performed best on larger
objects with a larger profile to image while held in the hand. Exploration and test-
ing of my camera sensors also showed me better optical performance on glossy ob-
jects and those with high contrast from the background. As such, designers should
structure the entry points to their contextual apps around objects with these prop-
erties. For example, if tracking calories consumed from a bag of popcorn, reliability
would be better for detecting grasp of the bag rather than individual kernels.

Finally, my ablation results showed that while performance was best when
fusing all sensor streams, acceptable performance could still be achieved when us-
ing a subset of sensors. This is valuable information for practitioners who may
want to design apps that could change their wake up expectations dynamically
based on sensors available. For instance if a user puts on a sweatshirt with long
sleeves that cover their wrist, practitioners could detect the cameras are blocked,
switch to EMG+IMU-only mode and lower the grasp confidence threshold out-
putted from Contextra to wake up their app. This design would ultimately lead
to more wake ups than may be needed, but would help to maintain a consistent
end-user experience even when some sensors are obstructed.
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7.7 Summary
In this chapter I presented Contextra, a wrist-worn system that uses sensor fusion
of EMG, accelerometer, and multi-view IR camera data to detect when users grasp
objects. My approach builds upon prior systems for grasp detection by incorporat-
ing a novel late-fusion model that takes event-based processing of EMG and IMU
signal spikes and adds frame-based processing of low-resolution IR camera data
from three different sensors positioned around the wrist. For the first time, I can
detect grasp in a wrist form factor while still being privacy-aware, low-power, and
enabling reliable detection across objects. Through a user study involving picking
up a diverse set of objects and incorporating natural grasp poses and motions, my
system yielded a grasp detection recall of 0.86. Interactions with objects form the
foundation of many of the contexts I am in and activities I perform. By creating
a device that is able to reliably detect object grasps, my hope is to provide a key
component to enable an exciting variety of context-aware interactions.

The results I found from Contextra were strong compared to prior wrist-based
grasp detection systems; however, I believed there was still room for improvement.
To work reliably in the real world, a system needed not only better performance,
but also to be more robust to a wider variety of grasp poses and object types than
Contextra tested for. To address this, in the next chapter I will detail my work on
building on a new smart ring platform that built upon Contextra’s sensor fusion
framework to detect hand-object interactions. But first, the next chapter will begin
with a discussion about advances in AI models that can detect general-purpose ac-
tivities and how a key limitation is holding back their utility for wearable devices;
a limitation that Contextra and TrigRing can help solve.
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Chapter 8

Context Recognition Using
Low-Power Sensor Triggers

8.1 Introduction
Designers of mobile and wearable systems have long sought to infer user context
and activity from continuously sensed data. Accurate context recognition enables
a wide range of applications, including just-in-time assistance, memory augmen-
tation, accessibility support, and automated logging of daily activities. Because
wearable devices are worn continuously and move with the user, they are natu-
rally positioned to support always-on context sensing. However, real-world en-
vironments are complex and dynamic, and many sensing approaches struggle to
generalize reliably beyond constrained settings.

Recent advances in intelligent wearable systems have begun to shift this land-
scape. Egocentric cameras embedded in devices such as smart glasses and wear-
able “AI assistants” can now be paired with vision-language models (VLMs) to
interpret user activity directly from visual input. Unlike earlier approaches that
required task-specific training data and user-specific calibration, VLM-based sys-
tems benefit from large-scale pretraining on diverse internet data, enabling more
generalizable, open-vocabulary understanding of user behavior. Despite these ad-
vances, continuously running camera-based VLM systems remains impractical for
all-day use in real-world wearable settings. First, privacy concerns remain a major
barrier: both users and bystanders often perceive always-on wearable cameras as
intrusive, particularly when continuous image capture is required for inference.
Second, large-scale API usage introduces significant monetary cost; even modest
per-query pricing becomes prohibitive when scaled to hundreds or thousands of
inferences per day. Finally, and most critically, continuous camera sensing im-
poses substantial power and thermal constraints on wearable devices. Existing
smart glasses and similar form factors already operate under tight energy budgets,
and continuous image capture and processing can quickly lead to rapid battery de-
pletion [194] and uncomfortable device heating [117].

To address these limitations, I propose a tiered sensing framework for wear-
able context recognition in which high-power inference (e.g., VLM-based cam-
era analysis) is activated only when necessary. Rather than operating the camera
continuously, the system keeps it in a low-duty or inactive state and relies on a
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Figure 8.1: TrigRing is a smart ring system that fuses information from a suite of onboard sensors
to detect when a user interacts with an object. Designed to be paired with an egocentric camera
device such as smart glasses, TrigRing (call-out) keeps the glasses asleep as the user reaches for an
object (A), then uses its low-power, privacy-preserving sensors to detect the grasp and trigger the
glasses (B), waking them only at the moments needed to provide contextual AI assistance (C).

lightweight always-on sensing layer to detect moments of interest that warrant
visual analysis. This approach reduces continuous computation, improves privacy
by minimizing image capture, and lowers both energy consumption and inference
cost while preserving the benefits of high-capability vision-language reasoning
when it is needed.

I instantiate this framework in TrigRing, a finger-worn sensing system de-
signed to pair with camera-enabled smart glasses. Just like Contextra, TrigRing
focuses on detecting a specific and fundamental interaction signal: object grasp
events. Rather than attempting to recognize full activities or general context di-
rectly, I use grasp detection as a proxy indicator that a meaningful interaction
with the environment is occurring. This choice is motivated by the observation
that many everyday activities involve picking up or manipulating objects, making
grasps a reliable cue for when higher-level context inference should be triggered.

By detecting the onset of object grasps, TrigRing provides a low-power sig-
nal for selectively activating the glasses-based camera system, which can then
perform detailed scene understanding using a VLM. This division of labor enables
continuous awareness at low cost while reserving expensive visual inference for
moments likely to contain semantically meaningful activity changes. I evaluate
TrigRing across a diverse set of objects and interaction scenarios, demonstrating
high recall of over 0.95 in grasp detection. I further show that, when integrated
with a smart glasses system performing periodic VLM inference, TrigRing signif-
icantly reduces overall power consumption compared to a camera-only baseline,
while maintaining timely detection of interaction-relevant moments.

In summary, this paper makes the following contributions:

• A grasp-triggered inference paradigm for egocentric context recognition,
which reframes wearable sensing not as a competitor to vision-language
models, but as a low-power control signal that determines when they should
be invoked.
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System Name
Sensor
Location

Sensing Modality
Power

Consumption (mW)
Weight
(g)

Objects
Tested

Performance
(Acc. / F1)

Pistohl et al. [224] Brain implant Electrocorticography (ECoG) n.r. n.r. 1 0.920*
Xiao et al. [321] Wrist Force myography (FMG) 20* 40* 1 95.0%
Maufroy et al. [187] Forearm EMG 34 96 5 82.8%
Berlin et al. [29] Wrist RFID 210 35* 8 72.8%
Theiss et al. [282] Wrist RFID, EMG, IMU 238 128* 8 0.950 (recall)
Cofer et al. [50] Wrist Near-IR pair detectors n.r. 60* 1 98.0%
Contextra [57] Wrist IR cameras (3), EMG, IMU 255 148 8 0.865
TrigRing (mine) Finger IR camera, active acoustic, IMU, lux 102 16 30 0.963

Table 8.1: Overview of key related work in wearable grasp detection. Performance metrics are
derived from published materials where available. Values marked with an asterisk (*) represent
my approximations based on reporting in the original text; please consult individual references for
specifics.

• TrigRing, a finger-worn sensing system that detects grasp onset as a reli-
able interaction primitive, leveraging proximity to the point of contact to
improve temporal precision of interaction detection compared to wrist- and
forearm-based approaches.

• An empirical evaluation demonstrating that grasp-based triggering is ac-
curate and can substantially reduce continuous VLM power consumption,
while maintaining timely activation of vision-based context understanding.

8.2 Related Work
TrigRing is motivated by the growing use of wearable sensors for context and ac-
tivity recognition. Prior work has shown that hand-object interactions are among
the strongest cues for understanding user activities, leading researchers to explore
sensing approaches that detect, classify, or infer interactions with everyday ob-
jects. I review three relevant areas of research: (1) egocentric activity recognition,
which motivates my trigger-based architecture; (2) wearable sensing techniques
for recognizing held objects and hand-object interactions; and (3) object grasp de-
tection, the specific problem addressed by TrigRing.

8.2.1 Egocentric Activity Recognition
Egocentric activity recognition seeks to infer user activities from first-person sen-
sor streams, most commonly video captured from head-mounted or chest-mounted
cameras. A consistent finding across this literature is that interactions between
the hand and surrounding objects provide some of the most informative signals
for recognizing activities. Consequently, many systems explicitly model hand ap-
pearance, manipulated objects, gaze behavior, or combinations thereof.

Early work demonstrated that information about manipulated objects sub-
stantially improves activity recognition performance [126,261]. Other approaches
leveraged eye tracking to estimate user attention, using gaze as a cue to identify
task-relevant objects within complex scenes [199, 219]. Similarly, hand-centric
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methods have used hand segmentation, pose estimation, and hand appearance
features to focus recognition on regions of the scene most relevant to ongoing
activities [22, 40, 175].

Recent advances have increasingly relied on transformer architectures and
vision-language models (VLMs). Compared to earlier activity-specific classifiers
trained on datasets such as Ego4D and EPIC-KITCHENS [53,87], VLM-based sys-
tems offer stronger semantic understanding and support open-vocabulary recog-
nition of activities not explicitly observed during training [44, 52, 136, 294]. Re-
searchers have also begun exploring multimodal approaches that combine ego-
centric video with inertial or physiological sensor streams to improve robustness
and contextual understanding [164, 178, 179, 214].

Despite these advances, continuous camera-based activity recognition remains
computationally expensive and energy intensive [34, 45, 123, 182, 200], especially
compared to other sensing modalities. TrigRing is motivated by this limitation.
Rather than performing activity recognition directly, my system detects moments
of object interaction that can be used to selectively activate higher-power recog-
nition systems only when meaningful context changes are likely to occur.

8.2.2 Held-Object Recognition and Hand-Object Interaction
Sensing

A closely related area of research focuses on identifying the object a user is hold-
ing. Although held-object recognition differs from the grasp detection problem
addressed by TrigRing, both tasks rely on sensing hand-object interactions and
often employ similar sensing modalities. Consequently, prior work on held-object
recognition provides valuable insight into how wearable devices can capture interaction-
related signals.

8.2.2.1 Bio Signals

Researchers have explored a wide range of sensing approaches for recognizing
held objects. One class of techniques measures physiological signals generated
during grasping. For example, wrist-worn systems have used capacitive sensing
to measure changes in wrist morphology during object manipulation [243], while
others have employed electromyography (EMG) [70], mechanomyography (MMG)
[242], or bioimpedance sensing to capture muscle activation and tissue dynamics
associated with different grasped objects [292]. These approaches benefit from
sensing directly through the body, but often exhibit substantial variation across
users and sensor placement conditions.

8.2.2.2 Cameras

Vision-based approaches represent another common strategy. Cameras mounted
on the wrist [58, 140, 179, 214], finger [43, 143], or head [22, 40, 65] can directly
observe manipulated objects and often treat held-object recognition as a special
case of object recognition [39, 113]. Because objects held in the hand typically
occupy a large portion of the camera’s field of view, hand-mounted cameras can
simplify the perception problem relative to traditional egocentric cameras [24].
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However, camera-based approaches remain computationally demanding and raise
practical concerns regarding energy consumption and privacy during continuous
operation.

8.2.2.3 Electromagnetic

Researchers have also explored electromagnetic (EM) sensing techniques. Passive
EM systems [154] measure electromagnetic emissions naturally produced by elec-
tronic devices and motorized tools, enabling highly accurate recognition when
such emissions are present [154]. Active EM approaches [292] instead inject a
known signal through the body and measure how object properties affect signal
propagation. These methods can capture information about an object’s material
composition and geometry without requiring visual observation, but often require
specialized hardware and careful calibration [292].

8.2.2.4 Motion & Vibration

Mechanical sensing approaches leverage vibrations generated during hand-object
interactions. Systems such as ViBand [153] use high-frequency accelerometer
measurements to capture both hand motion and object-generated vibrations trans-
mitted through the body. Other work has employed active vibration sensing [212],
transmitting vibrations through an object and measuring their propagation char-
acteristics to infer object properties. Because vibration signatures depend on mate-
rial and structural characteristics, they can provide highly distinctive information
about manipulated objects [151, 153, 212].

8.2.2.5 Hand Pose

Finally, a growing body of work has explored hand pose as an indirect cue for
object recognition. The underlying observation is that grasp configurations are
strongly correlated with object affordances and geometry. Researchers have es-
timated hand pose using egocentric cameras [37, 40, 70, 165], wrist-mounted cam-
eras [58, 165], acoustic sensing systems [156, 189], and other wearable sensing
modalities, then used the resulting pose information to infer object categories or
interaction types. These findings suggest that hand configuration itself contains
substantial information about hand-object interactions, even when the object is
only partially observed.

8.2.3 Object Grasp Detection
Rather than identifying which object a user is manipulating, TrigRing focuses on
detecting when an object is being grasped. This distinction is important because
grasp detection generally requires less sensing and computation than full object
recognition, making it more practical for always-on wearable devices. However,
accurately detecting grasp events across different users, objects, and interaction
styles remains challenging. Since systems for object grasp detection are most
closely related to my TrigRing accessory prototype, I summarize the key tech-
niques used in prior work in Table 8.1.
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One of the earliest approaches to grasp detection relied on RFID instrumen-
tation. These systems attached passive RFID tags to objects and used wearable
RFID readers to determine when tagged objects entered close proximity to the
user’s hand. Early prototypes integrated readers into clothing [247], while later
systems miniaturized the sensing hardware into gloves [75, 280] and wrist-worn
devices [29, 74, 282]. Although effective, RFID-based approaches require prior in-
strumentation of objects, limiting scalability in unconstrained environments.

To avoid instrumenting objects, subsequent work explored wearable sensing
techniques that directly measure grasp-related signals from the body. EMG [187,
282], force myography [321], and electrocorticography [224] have been used to
detect muscle activations associated with grasping. These approaches eliminate
the need for tagged objects and can provide highly informative signals, but often
suffer from user-specific variability and sensitivity to sensor placement.

To address the robustness problem, several systems have combined multiple
sensing modalities [50, 282]. For example, Theiss et al.’s tiered architecture paired
low-power IMU motion sensing with higher-cost EMG sensing and finally RFID,
activating additional sensors only when candidate interactions are detected [282].
Cofer et al.’s wristband system similarly used a near-infrared optical sensor to
measure tissue displacement indicative of a grasp, then switched to an IMU to
classify the grasp type [50]. The benefit of these multimodal approaches is that
they can generally achieve higher robustness than single-sensor systems by ex-
ploiting complementary sources of information.

More recently, researchers have explored end-to-end sensor fusion models
that jointly integrate multiple sensing streams. Contextra [57], for example, com-
bined camera, EMG, and inertial data obtained from a wristband within a deep
learning framework to detect object interactions. Compared to earlier pipeline-
based approaches, this type of system can learn richer relationships between sens-
ing modalities and often achieve improved generalization across interaction con-
texts.

TrigRing builds upon this progression toward multimodal wearable sensing,
but differs in sensor placement and sensing objective. Whereas most prior grasp
detection systems place sensors on the forearm or wrist, TrigRing senses inter-
actions directly from the finger, placing sensors closer to the point of contact be-
tween the hand and manipulated objects. This design allows the system to capture
interaction signals at their source, resulting in lower noise and fewer chances for
occlusion by the hand. I believe that these improvements in grasp detection ver-
satility move wearable systems closer to robust interaction recognition across a
wide range of everyday objects. Because reliable grasp detection serves as the
foundation of my continuous personal context recognition pipeline, TrigRing can
function as an effective triggering accessory, enabling context-aware capabilities
that were not feasible with previous approaches.

8.3 Implementation
To demonstrate an implementation of my triggering accessory framework, I cre-
ated a novel smart ring prototype, TrigRing, that is paired with a set of smart

98



8.3. IMPLEMENTATION

Figure 8.2: Comparison of sensing modalities for ring-based grasp detection. Sensors are grouped
into order-of-magnitude power bands. Duty cycling can move some sensors down by one to two
bands. Size rates ring-scale feasibility:  favorable,G# workable with engineering effort,# a first-
order obstacle. Complexity rates the richness of the raw feature the sensor delivers:  spatially or
spectrally rich (an image, spectrogram, or multi-channel pattern), G# a short vector or waveform,# a single scalar or near-scalar reading. Sensors with greater than 10 mW of power were not
considered for my TrigRing prototype (shown via vertical line). A green check3 indicates sensors
I ultimately selected for testing.

glasses. In this section, I detail the technical background of the various hardware
and software components that make up my prototype.

8.3.1 Sensor Selection
The most critical question in the design of TrigRing was determining which sen-
sors to use. A ring is far more battery-constrained than the glasses it is meant to
trigger: its form factor leaves room for only a fraction of the energy storage, yet it
must sense continuously while the glasses sleep. Any sensor I selected therefore
had to detect object grasps reliably while drawing orders of magnitude less power
than the camera it replaces.

Based on these criteria, I created a list of viable sensors that may be useful for
the task of object grasp detection. This list, shown in Figure 8.2, was constructed
by looking at viable sensing techniques from prior work in detecting hand-object
interactions [50,282], as well as my expert knowledge from having developed sim-
ilar wearable sensing systems in the past.

When constructing my TrigRing prototype, I aimed to incorporate as many
sensors as possible. My expectation was that not all of these sensors would be
equally beneficial for detecting object grasps. However, one of my goals was
to perform an analysis (described in Results) examining the performance versus
power tradeoff for different sensors. For example, a light sensor may perform less
well than a mini camera, but if it consumes an order of magnitude less power the
performance tradeoff may be worthwhile. In this way, by having a large number of
sensors on my ring, I could collect all of my data at once during my user evaluation
and analyze post-hoc what sensors provided the best performance. Nevertheless,
some sensors, despite their performance, consumed too much power for a ring
wearable. To reflect this, I decided to only include sensors with a power consump-
tion below ~10 mW.

Based on these criteria, the final sensors I selected for my ring prototype in-
cluded an APDS9500 mini IR camera, a BMI270 6-axis IMU with an accelerometer
and gyroscope, a VEML7700 lux sensor, and a custom ultrasonic active acoustic
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Figure 8.3: Diagram of my prototype TrigRing smart ring system (see Figure 8.11 for my final
version). I take image data from a mini active IR camera and fuse it with echo signatures from an
ultrasonic acoustic sensor, motion signals from a 6-axis IMU, and light readings from a lux sensor.
All of this data is processed and sent over serial via three parallel microcontrollers. Finally, a fisheye
webcam was mounted to the side of the ring to capture reference images to help with debugging
and sensemaking of my results.

sensor created from a USound UA-C0603-3F transducer and an ICS43434 PDM mi-
crophone. Of note, the mini IR camera has only a 60 × 60 px resolution and uses
an active infrared illumination technique where the sensor captures successive
images with an IR LED turned on then off and subtracts them [36]. The active illu-
mination technique acts as a form of depth filter where only parts of the scene close
to the camera (and thus illuminated by the LED) are visible and parts in the dis-
tant background are removed. The mini IR camera and IMU were directly inspired
by prior grasp detection systems that achieved success with similar sensors [282].
The active acoustic sensor on the other hand was inspired by prior wearable sys-
tems, unrelated to grasp detection, that have demonstrated its potential for recog-
nizing dynamic body interactions with high-dimensional features at a low-power
cost [182, 220, 338]. My custom sensor uses the same frequency-modulated con-
tinuous wave technique described in [338]. By repeatedly sending out short ultra-
sonic frequency sweeps and capturing their reflections, I compose echo windows
and concatenate them over time into acoustic ”images” for my model (see Figure
8.4). Finally, I chose to use a lux sensor as a pseudo-baseline of a sensor that pro-
duces a simple single-dimension, stateful signal at a low power cost. My plan was
to compare the performance and power cost of all other sensor combinations to
the lux sensor alone.

Additional sensors that I also tested and considered were a time-of-flight IR
depth sensor, an ultrasonic acoustic depth sensor, and a multi-spectral color sensor.
However, I ended up not including these sensors due to high power consumption
(IR depth), or high overlap with existing chosen sensors (acoustic depth and color
sensor).

Many of the sensors I ended up using were the same as Contextra, however
now they were positioned closer to the grasp location. My belief, grounded in
many prior works, was that by placing sensors closer to the point of interaction,
the information they capture will be richer, leading to higher performance. One of
my goals for the project was to see how much this performance changed compared
to Contextra.
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Figure 8.4: Timeline of a user grasping an object, along with demonstrative traces of sensor data
from my different sources. In each frame, I highlight how different sensing channels (mini IR
camera, acoustic, IMU, and lux) can contribute by sensing different features of the grasp. For
example, motion of reaching for an object can be sensed by the accelerometer, then the object can
be imaged by the mini IR camera when opening the grip, and finally the acoustic echo pattern
changes once the object is firmly held in the hand.

8.3.2 Ring Hardware
To house my selected sensors in a smart ring form factor, I designed and created an
initial prototype, shown in Figure 8.3. As best as possible, I attempted to keep a low
profile, so as to not impede the movement of the fingers during grasps. However,
my primary objective in designing this prototype was to incorporate all of the
sensors and position them to have the best view of the grasp interaction. For this
reason, I sacrificed some extra bulk to create a larger base for sensors.

The second bulge at the top of the ring contains the microcontrollers (MCUs)
I used to read the sensors via I2C and send the data back to a laptop over USB
serial. I chose to use the XIAO ESP32-S3 for its dual-core architecture, small size,
and ease of use.

All sensors were sampled at 40 Hz or higher, which was set by the active
acoustic sensor, which had the lowest maximum sampling rate (40 Hz). In testing,
I discovered that even with two threads of execution and DMA-buffered I2C reads,
the bandwidth of my data reads was limited by having to wait on sending or read-
ing data while the other four sensors were being handled. As a straightforward
fix, I stacked three ESP32s on top of each other and assigned one to handle the
mini IR camera, one to handle the active acoustic sensor, and the last to handle
the IMU and lux sensor. My hypothesis was that after evaluating performance of
all of the sensors and performing ablations for sensor type and data rate, it would
be possible to recommend a final design that only required one MCU.

In addition to all of the aforementioned ring hardware, I also mounted a wide-
angle (160-degree), high-resolution (1080p) web camera onto the side of my ring
(seen in Figure 8.3). Unlike the other sensors, this camera does not aid in grasp
detection, and was never expected to be included in a final prototype. Instead,
its purpose was to (1) capture ground truth image data to help aid sensemaking of
collected sensor data, and (2) form the basis for a future dataset of egocentric grasp
interactions. With the exception of CyclopsRing [43], I am not aware of another
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Component Power consumption (mW) @ 3.3 V
IR camera (APDS9500) 9.90 mW
Active acoustic sensor 10.21 mW

Accelerometer (BMI270) 2.26 mW
Lux sensor (VEML7700) 0.61 mW

Microcontroller (3 x ESP32-S3) 26.40 mW x 3
Total = 102 mW

Table 8.2: Power consumption of each TrigRing component used in my first prototype. Power is
dominated by the BLE stack on the MCU. With a lower data rate and sleep modes, MCU power can
be as little as 1 mW. My final prototype (shown in Figure 8.11 and the Video Figure) consumes less
than 25 mW.

prior work that has examined hand interactions from the perspective of a wide-
angle, high-res camera on the finger. Mine would be the first to focus specifically
on object grasps. I see this dataset (described again in the Open Source section) as
a supplementary contribution that nevertheless may scaffold future research on
grasp detection with hand-based sensing.

8.3.3 Smart Glasses Emulation Hardware
To emulate the egocentric camera on a pair of smart glasses, I also created a piece
of head-worn hardware that mounted the same wide-angle, high-res web camera
used on the ring to an adjustable head band. This headband was worn by partici-
pants during my User Evaluation to collect ground truth data to compare against
a glasses-only system with no triggering accessory. Outside of my Evaluation, I
also used the headband as a starting point to create a complete demo (described
in Applications) using a pair of glasses with a USB webcam. This demo closed the
loop on a complete system for detecting a grasp, triggering glasses, having the
glasses take a picture, and analyzing the picture with a VLM.

8.3.4 Power Consumption Analysis
By utilizing sensors that run at a low power, one of the goals of TrigRing is to run
continuously to recognize grasps where other more power-consumptive systems
cannot. In this way, even when TrigRing cannot sense all parts of a user’s context,
it can provide a trigger to wake up other higher-power devices in a low-power
sleep, such as the smart glasses, to perform deeper recognition.

Many current smart glasses have built-in cameras used for recording videos
or light AI tasks. However in practice, these cameras cannot be used with any
significant frequency without a substantial impact on battery life. At present, Ray-
Ban Meta smart glasses are advertised to have a battery life of 8.0 hours during
typical use, but in practice, when using the camera, battery life drops to around 30
minutes [76, 194]. Running and processing these cameras is a significant reason
why current smart glasses do not possess ”all day” battery life for AI inference
tasks.
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My target for TrigRing is to augment smart glasses so that they do not have
to constantly run their cameras and instead could only use them when needed:
allowing for AI inference, but keeping an ”all day” runtime. This is the reason I
advocated for using less powerful but lower-power sensors.

Traditional high-resolution camera sensors, such as the ones I use for my
ground truth, can consume in the range of hundreds of mW [68,270]. In contrast,
the mini IR camera sensor I use on my ring consumes only a fraction of the power,
resulting in savings as great as 10×. The acoustic sensor I used draws slightly more
power than the camera, but on the same order of magnitude. Within the acoustic
sensor, the act of driving the transducer with the ultrasonic chirp consumed the
bulk of the power (85%). Due to the proximity of the object targets to the trans-
ducer, it may be possible to lower the drive power (volume) of the audio amplifier.
This would lead to lower power consumption, but has the potential to also slightly
decrease performance. Finally the power consumed by the IMU and lux sensor
was much lower, under 2.5 mW each. In particular, the lux sensor could reliably
be used continuously without worry. A breakdown of the power consumption of
the entire system by component is shown in Table 8.2.

8.3.5 Latency
Total latency for my system was calculated in three main parts. First, the time it
took for each one of the MCUs to poll its associated sensor and receive a packet of
data. For each of the four sensing channels, this latency value was different rang-
ing from 3.7 ms (IMU) to 23.8 ms (acoustic). In addition to the polling time, there
was an additional period of latency for transmitting the data over the serial con-
nection and receiving it on the laptop. Transmission latency also varied based on
the sensing channel due to the size of the packet transmitted. The acoustic channel
had the largest packets, thus it likewise had the highest latency (12.9 ms). To cre-
ate a complete data frame to pass as an input into my model, my system needed
to wait for a new packet from all sensing channels. For this reason, the overall
latency of the entire pipeline was bottlenecked by the slowest sensor (acoustic).
Thus adding in the latency for model inference (24.5 ms), the total latency of the
TrigRing pipeline was 61.2 ms, which corresponds to a frame rate of 16.3 FPS.
Both of these values are acceptable for real-time performance in the object grasp
application.

8.3.6 Ground Truth Data
To collect ground truth data during my user study, I created a customized sensing
apparatus. This device, shown in Figure 8.6, consisted of pairs of infrared LEDs
and TSOP1838 IR receiver modules controlled by an Arduino Mega 2560 MCU.
The MCU sent 38 kHz signals to the LEDs which generated digital signals when
captured by the IR receivers. Each LED-emitter pair was checked in series to avoid
interference. In this way, the apparatus acted as a digital switch to detect when
there was any change in the physical blockage of an IR receiver caused by an object
placed directly across from it. Since I assume only one object is picked up at a time,
blockage change events could be used in a simple state machine to determine if an
object was picked up or placed back down.
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8.3.7 Data Processing
To receive the sensor data on the laptop from the ring MCUs, I created client scripts
that each ran on their own thread. Each client was assigned to read from a single
serial port (assigned to one MCU) and send that data to a central server script. The
server script saved the most recent packet from each client in a data buffer. Once
the buffer was completely filled with new packets, the full data vector was saved
to a file and the process restarted. This full data vector, which was saved to a file
at a rate of 40 Hz, contained values for each ring sensor, a value for the current
ground truth state, and captured frames from the ring and glasses webcams.

For data collection, such as in my User Evaluation, this is where the pipeline
ended. When preparing data for model training and inference, a few additional
steps were used. When provided as input to my ML model, one IR camera frame
is provided per data sample. For all other sensors, a short window of data is pro-
vided for each sample. In each window of size N, the first entry corresponds to the
data buffer from the most recent sample, and the rest of the window corresponds
to the previous N − 1 samples. I chose this approach because while a single IR
image can capture stateful information about a grasp (e.g., can an object be seen),
the other sensors capture events that take place over time. For example, the ac-
celerometer capturing vibrations on touch contact or Doppler shifts in the acoustic
echoes when approaching an object.

Under this approach I used a window size of 21 samples for the acoustic data,
and 71 samples for the IMU data and lux sensor. These sizes were chosen based
off of the sampling rates of the respective sensors, and my desire to have windows
that were just long enough to capture the major components of a grasp, which
typically last under 400 ms [321]. When preparing data from my Evaluation for
training, I used a script to format the sensor data which was previously saved as a
continuous stream into discrete windows. With the exception of a filter to remove
the gravity component from the accelerometer data, no additional filtering or pre-
processing was applied to the windowed data before passing it into my model.

8.3.8 Machine Learning Architecture
A diagram of my complete system architecture can be seen in Figure 8.5. To re-
iterate, TrigRing uses sensor fusion to recognize object grasps. In my model, I
use a late fusion technique where I individually process each of the four sensor
streams in separate branches of the model, then combine these branches before a
final layer of processing. The overall architecture was inspired by the late-fusion
model used successfully in Yeon et al.’s WatchHAR [331].

Each sensor stream is first processed independently, in its own branch of the
model, to encode features specific to that modality. I chose separate branches
because each sensor captures grasp-related information in a very different form:
some signals are complex, such as the Doppler ripples that appear in ultrasonic
acoustic images as a hand approaches a surface, while others are simple, such as
the drop in lux sensor readings when an object is picked up and covers the sen-
sor. To account for this variance, each branch uses a sub-architecture suited to
its input. For the IR camera images and ultrasonic acoustic ”images,” I used a Mo-
bileNetV3 backbone [110] pretrained on ImageNet-1k. MobileNetV3 combines in-
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Figure 8.5: A diagram of my ML model architecture. My model was split into four parallel
branches, one for each sensing channel. Each branch used a different model for featurization of
raw data before passing in the extracted features into a gated fusion block which learns intelligent
combinations of the sensing channels. Finally, the output of the fusion block is passed through
final linear layers to make an output grasp prediction.

verted residual blocks with squeeze-and-excitation modules, platform-aware neu-
ral architecture search, and an efficient classification head, together offering a
strong balance of model size, computational efficiency, and accuracy.

For the IMU and lux encoders, I adopted the ConvBoost architecture [252], a
3-layer 2D CNN designed for efficient processing of multivariate time series data
such as IMU signals. Because the lux stream is single-variable, I used a 1D CNN
for it instead. Both use 5×1 kernels to extract temporal features, with max pooling
after the first two convolutional layers and ReLU activations throughout. The clas-
sifier head consists of two fully connected layers with dropout (p = 0.5) to prevent
overfitting. This architecture favors simplicity and computational efficiency while
still extracting effective features for grasp detection.

Rather than simply concatenating features across my four sensing modalities,
I combine them using a Gated Fusion mechanism [18]. Each stream’s embedding is
first projected into a shared 128-dimensional space via a separate linear layer, then
passed through its own gating network (a linear layer followed by a sigmoid) that
outputs a weight between 0 and 1 for each feature dimension. Multiplying each
projected embedding by its gate values lets the model scale features according
to their learned importance before the streams are merged. The gated outputs
are then summed and passed through an additional linear layer to produce the
final 128-dimensional fused representation, which feeds into the classifier head.
I trained the model as a regression, thresholding its floating-point output with
a tunable hyperparameter to predict grasp class probabilities. Every component
is fully differentiable and trained jointly, end-to-end, using binary cross-entropy
loss, so the model learns to weight each modality according to its relevance to
the current state (grasp or no grasp). This approach is particularly well suited
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to settings where some data from the current user is available during training,
allowing the gating to adapt to that user’s characteristics.

8.3.9 Model Training Protocol
In total, TrigRing’s model has 17 giga FLOPs and 3.1 M parameters. During testing,
I found my model’s performance improved if I included a larger corpus of pilot
data during training. This pilot data was separate from the main training data
collected on participants during the study. The size of this pilot data was roughly
1 hour of grasp events collected on data from one of the authors on a broader
set of objects. My model was trained for 30 epochs on the combined pilot and
user data using the ADAM optimizer and a learning rate of 1e-5. When tested on
a Core i7-10750H laptop CPU, the model achieved an inference time of 24.5 ms.
For reference, new frames arrive only every 36.7 ms which still gives a 12.2 ms
buffer for real-time inference (which happens at 16.3 FPS). While feature extraction
and model inference could eventually happen on-device, today’s expectation is
that data is transmitted wirelessly from the ring to a nearby phone or glasses for
processing.

8.3.10 Context Recognition Demo
To demonstrate the full execution of my system and to highlight the core contri-
bution of TrigRing, I created an end-to-end context recognition demo. This demo
used my final ring prototype (shown in Figure 8.11) and smart glasses USB camera,
different from my User Evaluation. This final prototype operates on a 105 mAh
battery and can send data to computer wirelessly via Bluetooth. I did not run an
evaluation on the context recognition accuracy of this demo, as this primarily tests
the VLM which is not the contribution of this work. Nevertheless, I believed it use-
ful to create an end-to-end demo to showcase what a complete implementation of
my triggering framework would look like in action.

In the demo, the camera on the glasses was connected to the same laptop that
the ring sensor data was sent to. On the laptop I ran grasp detection inference
using a version of my ML model trained on all participant data from my User
Evaluation. Whenever a grasp was detected, I took a picture using the glasses
camera, then passed this image to a VLM (Gemini 3.5 Flash-Lite) with the following
prompt: ”Analyze this image in detail and list the single object that is being held by
the right hand in the image. There is a measurement sensor being worn on the index
finger, ignore it. Just state the held object and nothing else. If no object is held,
explicitly state ’nothing’.” The resulting context description was then presented
visually for the user. A demonstration of this demo with various prompts can be
seen in my Video Figure.

8.4 Evaluation
To evaluate the performance of TrigRing, I conducted a user study on grasp detec-
tion accuracy. The purpose of this evaluation was to collect user data to answer
the following questions, analyzed in the subsequent Results section:
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Figure 8.6: Setup for my user evaluation. During the study, a set of 30 everyday objects (shown on
right) were placed in sets of three on a sensing platform (shown on left) that used infrared detector
pairs to collect ground truth data on when objects were picked up and set back down. Objects
were chosen in part to parallel prior work and in part to offer a diversity of sizes, weights, and
reflectances.

(RQ1) How well does TrigRing recognize object grasps?

(RQ2) How does performance vary across different types of objects?

(RQ3) Which sensors aid the most in detecting grasps, and how much power do
they trade-of?

I recruited a set of 18 participants (13 female, 5 male, mean age 23) for my
study. The study lasted 45 minutes in length and was broken up into two identical
sessions. Each session began with participants putting on the ring and glasses
hardware. The same ring prototype was used for all participants. To account for
differences in finger size, the base ring was sized to 20 mm, and 3D printed TPU
shims were used to accommodate smaller ring sizes.

Grasp detection was evaluated on a set of 30 commonplace objects, shown in
Figure 8.6. The core of this object set was taken from prior work on grasp detec-
tion [29, 57, 282] to produce an accurate comparison. The remainder of the object
set was filled out by inspiration from prior work on held-object recognition [151]
and other objects I believe are commonplace, yet have diverse physical properties,
including size, shape, and weight.

After a brief orientation, the study began with participants standing in front
of a desk on top of which was placed my ground truth (GT) apparatus. The study
proctor placed three objects on top of the GT apparatus. Participants were in-
structed to pick up the leftmost object, hold it for one second, set it back down,
then wait one second. To standardize pacing, a flashing light on the GT apparatus
was used to let participants know when one second had passed after each GT state
transition. This process was repeated for the middle object, then finally the right
object to complete one cycle. After six cycles were completed, the proctor paused
data collection and swapped in three new objects. This process was repeated (10
times) until all 30 objects were used. In total, by following this procedure, I col-
lected data on 18 participants × 2 sessions × 6 cycles × 30 objects = 6480 unique
object grasps.
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At the conclusion of a session, participants performed a brief sequence of
five non-grasp poses, repeated for six cycles, following the proctor’s verbal in-
structions. The poses consisted of arms crossed, hand down by side, fist, fidgeting
fingers, and hands clasped. The purpose of this section was to collect data on the
null state (no grasps) that was more diverse than the hand held in midair and more
typical of other hand interactions TrigRing might encounter in real-world use.

Between each session participants took a short break and were asked to take
off the hardware before re-wearing it for the second session. The purpose of this
was to simulate real-world use where the hardware may shift slightly in position
or orientation between wearing sessions.

As a point of clarification, TrigRing is trained to predict moments when ob-
jects are lifted off and set back down on a surface, as this is how my ground truth
is configured. I note this is distinct from behavior where a user touches an object,
but does not actually pick it up. This is not a case I explicitly tested for or de-
signed my Evaluation around; however in anecdotal testing of my trained model,
I observed this case overwhelmingly recognized as a grasp.

8.5 Results & Discussion
My system prototype and evaluation procedure were designed to investigate sev-
eral important metrics of my system’s performance. Before discussing my results,
I detail my method for calculating system performance, and the process of tuning
my pipeline’s major hyperparameters to achieve the best and most robust perfor-
mance. For my Evaluation results, I first analyze grasp detection results to compare
the cross-session case, when including data from a session of the current partici-
pant, and the cross-user case, where no data from the current participant was used
during training. Second and most importantly, I ran an ablation study to identify
how different combinations of sensors used in sensor fusion performed and find
out the relative performance contribution of each sensor channel. Finally, using
my ablation results and data from my system power analysis (Table 8.2), I ran an
analysis to measure and report the performance-power tradeoff for different sen-
sor combinations.

8.5.1 Calculation of System Performance
For all analyses, results are presented in precision and recall, which I calculated
from continuous model predictions using the procedure outlined in Cofer et al.
[50]. I chose this approach because my model continuously outputs predictions
for a grasp state while my objective is to detect finite grasp events in time, thus
measuring accuracy on a frame-by-frame basis is less useful.

In my accessory triggering framework, the most important metric is recall,
i.e., what percentage of the time am I correctly detecting (and not missing) true
positive object grasps. The cost of missing a real grasp is high because it means
the glasses will never be triggered to wake up and recognize an event that may be
critical, such as taking a daily medication. On the other hand, while I still highly
value precision, i.e., what percentage of the time did I not trigger on a false positive,
this metric is slightly less important. This is because even if TrigRing triggers and
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Figure 8.7: Plots detailing my pipeline hyperparameter tuning process. I tuned both the threshold
for predicting a positive grasp class from the output of my model (left) and the number of seconds
this positive class must be held to trigger a grasp event to the smart glasses (right). The final value
for both hyperparameters (shown with the red circle) was selected as the value that maximized F1-
score (i.e., maximally balancing precision and recall). Notable is that while practical performance
of TrigRing is best when optimizing for recall, this significantly increases the null data false positive
(FP) rate, thus I optimized F1-score instead.

wakes up the glasses on a false positive, the worst case scenario is that the glasses
recognize nothing is held in the hand and go back to sleep, wasting a little power.
To maintain practicality, precision needs to remain high, otherwise there will be
too many false positive triggers and battery life will plummet, however the cost of
missing a real grasp is much graver.

Finally, as a separate analysis I also include the false positive rate on the null
evaluation data. While precision and recall illustrate TrigRing’s performance in
correctly recognizing intended grasp events, the null false positive rate shows how
often the system incorrectly fired a trigger (and thus wasting power) when partic-
ipants performed one of the instructed null gestures.

8.5.2 Model Hyperparameter Tuning
Before calculating metrics on my model’s outputs, I first pass the predictions through
a filter stage. The first step is to take my model’s regression output and apply a
threshold which determines whether the prediction is under (no grasp) or above
(grasp). I then apply a step that looks for short transitions between the low (no
grasp) and high (grasp) states. If any section above the threshold lasts less than 0.5
s, I determine it to be spurious and filter it out. Any grasp prediction longer than
0.5 s is left alone and considered a valid trigger. This filter stage cleans up noisy
oscillations in my output predictions.

Both the model output threshold and the seconds above the threshold used to
fire a trigger were considered hyperparameters. A detailed analysis of my process
for tuning these hyperparameters is shown in Figure 8.7. The tuning process was
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Figure 8.8: Averaged precision, recall, and the null false positive (FP) rate across participant trials
for the cross-session and cross-user cases. Precision was slightly higher and null FP rate lower
(both good) in the cross-session case due to the inclusion of distinctive training data from that
participant in the analysis.

conducted on the cross-user case for my three primary metrics: precision, recall,
and the null false positive rate.

8.5.3 Comparing Cross-Session and Cross-User Results
The results for my first analysis, which compared the performance of TrigRing
for the cross-session and cross-user cases, are shown in Figure 8.8. The metrics
were calculated by running the relevant session data for each participant through
a model trained for that case (cross-session or cross-user). For the cross-user case
I used a model trained on data from all other participants (including pilot) except
the one under test. I took this trained model then tested it on the data from both
sessions for that participant and calculated metrics. This process was repeated
with a new trained model for each participant, then results were averaged across
all 18 participants.

The process for the cross-session case was identical, except for training I took
the cross-user model for that participant and fine-tuned it on the data from one of
that participant’s sessions. This trained model was then tested on the other ses-
sion and metrics calculated. This process was repeated for the other session, then
results were averaged across both sessions for all 18 participants. My expectation
was that performance would be better for the cross-session case, as the model had
access to some training data from the current user. This allowed the model to gain
some understanding about how the user grasps objects or performs null gestures.

8.5.3.1 Grasp Detection Results

Final grasp detection results between the two cases were nearly identical. TrigRing
achieved strong grasp detection performance not just in cross-session, but in both
cases, with a precision and recall of over 0.95, which is significantly better than
similar prior works which detected object grasps from the wrist [29, 50, 282]. In
addition, these results are also a significant improvement on the most similar prior
work, Contextra [57], which achieved an average precision and recall of 0.82 and
0.84 for cross-user. I believe that these improved results are a consequence of
the sensing modalities I chose, my powerful fusion pipeline, and perhaps most
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critically, the advantage of sensing grasps from a finger perspective. Earlier in
the Implementation section I mentioned how sensing hand behaviors closer to the
point of interaction can result in higher quality and more informative signals. I
believe the results for TrigRing’s ring-based approach and comparing to previous
wrist-based work provide evidence for this advantage.

Looking in more detail, the cross-session case achieved a precision of 0.973
(SD=0.02) and a recall of 0.957 (SD=0.03). In comparison, the cross-user case achieved
a precision of 0.956 (SD=0.01) and a recall of 0.951 (SD=0.02). Between the two
cases, the results were within a statistical margin of error of each other, with the
cross-user case only 1.7% lower than the cross-session case for precision and 0.6%
for recall.

8.5.3.2 Null Data Results

Null data results between the two cases were more stratified. These results were
calculated exclusively on the 30 null gestures that participants performed each
session. This data was included in this analysis but left out of all other analyses.
I designed the five null gestures (arms crossed, hand down by side, fist, fidgeting
fingers, and hands clasped) to be gestures users might plausibly perform in daily
activities, but also adversarial in the sense that they might produce sensor data
with a high degree of similarity to an object grasp.

To quantify null data performance, I calculated the rate that TrigRing trig-
gered a false positive on each of the null gestures for each participant and aver-
aged the results. This produced a null false positive (FP) rate for the cross-session
and cross-user cases, shown in Figure 8.8, where a lower rate is better. The cross-
session case had a null FP rate of 0.18 (SD=0.02). In comparison, the cross-user
case had a null FP rate of 0.31 (SD=0.01) which was 72.2% higher.

While the cross-session null FP rate is acceptable, there is some room for im-
provement in the cross-user case to ensure that the combined ring-glasses system
consumes a practical amount of power. Ideally, the null FP rate should be under
0.2. One known solution for improving the null FP rate is to include more training
data from the current user. The amount of null gesture training data that I collected
for each participant was also six times less than the amount of grasp training data.
This meant not only that there was an imbalance in the training data, but also that
there were far fewer null gesture examples to learn from. In line with the per-
formance improvement from cross-user to cross-session, I hypothesize that with
access to more null gesture examples, null performance could improve.

8.5.4 Sensor Ablation
The goal of my second analysis was to determine which sensing channels con-
tributed the most to recognizing grasps. I did this by conducting an ablation on
my cross-user results. For each participant, I took the model trained from the
cross-user analysis and disconnected some of the connections in the final addition
of the gated fusion block based on which sensors I wanted to ablate. The results
from testing were averaged across all participants and this process repeated for
every possible combination of sensor channels. The results from this ablation are
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Figure 8.9: Results for my ablation analysis of every possible sensor combination. Colored icons
on the bottom indicate which sensor channels were used for that column. The best combination
(all sensors) is marked with a star.

Figure 8.10: Comparison of the performance of different ablation sensor combinations and the
total power consumption of the corresponding sensors for that combination. This comparison
shows that the best combinations to maximize performance and minimize power use the mini IR
camera, but not the acoustic sensor.

shown in Figure 8.9. To improve clarity of the figure, I chose to plot F1-score as a
combined measure balancing both precision and recall.

Among all sensor configurations, the best performance, F1-score 0.953 (SD=0.013)
was achieved when all sensing channels were used, which is the default configu-
ration used in all other analyses. Performance tended to drop off lower as more
sensing channels were removed with three sensors achieving the next best results,
then two sensors, and finally one sensor the worst. This result matches what would
typically be expected of sensor fusion where more sensing channels unlock better
performance by allowing the model to see more unique featurizations of a grasp.

However, notably in TrigRing’s ablation results, while performance dropped
when using fewer sensors, it still remained very high when using just the mini IR
camera or acoustic sensors. In fact, compared to the all sensors baseline, the just
mini IR camera achieved an F1-score of 0.939 (SD=0.021) which is only 2.5% lower,
and the acoustic achieved an F1-score of 0.842 (SD=0.045) which is 11.6% lower.
The sensing power of the mini IR camera and acoustic sensors can all be seen in
the conditions with two or three sensors where any condition that included one
of these sensors performed at worst within 11.6% of the baseline.
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Figure 8.11: Photos of my final proof-of-concept ring after my power analysis. Compared to my
earlier prototype, this ring has nearly identical performance, but consumes less than 25% of the
power, runs wirelessly on a battery, and is significantly slimmer.

8.5.5 Performance-Power Tradeoff
My prototype sensing ring was intentionally designed with a number of sensors
and microcontrollers with the understanding that not all of them would help equally
well with sensing grasps and while some may work well, others may not be worth
including in a final prototype. This assumption turned out to be correct as the
camera and acoustic sensors were significantly more helpful than the IMU and lux
sensors.

Overall, the ablation results indicate that although better performance is achieved
when more sensors are fused together, nearly comparable performance can be had
when only one sensor is used. This has significant implications for the practical
deployment of TrigRing. Each additional sensor used incurs a power consumption
cost and the secondary goal of TrigRing beyond detecting grasps is to consume as
little power as possible.

To quantify this performance-power tradeoff I plotted the F1-score perfor-
mance of all 16 sensor combinations against the respective power consumption
of the corresponding sensors. These results are shown in Figure 8.10. The main
finding from this analysis was that the best sensor combinations to maximize per-
formance while also minimizing power include the mini IR camera but leave out
the acoustic sensor. This is because first, the mini IR camera achieves very strong
performance on its own, much higher than the IMU, and thus is worth spending
more power for. On the other hand, adding in the acoustic sensor increases power
consumption by 103%, but leads to an only 0.2% improvement in performance,
which is well within a margin of error.

These results led me to conclude that the optimal TrigRing prototype could
include only a mini IR camera sensor, and optionally an IMU and lux sensor if
1% better performance is desired for a small increase in power consumption. In
accordance with this conclusion, I created a second TrigRing prototype (shown in
Figure 8.11), which achieves similarly strong performance as my original prototype
while consuming significantly less power and having a notably slimmer profile.
Both lower power consumption and a slimmer profile help to make TrigRing more
practical for real-world use. The design and performance of the final prototype is
shown in action in my Figure 8.12 Video Figure.
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8.6 Applications
The purpose of the TrigRing prototype is to demonstrate a prototype implementa-
tion of the triggering accessory framework for continuous context recognition. In
the Results just presented, I demonstrated the viability of using a fusion of sensors
on the finger to detect object grasp triggers. The realized benefit of a robust and
accurate triggering accessory is that it enables the general-purpose context recog-
nition of the smart glasses, powered by a VLM, to run ”continuously”. Continuous
context recognition in turn opens up the possibility of many practical end-user
applications, which I show in Figure 8.12 and detail here.

8.6.1 Habit & Dietary Logging
One of the reasons habits can be notoriously difficult to keep and keep track of is
that they require persistent upkeep, particularly remembering to perform or log
certain behaviors. With the introduction of a device that can automatically detect
the moment habits do (or should) occur, the burden of having to remember to log
every instance is offloaded.

In this way, my system could help users to automatically track and log many
habits, such as flossing or watering plants. In this example, TrigRing would ex-
pect to detect flossing once per day, but if this did not occur, my system would
know the habit was missed. In a similar fashion, automatic logging is also useful
for enabling automatic dietary monitoring, such as tracking what times of days
meals are eaten, what type of food, and how many calories consumed. In prior re-
search, specialized wearables were developed specifically for this task [26,27,170],
in contrast, TrigRing can enable it with a general-purpose device.

8.6.2 Medication Adherence
Another important application, which is related to habit monitoring, is tracking
adherence to taking medications. In the United States, approximately 40% of pre-
scribed medications are taken incorrectly or not at all [206], which are linked to
125,000 avoidable deaths every year [5]. If given prior information about what
medications a user should take and when, TrigRing can create a record of when
medications are taken and send timely reminders when they are missed.

8.6.3 Guided Task Completion
During physical tasks that are complex and require multiple steps, such as cooking
a recipe, assembling a piece of furniture, or fixing a leaky faucet, users can greatly
benefit from automated assistance that recognizes what step they are on and what
to do next [73, 146]. While traditional voice commands can be used to prompt
smart glasses about the next step, this can be tedious and may require additional
prompts to remind the system what step you are on. Instead, TrigRing could track
the moments objects are picked up and interacted with and use those triggers as
cues to tell the system to look for the next step. This removes the need for manual
prompting and still allows the camera-VLM system to not be constantly running,
which is draining for longer tasks.
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Figure 8.12: Example applications that TrigRing enables when paired with camera-equipped smart
glasses. TrigRing tells the glasses when to capture an image and send it to an AI agent, which can
then help with tasks such as logging that you took a medication (top left), tracking your diet (top
right), guiding you through a DIY repair (bottom left), and remembering where you left your keys
(bottom right).

8.6.4 Memory Support
Another application is augmenting the spatial memory of users. It is a well-
recognized problem that users may misplace objects that are important to them,
such as keys or a wallet, and seek assistance in locating them. Many commercial
solutions already exist for this problem such as AirTags or similar devices [8,162].
However, instrumenting every device you want to locate can be costly, and also
adds bulk to the objects. In addition, in some cases a user may not realize they
want to track an object until they have already misplaced it. This is especially true
of users with memory impairments such as dementia.

To solve this problem, TrigRing can track instances when users leave behind
objects (i.e., the end of an object grasp) that are important to them and keep a log
of their last known locations. Then, if the user wants to know the location of a
particular object in the future, all they have to do is ask their glasses where they
last put it. With this method, the upfront cost of instrumenting objects is removed.
In addition, if combined with VLM scene understanding, the user can also ask
questions using natural language, such as ”where are my keys?” or ”what was I
doing when I forgot my ID card?”. Without implicit input, this type of continuous
context understanding is not possible with current explicit AI interactions.
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8.6.5 Dictation for Low-Vision Users
With current camera-based dictation software, users must manually take a picture
or continuously capture video to get audible read outs of text that is visible in
front of them. This works well for short tasks, but during longer tasks, continuous
video can drain battery. In addition, the user may only want text read under certain
conditions, such as ”read the sender whenever I pick up an envelope” and ignore
all other text. With object-based continuous context recognition, TrigRing could
make this kind of application possible.

Further, in a manner more reminiscent of a personal assistant, a TrigRing-
glasses system could learn over time when and where a user wants dictation as-
sistance and know to automatically step in at only those moments. For example,
learning to begin dictation whenever the system detects the user opens the refrig-
erator.

8.6.6 Shopping Assistant
Finally, TrigRing could help serve as a personal assistant for in-person shopping.
When shopping online, many tools and plugins are available that allow customers
to quickly and easily compare prices and availability of items to competitor stores.
Currently, there is not a good analogue for such plugins when shopping at physical
stores. Smartphone apps exist that allow customers to compare items in the man-
ner of internet shopping, but this can be cumbersome and slows shoppers down
by requiring a great deal of manual input.

In contrast, when used in a store, TrigRing can automatically bring up price
comparisons for users when they pick up items, or provide other information such
as availability of other colors or models at a different store. Critically, all of this
assistance can happen automatically whenever an item is picked up without the
user having to explicitly ask for help every time.

8.7 Limitations & Future Work
As with any method, TrigRing has strengths and weaknesses. I now highlight
significant limitations and potential avenues for future work.

8.7.1 Additional Worn Device
The most obvious limitation of TrigRing and the triggering accessory framework
is that they require the user to wear an additional device beyond the smart glasses
(or similar camera-based wearable). However, there are several counterarguments
to this.

For one, beyond its use in detecting object grasps, a smart ring could also
be used to provide more traditional forms of explicit input, such as selection, di-
rectional, or pointing input. Basic explicit input is a problem that current smart
glasses already struggle with due to their compact size on the face and lack of ways
to sense the hands. As a result, many commercial smart glasses solutions already
give users the option to wear an additional input device.
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In addition, while the results I have presented and sensors explored are only
applicable for a smart ring, the idea of a triggering framework need not be limited
to a ring. For example, instead of using sensors in a second device, low-power
sensors could be integrated into the same device (smart glasses or otherwise) that
has the egocentric camera. Since egocentric cameras require a view of the entire
body, this device would likely not be on the hand, which introduces challenges
for sensing grasps. Nevertheless, I believe sensors such as the mini IR camera and
ultrasonic acoustic sensor could be used even at a distance.

8.7.2 Grasps with Non-Worn Hand
A classic limitation of wearables worn on the hand, such as a smart ring, is that
they are only designed to sense interactions by the hand they are worn on. Tri-
gRing has this same limitation. This means if an object is grabbed with the non-
worn hand, it will not be detected and will not generate a trigger.

One straightforward solution to this problem is to have the user wear a sec-
ond ring on the other hand. This introduces extra cost to the user, but does have
other advantages, such as creating recognition redundancy when the user picks
up objects with both hands. Another future solution could also get around this
problem by embedding the triggering sensors in a wearable that has a better view
of both hands, such as the smart glasses themselves.

8.7.3 Non-Standard Grasps
During my user study, users were not given any specific prompts about what grip
or style to use when picking up objects. As such, the results I presented represent
performance when users naturalistically pick up objects.

Nevertheless, in testing I became aware that there are some non-standard
grasp styles which can make object grasp detection more difficult. For example,
since TrigRing is designed to be worn on the index finger, grasps that omit this
finger, such as pinching the pinky finger and thumb, may lead to worse perfor-
mance. This is because the sensors I used are all positioned on the bottom part of
the ring, and thus come into close contact with the object during a grasp with the
index finger. If the index finger is not used, the objects may not appear in the field
of view of the IR camera or light sensor.

However, despite this challenge, anecdotally I did go back to my user study
data and found examples where participants used some of these non-standard
grasps. While the optical sensors did not image the objects, performance still re-
mained acceptable. I believe this is because sensors such as the ultrasonic acoustic
sensor and IMU still behaved as normal, highlighting a key benefit of using a sen-
sor fusion approach as I did.

8.7.4 Complex Grasps & Environments
In designing my user evaluation, I primarily focused on including a diverse set
of objects and replicating a similar protocol to prior grasp detection experiments
[29, 57, 282]. I believe this presents a strong initial measure of grasp detection
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performance, however it did not include testing on more complex grasps and en-
vironments that may appear during use in the real world.

For example, in a more complex scenario with non-static objects, a user might
pick up an object then manipulate, morph, or deform that object while holding it.
When picking up the object, there may also be more environments with dense
clutter, moving objects, etc. I did not explicitly test any of these more challenging
scenarios, and thus cannot precisely say how performance might vary, but I believe
it does call into question what should be considered a grasp.

Two more complex scenarios I did observe in my evaluation data included
picking up an object and passing it between one’s hands and touching an object
without picking it up. Although these were not labeled as positive examples in my
ground truth, TrigRing tended to identify them as grasps. At a high-level I find
this behavior acceptable as it would be more costly to miss grasp-adjacent events
a user might want to detect as opposed to triggering more often and going back to
sleep if not needed.

8.7.5 Form Factor
I also note that TrigRing’s smart ring prototype is very much a proof-of-concept
implementation, and several engineering challenges would have to be overcome in
a future consumer version. Chiefly, the form factor of my ring prototype is bulkier
than what users typically might expect out of current commercial smart ring offer-
ings [103]. One way size could be reduced is to use a more powerful or specialized
processor that can handle more sensor streams at once; this would reduce the need
to have three MCUs like I used. Based on the results of my performance-power
analysis in Section 8.5, future designers may also choose to leave some sensors out
which could further shrink the form factor.

8.8 Summary
In this chapter, I presented my work on a novel system for using a triggering ac-
cessory to enable continuous personal context recognition. To practically demon-
strate this concept, I created and evaluated TrigRing, a smart ring that fuses low-
power sensors to detect object grasps and uses these grasps as triggers for smart
glasses. By combining a mini IR camera, an ultrasonic acoustic sensor, an IMU,
and a light sensor, TrigRing detects grasps with a high degree of accuracy: in a
user study across a diverse set of objects, it achieved 0.95 precision and recall,
and I outlined the tradeoff in performance each sensor contributes relative to its
power cost. TrigRing completes my investigation into three promising avenues
for sensing implicit hand input — touch, pose, and object grasps — and I believe it
demonstrates a powerful technology for enabling truly continuous context recog-
nition, along with a suite of context-centered applications that were not previously
possible.

In the remainder of this thesis, I present my overall findings: first, recom-
mendations for future wearable sensing devices (Chapter 9), then a discussion of
this thesis’s contributions and avenues for future work (Chapter 10).
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Chapter 9

Design Recommendations for
Wearable Hand Sensing

My journey of building the systems in this thesis involved repeated decisions about
which sensors to use and how to combine them. To aid future designers and re-
searchers, this section distills those decisions into recommendations: the criteria I
weighed, the single sensor and sensor combination I would recommend by default,
and the alternatives worth considering when that default does not fit.

When selecting a sensor for a wearable hand input device, five properties
matter most:

• Performance: the sensor’s features must be informative and low-noise,
since the goal is to detect interactions as reliably as possible.

• Power consumption: wearable devices are only practical for everyday use
if they can operate for a full day or longer without needing to be removed
and recharged.

• Form factor: a sensing device worn on or near the hands must be lightweight
and unobtrusive or users will not tolerate wearing it long-term.

• Privacy: users will not adopt a device if they feel it surveils them to an
unnecessary or uncomfortable degree.

• Calibration requirement: a system that must be retrained for each user,
or worse each time it is worn, cannot ship.

9.1 When Sensor Fusion Helps
Across most of my projects, a trend occurred: fusing more sensing modalities im-
proved interaction detection. Sometimes the gain came from combining multiple
instances of the same sensor, as in DiscoBand and Contextra, and sometimes from
different sensors capturing aspects of an interaction that neither could capture
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alone. In SmartPoser [59], adding UWB ranging to IMU data reduced median el-
bow error by 25.6% and wrist error by 20.4%, because UWB supplies the absolute
measurement that inertial data lacks, helping to prevent drift. In Contextra [57],
fusing multiple cameras with EMG and an IMU allowed more parts of a grasp to be
sensed, improving precision by 0.16 and recall by 0.10 over EMG and IMU alone.

The important qualification, which my later work made clear, is that these
gains diminish sharply once a sensor is well placed. In TrigRing, the full four-
sensor configuration achieved an F1-score of 0.953 against 0.939 for the mini IR
camera by itself, a difference of 2.5%. A new sensor should only be used if it covers
a known failure mode or blind spot of the existing sensors, not if it only adds a
nominally independent channel.

9.2 Best Single Sensor: A Low-Resolution Camera
Cameras were the dominant sensor across my projects, and I believe they remain
the strongest general-purpose choice. Cameras perform well because visual infor-
mation is dense and comparatively low-noise for hand interactions. Cameras also
often require no calibration, and mirror how humans naturally perceive their hand
interactions. Machine learning compounds these advantages, since deep learning
models and vision-language models are exceptionally well optimized for visual
features and benefit from a large corpus of training data no other modality can
match. Audio is the nearest parallel, but the acoustic features produced by the
hands are far less rich. IMU motion and vibration data have an even lower fea-
ture depth, and considerably more noise. Finally, bespoke sensors such as EMG or
acoustic sonar can capture signals no other sensor can, but lack large amounts of
training data and can require extensive per-user calibration.

For a single sensor, my recommendation is for a low-resolution camera.
This can be achieved either with a camera that is natively low-resolution or with
a higher-resolution camera whose output is downsampled, since both approaches
reduce power draw and privacy exposure. The benefit is substantial; high-resolution
cameras and small-package depth sensors can consume hundreds of milliwatts. In
contrast, the natively low-resolution mini IR cameras used in Contextra [57] (30 ×
30) and TrigRing (60 × 60) sensed complex interactions while consuming only ~10
mW each, roughly an order of magnitude less power. Industry trends also support
this recommendation. Always-on camera modules operating below one milliwatt
were commercially available as early as 2020 [107], and by 2026 major vendors
were shipping detect-and-wake sensors in optical formats designed specifically
for smart glasses [272]. I expect these trends to continue, making cameras an even
more competitive option for wearable sensing.

The main weakness of camera-based sensing is privacy. Cameras capture rich
visual data that can inadvertently include identifiable information about the user
and, in many configurations, bystanders. This should be treated as a serious bar-
rier to adoption, and not one designers can easily address after the fact. Some
mitigations are possible, such as on-device inference with no image retention or
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the active illumination technique I used in Contextra [57] and TrigRing, which
removed the background of an image and left only the part near the hand. Never-
theless, privacy-preserving processing should be treated as a design requirement
whenever a camera-based approach is chosen, not as merely an afterthought once
the sensing pipeline is built.

9.3 Best Sensor Fusion: Multiple Cameras
A cross-cutting trend of my work was that sensor fusion generally improves per-
formance. Given this, when a single sensor is not enough, my recommendation is
to fuse information from multiple cameras, rather than pairing a camera with a dif-
ferent sensor type. One of the most significant limitations of cameras, especially
with the small form factor required for wearables, is a small field of view, which
creates problems with occlusion whenever an interaction falls behind a body part
or just outside the frame. Optical fixes such as fisheye lens stacks tend to be pro-
hibitively bulky, so the more practical alternative is to use several small cameras,
each oriented to capture a different part of an interaction. I used this approach
successfully in several of my projects (DiscoBand [58], Contextra [57]), and I be-
lieve it generalizes well. Multi-view camera sensing preserves the performance,
power, form factor, and calibration advantages of cameras described above while
directly addressing the field-of-view problem, at the cost of a proportional increase
in total power draw and privacy exposure.

Multi-camera fusion is even more valuable for wearables further from the
point of interaction. My results support this directly. TrigRing was able to use
only one camera because its ring was worn directly on the finger. In contrast,
in Contextra [57], no single wrist camera could see the entire grasp interaction,
while combining all three improved precision by 0.22 and recall by 0.18 over any
single camera alone. DiscoBand [58], also on the wrist, extended the same logic to
sixteen mini depth cameras, where overlapping views recovered parts of the hand
that any single view lost to self-occlusion.

9.4 Promising Alternatives for Constrained Con-
texts

Cameras are not always the right choice. Power budgets, form factor, or privacy
requirements will sometimes rule them out, and in these cases I have two promis-
ing runner-up recommendations, each suited to a different set of constraints.

The first category includes sensors that measure the propagation of pressure
waves: IMUs and microphones. These are the most widely available sensors in cur-
rent wearables and for good reason. They are cheap, very low-power, drawing a
few milliwatts or less, and produce simple one-dimensional signals. Their simplic-
ity allows for processing to happen entirely on-device, which is faster and saves
transmission power. They are also among the smallest and most mature sensor
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packages available, and are already standard in commodity wearables. Privacy is
strong as well, since an IMU cannot capture visually identifiable information and
a microphone used only to detect a tap or vibration spike, rather than to record
or transcribe speech, does not need to retain or interpret audio content. Finally,
calibration demands are generally minimal, though drift in IMUs can require peri-
odic recalibration. Looking to the future, MEMS technologies for IMUs and micro-
phones are widely considered mature, though OEMs continue to realize incremen-
tal gains in cost, size, and performance [335]. Because these sensors already op-
erate in the microwatt-to-milliwatt range (Table 8.1), further improvements yield
diminishing absolute savings, especially compared to advances in cameras.

The second promising alternative is active acoustic sensing, distinct from the
passive microphones just described. Active acoustic sensors emit inaudible ultra-
sonic chirps and measure their echoes. I explored this modality only in my work on
TrigRing, but prior work has repeatedly shown it to be a high-performing sensor
across many interaction types [157,182,338,339]. Its main advantage is the ability
to sense subtle changes in geometry over a large area, including depth information
that many cheap cameras struggle to capture. This makes active acoustic sensing
especially compelling when depth is the primary signal of interest. It provides
richer depth information than 1D laser rangefinders, at lower power than minia-
ture depth cameras. Like IMUs and microphones, active acoustic sensors do not
capture visually identifiable information, making them a comparatively privacy-
preserving option for depth-sensitive applications where a camera would other-
wise be the default choice. Their main limitation is power. For my acoustic sensor
in TrigRing, amplifying the chirp signal and driving the transducer accounted for
85% of the power consumption. Unlike image sensors, which have benefited di-
rectly from CMOS process scaling, analog and mixed-signal blocks of this kind
have historically gained far less from newer process nodes [7]. As such, I expect
this figure to improve more slowly than camera power has in the future. Active
acoustic sensing also typically requires some environment-specific tuning, such
as accounting for ambient acoustic reflections, which is a modest but non-trivial
calibration burden relative to cameras or IMUs.

9.5 Toward Proactive, Context-Aware Devices
More than a ranking of individual sensors, these recommendations point toward
sensing modalities which can support the kind of devices this thesis argues we
need. As I discuss throughout this work, the rise of AI-driven mobile applications
exposes the limitations of input frameworks that are reactive and lack context
about the user’s physical situation. Despite their power and privacy costs, cam-
eras provide the most direct path to sensing rich, continuous context that proac-
tive, AI-driven systems need to reason about what a user needs next. At present,
clever tricks such as the wake trigger explored in TrigRing can get around some of
the power and privacy limitations. In the future, industry trends point to improve-
ments in camera sensor dies and on-device compute that I believe could address
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these limitations further and lead to cameras and camera fusions becoming the
dominant sensors for wearable, context-aware devices.
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Chapter 10

Conclusion

Throughout my research, I have focused on how wearable devices can sense im-
plicit user behaviors to address the limitations of traditional input methods. As
illustrated in Figure 1.1, this work contributes to a vision of expanding the input
capabilities of wearable devices beyond what is currently possible while preserv-
ing the mobility and convenience that make these devices valuable. I pursue this
vision through three complementary strengths. First, I draw on expertise in hu-
man factors to understand users and the challenges they encounter in everyday
interactions. Second, I leverage a deep understanding of hardware design to de-
velop novel sensors and sensing techniques that capture how people move, behave,
and interact with the world around them. Third, I apply methods from artificial
intelligence and machine learning to interpret these signals, transforming raw sen-
sor data into meaningful models of user behavior. Together, these strengths have
enabled the development of new forms of wearable input that address longstand-
ing limitations in existing systems. To advance this vision, I have explored both
novel sensing hardware and innovative uses of existing sensors, with the goal of
creating input experiences that are more capable, practical, and robust.

My work approaches the wearable input problem from multiple perspectives,
exploring techniques that improve a device’s implicit awareness of user behavior
at different levels of abstraction. At the most direct level, this includes support
for explicit input through the tracking of hand gestures [58] and touch interac-
tions [60, 202]. However, it also extends to the sensing of more indirect behaviors
that occur in the background, including touch input [60,202], body pose [4,58,59],
and object interactions [57]. These implicit behaviors do not function as input by
themselves; instead, they provide rich contextual information that can support an
AI-driven input layer. By automatically inferring a user’s context, future wearable
systems can better anticipate needs and intentions, reducing reliance on explicit
interaction. Collectively, this research demonstrates how wearable devices can
become more proactive, contextually aware, and ultimately easier to use by nar-
rowing the gap between what users do and what devices are truly capable of.
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10.1. THESIS CONTRIBUTIONS

10.1 Thesis Contributions
This thesis contributes a new direction for interaction with wearable and mobile
devices. Historically, input on wearable devices has been constrained by their
small form factors and reliance on traditional input mechanisms such as buttons
and touchscreens. As devices have become smaller and more mobile, the available
input bandwidth has often decreased, creating an input gap between what users
wish to communicate and what devices can effectively capture. Rather than treat-
ing this limitation as an unavoidable consequence of miniaturization, my work
demonstrates how wearable devices can leverage their unique positions on the
body to sense naturally occurring hand interactions in the surrounding environ-
ment. These sensed interactions can support new forms of explicit input, but more
importantly, they enable the capture of implicit behavioral signals that provide
rich contextual information about the user.

This emphasis on implicit sensing represents the broader contribution of this
thesis. While the proposed systems help address the existing input gap, they also
point toward a new interaction paradigm in which devices rely less on direct com-
mands and more on an understanding of user context. In our time, advances in
artificial intelligence have dramatically increased the capability of digital systems,
often surpassing the rate at which users can provide manual input. In digital envi-
ronments, this challenge has been addressed through agent-based systems that can
act on a user’s behalf after receiving high-level instructions. However, an equiva-
lent approach for the physical world remains largely unexplored. Because human
activities and needs are fundamentally grounded in the physical world, enabling
devices to understand physical context is a critical step toward more intelligent
and helpful computing systems.

The sensing approaches developed throughout this thesis provide a founda-
tion for bridging this gap. By capturing implicit hand interactions and other be-
havioral signals, wearable devices can gain awareness of what users are doing,
interacting with, and potentially intending to do next. This contextual under-
standing can augment existing AI assistants, enabling them to provide assistance
that is informed not only by digital information but also by the user’s physical
environment and ongoing activities. Whether future intelligent systems take the
form of wearable assistants, ambient computing platforms, or personal robots, I
believe human-centered interaction will remain essential. As intelligent systems
continue to evolve, users will increasingly communicate through behavior and
context rather than explicit commands alone. This thesis argues that implicit sens-
ing of everyday interactions provides a practical path toward that future.
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10.2 Future Directions

10.2.1 General-Purpose Implicit Input
While I have made significant progress, there is still work to be done to realize
the full vision of automated contextual assistants on consumer devices. One area
I am interested in exploring in the future is broadening the scope of behaviors a
system can recognize. To achieve their full value in helping users, agentic systems
need to be able to recognize a broad scope of different behaviors. This is because
users do a lot of different things. Take a system which only works in a “narrow”
context like helping a woodworker with their craft. You might want to recognize
things like taking a measurement, performing a glue-up, sanding a piece of wood,
and brushing on a varnish. But even in a woodshop, there are still an overwhelm-
ing number of different motions, objects, and activities a system might want to
recognize.

Considering this, one direction for my future research is to work towards
general-purpose implicit input. My work on implicit input so far has mostly been
fixed at intermediate outputs before the application layer like touch, pose, and
grasp. My desire is to level-up to an input layer that can automatically recognize all
tasks and behaviors of the hands. In the old reactive input framework, interaction
was event-driven with each action translating to a change in a GUI or application.
In my new proactive framework, there is no fixed API of events. Instead, the input
system will recognize and supply a summary of the current context that an AI
layer can translate into actions for the end application. One of my hopes for this
direction is to broaden the validity of my work by being able to conduct studies
not just in lab environments with fixed procedures, but rather out in the world as
users perform their natural daily activities.

10.2.2 Continuous Implicit Input
A primary method I foresee enabling general-purpose input is combining hand
sensing with powerful multi-modal models (e.g., VLMs) from egocentric cameras
to recognize broad classes of behaviors. While this approach, particularly with
the recent incorporation of foundation models, has shown great promise for rec-
ognizing a wide array of activities with high accuracy, it is also not scalable for
the future of implicit input. This is because the high-res cameras required con-
sume a significant amount of power. The use of such cameras on a mobile device,
combined with the power needed for processing and compute, can shorten battery
life to an unusably low amount. In this way, power consumption prevents current
egocentric camera systems from being used for all-day implicit input tracking.

Thus, another direction I plan to pursue is working towards continuous im-
plicit input systems that can run all day on a battery. The whole idea of implicit
input only works if it can run uninterrupted throughout the day. If users must
manually choose when their devices are helping, systems are reverting back to
explicit input. However, currently it is infeasible to continuously run agents that
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generate their context through camera-based scene understanding. Not only is the
power cost of compute too high, but at a hardware level even the camera sensors
cannot run so long on a wearable-sized battery.

In my latest projects on grasp detection, Contextra and TrigRing, I began to
explore this problem through the lens of device constellations using tiered sensing
to work together. While I believe there are still interesting questions to explore
with tiered sensing, I am also curious about investigating alternative approaches.
Some directions I am interested in include creating intelligent wake schedules for
VLMs based on past behavior, or having devices communicate with smart, in-
strumented environments to offload some of the continuous sensing burden from
battery-bound devices.

10.2.3 Timely Implicit Input
The final area I plan to explore is the development of more timely forms of im-
plicit input. Throughout this thesis, I have argued for a shift from purely reactive
devices toward systems that can proactively support users based on contextual
understanding. However, accurately sensing user context is only part of the chal-
lenge. Equally important is determining when assistance should be provided and
how it should be delivered. Future work should investigate questions such as:
What is the appropriate balance between utility and interruption? How can sys-
tems identify moments when assistance is likely to be beneficial without becoming
distracting, intrusive, or overwhelming?

As computing systems become increasingly capable of understanding users
and their environments, these questions will be critical to realizing a future of
ubiquitous intelligent assistance. While advances in sensing can enable devices to
infer what users are doing, designing systems that understand when users want
assistance, and how that assistance should be presented, remains a largely open
problem. Compared to the other research directions discussed in this thesis, this
challenge is broader and less clearly defined. Nevertheless, I believe it will be
essential for ensuring that future forms of implicit input are not only technically
capable, but also genuinely useful, acceptable, and desirable to use in everyday
life.
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