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Abstract

The lack of large-scale, labeled datasets impedes progress in developing robust
and generalized predictive models for human activity recognition (HAR) from
wearable inertial sensor data. Labeled data is scarce as sensor data collection is
expensive, and their annotation is time-consuming and error-prone. As a result,
public inertial HAR datasets are small in terms of number of subjects, activity
classes, hours of recorded data, and variation in recorded environments. Ma-
chine learning models, developed using these small datasets, are effectively
blind to the diverse expressions of activities performed by wide-ranging popu-
lations in the real world, and progress in wearable inertial sensing is held back

by this bottleneck for activity understanding.

But just as Internet-scale text, image and audio data have pushed their respec-
tive pattern recognition fields to systems reliable enough for everyday use, easy
access to large quantities of data can push forward the field of inertial HAR,
and by extension wearable sensing. To this end, this thesis pioneers the idea
of exploiting the visual modality as a source domain for cross-modal learning,
such that data and knowledge can be transferred across to benefit the target

domain of inertial HAR.

This thesis makes three contributions to inertial HAR through cross-modal ap-
proaches. First, to overcome the barrier of expensive inertial data collection
and annotation, we contribute a novel pipeline that automatically extracts vir-
tual accelerometer data from videos of human activities, which are readily an-
notated and accessible in large quantities. Second, we propose acquiring trans-
ferable representations about activities, from HAR models trained using large
quantities of visual data to enrich the development of inertial HAR models.
Finally, the third contribution exposes HAR models to the challenging setting
of zero-shot learning; we propose mechanisms that leverage cross-modal cor-

respondence to enable inference on previously unseen classes.

Unlike prior approaches, this body of work pushes forward the state of the
art in HAR not by exhausting resources concentrated in the inertial domain,
but by exploiting an existing, resourceful, intuitive, and informative source,
the visual domain. These contributions represent a new line of cross-modal
thinking in inertial HAR, and suggest important future directions for inertial-

based wearable sensing research.
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Chapter 1

Introduction

In the relatively short time span since its inception, wearable sensing has transformed from
an exclusive area of pervasive computing research that can only be conducted via delicate
specialist instruments (e.g. the Mobile Sensing Platform [1]) to its current ubiquity in
the form of miniature sensors embedded in everyday devices — more people than ever are
carrying at least a smartphone, smartwatch or other high-tech wearable gadgets, whose

sensors continuously collect data as people’s lives unfold [2].

Central to wearable sensing is the task of Human Activity Recognition (HAR), which auto-
mates the intelligent processing of the collected sensor data into useful information about
people’s activities. The ability to continuously monitor people in their naturalistic envi-
ronments promises revolutionary changes to diverse fields and applications. Already some
of the most widely anticipated applications relate to healthcare [3—6], psychology [7, 8],
fitness and sports [9], and context-aware computing [10, 11]. To researchers in healthcare
and psychological sciences, this represents a chance to objectively examine human behav-
iors unobtrusively and use these observations to answer questions: about the monitoring of
personal wellbeing [12], or disease-related state assessment [13,14] and interventions [15],
as well as how and when individuals behave differently under varying circumstances [7].
To developers, these activity data streams can be further integrated with novel services in
context-aware computing, enabling interaction experiences that seamlessly adapt to users’
needs [16, 17]. Altogether, what unites these efforts is the benefit of an automated means

of identifying and recording human activities in their naturalistic environments.

At present, many challenges remain to make this vision a reality. Current activity recogni-

tion systems are lacking in the range of activities they are able to detect robustly. Now an



Apple Watch enables the automatic tracking of sleep, gait, and some exercise routines [18];
But what about other activities (e.g. eating, socializing) which comprise a meaningful pro-
portion of our daily lives [19]? The challenge in expanding the breadth of recognizable
activities is most often one of data — behind every activity recognition system is a machine
learning model which requires large amounts of annotated examples to learn, but these ex-
amples are scarce. Conventional means of acquiring training data rely heavily on carefully
constrained experiments, which are costly to stage and consider a mostly homogeneous
population sample. Complicating things further, the learned activity recognition systems
will need to be deployed to the general public, meaning they must learn to generalize from a
limited training dataset, often collected under contrived controlled environments, and make
inferences under diverse usage contexts and user profiles. As a result, although an incre-
mental recognition performance increase has been seen from employing different learning
methods for HAR in the last decade, data scarcity inevitably poses a formidable bottleneck

to significant progress in wearable activity recognition systems [20].

This thesis proposes that solutions may lie outside the wearable sensing mode of activity
recognition by considering other sensing modes where developments have been made for
activity recognition. In particular, comparing the capabilities of activity recognition sys-
tems from visual data (e.g. videos) and those from wearable sensors reveal vast disparities.
The former has developed activity recognition models that can reliably detect activities in
greater numbers and diversity [21]. Perhaps the most striking example lies in the number
of activity classes that are now being learned by state-of-the-art models — at least 400 for
the video domain and under 10 for the wearable inertial domain in most cases. What ex-
plains this difference? As stated in [22], computer vision has traditionally been at the fore-
front of activity recognition, with a large number of research efforts going into the activity
and gesture recognition from images and videos, while efforts to recognize activities in
unconstrained daily life settings only took off when researchers started shifting their atten-
tion to on-body sensors. But importantly visual activity recognition is amongst the many
machine learning sub-fields that benefited tremendously from the arrival of deep neural
networks, which accord well with readily-available “big data” [23]. Visual activity recog-
nition enjoys a scalable data pipeline brought by the proliferation of online video-sharing
platforms, which further propelled community efforts in curating large-scale video activity
datasets [24-26]. These favorable data conditions are crucially absent in current develop-
ments of activity recognition systems from on-body sensor data, where recruitment-based

experiments or crowd-sourcing exercises are painstakingly conducted to collect them.



1.1 Research Questions and Contributions

The juxtaposition of activity recognition from visual data and on-body sensor data high-
lights the challenge of data scarcity in the latter, which exacerbated further challenges in
model development and evaluation. Our thesis is that to overcome the long-standing chal-
lenge of data scarcity and go beyond the incremental advances in activity recognition sys-
tems, we need to look beyond just the collection of sensor data and consider as an external
information source the visual domain — a modality that is rich with data and modeling

resources.

We substantiate this thesis by building example activity recognition systems with which we
demonstrate the benefits of a reduced need for labeled data collection, performance boosts
in activity recognition models, as well as expanded inference scenarios. We identify and
motivate three relevant areas and detail the research questions that we seek to address. Fig-

ure 1.1 summarizes the contributions of this thesis in response to these research questions.

Question 1 Collecting videos of human activities comes at a fraction of the cost and effort
associated with collecting IMU sensor data, with the primary reason being that there are
millions of videos in the online public domain that are retrievable with text-based queries,
whereas sensor data need to be carefully collected and annotated through recruitment-based
participant studies. Creating an equalizer between these two forms of data would accelerate
research in activity recognition on on-body sensors and their other sensing applications.
We intuit that by leveraging computer vision solutions for human body tracking, one can
convert videos of human activities into realistic IMU sensor measurements. Assuming
that a video and its converted, virtually-generated, IMU data carry the same activity class
label, we may then convert entire video datasets into their virtual IMU data equivalents,
and hence be able to develop activity recognition models (operating on real IMU data) with
much-reduced data costs. Can we design a pipeline that, upon input of a video depicting
human activities, generates a virtual measurement time series from inertial sensors placed
on the human body? To what extent can we replace the real sensor data with the virtually
generated sensor data for training activity recognition models? What learning frameworks

will allow us to draw benefits from the virtual data for activity recognition?

In Chapter 3, we present a processing pipeline and a series of validation studies to support
our thesis that an automated generation of virtual IMU data from videos can replace the
labor-intensive practice of collecting large labeled inertial HAR datasets. Our major con-

tribution is the design and evaluation of IMUTube, a novel automated processing pipeline
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Figure 1.1: This thesis presents three novel cross-modal learning contributions in inertial HAR.
First, we present a solution to the problem of high costs in collecting IMU data, a pipeline that
enables video-to-IMU data generation; the generated virtual IMU data is then used for training
data of HAR models, which at inference time encounters real IMU data. Second, we introduce a
framework that enables knowledge transfer from video-trained models, which improves test-time
inertial activity recognition. Third, we utilize video embeddings as an informative auxiliary space
to enable zero-shot learning in HAR, so that IMU data belonging to unseen activity classes may be
recognized at inference time.

that converts videos of human activity into virtual streams of IMU data. This is achieved
by integrating a cascade of computer vision and signal processing techniques that visually
tracks the human body and estimates its 3D motion trajectory, which is then converted into
virtual IMU data. Our validation experiments demonstrate the feasibility of using virtual
IMU data to train inertial HAR models, and suggest promising ways to model virtual IMU
data, either standalone or in conjunction with real IMU data, to achieve competitive inertial

HAR performance.

Question 2 In training neural networks to perform activity recognition on large-scale
video datasets, these networks gain knowledge that conveys an understanding of human
activities and their classification. Given the in-the-wild nature of video datasets, we intuit
that such visually-acquired knowledge should provide useful information for complement-
ing the training of inertial HAR models. Can the knowledge encoded in HAR models from
the vision domain be exploited to learn enriched feature representations and improve ac-

tivity recognition performance in the inertial domain?

In Chapter 4, we present a framework for transferring cross-modal knowledge from an
activity recognition model built using visual data to a model which operates only on inertial

data at test time. Our design of the framework addresses data challenges unique to this



cross-modal problem: we focus on visually-extracted motion information to limit the cross-
modal information gap, and we assume unpaired and unlabeled video data, which can
be easily downloaded from online resources. We conduct a case study on the impact of
knowledge transfer using an activity dataset with both inertial and video data. Our results
show that the additional knowledge not only provides performance improvements but also
shows signs of visually grounding the learned inertial features, which allows for greater

model interpretability.

Question 3 When activity recognition models are deployed to the general public, they are
bound to encounter activity classes that are of interest to the user but are never previously
seen during model development. Zero-shot learning (ZSL) offers a solution to this scenario,
by allowing learned models to make inference on unseen classes; The key is to make use of
an auxiliary embedding space that relate both seen and unseen classes. In the limited body
of previous work investigating the zero-shot learning of inertial HAR, all have used word
vectors or hand-crafted attributes to construct such auxiliary spaces — an approach that is
directly borrowed from image-based ZSL tasks. Since activity recognition from inertial
data rests on a model’s understanding of motion patterns, we posit that video embeddings
will be a well-suited semantic space candidate due to their motion content. Therefore,
our research question is: How do different auxiliary embedding spaces compare in zero-
shot activity recognition performance? Following that, Can we construct a video-based

embedding space to enable zero-shot inference on on-body inertial data?

In Chapter 5, we study the use of auxiliary information in zero-shot learning method in
inertial HAR. Specifically we compare the recognition performance brought by the use
of semantic spaces constructed from hand-crafted attributes, word embeddings, and video
embeddings. The use of video embeddings is a novel design in ZSL methods, so we design
and implement a strategy to exploit online videos and a state-of-the-art video HAR model to
construct an informative semantic space. We conduct experiments to empirically compare
the performance of ZSL methods using the different semantic spaces and show that the
use of video embeddings can lead to improved performance. We additionally demonstrate
that our method of constructing a video-based semantic space enjoys a desirable feature of

scalability, as recognition performance was seen to scale with the amount of data used.
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Chapter 2

Background

In this chapter, we provide readers with a background of the main topics that the rest
of the thesis will cover. We will begin by reviewing the Human Activity Recognition
(HAR) systems operating on wearable inertial sensor data. This is followed by a review of
techniques proposed to accomplish cross-modal learning, which transfers the information

gleaned from a source modality to a target modality.

2.1 Activity Recognition Using Wearable Inertial Sensors

In this section, we describe the background of Human Activity Recognition (HAR) from
wearable inertial sensors, which we also refer to as ’inertial HAR”. Our discussion builds
upon the Activity Recognition Chain (ARC), an exposition of the domain introduced by
Bulling et al. in a tutorial text [22]. The ARC breaks down the implementation of HAR
systems into five steps: (i) data collection, (i¢) data pre-processing, (iii) segmentation,
(1v) feature engineering, (v) classification. This section will first discuss aspects of inertial
HAR data collection (i.e. step ¢ of the ARC) in Section 2.1.1. We then move on to discuss

the rest of the ARC concerning classification model development in Section 2.1.2.



2.1.1 Wearable Inertial Sensor Data

Inertial Activity Recognition, first and foremost, relies on the measurement of human body
motion, which is then modeled to disambiguate between different activities. The tracking
of human body motion is accomplished using wearable inertial sensors. We define Inertial
HAR datasets are datasets that record measurements from wearable inertial sensors, most
commonly in the form of accelerometers and usually gyroscopes. Accelerometers measure
linear acceleration (measured in ms~2 or ¢), while gyroscopes measure the rate of rotation
(in rads™1), both give tri-axial measurements. In this thesis, we use the term Inertial Mea-
surement Unit (IMU), a sensing node that assembles accelerometers and gyroscopes, as a
generic reference to wearable inertial sensors. Although magnetometers, which measure
magnetic field, are also sometimes found in the IMU, magnetometers are often not included
in inertial HAR datasets and not used as an input to inertial HAR models [36], so we will
not consider them further. We refer interested readers to [37] for an extensive review of

modern accelerometers and gyroscopes.

Considering these inertial measurements together with annotated activity class labels, they
form a natural starting point for the development of supervised learning algorithms [38] for
activity recognition. However, building a quality annotated dataset of inertial sensor data
is challenging since the data collection process must involve human subjects, and ground
truth activity labels are difficult to obtain [39]. In the following, we delve into key issues

surrounding the collection of wearable inertial sensor data.

2.1.1.1 Practical Considerations in Data Collection

To collect wearable inertial data for building HAR systems, human subjects are recruited
to participate in a data collection study. Decisions made in the data collection process have
implications on the produced dataset as well as the eventual capabilities of the recognition

system. We discuss a number of these practical considerations below.

Scripted Activities Many studies collect data by asking participants to follow a script of
these activities while wearing inertial sensors [40—43], this usually allows researchers to
have greater control over the resources required for running the study, the captured behav-
iors as well as the resulting class distribution of the datasets. Participants are often given the
freedom to carry out the prompted activities, and a less specific script may lead to a greater

diversity of captured behaviors, which has been attributed to be beneficial for downstream



HAR model performance [44]. Alternatively, activity data collection can be conducted in
other ways to capture more naturalistic free-living behaviors, common examples include
asking participants to provide their smart device data with self-report annotations [45, 46],
or to perform specific activities through mobile app notifications [47]. In general, the data
collection strategy should facilitate the capturing of a diverse range of activity expressions,
while considering what is feasible given the available time and budgets, as well as the

application scenarios of the developed HAR system.

Sensor Placement Wearable inertial sensors are placed on strategic locations of the hu-
man body during a data collection study. As the sensors are constrained to move along
with the designated body location, they can capture its localized motion information [48].
Determining the locations for sensor placement is important, as different placements and
orientations may capture significantly different motion information, and impact the per-
formance of the HAR system. Motion information near the head, arm, wrist, waist, thigh
and shin has been found to be relevant for activity recognition [49]. Some studies have
collected data from subjects wearing multiple sensors in different body locations simulta-
neously [50], while many recent studies have limited placements to up to two locations that
reflect common placements of commercial smart devices (e.g. a smartwatch on the wrist
and a phone in the pocket [51]). It is also important to consider the levels of user com-
fort, social acceptance, and study compliance that are associated with different placement

locations [52].

Sensing Device Inertial sensor measurements may be recorded using a standalone sen-
sor, sensors within an IMU, or those embedded in mobile consumer device platforms, e.g.
smart phones and watches. Heterogeneities among sensing platforms contribute to differ-
ences in the collected data, which is the subject of study in [42]. Stisten et al. summarized
the main sensing heterogeneities among accelerometer-based HAR systems as sensor bi-
ases, sampling rate heterogeneity, and sampling rate instability [42]; The choice of sensing
devices for data collection should therefore take these factors into account. For example,
if highly accurate and granular inertial measurements are required, one might collect data
using standalone IMU sensors instead of those embedded in commercial devices, which
Sisten et al. have found to exhibit larger sensor biases (e.g. poorly calibrated with limited
granularity). Again these factors should be considered in conjunction with the intended
usage scenario of the HAR system as well as perceived user acceptance, for example, par-
ticipants’ willingness to use different sensing platforms may change depending on study

duration, environment, and placement locations.
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Annotation Protocol Inertial sensor data is difficult, and sometimes impossible, to inter-
pret and annotate [39]. To facilitate the annotation process, simultaneous streams of other
sensor modalities are often employed. The simplest setup is to perform each activity in dis-
tinct time intervals, such that class labels can simply be assigned according to when each
activity starts and ends [43, 50]. Another common approach is to take video recordings,
which can be easily set up in an indoor instrumented environment [40]. However, it is
often challenging to synchronize both visual and inertial sensor streams for labeling [53],
and annotators may need to undergo annotation training to ensure label uniformity and re-
duce bias [54]. Methods requiring direct input from the participants (e.g. experience sam-
pling [55, 56]) are common amongst in-the-wild data collection studies since researchers
cannot be present to record activity labels. Other modalities, such as voice recording from
the users [57] and wearable camera streams [54] have also been analyzed retrospectively to

obtain activity annotations.

2.1.1.2 Imertial HAR Datasets

Ever since Bao and Intille’s pioneering inertial HAR study in 2004 [59], many inertial
HAR datasets have been released to the public domain. Table 2.1 depicts a subset of these
datasets which are commonly used for evaluating inertial HAR models and will also be

referenced in later chapters of this thesis. A description of each dataset is provided below.

Opportunity The Opportunity Activity Recognition dataset [40] is one of the most well-
known dataset for inertial HAR evaluation. The dataset provides inertial data from 4 par-
ticipants performing pre-defined home activities in a laboratory simulating a studio flat.
Each participant wore an instrumented motion jacket and shoes, and a simultaneous video
recording was used for subsequent activity annotation on 4 different tracks: one is modes of
locomotion (e.g. “standing”), two other tracks describe the action of the hand on an object
(e.g. “open fridge”), and the fourth track indicates the high-level activities (e.g. “prepare
sandwich”). It is common to evaluate inertial HAR models using the 4-class locomotion an-
notations, which also presents a class imbalance problem (“walking” and “standing” form

the majority and “sitting” and “lying” are the minority classes).

PAMAP2 The PAMAP2 Physical Activity Monitoring dataset [41] was collected to pro-
vide a benchmark dataset for studying physical activity monitoring from inertial sensors.

PAMAP?2 provides inertial data from 9 participants over 18 activity classes. While wearing
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Dataset Size Classes Subjects Body Positions Environment Video Sensing Device Sampling Frequency  Year

Opportunity [40] 7 Hrs 41 4 19 Lab IMU sensor node 30 Hz 2011
PAMARP?2 [41] 8 Hrs 18 9 3 varying IMU sensor node 100 Hz 2012
DaLiAc [43] 43 Hrs 13 19 4 Lab IMU sensor node 204.8 Hz 2013
HHAR [42] 40 Hrs? 6 9 3 Lab Smart Phone & Watch 50 ~ 200 Hz 2015
UTD-MHAD [58] < 1Hr 27 8 2 Lab v IMU sensor node 50 Hz 2015
Realworld [50] 18 Hrs 8 15 7 varying v Smart Phone & Watch 50 Hz 2016
WISDM [51] 60 Hrs 18 51 2 Lab Smart Phone & Watch 20 Hz 2019

Table 2.1: Popular publicly available labeled datasets used for evaluating activity recognition on
wearable inertial sensor data. An approximate size in hours is provided. Among these datasets, only
UTD-MHAD and Realworld provide video recordings in addition to inertial sensor data. Note that
!the Opportunity dataset additionally provides annotations for low-, mid-, and high-level activities;
and 2HHAR provides approximately 4 Hrs of simultaneous measurement recorded by each of 8
smartphones and 2 smartwatches.

IMU sensors on the head, chest, and ankle, the participants were asked to perform 12 activ-
ities following a pre-defined protocol, after which they may perform 6 optional activities.
This data collection protocol, compounded with missing data due to data transfer issues,
resulted in PAMAP2 having an imbalanced data distribution across participants and activ-
ity classes. For example, none of the 18 activity classes have been successfully recorded by
all 9 participants. As a result, different subsets of the PAMAP?2 dataset have been used for
evaluating inertial HAR models in previous works (e.g. data from 4 classes are evaluated
in [60], 8 classes in [27,35], and 12 classes in [60—-62]).

DaLiAc The DaliAc (Daily Life Activities) dataset [43] was a database for the classi-
fication of daily life activities using inertial data. DaliAc provides inertial data from 19
participants who all performed 13 activities while wearing 4 sensor nodes, placed on their
hip, chest, wrist, and ankle. During the data collection process, a custom-made Android-

based labeling App was used to indicate the start and end time of each activity.

HHAR The Heterogeneity Activity Recognition dataset [42] was collected to investigate
the impact of sensing heterogeneities on inertial HAR performance, with a focus on the
variations between different sensors, devices, and workloads. HHAR provides data from 9
participants performing 6 activities. Each participant was instrumented with 8 smartphones
around the waist, and 4 smartwatches on their arms, each recording simultaneously at a

different sampling rate.

UTD-MHAD The UTD Multimodal Human Action Dataset (UTD-MHAD) [58] is very

different from the rest of the datasets described so far because it only contains short actions
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(e.g. “swipe left”, “arm cross”) and it was collected for the purpose of multi-modal action
recognition instead of inertial HAR. Therefore, apart from inertial data, UTD-MHAD also
provides time-synchronized RGB video and depth data for 8 subjects. For inertial data col-
lection, an IMU sensor was worn on the participant’s wrist or thigh depending on whether
the action involved arms or legs. There are 8 subjects in total, and each subject was asked

to repeat each of the 27 actions 4 times in a laboratory setting.

Realworld The Realworld dataset [50] was collected to implement inertial HAR ap-
proaches in a real-world setting. The dataset provides inertial data from 15 participants
who perform 8 pre-defined activities under realistic conditions. For example, when collect-
ing “walking” data, the participants were free to move through the city and forest areas, in-
stead of a conventional laboratory setting. The dataset was also collected to investigate the
problem of on-body position detection, so simultaneously measurements were taken from
7 body positions (chest, forearm, head, shin, thigh, upper arm, and waist) using commercial
smartphones and smartwatches. Additionally, non-time-synchronous video recordings of
the participants performing each activity are released publicly alongside the inertial data.
As the Realworld dataset uniquely contains both inertial and video data of human activities,

it is of particular relevance to this thesis.

WISDM The Wireless Sensor Data Mining (WISDM) Smartphone and Smartwatch Ac-
tivity and Biometrics Dataset [51] was collected to explore activity recognition using iner-
tial sensors from commercial mobile devices. WISDM provides data from 51 participants
who each performed 18 tasks for 3 minutes each. Each participant wore a smartwatch on
their hand and placed a smartphone in their pocket. To examine the feasibility of using
wrist-worn smartwatch data for activity recognition, the activities collected in this dataset
span a more diverse range of hand-based activities, such as “eating pasta”, “brushing teeth”

and writing”, which is uncommon in other inertial HAR datasets.

Table 2.2 summarizes the most common activities found in the described datasets, which
suggests that a great amount of inertial data recorded so far have been concentrated in a
narrow spectrum of human activities, in the form of sedentary activities (e.g. “sitting”),
physical activities (e.g. “walking”) and a select few household activities (e.g. “vacuum-
ing”). Besides the datasets listed above, it is true that a great number of separate attempts
have been made at collecting inertial sensor data [45,63], as well as efforts to collect data
for specific activity types, such as fitness exercise [64—66], sports [67], eating behaviors
in [68], falls in [69], industrial activities in [70,71], to name but a few. However, the diffi-

culty in harmonizing the data collected from these varying data collection efforts highlights
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Grouping Activity Datasets

Sitting Opportunity [40], PAMAP2 [41], DaLiAc [43], HHAR [42], Realworld [50], WISDM [51]
Sedentary Activity Standing Opportunity [40], PAMAP2 [41], DaLiAc [43], HHAR [42], Realworld [50], WISDM [51]
Lying Opportunity [40], PAMAP2 [41], DaLiAc [43], Realworld [50]

Walking Opportunity [40], PAMAP2 [41], DaLiAc [43], HHAR [42], Realworld [50], WISDM [51]
Stairs PAMAP2 [41], DaLiAc [43], HHAR [42], Realworld [50], WISDM [51]
Physical Activity Running PAMAP2 [41], DaLiAc [43], Realworld [50], WISDM [51]
Jumping PAMAP2 [41], DaLiAc [43], Realworld [50]
Cycling PAMAP2 [41], DaLiAc [43], HHAR [42]

o Vacuuming PAMARP2 [41], DaLiAc [43]
Household Activity
Folding Clothes PAMAP2 [41], WISDM [51]

Table 2.2: Common activity classes appearing in the inertial HAR datasets listed in Table 2.1. We
have grouped these class labels into sedentary, physical, and household activity. We observe that the
class labels found in many popular inertial HAR datasets have not expanded greatly beyond those
listed in this table.

an issue of dataset heterogeneity that is prevalent in the area of inertial HAR. As discussed
in Section 2.1.1.1, many decisions in data collection affect the resulting dataset, and most
datasets have been collected using a different sensing device, under a very different data
collection strategy, annotation protocol, and labeling schemes. Combining the data from
these varying datasets is non-trivial, and the current predominant approach is to consider
each dataset separately. Therefore, the problem of annotated data scarcity in inertial HAR

remains.

As a comparison to inertial HAR datasets over a similar time span, we list popular visual
HAR datasets in Table 2.3. Thanks to the relative ease in data collection, it is apparent
that visual HAR datasets have become orders of magnitude larger in size, the diversity of
people and activities covered. Throughout this thesis, we extensively refer to the Kinetics

dataset, which is detailed as follows.

Kinetics Kinetics [24] is a popular benchmark for vision-based action recognition models
and it is by far the largest of its kind. The Kinetics database has been continually expanded
in over the years with top-up datasets [25, 26], an operation that is difficult to replicate
in inertial HAR datasets due to sensing heterogeneities. Its initial release, Kinetics-400,
already provides > 400 RGB video clips for each of 400 classes, giving a total of 306,245
10-second clips (~ 851 hours) [24]. The video clips form a good representation of in-
the-wild activities, since each clip is taken from a separate YouTube video and most likely

depicts a different human subject. Kinetics span a much wider range of human activities
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than those contained in any single inertial HAR dataset, providing annotations relating
to arts and crafts, athletics and sports, gardening, animal interactions, dancing, martial
arts, playing musical instruments, etc. The dataset also provides fine-grained distinctions
for activities typically grouped as one class in inertial HAR settings; a case in point is
the “cycling” activity in inertial datasets (e.g. PAMAP2 [41]), which are can be found

29 ¢

separately “riding a bike”, “riding mountain bike”, “biking through snow” in Kinetics-400.

2.1.2 Methods for Inertial Activity Recognition

Following the collection and annotation of activity data, we now discuss the subsequent
steps involved in developing an inertial HAR model based on supervised machine learning,

i.e. models which learn from example data and their associated annotations [38].

Data pre-processing and segmentation With the acquired raw inertial measurements, it
is typical to pre-process and transform them into an appropriate form for machine learn-
ing system ingestion. If multiple sensors are involved, these transformations often involve
time-synchronizing and concatenating the data, as well as performing temporal re-sampling
to ensure that the sampling rate is consistent between modalities. This is commonly fol-
lowed by sliding-window segmentation of the recorded time series, which is simple to
implement compared to other approaches like energy-based [53] or semantic segmenta-
tion [22]. Under the sliding window approach, each signal stream is segmented into fixed-
length time windows, also known as frames; an overlap of 50% between frames is also
commonly used. Overall, these transformations ensure that the data dimensions are stan-
dardized for the latter modeling steps. A resulting dataset D = {(x;, y;)}\, now provides
N instances, with = being of dimensions ¢ X d (¢ is the number of time steps in each frame
and d is the sensor measurement dimension), and y indicating the corresponding activity
class label of the frame. Throughout this thesis, we refer to each frame and its correspond-
ing class label as an individual labeled sample or instance, and consider frame-based model

learning and evaluation.

Feature Engineering and Classification Early works in inertial HAR rely heavily on
feature engineering to extract distinguishable features for human activities, which are then
modeled using classical Machine Leaning (ML) methods. The goal of feature engineer-
ing is to extract a descriptive vector from each window of raw sensor measurement, such

that motion information useful for disambiguating activities is accentuated. Time-domain
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Dataset Size Classes  Clips Resource Video  Year

HMDBS5SI1 [72] 2 Hrs 51 6,766 Movies, YouTube v 2011
UCF-101 [73] 27 Hrs 101 13,320 YouTube v 2012
ActivityNet [74] 849 Hrs 203 27,801 YouTube v 2015
Charades [75] 82 Hrs 157 9,849 Crowd-sourced v 2016
Kinetics-400 [24] 850 Hrs 400 306,245 YouTube v 2017
AVA [76] 107 Hrs 80 430 YouTube v 2018
STAIRS [77] 142 Hrs 100 102,462  YouTube, crowd-sourced v 2018
Kinetics-600 [25] 1,376 Hrs 600 495,547 YouTube v 2018
Kinetics-700 [26] 1,806 Hrs 700 650,317 YouTube v 2019

Table 2.3: Popular labeled datasets used for evaluating activity recognition on video data. An
approximate size in hours is provided.

features are often given by extracting statistics from the raw inertial signal over each de-
gree of freedom (e.g. mean x-acceleration) or computing the correlations between degrees
of freedom (e.g. cross-correlation between acceleration axes), whereas frequency-domain
features are computed after applying a Fast Fourier Transform (FFT) over the input signal
sequence. It was also suggested that features based on the Empirical Cumulative Distri-
bution Function (ECDF) of raw data present a concise feature representation that demon-
strates good performance for inertial HAR tasks [78]. Finally, the extracted features and
their corresponding labels can be used to train classification algorithms. The early work
by Bao and Intill [59] used Decision Tree classifiers, and ensemble models of trees such
as Random Forest (RF) [79] are popular as they offer a powerful non-parametric discrimi-
native method for classification [80]. In scenarios where long-term recordings are of inter-
est [81], the temporal order of activities may be further modeled using a Hidden Markov
Model (HMM) [82]; the use of RF predictions as emission models in HMM was explored
in [54, 83, 84] in order to capture the temporal regularities and smoothness of activity se-

quences.

Deep learning approaches The last decade has seen the widespread application of
Deep Learning (DL) methods in inertial HAR tasks, beginning with early investigations
by [13,85,86]. One advantage offered by deep learning is the combination of feature rep-
resentation learning and classification into a single objective, which circumvents the time-
consuming stage of manual feature engineering [87]. The standard approach for building
inertial HAR models involves specifying a neural network architecture, whose weights are
iteratively updated via stochastic gradient descent to minimize an error (loss) function [88].
Since inertial HAR is a classification task, the loss function is typically defined as the

cross-entropy function between model predictions and the ground truth activity classes.
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Popular architectures are variants of Convolutional Neural Networks (CNNs) [89-93], Re-
current Neural networks (RNNs) [94], in particular Long Shot Term Memory (LSTM)
networks [62], or a hybrid structure of convolutional and recurrent networks [86,95-99].
We refer readers to [100] for a comprehensive survey on deep learning methods developed
for inertial HAR.

Model evaluation Due to the high variance amongst individuals in how they perform
activities, standard evaluation of an inertial HAR model is performed on test subjects who
are unseen during model training, such that the reported results will give an indication on
the model’s generalization performance to the general population. As such, datasets are
commonly split by subjects into training, validation, and testing sets, either in a hold-out
scheme or k-fold cross-validation setting. Given limited dataset sizes, a subject-wise split
may not always be possible and alternate dataset splits have been used to evaluate different
application scenarios, for example, previous works have evaluated inertial HAR models on
unseen recording sessions [94], sensor placement locations [61], and activity classes [101].
As for performance metrics, F'-measures are very popular as they concisely summarize
recognition performance based on both negative and positive predictions. In particular,
mean F'1 scores, also known as macro F'1 scores, are widely used as they are considered a
reasonable evaluation strategy for imbalanced datasets [39]. For a Ng-class classification

task, the macro-F1 score is defined as follows [102]:

Macro F1 := — Z(? X prec%s%onk . recallk> (2.1)
precision,, + recally,

The reader should note that there has so far not been a uniform approach in evaluating in-
ertial activity recognition models [100, 103]. For the same dataset, different modes of eval-
uation may be of interest to different researchers, whose decisions in data pre-processing,
segmentation, and dataset splits all influence the reported results. In this thesis, as is com-
mon practice in inertial HAR, we fix the evaluation protocol within the context of each
technical work (i.e. within each chapter) and define a suitably competitive baseline to fa-

cilitate performance comparison.
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2.2 Learning Across Modalities

Central to the methods proposed in this thesis is the idea of learning across modalities,
where information from a source modality A is brought over to a target modality B in order
to benefit learning tasks operating on B. We refer to this setup as Cross-Modal Learning, of
which we seek to give an overview in this section. By maximally exploiting existing data
and models (from the source modality) in lieu of staging new data collections, cross-modal
learning is particularly useful for scenarios where there are large gaps in the amounts of
data and/or data collection costs in the source vs. target modalities. As a result, cross-
modal learning lends itself nicely to our thesis of exploiting visual modalities to benefit

activity recognition models operating on inertial modalities.

We have identified three ways that encompass notions of cross-modal learning, namely
data generation, knowledge transfer and zero-shot learning. In this section, we review the
key ideas and background behind these cross-modal approaches. In later chapters of the
thesis, we will build upon these ideas towards three distinct, novel technical methods for
leveraging the visual domain to advance the research frontier of inertial HAR, forming the

core contributions of this thesis.

Many previous works in inertial HAR have investigated machine learning techniques for
optimally fusing data from different sensing modalities [31, 66, 86,96, 104—106]; We dis-
tinguish such a setup, which is generally referred to as “multi-modal learning”, from the
“cross-modal learning” setup with which this thesis is concerned. We highlight the key
differences between the two notions. First, the main research goal of multi-modal learn-
ing is the fusion of complementary information from multiple modalities, such that the
learned representations of the final model can be improved over those learned from any
single modality [107]. This is different from the goal of cross-modal learning, which
specifies a directional transfer of information from source to target modality. Second,
multi-modal learning generally assumes the availability of co-occurring multi-modal ob-
servations during both model development and inference time; In contrast, samples from
the target modality are not required at the inference time of cross-modal setups. For fur-
ther details on multi-modal learning, we refer the reader an extensive survey of the general
landscape of multi-modal learning in [108], as well as a study of multi-modal learning in
sensor-based activity and context recognition [31], to which the author of this thesis has

also contributed.
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2.2.1 Cross-Modal Data Generation

Cross-modal data generation refers to the generation of data of a target modality B through
some transformation of data from a source modality A. In this section, we will begin by
discussing an overview of cross-modal data generation and common adopted data-driven
approaches. Afterward, we will proceed to discuss the specific area of cross-modal gener-

ation of wearable inertial sensor data.

2.2.1.1 Overview of Cross-Modal Data Generation

When data can be obtained much more cheaply with a modality different from the target
modality, data collection costs in the latter may be dramatically reduced if one can easily
convert data from one modality to another. Such is one motivation behind cross-modal
data generation, where a mapping is used to translate data samples from modalities A
to B. Given a high-fidelity mapping that preserves data labels, a large labeled dataset
already collected in the source modality can be readily converted into a large labeled dataset
of virtual data in the target modality. This virtual annotated dataset can then be used to
replace or extend any existing dataset in training models, so as to increase its generalization

capability.

We formalize this data translation task as follows. Let 24 € R%*! as a vector of data from
the source modality A, and x5 € R**! of data of the target modality B. The source-to-
target mapping is applied onto z 4 such that its output resembles z5:

VUAig:Ta4 — Tp xR 2.2)

In many applications of cross-modal data generation (e.g. image to text), the relationship
between A and B is complex and hard to specify manually. This scenario calls for learning
the mapping ¥ 4_. 5 in a data-driven manner, where the typical approach is for practitioners
to design a neural network architecture that encodes inductive biases about the translation
task, and learns its weights through minimizing the difference between 5 and xp. On
the other hand, if the relationship between A and B is well-understood, then the required
mapping may be manually defined using domain expertise. This is the predominant ap-
proach taken in existing works that generate virtual IMU data by translating information

from another modality.
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2.2.1.2 Applications of Cross-Modal Data Generation

Many examples of learning cross-modal mapping can already be found as well-studied,
standalone tasks in different areas of machine learning, typically carried out via deep neu-
ral networks. Models for image captioning essentially provide an image-to-text mapping,
human pose tracking learns a mapping from RGB images to pose data [109], while auto-
matic speech recognition (ASR) [110] and text-to-speech (TTS) models [111] learn map-
pings that translate between audio and text data. Pre-trained models from these tasks can
then be exploited to generate virtual datasets in cases where target modality data are costly
to collect [112,113]. An example application is found in pose-based activity recognition
tasks, which conventionally use human pose data recorded by specialist instruments (e.g.
Microsoft Kinect v2) as input. To increase the quantity and variation in recorded poses,
Yan et al. [113] translated the Kinetics dataset [24] from its original RGB video data to
2D pose data and created the Kinetics-Skeleton dataset, which has since become a popular

benchmark for both model training and evaluation for pose-based HAR [114-116].

The aforementioned examples of cross-modal data translation re-purpose existing pre-
trained models for virtual data generation in the target modality. Different from these
works, medical imaging is an active area of research where cross-modal data generation
models are trained specifically for the purpose of lowering data collection costs [117-120],
as the ability to convert data recorded using a variety of imaging techniques (e.g. X-ray, CT,
MRI, PET images) can yield significant benefits to training data size and diversity. These
methods usually employ Generative Adversarial Networks (GANs) which learn transfor-
mation to generate realistic data of modality B conditioned on input data from modality
A. However, there is a limited modality gap between these samples, since both A and B
are limited to visual modalities, and typically only samples capturing the same anatomy
are considered (e.g. cardiac CT and cardiac MR images). It is also common to further
pre-process the samples (e.g. through view alignment) such that the source and target
samples are similar structurally to aid model training [117]; Together, these manipulations

contribute to lowering the difficulty in cross-modal generation in medical imaging.

Whilst it is true that using a learned model like GANs could give rise to verisimilar vir-
tual data, the quality of learning also depends on the complexity of the mapping, as well
as whether large amounts of data are available from both source and target modalities.
The latter is difficult to guarantee if data collection costs in the target modality are high.
As such, the time and data resources involved can potentially make learning the mapping

function very costly. Further, physical constraints which should be obeyed in the modality
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translation mapping may not be picked up by the learned mapping if there is insufficient

training data or the model is too weak.

2.2.1.3 Wearable Inertial Data Generation

We now discuss cross-modal data generation in the context of wearable inertial data. Through-
out this thesis, we refer to the wearable inertia data generated through cross-modal genera-
tion as “virtual” data, in contrast to the “real” data recorded by directly measuring motion

information by placing inertial sensors on human subjects.

The predominant approach taken in virtual inertial data generation relies upon domain ex-
pertise to hand-craft the translation relationship between the source and target modalities,
such that the required mapping may be manually defined using mathematical and physics
knowledge. The key idea is to select a source modality where one can obtain information
about human body motion trajectory, after which one may apply reasonable assumptions
and domain knowledge (e.g. forward kinematics) to simulate inertial sensor measurements.
For example, if the source modality provides a time series of the position coordinates of a
wearable accelerometer, then one can approximate its acceleration measurements via finite

differences of positions coordinates as follows [121]:

T 1+ T — 27
a == (2.3)

where x, is the position coordinate of a virtual inertial sensor at time ¢, and the time interval

between two consecutive frames is At.

Previous works mainly explored two types of source modality for inertial sensor data gen-

eration:

Motion Capture (Mocap) The most common form of data translation into wearable iner-
tial data employs Optical Motion Capture (Mocap) data as the source modality [122—126].
Mocap data record high-precision motion trajectories by tracking the motion of markers
placed on human subjects, and they are typically recorded indoors with an expensive in-
frastructure provided by commercial systems such as Vicon. A number of pre-existing
Mocap data are available in the public domain through large-scale databases, including
the CMU motion capture corpus [127] and AMASS [128]. Alternatively, it may suffice

to manually design the human motion trajectories in lieu of using Mocap data for simple
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motions (e.g. walking). Equation 2.3 underlies the key principle utilized in most recent
works which extract virtual IMU data from mocap data to training machine learning mod-
els [124,126, 129].

Animation Alternatively, for very simple motions the motion trajectory might also be
hand-crafted and defined directly using Virtual Reality (VR) game development environ-
ments like Unity [130]. Kang et al. proposed a 3D human model on computer graphics
software and simulating human activities [131]. The virtual inertial sensor data is extracted
from the simulated human motion, and subsequently used to train the recognition models.
However, the cost of manually designing realistic and more complex human activities may
remain a bottleneck. Therefore, such methods typically only explore simple gestures and

locomotion-based activities (e.g. walking) [131].

To facilitate experimentation in inertial sensing applications, Young et al released IMUSim
as an open-sourced simulation tool [122]. IMUSim allows for the generation of realistic
inertial measurements from motion trajectories, which may be manually defined through
human animation or measured from motion capture systems. Given a motion trajectory,
IMUSim approximates a continuous trajectory model of the body motion, which is then
sampled to give sensor readings from accelerometers and gyroscopes; these sensor readings
are further made more realistic by incorporating real-world sensor noises, including non-
ideal sensors, timing factors, and magnetic field distortions. Through verification against
simultaneous real sensor data, the authors showed that IMUSim, when provided with high-
quality motion capture data together and known IMU sensor characteristics, demonstrates
a good match between simulated and real IMU data for the task of full-body motion capture

using on-body IMU sensor networks.

2.2.2 Cross-Modal Knowledge Transfer

It is commonly understood that models developed using limited training data are prone
to overfitting. Learning with additional knowledge is a natural solution to this problem —
the additional knowledge may come in the form of contextual data, common sense con-
cepts represented by knowledge graphs, knowledge of a learned neural network, etc. In
cross-modal knowledge transfer, we are interested in supplying additional knowledge from
source modality A, with which a model operating on target modality B is learned. This
problem can be solved using the framework of knowledge distillation, which enables fast

knowledge transfer from one neural network to another. In the following, we first describe
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a vanilla knowledge distillation framework, followed by notable extension works for cross-

modal knowledge transfer.

2.2.2.1 Knowledge Distillation

The original motivations of knowledge distillation (KD) stem from model compression
[132]: Resource constraints at inference time call for a transfer of knowledge from accurate
but resource-heavy teacher models to lightweight student models, such that the latter can

achieve competitive or even superior performance.

Knowledge distillation was popularized by Hinton et al. [133], where a student network is
trained by mimicking the prediction outputs of the teacher network. Here, teacher knowl-
edge takes the form of probabilities produced by the final temperature-controlled softmax,
also referred to as soft targets. Using a transfer set (usually the original training set for
the teacher model), the student model is learned by minimizing a weighted average of two
objective functions: a distillation loss which measures the difference between the student’s
outputs with the soft targets, and a cross-entropy loss with the ground truth labels. Due to
its simplicity and effectiveness, using soft targets for KD remains to be popular for guiding
the student model. A number of extension works have investigated other effective forms
of teacher knowledge, such as the activations, neurons, and features of intermediate lay-

ers [134], as well as their relationships.

Knowledge distillation is predominantly conducted offline, which means that the teacher
model is assumed to have completed training (i.e. pre-trained) prior to the knowledge
transfer process; This is different from online distribution frameworks where the parameters
of the teacher model can still be updated during KD. Offline knowledge distillation offers
the advantage of simplifying the implementation of KD, since the teacher knowledge may
be extracted in the form of logits vectors and stored in a cache that is easily accessible
during student model training. We refer readers to [135] which provides a comprehensive
survey summarizing developments of KD methods, including recent works which explored
other training schemes (e.g. online distillation where the teacher network is also updated
during KD).
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2.2.2.2 Cross-Modal Knowledge Distillation

Cross-Modal Knowledge Distillation is a subset of KD methods dedicated to transferring
knowledge between teacher and student models which operate in different modalities. A
motivating scenario for cross-modal knowledge distillation typically fulfill the following

conditions:
1. The goal is to obtain a model that conducts a target task in the target modality B;

2. Very limited labeled data exists in target modality B (relative to modality A) for

training a model for the target task;

3. A pre-trained teacher model (in modality A) is readily available; The task on which

the teacher model was pre-trained is closely related to the target task;

4. A large cross-modal paired dataset exists, providing paired examples from modality
A and modality B to facilitate the knowledge distillation process; This dataset need

not be labeled with annotations for the target task.

Early examples of cross-modal knowledge distillation are rooted in the transfer of knowl-
edge from RGB images to less common vision-based modalities, such as depth and optical
flow [136, 137]. For instance, Gupta et al. are able to improve the state-of-the-art depth-
based object detection performance [136], by exploiting existing paired RGB-D data to
distill knowledge from teacher models pre-trained on ImageNet [138]. Following the suc-
cess of these early works, many works investigated cross-modal knowledge distillation be-
tween vision and audio modalities [139-141]. They build upon the realization that videos
provide a natural synchronization for vision and sound data, and thus large-scale paired

cross-modal data can be obtained from online video repositories.

We group existing works into two main approaches by the way they incorporate source

modality knowledge into student model training, and summarize them as follows:

Using Cross-modal Knowledge for Pre-training This is a two-stage approach that starts
with a cross-modal pre-training step followed by a fine-tuning step. The pre-training stage
conducts knowledge distillation, where the feature maps of the teacher model are used as
targets for a student model in a new modality. We note that the cross-modal pre-training
step in [136] can be interpreted as a special case of unsupervised pre-training, which intro-

duces a useful prior to the later supervised fine-tuning training procedure [142].
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If no annotated target modality data is available at all, the fine-tuning stage following cross-
modal pre-training may be skipped entirely. Gupta et al. validated this idea by feeding
the student-learned features into the classification head of the teacher model to generate
predictions from target-modality inputs [136]. Alternatively, target-modality predictions
can be produced by directly transferring response-based teacher knowledge (e.g. logits) in
the knowledge distillation step [143, 144]. While this setup is well-suited for tasks where
the annotations for the target modalities are almost impossible to obtain (e.g. human pose
annotations using radio signals [143]), it is only limited to scenarios where the classification

tasks in the source and target modality share the same label space.

Using Cross-modal Knowledge as Side Information Modality hallucination, introduced
by Hoffman et al. [137], instead treats cross-modal knowledge as side information only
available at training time. This formulation can be viewed as a generalized distillation
framework [145], which unifies the teacher-student approach from knowledge distillation
and additional knowledge provided by a privileged information source. In [137], they learn
an additional mapping that hallucinates source-modality (depth) features from the target
modality (RGB), by using an annotated paired dataset; At testing time, the resulting model
simultaneously uses cross-modal representations and features specific of the target domain.
They show that this approach produces richer RGB representations which lead to better
test-time performance. This approach is particularly useful for situations where multi-
modal data are only available for model training but not testing, and has been explored for
wide-ranging applications such as pedestrian detection [146], hand articulations [147], face
recognition [148], audio classification [149], thermal-inertial odometry [150], and video-
based HAR [151].

Most works in cross-modal knowledge transfer have been successfully conducted using
paired datasets. Paired datasets act as a bridge that transfers information between modali-
ties via pairwise sample registration, though they can be difficult to obtain in many appli-
cations beyond vision and sound. Few works have examined unpaired training, amongst
them, [152, 153] took a cycle-consistent adversarial training approach inspired by Cycle-
GANSs [154], while [155] proposed aligning the source and target probability distributions

across classes.
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2.2.3 Zero-Shot Learning

The machine learning methods that we have so far discussed focus on classifying instances
whose classes have been pre-defined and seen during model development. However, in
many practical applications of these models, for instance in activity recognition, these mod-

els will encounter instances whose classes had not been seen previously.

The paradigm of Zero-Shot Learning (ZSL) offers a powerful solution to address this chal-
lenging setting, in which the classes covered by training instances and the classes that we

aim to classify at inference time are disjoint [156].

Problem Formulation We denote the set of seen classes as S = {cf}fvjl and the set of
unseen classes as U = {cf}f\f:“1 During model development, we have access to a training
dataset Dy,,ip, = {(xi,yi)}f\il € X x S, where N is the number of training instances,
X € R? is the input feature space, and all instances belong to the seen classes S. We
denote a testing dataset, Di.s; = {xi}fv:“;“ € X, and these test instances belong to the
unseen classes U. Thus, the goal of zero-shot learning can be described as follows: Given
training instances D,..;, belonging to S, learn a classifier that can classify testing instances

D5 belonging to U.

Auxiliary Information The key to solving the zero-shot learning problem, where no
labeled instances belonging to the unseen classes are available, is to make use of auxiliary
information. The auxiliary information can be seen as a bridge between the unseen classes
and the training instances belonging to the seen classes. Auxiliary information used by
existing ZSL. methods is usually in the form of a semantic space [156], which contains
semantic information for both the seen and unseen classes by way of class prototypes.
In the semantic space, each class has a corresponding real-valued vector representation,
referred to as the prototype of this class. We denote the semantic space as P = {pk}]kvij“,

where p; € RF is the prototype for class cy.

In zero-shot learning, the recognition method and the auxiliary information both play an

important role. These are summarized as follows:

ZSL Recognition Methods Methods that achieve ZSL can be seen to exemplify two
forms of knowledge transfer: (i) transferring knowledge from seen to unseen classes, (ii)
transferring auxiliary knowledge from the semantic space to the feature space. A large
group of methods that fulfill zero-shot learning adopt projection methods [157-160]. The
key idea behind projection methods is to learn projection function(s) such that both the
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Figure 2.1: An illustration of projection-based methods for zero-shot learning. During model de-
velopment, training instances belonging to the seen classes are used to learn the projection function
#, which projects instances from the feature space &’ to prototypes in the semantic space P. At
inference time, 6 is used to project testing instances to the semantic space, where classification is
performed using nearest neighbor classifiers or their variants.

instances from the feature space and the prototypes from the semantic space are cast into
a target common space, from which labeled instances for unseen classes can be obtained.
[llustrated in Figure 2.1 is one such setup, which uses the semantic space as the common
space; Here, the key is to learn projection function 6 such that instances in the feature space

X are projected into the semantic space P as follows:
X =Pz =0(x;) 2.4)

During model development, the projection function 6 is learned using the training instances
Dirain- At model inference time, testing instances from D, are projected into the semantic
space P, and the projected instances can be classified to the nearest unseen class prototype
via nearest neighbor classification. The use of nearest neighbor classification, a form of lazy
learning method, is due to the limited number of labeled instances in the common space
(the prototype is the only labeled instance of an unseen class). We refer interested readers
to a comprehensive survey of ZSL methods carried by Wang et al. in [156], which further
characterized existing ZSL methods into (i) classifier-based methods, which directly learn
a classifier for the unseen classes; and (ii) instance-based methods, which seek to obtain

labeled instances belonging to the unseen classes which can then be used for classification.

Semantic Space Construction The semantic information supplied by semantic spaces
is pivotal to zero-shot learning. Semantic spaces used in existing works can be broadly
summarized into hand-crafted or learned semantic spaces [156]. A popular example of
hand-crafted semantic spaces are attribute spaces [161, 162], where a list of terms describ-
ing the properties of the classes are treated as attributes and used to form multi-hot vectors.
Defining these attribute spaces requires domain-specific knowledge and is subjective and
labor-intensive, especially when a large number of classes are involved in the recognition
task. Alternatively, learned semantic spaces, especially those consisting of word vectors or

text-based variants, are widely used. The idea behind learned semantic spaces is to derive a
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vector representation of each class through auxiliary information that can be retrieved with
ease, for example by embedding the class label [163], text description [164], or Internet-

sourced image results [165] of the class.

2.3 Summary

In this chapter, we introduce the background to activity recognition from wearable iner-
tial sensors, discussing the key issues surrounding inertial data collection and examining
the steps involved to build activity recognition models. In the second half of this chapter,
we describe three manifestations of cross-modal learning that will be investigated in this
thesis: data generation, knowledge transfer, and zero-shot learning. These cross-modal
learning methods have so far seen limited applications in inertial activity recognition, and
they will require novel adaptations to be made to adequately overcome the unique chal-
lenges presented by this domain. In the following chapters, we build up on each of these
ideas individually and present novel techniques that seek to further the state-of-the-art in
Inertial HAR.

28



Chapter 3

Generating Virtual
Inertial Data from Videos

3.1 Introduction

The collection of large-scale, labeled datasets has so far been limited in inertial human
activity recognition. Yet access to such datasets is crucial to the promise of the inertial
HAR problem — enabling the large-scale analysis of continuously collected behavioral data.
Without models that can recognize a wide range of activities, a fine-grained and holistic be-
havioral analysis is precluded since one can only quantify human behaviours through the
lens of a small group of, often coarsely defined, activity labels. Further, a fast feedback
mechanism, prior to the staging of expensive recruitment-based data collection, may be
enabled through easy access to a large source of activity data for virfual experimentation,
in similar spirit to the widespread use of in silico experimentation before conducting ex-
pensive in situ studies in life sciences [166]. For instance, knowing in advance which of
the hundreds of activities present in Kinetics [24-26] can an inertial HAR model reliably
classify will be a useful signal to inform the design of in-person data collection studies,

from what activities one should perform, to how fine-grain class labels should be defined.

In this chapter, we begin our exploration of cross-modal learning in the direction of virtual
data generation — with the aim of lowering data collection and annotation costs in inertial
HAR. Our goal is to develop a framework that can potentially alleviate the sparse data
problem in inertial HAR. We aim at harvesting existing video data from large-scale repos-
itories, such as YouTube, and automatically generate data for virtual, body-worn inertial

sensors (IMUs) that will then be used for deriving human activity recognition systems that
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can be used in real-world settings. The overarching idea is appealing due to the sheer size
of common video repositories and the availability of labels in the form of video titles and
descriptions. Having access to such data repositories opens up possibilities for more robust
and potentially more complex activity recognition models that can be employed in entirely
new application scenarios, which so far could not have been targeted due to the limited

robustness of learned models.

The challenges for making these vast amounts of existing data usable for inertial activity
recognition are manyfold, though: i) the datasets need to be curated and filtered towards
the actual activities of interest; ii) even though video data capture the same information
about activities in principle, sophisticated pre-processing is required to match the source
and target sensing domains; iii) the opportunistic use of activity videos requires adapta-
tions to account for contextual factors such as multiple scene changes, rapid camera orien-
tation changes (landscape/portrait), the scale of the performer in the far sight, or multiple
background people not involved in the activity; and iv) new forms of features and activ-
ity recognition models will need to be designed to overcome the shortcomings of learning

from video-sourced motion information for eventual IMU-based inference.

In this chapter, we present a method that allows us to effectively use video data for training
inertial activity recognizers, and as such demonstrates the first step towards larger-scale,
and more complex deployment scenarios than what is considered the state-of-the-art in the
field. Our approach extracts motion information from arbitrary human activity videos, and
is thereby not limited to specific scenes or viewpoints. We have developed IMUTube, an
automated processing pipeline that: i) applies standard pose tracking and 3D scene under-
standing techniques to estimate full 3D human motion from a video segment that captures
a target activity; ii) translates the visual tracking information into virtual motion sensors
(IMU) that are placed on dedicated body positions; iii) adapts the virtual IMU data towards
the target domain through distribution matching; and iv) derives activity recognizers from
the generated virtual sensor data, potentially enriched with small amounts of real sensor
data. Our pipeline integrates a number of off-the-shelf computer vision and graphics tech-
niques, so that IMUTube is fully automated and thus directly applicable to a rich variety
of existing videos. One notable limitation of our current prototype is that it still requires
human curation of videos to select appropriate activity content. However, with advances in
computer vision, the potential of our approach can be further increased towards complete

automation.

The work presented in this chapter is a first step towards the greater vision of automatically
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deriving robust activity recognition systems for body-worn sensing systems. The key idea
is to opportunistically utilize as much existing data and information as possible thereby
not being limited to the particular target sensing modalities. We present the overall ap-
proach and relevant technical details and explore the potential of the approach in practical
recognition scenarios. Through a series of experiments on three benchmark datasets—
RealWorld [50], PAMAP2 [167], and Opportunity [40]—we demonstrate the effectiveness
of our approach. We discuss the overall potential of models trained purely on virtual sensor
data, which in certain cases can even reach recognition accuracies that are comparable to
models that are trained only on actual sensor data. Moreover, we show that when adding
only small portions of real sensor data during model training we are even able to outper-
form those models that were trained on real sensor data alone. As such, our experiments
show the potential of the proposed approach, a paradigm shift for deriving inertial human

activity recognition systems.

3.2 IMUTube

The key idea of our work is to replace the conventional data collection procedure that is
typically employed for the development of wearable sensor-based human activity recogni-
tion (HAR) systems. Our approach aims at making existing, large-scale video repositories
accessible for the HAR domain, leading to training datasets of sensor data, such as IMUs,
that are potentially multiple orders of magnitude larger than what is standard today. With
such a massively increased volume of real movement data—in contrast to simulated or
generated samples, that often do not exhibit the required quality nor variability—it will be-
come possible to develop substantially more complex and more robust activity recognition
systems with a potentially much broader scope than the state-of-the-art in the field. In what
follows, we first give an overview of the general approach before we provide the technical

details of our procedure that converts videos into virtual IMU data.

3.2.1 Overview

Figure 3.1 gives on overview of our framework for deriving wearable sensor-based human

activity recognition systems. The top left part ("conventional””) summarizes the currently
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Figure 3.1: The proposed IMUTube system replaces the conventional data recording and annotation
protocol (upper left) for developing sensor-based human activity recognition (HAR) systems (upper
right). We utilize existing, large-scale video repositories from which we generate virtual IMU data
that are then used for training the HAR system (bottom part).

predominant protocol. Study participants are recruited and invited for data collection in a
laboratory environment. There they wear sensing platforms, such as a wrist-worn IMU, and
engage in the activities of interest, typically in front of a camera. Human annotators provide
ground truth labeling either directly, i.e., while the activities are performed, or based on the
video footage from the recording session. This procedure is very labor-intensive and often
error-prone, and, as such, labeled datasets of only a limited size can typically be recorded

with reasonable efforts.

In contrast, our approach aims at utilizing existing, large-scale repositories of videos that
capture activities of interest (bottom left part of Figure 3.1 labeled “IMUTube”). With
the explosive growth of social media platforms, a virtually unlimited supply of labeled
video is available online that we aim to utilize for training sensor-based HAR systems. In
our envisioned application, a query for a specific activity delivers a (large) set of videos
that seemingly capture the target activity. These results (currently) need to be curated in
order to eliminate obvious outliers etc. such that the videos are actually relevant to the task
(see discussion in Section 3.4). Our processing pipeline then converts the video data into
usable virtual sensor (IMU) data. The procedure is based on a computer vision pipeline that
first extracts 2D pose information, which is then lifted to 3D. Through tracking individual
joints of the extracted 3D poses, we are then able to generate sensor data, such as tri-axial
acceleration values, at many locations on the body. These values are then post-processed

to match the target application domain.
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Our work aims at replacing the data collection phase of HAR development. It is universal
as it does not impose constraints on model training (top center in Figure 3.1) nor deploy-
ment (right part of Figure 3.1). In what follows, we describe the technical details of our
processing pipeline that make videos usable for training inertial activity recognition sys-
tems. This description assumes direct access to a video that captures a target activity, i.e.,
here we do not focus on the logistics and practicalities of querying video repositories and

curating the search results.

3.2.2 Motion Estimation for 3D Joints

On-body movement sensors capture local 3D joint motion, and, as such, our processing
pipeline aims at reproducing this information but from 2D video. As shown in Figure 3.2
we employ a two-step approach. First, we estimate 2D pose skeletons for potentially
multiple people in a scene using a state-of-the-art pose extractor, namely the OpenPose
model [168]. Then, each 2D pose is lifted to 3D by estimating the depth information that
is missing in 2D videos. Without limiting the general applicability we assume here that
all people in a scene are performing the same activity. Although fast and accurate, the
OpenPose model estimates 2D poses of people on a frame-by-frame basis only, i.e., no
tracking is included which requires post-processing to establish and maintain person cor-
respondences across frames. In response, we apply the SORT tracking algorithm [169] to
track each person across the video sequence. SORT utilizes bipartite graph matching with
the edge weights as the intersection-over-union (IOU) distance between boundary boxes of
people from consecutive frames. The boundary boxes are derived as tight boxes including

the 2D keypoints for each person.

To increase the reliability of the 2D pose detection and tracking, we remove 2D poses
where over half of the joints are missing, and also drop sequences that are shorter than one
second. For each sequence of a tracked person, we also interpolate and smooth missing
or noisy keypoints in each frame using a Kalman filter, as poses cannot be dramatically
different between subsequent frames. Finally, each 2D pose sequence is lifted to 3D pose
by employing the VideoPose3D model [170]. Capturing the inherent smooth transition
of 2D poses across the frames encourages more natural 3D motion in the final estimated
(lifted) 3D pose.
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Figure 3.2: 3D joint orientation estimation and pose calibration. The multi-person 2D poses are
estimated with OpenPose followed by lifting to 3D through VideoPose3D. The camera intrinsic
parameters are estimated using the DeepCalib model. Jointly with the pose and camera related
parameters, we calibrate the orientation and translation in the 3D scene for each frame.

3.2.3 Global Body Tracking in 3D

Inertial measurement units capture the acceleration from global body movement in 3D,
and additionally local joint motion in 3D. Thus, we also have to extract global 3D scene
information from the 2D video to track a person’s movement in the whole scene. Typical
3D pose estimation models do not localize the global 3D position and orientation of the
pose in the scene. Tracking the 3D position of a person in 2D video requires two pieces
of information: i) 3D localization in each 2D frame; and ii) the camera viewpoint changes
(ego-motion) between subsequent 3D scenes. We map the 3D pose of a frame to the cor-
responding position within the whole 3D scene in the video, compensating for the camera
viewpoint of the frame. The sequence of the location and orientation of the 3D pose is the
global body movement in the whole 3D space. For the virtual sensor, the global accelera-

tion from the tracked sequence will be extracted along with local joint acceleration.
3D Pose Calibration

First, we estimate the 3D rotation and translation of the 3D pose within a frame, as shown
in Figure 3.2. For each frame, we calibrate each 3D pose from a previously estimated
3D joint according to the perspective projection between corresponding 3D and 2D key-
points. The perspective projection can be estimated with the Perspective-n-Point (PnP)
algorithm [171]. Additionally to 3D and 2D correspondences, the PnP algorithm requires
the camera intrinsic parameters for the projection, which include focal length, image cen-
ter, and lens distortion parameters [172, 173]. Since arbitrary online videos typically do

not come with such metadata, the camera intrinsic parameters are estimated from the video
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with the DeepCalib model [174]. The DeepCalib model is a frame-based model that con-
siders a single image at a time so that the estimated intrinsic parameter for each frame
slightly differs across the frame according to its scene structure. Hence, we assume that
a given video clip sequence is recorded with a single camera, and aggregate the intrinsic

parameter predictions by calculating the average from all frames:

1
cint — = > o (3.1)

t=1
where ¢™ = [f,p,d] is the averaged camera intrinsic parameters from each frame, z; at

time ¢, predictions, ¢;"* = DeepCalib(x;). f = [fu, f,] is the focal length and p = [p,, p,]
is the optical center for the x and y axis, and d denotes the lense distortion. Once the
camera intrinsic parameter is calculated, the PnP algorithm regresses global pose rotation

and translation by minimizing the following objective function:

N
) ) ) 1 . )
calib calib : i int i
T = m - — T
{R*%, T} = argmin 'E_l lpy = ™ (Bps + T)

subject to R'R = I3, det(R) = 1

(3.2)

where p, € R? and p3 € R? are corresponding 2D and 3D keypoints. R € R3*3 is the
extrinsic rotation matrix, 7°%% ¢ R3 is the extrinsic translation vector, and s € R denotes
the scaling factor [175, 176]. For the temporally smooth rotation and translation of a 3D
pose across frames, we initialize the extrinsic parameter, R, and 7', with the result from the
previous frame. The 3D pose for each person, p; € R3*Y, at each frame is calibrated (or

localized) with the estimated corresponding extrinsic parameter.

pgalib — Rcalibp3 + Tcalib (33)

From the calibrated 3D poses, ps*® € R3*Y, we remove people considered as the back-
ground. For example, in a rope jumping competition scene, a set of people may rope jump
while others are sitting and watching. Depending on the scene, not all people captured may
partake in an activity (e.g., bystanders). To effectively collect 3D pose and motion that be-
longs to a target activity, we thus remove those people in the (estimated) background. We
first calculate the pose variation across the frames as the summation of the variance of each
joint location across time. Subsequently, we only keep those people with the pose variation
larger than the median of all people.

Estimation of Camera Ego-motion
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Figure 3.3: 3D pose and motion tracking with compensation of the camera motion. The camera
motion is estimated through the iterative closest point (ICP) algorithm between subsequent point
clouds. Then, calibrated 3D poses per frame are mapped to the location in the entire 3D scene,
compensating for camera motion. The calibrated 3D poses from both frames are initially centered in
the 3D world origin as the camera follows the cyclists. After incorporating ego-motion information,
we can see that two cyclists are moving from right to left, moving closer to each other as in the
video (most right figure).

In an arbitrary video, the camera can move around the scene freely. However, the pipeline
should not confuse the camera motion with human motion. For example, a person who
does not move (much) may appear at a different location in subsequent frames due to
the camera movement, which is misleading for our purpose. Also, a moving person can
always appear in the center of the frame, and thus erroneously appear static, if the camera
follows that person and therefore the movements are effectively compensated for in the
video. In these two cases, the virtual sensor should capture no motion (static), or the
global body acceleration only, respectively, independently from camera motion. Hence,
before generating the virtual sensor data, the 3D poses, which were previously calibrated
per frame, need to be corrected for camera ego-motion, i.e., potential viewpoint changes,

across the frames.

Camera ego-motion estimation from one viewpoint to another requires 3D point clouds
of both scenes [177-179]. Deriving a 3D point cloud of a scene requires two pieces of
information: i) the depth map; and ii) camera intrinsic parameters. For camera intrinsic
parameters, we reuse the parameters previously estimated. The depth map is the distances
of pixels in the 2D scene from a given camera center, which we estimate with the DepthWild
model [180] for each frame. Once we have obtained the depth map and the camera intrinsic

parameters, we can geometrically inverse the mapping of each pixel in the image to the
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3D point cloud of the original 3D scene. With basic trigonometry, the point cloud can

be derived from the depth map using the previously estimated camera intrinsic parameter,

™ = [fz, fys Pus Dy, d]. For a depth value Z at image position (z, y), the point cloud value,

(X,Y, Z], is:

(x—ps)Z W—py) 2
fo o Jy

X,Y, 7] = [ , Z] (3.4)
Once point clouds are calculated across frames, we can derive the camera ego-motion (ro-
tation and translation) parameters between two consecutive frame point clouds. A popular
method for registering groups of point clouds is the Iterative Closest Points (ICP) algo-
rithm [177-179]. Fixing a point cloud as a reference, ICP iteratively finds the closest point
pairs between two point clouds and estimates rotation and translation for the other point
cloud that minimizes the positional error between matched points [178]. Since we extract
color point clouds from video frames, we adopted Park et al.’s variant of the ICP algo-
rithm [181], which considers color matching between matched points in addition to the
surface normals to enhance color consistency after registration. More specifically, we uti-
lize background point clouds instead of the entire point cloud from a scene because the
observational changes for the stationary background objects in the scene are more relevant
to the camera movement. We consider humans in the scene as foreground objects, and
remove points that belong to human bounding boxes determined from 2D pose detection.
The reason for this step is that we noticed that including foreground objects, such as hu-
mans, leads to the ICP algorithm confusing movements of moving objects, i.e., the humans,
and of the camera. With the background point clouds, we apply the color ICP algorithm
between point clouds at time ¢ — 1 and ¢, ¢;_; and ¢, respectively. As such, we iteratively

solve:

{ngo’ ngo} = arg I}%’lir“l Z <(1 - 5) CQt—l(f(th + T)) - C(Qt_l)
(g 1) €K (3.5)

+ 5H(RC]t +T — qi1) g, )

where C(q) is the color of point ¢, n, is the normal of point g. K is the correspondence

set between ¢;_; and ¢;, and R’ € R**® and T’ € R? are fitted rotation and translation
vectors in the current iteration. ¢ € [0, 1] is the weight parameter that balances the emphasis

given to positional or color matches.

The estimated sequence of translation and rotation of a point cloud represents the resulting

ego-motion of the camera. As the last step, we integrate the calibrated 3D pose and ego-
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motion across the video to fully track 3D human motion. Previously calibrated 3D pose

calib

sequences, p5**’, are rotated and translated according to their ego-motion at frame ¢:
pgack — Rigop:c;tzlib + Ttego (36)

where pi ek € RT*N>3 ig the resulting 3D human pose and motion tracked in the scene for
the video, 7' is the number of frames, and N is the number of joint keypoints. The overall

process of compensating for camera ego-motion is illustrated in Figure 3.3.

3.2.4 Generating Virtual Sensor Data

Once the full 3D motion information has been extracted for each person in a video, we can
extract virtual IMU sensor streams from specific body locations. The estimated 3D motion
only tracks the locations of joint keypoints, 1.e., those dedicated joints that are part of the
3D skeleton as it has been determined by the pose estimation process. However, in order
to track how a virtual IMU sensor that is attached to such joints rotates while the person
is moving, we also need to track the orientation change of that local joint. This tracking
needs to be done from the perspective of the body coordinates. The local joint orientation
changes can be calculated through forward kinematics based from the hip, i.e., the body
center, to each joint. We utilize state-of-the-art 3D animation software — Blender [182], to
estimate and track these orientation changes. Using the orientation derived from forward
kinematics, the acceleration of joint movements in the world coordinate system is then
transformed into the local sensor coordinate system. The angular velocity of the virtual

sensor (i.e., a gyroscope) is calculated by tracking orientation changes.

We employ our video processing pipeline on raw 2D videos that can readily be retrieved by,
for example, querying public repositories such as YouTube, and combined with subsequent
curation (the latter is not within the focus of this Chapter). The pipeline produces virtual
IMU, for example, tri-axial accelerometer data. This data effectively captures the recorded
activities, yet the characteristics of the generated sensor data will still differ from real IMU
data, for instance it will lack any MEMS noise. In order to compensate for this mismatch,
we employ the IMUSim [122] model to extract realistic sensor behavior for each on-body
location. IMUSim estimates sensor output considering mechanical and electronic compo-
nents in the device, as well as the changes of a simulated magnetic field in the environment.

As such, this post-processing step leads to more realistic IMU data [123,183, 184].
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3.2.5 Distribution Mapping for Virtual Sensor Data

As the last step before using the virtual IMU dataset for HAR model training, we define a
calibration operation to account for any potential mismatch between the source (virtual) and
target (real) domains. We employ a distribution mapping technique to fix such mismatch,
where we transfer the distribution of the virtual sensor to that of the target sensor. For

computational efficiency, the rank transformation approach [185] is utilized:

r, =G Y F(X <x,)) (3.7

where, G(X < z,) = [} . g(x)dz and F(X < z,) = [ f(2)dx are the cumulative
density functions for real, x,., and virtual, z,,, sensor samples, respectively. In our experi-
ments (Section 3.3.2.2), we show that only a few seconds to minutes of real sensor data is

sufficient to calibrate the virtual sensor effectively for successful activity recognition.

3.3 Experiments

This section contains an extensive empirical evaluation of the proposed IMUTube pipeline,
organized into three main experimental sections. First, we begin with the first set of ex-
periments that examine HAR model performance when trained using real IMU data and/or
virtual IMU data generated with IMUTube under varying conditions. Next, we delve into
the empirical observations to provide readers with a better understanding of the virtual
IMU data and its limitations. Finally, we explore an alternative training setup using trans-

fer learning and provide its empirical evaluation.

3.3.1 Establishing Activity Recognition Feasibility

In this section, we seek to empirically examine the viability of using IMUTube to produce
virtual IMU data useful for HAR. The core question we aim to answer is, under what con-
ditions can the virtual IMU data extracted using IMUTube be of value to building inertial
HAR models?

To answer this question, we present three experiments under a varying set of constraints on

the employed video and IMU data; the datasets used and motivations for doing so in each
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experiment will be described in detail. Our general experimental framework compares the
performance of HAR models under three settings: R2R, where real IMU data are used to
train and evaluate the model; V2R, where Virtual IMU data are used to train the model,
which is then evaluated on real IMU data; and Mix2R, where a mixture of virtual and real

IMU data are used to train the model, which is then evaluated on real IMU data.

Throughout this chapter, our primary evaluations are performed with the Random Forest
classifier using 15-component ECDF features [78], trained using a leave-one-subject-out
scheme. We calibrate hyperparameters on the validation subjects by varying the number
of trees from 3 to 50 and the minimum number of samples in leaf node from 1 to 50. We

report the mean F1-score of the test subjects computed after the completion of all folds.

Separate from this, we also train ConvLSTM [86] on a hold-out evaluation scheme, where
data from random subject(s) are selected as the validation and test set. ConvLSTM is
trained on raw data for a maximum of 100 epochs with an Adam optimizer [186] and
early stopping on the validation set with a patience of ten epochs; the learning rate is
searched from 107 to 1073, and weight decay from 10~* to 102 via grid search. We
further regularize model training by employing augmentation techniques from [187] with
a probability of application set at either 0 and 0.5 depending on validation set result. We

average over 3 runs initiated with different random seeds and report the mean F1-score.

By supplementing our primary random forest results with ConvLSTM, we aim to examine
IMUTube’s feasibility in both the classical machine learning and deep learning regime,
and show that our approach is agnostic to the choice of specific learning algorithm. In both
cases, we report the highest test F1-score achieved using any amount of training data, along
with the Wilson score interval with 95% confidence. For V2R and Mix2R, we also report

the absolute difference in F1-scores achieved by them and the baseline R2R setting.

3.3.1.1 Controlled Conditions

There are many potential sources of noise that may impact the activity recognition per-
formance; therefore, in our first experiment we hold constant as many factors as possible
between real and virtual IMU data to establish a fair comparison between them. We accom-
plish this by using the RealWorld dataset [50], an activity recognition dataset that contains
not only IMU data but also provides videos of the subjects performing the activities. A

summary of the Realworld dataset is provided in Section 2.1.1.2.
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Dataset Model R2R V2R Mix2R

RF 57.84+0.3 56.8£0.3(-1.0) 64.4+0.3(+6.6)
Realworld

ConvLSTM  73.1£0.7 54.7+£0.8(-18.4) 77.9+0.7 (+4.8)

Table 3.1: Recognition results on the Realworld dataset (8 classes) when training models from
real IMU data (R2R), from virtual IMU data (V2R), and from a mixture of both (Mix2R). Wilson
score confidence intervals are shown. For Random Forest models, V2R achieves 98% of the R2R
F1-score, while a Mix2R setup surpasses R2R by 12%. Quoted in brackets is the difference in
F1-scores between each model and its R2R baselines.

Method

The unconstrained settings under which the Realworld dataset was recorded present extra
difficulty in extracting virtual IMU for the full duration of the activities; nonetheless we
are able to extract 12 hours of virtual IMU data, this is compared to 20 hours of available
real IMU data. As a preprocessing step, we remove the first ten seconds of each video
and divide the remainder into two-minute chunks for the efficient running of IMUTube.
Virtual IMU data are extracted from 7 body locations corresponding to where real sensors
are placed in Realworld. We assume all IMU data to have a frequency of 30Hz and use
sliding windows to generate training samples of duration 1 second and 50% overlap. The

resulting real and virtual IMU dataset contains 221k and 86k windows, respectively.
Results

In Table 3.1, we see convincing evidence that human activity classifiers can learn from
virtual IMU data alone. When learning from virtual IMU data alone (V2R), the 8-class
model achieves an F1-score of 56.8, which is within 2% of that achieved by learning from
real IMU data (R2R). This result is remarkable as the difference in recognition performance
of R2R and V2R is small notwithstanding the change in data source and the introduction

of noise while going through our pipeline.

Furthermore, when we use a mixture of virtual and real IMU data to train the model, it
is even able to surpass R2R performance with a significant relative performance gain of
11%, reaching an F1-score of 64.4. This showcases an additional potential of IMUTube —
we can build activity classifiers using both virtual and real IMU data to push recognition

capabilities beyond that achieved by either.

Our ConvLSTM results (evaluated on a random subject) offers another perspective into

modeling virtual IMU data when deep learning models are used. Learning from virtual
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IMU data alone is seen to pose more challenges (V2R achieves 75% of R2R), which is
possibly related to the setup of learning directly from raw data, as opposed to learning
from processed features in the Random Forest case. As a consequence, ConvLSTM may
be learning feature representations that are highly specific to the virtual IMU domain, which
prevents immediate generalization to the target domain of real IMU data. This issue is di-
minished when using a mixture of virtual and real IMU data for training, as Mix2R even
outperforms R2R by 6.6%. We presume that the improvement is related to the comple-
mentary benefits of both real and virtual data, as well as the feature learning capabilities of

deep learning models, which learn better when more data is available.

This set of results provides promising signs for IMUTube — we can learn capable activity
classifiers with virtual IMU data alone, despite having only so far considered relatively
straightforward techniques in extracting and modeling the virtual IMU data. We delve into
these concerns about the quality of virtual IMU data in Section 3.3.2 to provide a more

complete view.

3.3.1.2 Common Activity Recognition Datasets

In Section 3.3.1.1, we saw promising results under a controlled setup on the Realworld
dataset, which gathers video and IMU data for the same set of activities, performed by the
same set of users. This, however, is a unique setup since most inertial HAR datasets do not
provide video data. Thus, we now seek to relax these conditions, and establish the viability
of IMUTube when the activities performed in the video data and the real IMU data do not
completely align.

Imagine a scenario where we want to build a HAR classifier for “standing” vs. “sitting”.
Instead of collecting simultaneous video and real IMU data of people standing and sitting,
we want to exploit existing videos of people standing and sitting, extract their virtual IMU
data via IMUTube, and use them to train a classifier that operates on real IMU data. Such
is the scenario we seek to recreate in this experiment. Specifically, we extract virtual IMU
data using videos collected in the RealWorld dataset, and evaluate the trained models on
real IMU data taken from two other HAR datasets, Opportunity [40] and PAMAP2 [167]
(introduced in Section 2.1.1.2).

Method
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Dataset Model R2R V2R Mix2R

. RF 82.7+0.3 T77.6+£0.4(-5.1) 88.2+£0.3(+5.5)
Opportunity

ConvLSTM 88.7+0.7 78.8+1.0(-9.9) 88.4+0.8(-0.3)

PAMAP2 RF 70.3+£06 673+0.6(-3.00 72.8+0.5(+2.5)

(8<cls)  ConvLSTM 70.04+1.6 5524 1.8(-14.8) 70.2+ 1.6 (+0.2)

Table 3.2: Recognition results (mean F1-score) on Opportunity dataset (4 classes) and locomotion
activities found in PAMAP2 (8 classes) when using different training data. For Random Forest
models, V2R achieves 95% of R2R F1-scores on average, while Mix2R outperforms R2R by 5%
on average.

Opportunity and PAMAP?2 are used as they contain activity labels that roughly corre-
spond to the 8 classes in Realworld. Here, we only consider activities in Opportunity
and PAMAP2 which are overlapping with those in Realworld, i.e., 4 classes (stand, walk,
sit, lie) in Opportunity, and 8 classes (ascending stairs, descending stairs, rope jumping,
lying, running, sitting, standing, walking) in PAMAP2. We again segment the data using

1-second sliding windows with 50% overlap.

For Opportunity, we re-extracted virtual data from the Realworld videos in eleven body
positions: left and right feet, left shin and thigh, hip, back, left and right arms, left and
right forearms, resulting in 40k and 46k real and virtual IMU windows respectively. For

ConvLSTM, we used random subject 3 for validation, 4 for testing, and the rest for training.

For PAMAP2, the activities are slightly different from those in Realworld so we equated
the labels with the closest meaning (e.g., using jumping Realworld videos as the source for
rope jumping virtual IMU in PAMAP2. The PAMAP2 dataset specifies that sensors were
placed in three locations (dominant wrist, dominant ankle, chest), which gives rise to a total
of four possible combinations for arm and chest location when we extract virtual IMU data
from a single video (i.e., left-left, right-right, left-right, right-left). We took advantage of
this ambiguity and extracted 4 x as much virtual IMU per video, resulting in 24k and 152k
windows for real and virtual IMU respectively. For ConvLSTM, we followed the same

setup as [188] and use subject 5 for validation, 6 for testing, and the rest for training.
Results

Table 3.2 shows the classification performance for R2R, V2R and Mix2R. We observe en-
couraging results, where learning from virtual IMU data alone can still recover high levels

of R2R performance, despite data collection conditions not being held constant. From
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the V2R results, we observe that Random Forest classifiers trained from virtual IMU data
achieve 94% and 96% of R2R performance on Opportunity and PAMAP2 respectively.
While this good performance might be related to the simplicity of the motions classified
(mainly locomotive activities), we highlight that the conditions of data collection in Re-
alworld and Opportunity are very different—subjects could be walking through the forest
or city in Realworld, but all subjects perform activities inside a laboratory in Opportunity;
Likewise for Realworld and PAMAP2—subjects could also be climbing down the streets of
a city (a mixture of pavement and stairs) in Realworld whereas all subjects are climbing up
the same building in PAMAP2. Thus, being able to utilize virtual data from one scenario
and test it on another is not a trivial task. These results show that, across these two tasks,
IMUTube-extracted virtual data provide salient features which are generalizable and robust

across testing scenarios.

We again observe performance gains when training with a mixture of real and virtual IMU
data, which exceeds R2R Fl-scores by 5% on average. Not only does this observation
solidify the argument that virtual and real IMU data can bring complementary benefits to
activity recognition, but such performance gains are also a positive sign especially since the
two types of data are collected under rather different circumstances. We argue that, adding
virtual IMU data — in this case, virtual data generated from a related but different scenario —
help expand the intra-class variety of motions seen by the classifier and as a result improve

model generalization.

As before, we provide the performance by ConvLSTM on a random test subject as addi-
tional results in Table 3.2, where V2R recovers 84% of R2R F1-scores, while Mix2R and

R2R scores are statistically comparable.

Overall, this set of results presents strong evidence supporting the usefulness of virtual IMU
data, either used standalone or in combination with real IMU data for activity recognition.
Beyond this, these results also imply an encouraging view that aligns well with our vision
for IMUTube — that virtual data, even when collected under vastly different settings, can be

useful in building capable or even better models for activity recognition.

3.3.1.3 Complex Activity Recognition

Encouraged by the results so far, we now try to apply IMUTube to activity recognition

scenarios with even more challenging conditions and test its ability in building classifiers
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Dataset Model R2R V2R Mix2R

PAMAP2 RF 723404 57.9+05(-14.4) 71.1+0.4(-1.2)
(11-cls.) ConvLSTM 69.8 +£1.3 53.341.4(-16.6) 71.0+ 1.3 (+1.2)

Table 3.3: Recognition results (mean F1-score) on PAMAP2 (11-cls.) when using different training
data. The Random Forest model trained with virtual IMU data including YouTube videos (for four
complex activities) recovered 80% of R2R model performance.

for complex activities. Our ultimate vision for IMUTube is to extract virtual data from any
video, especially those freely available in large online repositories such as YouTube. To test
the feasibility of doing so, we first need to curate a dataset with activity videos originating
from the web. In the following, we attempt to source these videos for complex activities
present in PAMAP2, and train classifiers with the extracted virtual IMU data.

Method

We curated a dataset of virtual data covering four complex activities present in PAMAP2,
namely vacuum cleaning, ironing, rope jumping and cycling. To efficiently locate such
videos, we extract annotated video segments from activity video datasets in the computer
vision domain, including ActivityNet [189], Kinetics700 [190], HMDBS51 [191], MPI-
IHPD [192], UCF101 [193], Charades [194], AVA [76], MSRdailyactivity3D [195], and
NTU RGB-D [196]. The resulting video dataset consists of a mix of videos collected in ex-
periment scenarios and in-the-wild (e.g., from YouTube). In total, we collected ~ 10 hours
of virtual data from 7,255 videos. To extend our activity recognition task to as many classes
in PAMAP?2 as possible, we also reuse the other seven videos from Realworld (we do not
use the jumping videos); this allows us to consider an 11-class activity recognition problem
in PAMAP2. As mentioned in Section 3.3.1.2, we face an ambiguity in sensor location
which lead us to extract 4 x virtual data per video. Using sliding windows of 1-second size
and 50% overlap resulted in 38k real and 390k virtual IMU windows in total.

Results

Our results in Table 3.3 show that these difficult conditions (using in-the-wild videos, and
learning complex activities) indeed present challenges to the use of virtual IMU data ex-

tracted by our current formulation of IMUTube.

With the Random Forest classifier, training from virtual IMU data alone achieves a 0.58 F1-
score under V2R, which is 80% of that achieved with R2R (0.72 F1-score); This is a weaker
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result compared to those achieved on previous datasets (where V2R achieved 96% of R2R
on average). When real IMU data is added to virtual IMU data for training, the Random
Forest model gains 23% and achieves a Fl-score of 71.1 in Mix2R versus 57.9 in V2R,
though Mix2R is still 2% worse than R2R performance. Our evaluation using ConvLSTM
is also shown in Table 3.3, and their results align with those of Random Forest. We believe
that the weaker performance is likely linked to the even more drastic difference in the data
sources and activity label interpretations between the real and virtual IMU data. Another
cause may be the quality of virtual IMU data that IMUTube is currently able to produce, as
noises may be amplified by the complex activities introduced.

Through this set of experiments, we have shown the limitations of IMUTube when oper-
ating under very challenging conditions — in-the-wild videos and complex activity recog-
nition. While it is still feasible to learn a reasonably capable classifier using the extracted
virtual IMU data in this case, we have not yet observed significant gains provided by virtual
IMU data. These observations prompt us to understand the sources of these limitations and
explore ways to combat them in the upcoming sections. In particular, in Section 3.3.2.1 we
will examine the fidelity of virtual IMU data, and provide directions to improve its quality
in Section 3.4. We discuss issues of domain shift in Section 3.3.2.2. Moreover, to better
utilize both real and virtual IMU data, we investigate the effect of mixing data in Section

3.3.2.3 and investigate more sophisticated methods beyond simple mixing in Section 3.3.3.

Overall, our results in this section suggest promising signs that IMUTube can already gen-
erate useful virtual IMU data for real-world instances of activity recognition. Demonstrated
over a range of activity recognition tasks, virtual IMU data is seen to effectively capture
motion information, such that classifiers can be trained from them alone and still perform
well on real IMU data. In addition, mixing real and virtual IMU data for training is also

shown to be a potential source of performance gain.

3.3.2 Understanding Virtual IMU Data

In the previous set of experiments (Section 3.3.1), we see that models trained on the virtual
IMU data (V2R) performed reasonably well when tested on real IMU data across different
scenarios. Amongst common non-complex activity recognition tasks, V2R models achieve
up to 94 to 98% of the performance of their R2R counterparts, and even outperform them
by 4 to 11% when trained alongside real IMU data (Mix2R). However, for the experi-
ment on complex activity recognition using data from PAMAP2 (11-class), the V2R model
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could not outperform R2R even when a larger virtual dataset extracted from multiple video

sources was used.

Thus, in this section, we investigate potential sources of such performance gaps in detail.
First, we analyze the extracted virtual IMU data by inspecting the sample-level similarity
in IMU signals using synchronized sequences of real and virtual IMU data. Then, at a
distribution level, we investigate the effects of domain shift, along with the impact of our
distribution mapping technique (described in Section 3.2.5). Finally, we investigate the
mixing of real and virtual IMU data for model training (Mix2R), which is seen to always
give comparable, and often superior, performance relative to R2R in Section 3.3.1. With
our analysis, we aim to provide key insights into the IMUTube pipeline and the use of
virtual IMU data for human activity recognition. All experiments presented in this section
are carried out using Random Forest in the leave-one-subject-out setting unless otherwise

specified.

3.3.2.1 Comparing Virtual and Real IMU

We do not expect IMUTube to function flawlessly. Given the complexity of the process,
the translation from video to virtual IMU data will naturally contain errors. Despite this,
we observe promising results of competitive V2R performance in prior experiments. This
seems to suggest that perfect sample-level realism in virtual IMU data is not necessary
to train capable human activity classifiers. In the following, we compare virtual and real
IMU samples to better understand the limits of IMUTube and argue that, the focus, during
virtual IMU generation, should be placed on capturing salient features useful for activity

recognition.
Sample-level Comparison

Sample-level comparison between the virtual and real IMU data requires a dataset with
time-synchronized video and IMU data. Although the Realworld dataset provides both
accelerometer and video data, these modalities are not time-synchronized. Therefore, in
this experiment, we adopt the TotalCapture dataset [197] which contains time-synchronized
(real) IMU data and video recordings (from which the virtual IMU data are extracted).
As TotalCapture contains various scripted motions but not labels that distinguish activity
types, this dataset is not usually used for activity recognition-related tasks and we have not

evaluated on TotalCapture in Section 3.3.1.
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Figure 3.4: Comparison between virtual and real IMU on the TotalCapture dataset for a user who is
performing the “walking” activity. The virtual IMU data is generated by passing a video clip (which
is time-synchronous with the real IMU data) through IMUTube with distribution mapping applied.
The aligned time series are depicted for sensors placed on the user’s left wrist in (a) and left ankle
in (b).
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Figure 3.4 shows an example of the virtual and real IMU time-series data of a subject walk-
ing, with sensors placed on their wrist and ankle. Along the x-axis, virtual IMU readings
are seen to reflect large movement changes also observed in the real IMU—one can almost
see from the “wrist” time-series (see Figure 3.4(a)) that the person is walking with periodic
hand movements. Along the z-axis, the virtual IMU is also seen to capture any spikes in
acceleration reasonably well, albeit with a noticeable time lag in the “ankle” case. Virtual
and real IMU data differ the most along the y-axis. We postulate that this is related to a
dimensionality issue—we are trying to reconstruct 3-D information from a 2-D image time
series. The y-axis here refers to the axis pointing perpendicular to the visual plane, which

means any acceleration measured along this dimension cannot be easily deduced visually.

While generating realistic virtual IMU data is important, it is secondary to our main goal
of producing virtual IMU data that captures useful information for HAR tasks. To achieve
this, what is vital is the ability of the virtual IMU data to capture salient features of the ac-
tivities that we need to recognize. We already see signs of this happening with the current
IMUTube (e.g., the x-axis of the “arm” while walking in Figure 3.4). This also offers a
possible explanation for the better V2R performance seen in predicting locomotion-style
activities in Section 3.3.1. Perhaps IMUTube, in its current form, is best suited to capture
information about simple motions (i.e., ones mostly characterized by movement in a 2D
plane) of which there is still a wide variety, and to which existing HAR methods still strug-
gle to generalize [198] (for additional qualitative observations see Section 3.4). To apply
IMUTube to more complex activities, it may require improved techniques during virtual

IMU data generation (also discussed further in Section 3.4).

3.3.2.2 Coping with Domain Shift

The last step of IMUTube performs a distribution mapping post-processing step between
virtual and real IMU data (Section 3.2.5), in order to correct for the domain shift that exists
between training and testing data. In the following, we pose two related questions and aim

to justify the application of such a distribution mapping method through empirical analysis.

By answering these questions, we argue that: (1) such domain shift is not exclusive to
video-generated virtual IMU data and in fact common whenever IMU data is taken from
different datasets (or measured from different IMU sensors) during the training and testing
phase, and (2) only limited amounts of real IMU data is needed in our adopted distribution

mapping method.
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Does IMUTube unnecessarily introduce domain shift?

Here, we seek to demonstrate that domain shift is not exclusive to virtual IMU data gen-
erated from videos through IMUTube, but in fact it is present whenever IMU data is taken
from different datasets (or measured from different IMU sensors) which result in dissimilar

data distributions between training and testing [61].

We quantify “domain shift” as the drop in F1 scores by a HAR model where a training
dataset that is dissimilar to the testing dataset is used, when compared to a HAR model
where the train and test set are different subsets of the same dataset. Our experiment
is then to compare the recognition performance on the Opportunity dataset with models
trained using data from sources other than Opportunity, with or without distribution map-
ping. Specifically, the train data can be i) real IMU data from PAMAP2, ii) real IMU data
from Realworld, or iii) virtual IMU data from Realworld videos (Section 3.3.1.1). With-
out distribution mapping, we use all available data in the respective datasets that fall under
the 4 Opportunity classes (stand, walk, sit, lie) for training, and testing using the entire
Opportunity dataset. With distribution mapping, we follow a leave-one-subject-out evalu-
ation scheme; In each fold, we train the model using data distribution-mapped with data
only from the corresponding train subjects in Opportunity, and evaluate the remaining test

subject.

In the “Before Distribution Mapping” column of Table 3.4, the effects of domain shift
are demonstrated by a significant drop across all models trained from data not from the
Opportunity dataset. When using training data not from Opportunity — despite having
the same exact activity labels — even models trained with real IMU data (from PAMAP2
and Realworld) suffer a 66% drop in Fl-scores. From this, it is clear that the domain
shift issue is not exclusive to the distribution shift present between virtual and real IMU
domains. The drop in performance is resolved when we perform distribution mapping
(Section 3.2.5); we even observe that training from virtual data outperforms training using
other real IMU datasets. This hints that virtual data might have greater value than real IMU
data in developing general HAR models. This conclusion was also supported by the results

seen when performing the same analysis on the PAMAP2 and Realworld datasets.
How much real IMU data is needed for distribution mapping?

To answer this question, we focus on the virtual and real IMU in the 4 datasets evaluated
in Section 3.3.1, i.e., Realworld, Opportunity, PAMAP?2 8-class and 11-class. We vary the
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amount of real IMU data used for distribution mapping and evaluate at what point the vir-
tual and real IMU data distribution become sufficiently similar. We report the similarity
between each data distribution using the Frechet Inception Distance (FID), a metric com-
monly used in generative modeling to compare the real and generated datasets [199,200];
lower FID scores indicate more similar data distributions. We also report the confidence
interval as calculated by randomly sampling real IMU data with 10 different random seeds

for distribution mapping.

Figure 3.5 shows how the virtual/real FID score varies with the quantity of real IMU data
used for distribution mapping. In all four cases, an abrupt, significant drop in the FID score
is seen with the use of under 100 seconds of real IMU samples. When using 10 minutes of
real IMU data per class for distribution mapping, the FID scores are within 6% of the final
FID score (when all real IMU is used for distribution mapping).

3.3.2.3 Varying the Mixture and Size of Training Data

We have seen that using a mixture of real and virtual IMU for training HAR models may
bring about performance gains over a traditional R2R setup in Section 3.3.1. Here, we seek
to understand how such performance gain may be affected by the size and composition of

the training dataset. Again we consider the four datasets introduced in Section 3.3.1.
How does performance vary with increasing real IMU data?

Our first experiment compares the F1-scores achieved by models trained with a mixture of
real and virtual IMU data (fixed at 1:1 ratio) as the amount of real training data is varied.
We repeat this on all 4 datasets and plot the respective learning curves in Figure 3.6 to

inspect if the performance gains by Mix2R over R2R are consistent.

For 3 out of 4 datasets, Mix2R outperforms R2R consistently by a clear margin at every in-
spected point of the learning curves. The greatest performance gain is observed throughout
the Realworld learning curve, with an increase of at least 9% in F1-score by Mix2R over
R2R. Similar trajectories are observed on Opportunity and PAMAP2 (8-class), with the
most significant difference between Mix2R and R2R occurring when very limited training

data are available (under 100 seconds per class).

On PAMAP2 (11-class), Mix2R outperforms R2R when there are only 10 samples per

class, and both Mix2R and R2R curves plateau when there are more data available. Given

51



Source of Data
Before Distribution Mapping After Distribution Mapping

(Train — Test)

Virtual IMU data — Opportunity 29.5 +0.4 (-53.2) 77.6 +£0.4 (-5.1)
PAMAP2 — Opportunity 27.7+ 0.4 (-55.0) 69.3 £0.4(-13.4)
Realworld — Opportunity 28.3+0.4(-54.4) 66.4 £ 0.4 (-16.3)

Opportunity — Opportunity 82.7+0.3 -

Table 3.4: Recognition results (mean F1-score, Random Forest) on the 4-class activity recognition
task from Opportunity when using training data from other data sources (top rows) and from Oppor-
tunity itself (last row, provided for reference). Without distribution mapping, there is a significant
drop in performance when using training data collected under different circumstances than the test
case, regardless of whether the IMU data is real (66%) or virtual (64%). This is resolved when
distribution mapping is applied.

Realworld (8-class) Opportunity (4-class)
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17.5 4
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40 -
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AR e e — T K e s e 8
PAMAP2 (8-class) PAMAP2 (11-class)
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0 200 400 600 800 1000 0 200 400 600 800 1000
Real training data per class (s) Real training data per class (s)

Figure 3.5: Frechet Inception Distance (FID) and confidence interval (shaded area) between virtual
IMU and real IMU data distributions after performing distribution mapping of the virtual IMU data
with increasing amounts of real IMU samples. The dotted horizontal line is the FID score obtained
when the entire real IMU dataset is used for distribution mapping.

that PAMAP2 (11-class) is also the case where we predict complex activities under the
most dissimilar settings, the plot highlights the difficulty of the classification task for both
real and virtual IMU data.

Although it may appear that the learning performance saturates with a relatively small
amount of data per class (600 seconds per class, for instance) — we highlight that this has
been commonly observed in the literature for the HAR datasets we used (Opportunity,
PAMAP2, e.g., [201-203]).
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Figure 3.6: Mix2R and R2R performance of a random forest model on 4 different HAR tasks when
different amounts of real data per class (in seconds) are used for training. The ratio of virtual data
and real data is kept at 1:1 at all datapoints.

Real:Virtual Realworld Opportunity PAMAP2 (8-cls.) PAMAP2 (11-cls.)
R2R 1:0 57.1+0.3 82.1+£0.3 68.7+ 0.6 721404
1:1 62.3+0.3(+5.2) 87.4+0.3(+5.3) 72.8+0.5(+4.1) 69.8+0.5(-2.3)
MiOR 1:2 61.5+0.3(+4.4) 86.4+0.3(+4.3) 70.1£0.6(+1.3) 70.5+0.5(-1.6)
ix
1:5 62.5+0.2(+5.4) 85.0+0.3(+2.9) 69.3+0.6(+0.6) 69.0+0.5(-3.1)
1:10 60.6 £0.3 (+3.5) 84.0+0.3(+1.9) 679+0.6(-0.8) 68.2+0.5(-3.9)

Table 3.5: Recognition results (mean F1-score, Random Forest classifier) on all datasets. Different
amounts of virtual IMU data are added to real IMU data, kept constant at 300 seconds per class.

How does performance vary with increasing virtual IMU data?

Our second experiment compares the F1-score achieved by models trained with a mixture
of real and virtual IMU data, where the real IMU data is fixed at 300 seconds per class, but

the real-to-virtual data ratio is varied from 1:1 to 1:10.

We evaluate the performance achieved when varying virtual and real IMU data mixtures,
as presented in Table 3.5. When compared to the Fl-scores of models only trained from
real data, adding virtual data to training is seen to give a better or comparable performance
at all considered ratios on Realworld, Opportunity, and PAMAP2 (8-class). On Realworld,
the greatest gain is seen at 1:5, where the Fl-score is increased by 9% over that at 1:0;
At the ratio 1:1, both Opportunity and PAMAP2 (8-class) see improvements of 6%. The
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performance however does not increase monotonically with the addition of more virtual
data. This shows that the effect of mixing virtual and real data is not straightforward. It is
possible that as more virtual IMU data is used, the domain shift issue becomes severe and
the Random Forest classifier starts to overfit to the virtual IMU data. Adding virtual data
has a detrimental effect on PAMAP2 (11-class). This follows our observations in Figure 3.6
and can be similarly explained by PAMAP2 (11-class) containing complex activities under

the most dissimilar settings in comparison to the virtual IMU data.

Hence, we suggest finding the right balance between the amount of real and virtual IMU
data for a model to learn the target activity pattern coexisting in both real and virtual IMU
data, before overfitting to the virtual IMU data. We also anticipate that as the quality of
virtual IMU improves in future versions of IMUTube, larger amounts of it will be able to

be successfully integrated during HAR training.

3.3.3 Transfer Learning with Virtual IMU Data

In the previous two sets of experiments, we have demonstrated that human activity clas-
sifiers can feasibly learn from virtual IMU data, although limitations still exist. So far,
we have assumed that labeled virtual and real IMU datasets for target activities are always
available. In practice, such a scenario may not always be possible. For example, curating
video datasets for translation into virtual IMU data could also be challenging, as titles or

descriptions of videos can be arbitrarily ambiguous.

Here, we explore two additional cases for utilizing virtual IMU data: i) when the virtual
IMU dataset contains a subset of target activity labels; ii) when labels for virtual IMU are
not available at all. To do so, we leverage two transfer learning setups, supervised and

unsupervised, respectively.

The analysis in this section represents our first attempts in utilizing more sophisticated
modeling techniques from deep learning to extend the contributions of IMUTube. Our
results are a first step towards handling realistic issues in label collection, as we do not yet
incorporate any automated video labeling or search mechanisms. All experiments follow

the same hold-out evaluation protocol detailed in Section 3.3.1.
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3.3.3.1 Supervised Transfer Learning

With supervised transfer learning, we pre-train a model using labeled virtual IMU data
and fine-tune it using labeled real IMU data. Importantly, the labels for pre-training and

fine-tuning need not match.

We first explore the setup where virtual and real IMU data share the same set of activity
labels — Imagine we have already curated video and virtual IMU data for some targeted
activities, and also collected a small amount of real IMU data; instead of waiting until
sufficient amounts of real IMU data is collected, we can first train a model on the virtual
IMU data and fine-tune on the small-scale real IMU data. By studying this scenario, we can
also gauge if pre-training with virtual data might provide any benefits to activity recognition

performance.

Next, we consider a scenario where the virtual IMU data only contains a subset of the real
IMU data activity classes. To examine this, we pre-train a model on the virtual PAMAP

locomotion (8-classes) task and fine-tune it on the complex activities (11-classes) tasks.
Method

We compare the recognition performance of ConvLSTM models i) trained only with real
data and ii) pre-trained on virtual and fine-tuned on real IMU data. The former is the
same as the R2R case in Section 3.3.1. For ii), we randomly split the virtual IMU data
into train/validation/test (80%/10%/10%) and pre-train the network using the virtual IMU
training data. During fine-tuning, all model weights are updated and we report the perfor-
mance on the real IMU test dataset; In the case where real and virtual IMU activity labels
do not match, we replace the last layer of the pre-trained model with the target number of
classes (thereby going from 8 to 11 activity classes for PAMAP2) and update all the net-
work weights. We present results on all 4 datasets and follow the training and evaluation

protocols described in Section 3.3.1.
Results

Table 3.6 shows the differences in F1-scores achieved by ConvLSTM models with (Su-
pervised TL) and without pre-training (Supervised R2R) when evaluated on a random test
subject. With pre-training, statistically significant performance gains are observed on Real-
world and Opportunity, at 14% and 3% respectively. We further present the effects of using
different amounts of real IMU data for fine-tuning the selected base model in Figure 3.7.
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Dataset R2R Mix2R TL

Realworld  73.140.7 77.9£0.7 (+4.8) 83.4+ 0.6 (+10.3) Dataset R2R* L
Opportunity ~ 88.7+0.7 83.4+£0.8(-0.3) 91.0+0.7(+2.3) Realworld 79.2+0.7 77.2+0.7(-2.0)
PAMAP2 (8-cls.) 70.0+1.6 70.2+1.6(+0.2) 71.4+ 1.6 (+1.4) Opportunity ~ 89.0+ 0.7 84.8+ 0.8 (-4.2)
PAMAP2 (11-cls)) 69.8+1.3 71.0+1.3(+1.2) 70.2+ 1.3 (+0.4) PAMAP2 (8-cls.) 64.7+1.7 68.1+ 1.6 (+3.4)
PAMAP2 ] ) 07413 (+0.9) PAMAP2 (11-cls.)) 70.0£1.3 70.0 = 1.3 (+0.0)
(8 — 1lcls.)
Table 3.7: F1 scores of models learnt
Table 3.6: F1 scores of transfer learning with su- through unsupervised pre-training on vir-
pervised pre-training, when evaluated on different tual IMU data, followed by fine-tuning
HAR tasks. R2R is the baseline trained on real data on real IMU data. Note that the R2R*
from scratch. Transfer learning (TL) results show setup here also involves unsupervised pre-
the performance of the models fine-tuned on real training, but on real IMU data.
data.

We see the most obvious difference in learning trajectories on the Realworld dataset, where
only a small amount of real data is needed to fine-tune the base model such that it surpasses

R2R performance.

In the last row of Table 3.6, we also show results for transfer learning in the case where
virtual and real IMU data labels do not match (PAMAP?2 8-class for pre-training, PAMAP2
11-class for fine-tuning). In this case, the model with pre-training achieves an F1-score
of 0.71 on PAMAP2 (11-class), which is statistically comparable to the result in the R2R

setting.

3.3.3.2 Unsupervised Transfer Learning

Unsupervised transfer learning considers the scenario where we extract the virtual IMU
data from a large body of videos without labels. Curating a collection of unlabeled videos
is easier relative to obtaining labeled videos, particularly in scenarios where the video de-
scriptions/labels may be unreliable. Without a set of specific target activities in mind, any
videos with humans can be utilized. Validating the feasibility of this approach represents a
first step towards curating a large collection of virtual IMU data, consisting of very diverse

movements and activities from which a model can learn generic representations.
Method

Our unsupervised transfer learning setup consists of two stages. The first stage pre-trains

a convolutional autoencoder (CAE) to learn feature representations. The second stage ex-
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Figure 3.7: Transfer learning vs. amount of real data used for training.

tracts from real IMU data the learned representations, which are then used to train a random
forest classifier. We compare the recognition performance achieved by the entire CAE-RF
setup when: i) virtual IMU data is used for training the CAE (Unsupervised TL); and ii)
when real IMU data is used for training the CAE (Unsupervised R2R).

We define the CAE architecture based on the model presented by Haresamudram et al.
in [201], where the encoder contains four convolutional blocks, leading to the bottleneck
layer [201]. Each block contains two 3 x 3 convolutional layers followed by 2 x 2 max-
pooling. Batch normalization is applied after each layer [204]. The output from the last
convolutional block is flattened before being connected to the bottleneck layer. The decoder
inverts the encoder by performing convolution, interpolation, and padding to match the
sizes of the corresponding encoder blocks [205]. ReLU activation [206] is used throughout,
except the output, where the hyperbolic tangent function is used instead. We follow the

evaluation protocol used in the ConvLSTM case.
Results

Table 3.7 shows the results for using virtual IMU for pre-training with varying performance
relative to models trained on real IMU data. On Realworld, Opportunity and PAMAP2
(11-class), unsupervised TL using virtual IMU data reached up to 95% — 100% of R2R
Fl1-scores. On PAMAP2 (8-class), we even see an increase of 5% over the R2R protocol.
These results demonstrate the feasibility in utilizing virtual IMU data even in scenarios

where video labels are completely absent.
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3.4 Discussion

In this section, we discuss the limitations of our approach and highlight potential avenues

for future work.

Our qualitative inspection of the IMUTube output and the per-class V2R results suggests
that certain video characteristics may contribute to poorer recognition performance on vir-

tual IMU data: large ego-motions, multiple moving objects and people, and occlusion.

Large ego-motions can be found in the Realworld “running” videos in which the video-
taker was also running, leading to significant vertical shaking motion from the camera
itself. It is possible that such vertical motions end up producing features that are very
similar to those from a “jumping” motion, which may explain a higher class confusion
observed between “running” and “jumping” on the Realworld and PAMAP2 (8-class) tasks.
An additional factor might have come from the presence of multiple moving objects and
people in the background (e.g. pedestrians) in the “running” videos. We also found that
V2R models struggle more in classifying activities with similar poses which have more
subtle differences in limb movements, e.g. “standing” vs. “vacuum cleaning”, “sitting” vs.
“ironing”, as in PAMAP2 (11-class). In many “vacuum cleaning” and “ironing” videos,
the subject’s arm movements are occluded by objects in the scene, e.g. clothes or home

furniture.

On the other hand, videos with fewer or without such motion artifacts tend to produce
virtual IMU data that are well-classified under V2R. Moreover, videos featuring activities
with distinctive poses and motions, e.g. cycling, are well-classified under the V2R setting.
There are also many existing techniques that will allow us to further tackle motion blur
([207,208]) and occlusion ( [209,210]). It is also possible that the future curation of video
data can automatically rank videos by the presence of these undesirable features to arrive

at a suitable dataset for virtual IMU data extraction.

In the current version of IMUTube, have utilized a series of off-the-shelf techniques at
every step of the proposed pipeline in Section 3.2. While this supports the reproducibility
of our results, it does result in limitations that impact the overall quality of virtual IMU data
for HAR, as discussed above. In the following, we detail the known limitations of each step

of the pipeline and present steps forward to advance this line of research:

From Vision To Pose The accurate recovery of human pose from videos is a core problem
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in IMUTube. While 2D or 3D pose estimation has been widely studied by the computer vi-
sion community, these methods face limitations when videos are sourced in-the-wild, which
in turn hamper the ability of IMUTube to extract realistic virtual IMU signals. Occlusions,
motion blur between foreground and background objects, poor or varying lighting condi-
tions are common sources of errors from in-the-wild videos which affect the performance
of computer vision tools used in IMUTube [180], leading to distorted 3D motion outputs.
OpenPose, the state-of-the-art 2D estimator employed in IMUTube, is susceptible to issues
such as partial joint detection or the swapping of left and right when rare poses are en-
countered [168]. Each algorithm employed in IMUTube have different failure scenarios,
and their errors will likely accumulate and hurt the quality of the final outputs. In order
to counteract the challenges in processing in-the-wild videos, we expect improvements to
be made in 3D motion recovery by leveraging improved pose tracking techniques that are
more robust to vigorous movement, a change of scenery, the presence of multiple people,
and occlusion. Specialized video stabilization strategies or camera ego-motion techniques

may also address these issues [211-213].

Our current pipeline only takes RGB videos as input, though we may also explore other
emerging forms of data that are collected alongside videos. For instance, depth data are be-
coming increasingly common and they are found to be useful as additional supervision sig-
nals in training recent computer vision models [214]; this points to future activity datasets
that could potentially provide large amounts of RGB-D data, which IMUTube can use as
an additional input to better constrain the estimated 3D motion and resulting output. Given
its close links to problems in computer vision, we believe future extensions of IMUTube
should be continually informed by the latest developments in algorithms and hardware in

the vision community.

From Pose To Accelerometry Our current approach assumes an equivalence between
acceleration measured by a device on the wearer’s body with that measured at the nearest
body joint. This view discounts any consideration of factors such as body mass, device
movement, and skin friction. To better model the on-body location of IMU devices, utiliz-
ing techniques from body mesh modeling is a straightforward solution to increase realism
to the pipeline. We foresee that investigating the use of body mesh might also bring up
the possibilities of synthesizing credible accelerometry data from people of different body
shapes from the movement of a single human skeleton pose [215-217]. In addition, while
we have only considered the generation of virtual accelerometry data in this work, we can
adapt most parts of the pipeline to generate the full set of IMU signals, including gyroscope

and magnetometer readings.
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From Accelerometry to Virtual IMU Real IMU data, which have been the basis of
building HAR classifiers, are not free of noise. Sensor noise may come from factors such
as drift, hysteresis, and device calibration. To carry over such characteristic sensor noise
on our virtual data, domain adaptation techniques can be deployed as well as more sophis-

ticated techniques like Generative Adversarial Networks [218,219].

Learning from Virtual Data A domain shift exists when a machine learning model is
trained from virtual data and tested on real IMU data. Again, domain adaptation strategies
to the input of the machine learning model is a solution. Alternatively, it will be promising
to investigate domain-invariant features learned from virtual and real data, which could

potentially lead to performance gains in HAR.

3.5 Related Work

A core motivation for IMUTube is the labor-intensive nature of conventional methods for
collecting activity data with IMUs, which may be overcome by translating activity data
from a more readily available modality. A few previous works have also be driven by this
goal to explore alternative data collection methods that do not directly involve human par-
ticipants. Kang et al. render a 3D human model on computer graphics software and simu-
late human activities [131]. The sensor data is extracted from the simulated human motion,
and subsequently used to train the recognition models. However, the cost of manually de-
signing realistic, more complex human activities may remain a bottleneck. Therefore, such

methods typically only explore simple gestures and locomotion activities.

Alternatively, [126, 129] extract virtual IMU data from public, large-scale motion capture
(mocap) datasets [127, 128,220], which contain a variety of motions and poses for human
activity recognition. Although these datasets cover hundreds of subjects and thousands of
poses and motions, they rarely include everyday activities. The majority of such MoCap
datasets include dancing, quick locomotion transitions, and martial arts, which capture only

a narrow spectrum of daily human activities.

Concurrent to this work, Rey et al. [221] proposed to generate virtual IMU data from on-
line videos, and demonstrated the effectiveness of their generated virtual sensor data in the

recognition of fitness activities. Their proposed method assumes videos that are limited to
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those with a single person and captured from a fixed static camera viewpoint, while our
work considers videos with multiple people and in-the-wild scenes that permit camera mo-
tion. From each video, their method computes the 2D pose motion, and learns a regression
mapping to produce the target virtual sensor data using paired video and accelerometer
recordings. Their method learns the change in motion from a 2D scene to produce the ac-
celeration magnitudes, while our proposed work, IMUTube, is designed to produce the full
tri-axial inertial measurements by performing 3D motion estimation. Moreover, IMUTube
also does not require model training with a paired cross-modal dataset, which is expensive
to obtain; this is because our method breaks down the extraction of virtual IMU signals
from videos into individual steps that are solved separately using pre-trained models or

pre-defined algorithms.

3.6 Summary

In this chapter we developed a framework for generating virtual IMU data based on auto-
mated extraction from videos as a means to collect large-scale labeled datasets to support
research in inertial human activity recognition. We designed and validated our framework,
IMUTube, which integrates a collection of techniques from computer vision, signal pro-
cessing, and machine learning. Our initial findings show promising results in using virtu-
ally generated IMU data in lieu of, or in addition to, real IMU data in training competitive
inertial HAR models. Overall, this chapter supports our thesis that visual information, in
the form of visual data, can be manipulated to avail the current labor-intensive data collec-
tion and annotation process in inertial HAR. In the next chapter, we shift our focus away
from visual data and instead turn to the modelling aspects of the visual domain, and propose

ways to exploit its learned models to benefit the learning of inertial HAR models.
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Chapter 4

Transferring Knowledge from
Visual to Inertial Activity Recognition

4.1 Introduction

The need to expose inertial HAR models with large amounts of activity data motivated
the introduction of a video-to-IMU data translation pipeline in the previous chapter. The
pipeline, IMUTube, allows us to scale up training datasets for inertial HAR models by
generating virtual IMU data that depict realistic and diverse motions. With the approach,
existing large-scale labeled datasets curated for visual HAR tasks can be readily converted

into their IMU counterparts for inertial HAR.

An orthogonal approach to using video HAR datasets is to exploit their learned models —
high-performing neural networks trained to classify human activities given video data as
input. We ask, is there something generic in the classification of human activities that can
be learned on videos and then transferred to enrich IMU representations for inertial HAR?
In this chapter, we turn to the problem of cross-modal knowledge transfer, with the goal of
transferring knowledge encoded in state-of-the-art HAR models trained from visual data
to enrich inertial HAR models. We intuit that third-person visual data provides additional
knowledge about global body movement that will complement the targeted motion patterns
provided by IMU data, and as a result learn better embeddings for inertial HAR through

visual-to-inertial knowledge transfer.

While we draw inspiration from cross-modal knowledge distillation studies conducted in

areas outside of inertial HAR (background summarized in Section 2.2.2), we identify three
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main challenges which preclude a straightforward application of current techniques and
call for non-trivial adaptations to be made. First, knowledge transfer is typically conducted
between source and target modalities within the visual domain, such as RGB, depth, op-
tical flow, thermal data. An arguably more challenging situation of knowledge transfer
involving visual and IMU data, where a large information gap exists, is less explored. Sec-
ond, the majority of previous works assume paired multi-modal data. This restriction has
limited utility in the context of visual and IMU data, which are rarely available together.
Our third and final challenge involves a subtler observation — we face heterogeneous label
spaces in our source and target modality — the class labels in existing video and IMU HAR
datasets differ greatly and it is difficult to objectively construct a one-to-one mapping be-
tween them. How to leverage unpaired multi-modal data with heterogeneous label spaces

remains unclear.

To tackle the above limitations, we introduce CrossHAR- a novel framework dedicated to
transferring knowledge from visual to inertial domain for inertial HAR. CrossHAR builds
upon a generalized distillation framework which views visual data and features as side
information at training time, and learn an additional mapping which hallucinates these
visual features from IMU data. With CrossHAR, we demonstrate that further increase in
the performance of inertial HAR systems without collecting extra IMU data or paired video
data can be achieved by cross-modal knowledge transfer with the following innovations:
1. focusing on only motion-related information from visual data, 2. training labeled IMU
data with unlabeled video data, 3. using a cycle-consistent associative loss function. As a
result, CrossHAR is able to optimally leverage the knowledge from learned video-trained
HAR models to train a stronger inertial HAR model. A key consequence of CrossHAR is
that it enables the learning of enriched, visually-grounded inertial representations, leading

to performance gains in test-time inertial HAR performance.

4.2 Knowledge Transfer from Videos to Inertial HAR

4.2.1 Problem Formulation

Our goal is to learn an enriched inertial HAR model by tackling a knowledge transfer

problem from the video domain to the IMU domain, defined as follows:
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* Video We have a large dataset DV = {zV}V, of Ny video samples depicting
human activities, with dimensions x¥4®® C RV, We also have available a state-of-
the-art activity classification network, MY which was pre-trained using a large
annotated video dataset for C -class HAR task.

e IMU We have a dataset DM = {(x;,y;)}Y, of N annotated samples, where each
sample is a low-dimensional inertial data sequence x € RY. The samples belong
to one of C' activity classes. We also have a randomly-initialized generic base ar-
chitecture M, which is appropriate for the C'-class classification task specified by
DM,

The discrepancy of resources in the two domains can be seen in terms of dataset size
(Ny >> N), data dimensionality (Fy, >> F') and label space (C}, >> (), making
video a suitable source domain from which to transfer knowledge. Easy access to all of
the above resources is assumed during model training, but not at test time. As such, the
knowledge transfer task can also be viewed as a problem of learning with side information,
which in this case refers to the video data and their learned representations. At test time,
the model only sees inertial data, from which it will extract enriched representations for

activity classification.

4.2.2 Architectural Overview

We consider the case of producing a test-time inertial HAR classifier, enriched through
learning from both video and IMU data at training time. To accomplish this, we propose
CrossHAR.

Our formulation of CrossHAR is given in Figure 4.1 and it works as follows: At training
time, unpaired video and IMU data are available. The video data are processed through a
pre-trained visual feature encoder to output rich visual features. We cause the visual modal-
ity to share information with the inertial modality by instantiating a dual-branch network
that takes IMU data as input: an inertial branch is learned using the standard supervision
classification loss, and a cross-modal branch is additionally guided by a distillation loss to
mirror the visual features. At test time, only the dual-branch network is kept for making

predictions on IMU data.
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Our motivation for a dual-branch network is to supplement the conventional inertial en-
coder with cross-modal features that are grounded in the visual embedding space. Its struc-
ture is inspired by modality hallucination networks [137], which also adopt a dual-branch

approach but rely on paired multi-modal data for training.

To limit the information gap between features extracted from videos and IMU data, we
restrict our consideration of videos to their motion-related content only. We are moti-
vated to do so because IMU data alone is insufficient to account for appearance-related
video content such as lighting, background, and texture. This can be easily accomplished
by choosing an appropriate visual encoder that encodes motion-based features, instead of

appearance-based ones.

4.2.3 Training CrossHAR

We now provide a detailed description of a forward pass through CrossHAR and how it is

optimized during the training phase.

At training time, CrossHAR consists of: 1. the visual encoder f(-), which denotes the
feature encoder of the pre-trained video encoder M4, 2 the Inertial branch Ml and
3. the Cross-modal branch M Cross-modal = A glnertial 5 A fCross-modal gre randomly initialized
with the same architecture M, and their feature encoders are denoted respectively as h(-)
and ¢(-). Feature encoders refer to all layers up to the penultimate layer of each network,
and for simplicity we define the branches such that the output dimensions of f(x"4°), g(x)
and h(x) are equal. The weights of g and h are updated at training time while those of f
are kept fixed.

We adopt an unpaired training scheme as follows. Each IMU sample x and its label y are
randomly paired with an unlabelled, video sample xV%° to form training triplets of the
form (x"19° x, 7). Through the visual encoder f, the video sample is mapped to a feature
vector f(x¥4°), The IMU sample x is passed through A/™ertial and p7Crossmodal 1o produce

separate predictions, which are averaged to produce the following classification loss:

Eclassiﬁcation - £cls (y, glnertial) + Ecls(ya gCross—modal) + Ecls(y7 gMean) (41)

where grertial and gCrossmodal are the predictions from each branch and M their average.

65



Large unlabelled video dataset During training phase only

Rich visual features

f (xVideo )

Off-the-shelf pre-trained encoder

%)

—>] Visual Encoder Distillation Loss

Unpaired
data g(x)
Small labelled IMU dataset

Classification Loss
Cross-modal Branch

h(x) Classification Loss

Inertial Branch H Classification Loss

Figure 4.1: Overview of CrossHAR. An off-the-shelf, pre-trained visual encoder f(-) is present at
training time only. The Inertial branch h(-) is trained by predicting correct activity class labels for an
input IMU sample, while the Cross-modal branch g(-) is additionally guided by a distillation loss to
mirror the outputs of the visual encoder. Together, the two inertial encoders learns complementary
embeddings and are kept at inference time to provide rich representations of IMU data for activity
recognition.

To encourage video-to-IMU information sharing, the Cross-modal branch is additionally
guided by a distillation loss, Lgisiltation, i Order to minimize the latent feature discrepancy
between f(2Y19°) and g(x). We utilize Kullback-Leibler (KL) divergence, a popular mea-
sure of the similarity between two distributions to compute the distillation loss. Later in
this section, we describe a cycle-consistent variant of this loss function which accounts for

the unpaired nature of video and IMU samples.

Combining the distillation and classification loss with a weighting factor «, the total loss

function is given as:

L= aﬁdistillation + *Cclassiﬁcation (42)

Training with Association Cycle Consistencies

Using forward-backward consistency, or cycle consistency, has been a standard trick for
working with unpaired domains so that structure may be instilled in the unconstrained
problem [154]. Following this line of thinking, we extend our distillation loss function
to incorporate cycle consistency, enforced through encouraging consistent “association cy-

cles” between video and IMU features.
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Association cycles [222] provide a useful concept for relating data from a labeled domain
A and an unlabeled domain B. Essentially, the inter-sample similarity is interpreted as the
transition likelihood of a random walker, and association cycle consistency enforces that
round-trip transitions (A — B — A) should begin and end at a sample with the same class
label. This has the effect of learning embeddings that have a higher similarity if they share

the same class label, thereby resulting in better model discriminative performance.

We follow this concept to define a cycle-consistent distillation loss function as follows:
A refers to the labeled IMU samples and B the unlabeled video samples. Given a mini-
batch of randomly paired multi-modal data, we compute similarity matrix between the dot
product of their features as M = f(z"1%°) . g(x). Then we calculate the IMU-to-Video and
Video-to-IMU transition probability matrices by taking the softmax of M and M over
columns respectively to produce P™MU—Video gpnd pVideo=IMU. The matrix multiplication of
the two gives the round-trip transition probabilities as R = PMU=VideonIMU " Finally, we
calculate the distillation loss by taking the cross entropy between R and the uniform target

distribution of correct round-trips 7":

1 e
T‘ij — Occurrences of y; if Yi = ‘yj 5 (43)
0 otherwise.
Listittation = H (T, P™MU—VideoIMU) 4.4)

We intuit that, the cycle consistency constraint provides an regularization effect on model
training by encouraging embeddings which respect class distinctions among IMU samples.
This is in contrast to a simple divergence measurement which does not prevent the learned
features from being statistically similar but not class-discriminative. In our later empiri-

PIMU—)Video

cal evaluation (Section 4.4.2), visual inspections of the transition matrices and

PpVideonIMU qy00est that an added benefit of allowing visually-grounded feature representa-

tions to be extracted from IMU data.

4.2.4 Choice of base networks

We now describe the specific network architectures which we adopt throughout this work
for encoding video and IMU data in CrossHAR.
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Video Network

In Section 4.2.2, we argue that a favorable visual encoder in CrossHAR should confine its
feature space to only motion-related information so as to limit the information gap between
visual and inertial features. To this end, we implement an approach that effectively breaks
down the visual encoder network into two parts: 2D pose extraction followed by pose-based

activity recognition.

Our visual encoder thus works as follows: Given an input video, we first use the OpenPose
toolbox [109] to extract 2D joint locations for 18 body points on each video frame, keeping
up to 2 people per frame and discarding noisy frames with > 3 uncertain joint positions.
The extracted pose arrays are subsequently passed to Spatial Temporal Graph Convolu-
tional Networks (ST-GCN) [223], instantiated with pre-trained weights on the Kinetics-
400 task. This completes the visual encoding part of CrossHAR, resulting in visual feature
arrays with hviga = 256 dimensions. Both models (OpenPose and ST-GCN) are easily

accessible models that achieve state-of-the-art results in carrying out the respective task.
Inertial Network

We adopt a simple convolutional network as the base inertial HAR network architecture
(used for each of the Inertial and Cross-modal feature branch). Its architecture is similar
to the Transformation Prediction Network (TPN) employed in [224,225], which has been
shown to be effective for learning temporal structures in inertial sensor data. Our inertial
network consists of three 1D convolutional layer of 32, 64 and h feature maps with kernel
sizes of 24, 16 and 8 respectively, each has stride 1 and dropout is applied between all
layers. We set h = hyiga = 256 for ease of feature matching between f(-) and g(-). The
final layer is a single fully-connected layer with C' output units. We use the standalone TPN
as our “IMU-Only Baseline” throughout our empirical evaluation, it is trained using only
IMU data and compared against CrossHAR (trained using visual and IMU data).

4.3 Experimental Setup

In this section we describe the data and our model implementations for subsequent empiri-

cal evaluations.
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4.3.1 Datasets and Tasks

In Table 4.1, we document the statistics for all dataset considered in this study and describe
them below. We define m as the video-to-imu data ratio, which is the number of training

video samples divided by the number of training and validation IMU samples.

Video Data Many large-scale video datasets of human activities already exist in the public
domain [24,72,73,75,77,226]. Amongst these we downloaded the Kinetics dataset [24]
and a random subset of STAIR classes [77] to guide the assembly of the video dataset used
in this work. In addition, we also use videos provided in RealWorld (which also contains
concurrent IMU data). We adopt similar video pre-processing steps adopted in [223], which
included lowering the video resolutions and assuming a frame rate of 30/ z. This results
in video samples of dimensions (7, h, w, 3), where 7T, is the number of time steps and set
as 300 on Kinetics and 150 on STAIR and RealWorld, and h = 340 and w = 256 are the
re-scaled dimensions of the input video. We use all obtained samples in the training phase
of CrossHAR. In practice, since our approach only involves a forward pass of video clips
through the video encoder with fixed weights, the video features are pre-computed and only

called during model training to increase efficiency.

Realworld Dataset Our primary evaluations are performed on the Realworld dataset
(introduced in Section 2.1.1.2), which provides both IMU and video data. We consider a
HAR task in Realworld for classifying 50Hz acceleromter data collected from the forearm
position into one of 8 activity classes correctly, which consist of postures (e.g. “sitting”)

and locomotions (e.g. “climbing up”).

The utility of CrossHAR lies in its use of easily obtained video data. Following this line
of thinking, we should only use video data that are not concurrently recorded with the
IMU data for model training. In particular this means that CrossHAR models evaluated on
Realworld will not be trained using the video data from the same dataset but will only use

video data from Kinetics and STAIRS. We evaluate the impact of this decision in 4.4.3.

Our focus on Realworld is motivated by its provision of concurrently-recorded data from
both modalities, and also because a high video-to-IMU ratio is available give our available
video data (m = 25.5). These factors together give us ample room to study the impact of

varying data conditions in our empirical evaluation (Section 4.4.3).

Other IMU Datasets We provide additional results on two other HAR benchmark datasets
to validate our approach, namely HHAR and WISDM (also introduced in Section 2.1.1.2).
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Classes Video Samples IMU Samples Used IMU

#video

Dataset Users m = Mo
Used Train Train  Valid. Test  Position
) Kinetics - 400 260,232

Video

STAIRS - 27 2,851
IMU + Video RealWorld 15 8 6,086 10,310 2,578 3,518 forearm 25.5

MU WISDM 51 16 - 20,314 3,302 3,324 wrist 13.3

HHAR 9 6 - 35,539 8,885 11,959 waist 7.6

Table 4.1: Statistics of IMU and Video data used in this work. The last column displays m, the
video-to-IMU data ratios when employing CrossHAR on RealWorld, WISDM and HHAR.

For HHAR [42], inertial data are also collected from activities spanning postures and loco-
motions. The task considered in HHAR is a 6-class activity classification using accelerom-
eter data collected from different smartphone models worn around the waist (recorded in
frequencies ranging from 50Hz to 200Hz). The WISDM dataset [51] covers a wider variety
of activities, including postures, locomotions, eating (e.g. “eating pasta”) and household
activities (e.g. “brushing teeth). We consider a 16-class activity classification using 20Hz

accelerometer data collected from user’s wrist.

Train-Test Splits We split each dataset by users so that all reported results are evaluated
on users unseen during model development. Data from approximately 20% of users in each
dataset are reserved as Test Sets. The remaining users are then split randomly by sample in

4 : 1 ratios into Train and Validation Sets.

Data Pre-processing We take reference from [225] to apply minimal pre-processing steps
on the raw IMU data, which begins with z-normalization of the data using the mean and
standard deviation of the training set. We then apply sliding windows with 50% overlap
to obtain the final samples. Except WISDM, the resulting samples have dimensions of
(400, 3), where 400 is the number of time steps (ranging from 2 to 8 seconds) and 3 are the
tri-axial acceleration values. Due to the low sampling rate of WISDM (20 H 2) we halve the

window length such that each sample has dimensions of (200, 3).

4.3.2 Model Implementations

All machine learning models are implemented in PyTorch [227] and optimised using Adam
[186]. All models are trained for a maximum of 30 epochs. To obtain strong IMU-Only

baselines, we performed 200 random hyperparameter trials while varying the learning rate
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from 107% to 1073, L2 regularization from 10~® to 10~* and dropout from 1073 to 0.5.
These hyperparameters are reused for CrossHAR models, for which we additionally per-
form a grid search of a from 0.05 to 10. We report macro F1-Score as it is the most common
metric in inertial activity recognition. We average 3 random seed initializations in reporting

the F1 scores alongside their standard deviations.

4.4 Experiments

In this section, we present an in-depth empirical evaluation of CrossHAR on Realworld.
We perform experiments to understand sources of performance gains as well as the impact
of data availability on HAR performance. Finally, in Section 4.4.4 we validate the gen-
eral performance of CrossHAR by providing its HAR results across two other benchmark

datasets.

4.4.1 Activity Recognition Performance on Realworld

In Table 4.2, we show the F1 scores of our framework on Realworld, with two different
loss functions compared to models trained only with IMU data. For each loss function
choice we first compare against the IMU-only baseline (top row). A first observation is that
training inertial HAR models using both IMU and video data under the CrossHAR setup
provides tangible performance boosts. The increase in F1 scores brought by CrossHAR
(Asso.) models over baseline amounts to 17% in relative terms. The success of this setup
can be attributed to the fact the number of total training instances increased by almost
an order of magnitude across three datasets, even though the added instances came from

unpaired, unlabeled video data.

We also observe that training CrossHAR using either loss functions (with and without
enforcing cycle consistencies) is able to provide improvements over baselines. The success
seen in training CrossHAR with the KL function alone suggests that the IMU-extracted
Cross-modal features provided generic representations which are already complementary

to the IMU features, regardless of its activity class.
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Training Data Distillation Loss RealWorld

Baseline - 64.0 £ 1.2
IMU
Ensemble Baseline - 66.8 £ 0.0
) KL 73.6 £ 3.7 (+9.6)
CrossHAR IMU + Video
Asso. 74.7 £ 2.5 (+10.7)

Table 4.2: F1-Scores for CrossHAR and baseline models evaluated on three HAR benchmarks. The
absolute differences between each CrossHAR model and IMU-Only baseline (top row) are provided
in brackets.

Since our test-time model consists of two branches, we additionally compare our approach
to an ensemble baseline which also consists of two branches. We find that our CrossHAR-
trained models still offer the highest performance overall. This confirms that our model

offers more benefits than a simple ensemble.
Confusion Results

We inspect the class-specific confusions made by the baseline model compared to the
CrossHAR (Asso.) model in Figure 4.2. We observe that our approach was able to reduce
a number of great class confusions which exist in the IMU-Only setup. This is especially
noticeable in “walking” vs. “climbing up”, which the IMU-Only baseline model confuses
the most. We believe that CrossHAR encourages the encoders to learn domain-invariant
features which are less tuned to the specifics of the seen users. We also note the large
confusion between “jumping” and “standing” on the IMU-Only baseline, which may be at-
tributed to data imbalance (“jumping” is the most imbalanced class accounting for one-fifth
of the other classes on RealWorld); The reduction in its confusion on the CrossHAR model
may be related to the substantially larger training data size that our approach was able
to incorporate through use of video data, suggesting its benefits even in solving common

challenges like data imbalance.

4.4.2 Are enriched feature representations being learnt?

We have thus far seen that test-time inertial HAR performance improves by using CrossHAR,
which suggests IMU feature representations are enriched through cross-modal knowledge
transfer. We now seek to investigate how this has occurred through the lens of cross-modal

transition probabilities introduced in Section 4.2.3. Specifically, we analyze the features
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Baseline CrossHAR

Jumping 64.7 1.5 1.5 Jumping 76.5 1.5 1.519.1 1.5
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Figure 4.2: Normalized confusion matrices on Realworld when training with baseline and
CrossHAR models. We show that training with videos results in large reductions in class confu-
sions, with double-digits improvements in some cases.

extracted by the inertial feature encoder ¢(-) with and without knowledge transfer, and
compute their transition matrices with respect to the video features. Since the transition
probabilities are an indication of the similarity between video and IMU features, monitor-
ing their differences will reveal how IMU feature representations have changed with respect
to that of videos (which are fixed).

Visualizations of transition matrices on two random batches are displayed in Figure 4.3.
The transition matrices are computed between visual features, extracted through the visual
encoder with fixed weights, and IMU features extracted by the encoding function ¢(-) ini-
tialized with weights from: the IMU-Only baseline model (a and c), and the CrossHAR
(Asso.) model (b and d). Darker lines denote a higher similarity (softmaxed dot product).

Looking at the baseline transitions (a and c), we see that encoder trained only with IMU
data is already able to make some naive associations based on the produced embeddings.
However, we observe a hubness issue where, many IMU samples, despite being of different
classes, collapse into the same video samples — those most similar to themselves. This in-
dicates that, with respect to the video embeddings, the IMU features lie close to each other.
In contrast, IMU features from CrossHAR form transitions with all video samples, but the
most dominant transitions (i.e. the darkest lines) respect class distinctions. In general, only

IMU samples of the same class are observed to be associated with any video sample, which
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Figure 4.3: Visualization of cross-modal transitions, darker lines denote higher similarity (and thus
associations): (a) visualizes cross-modal transition probabilities between IMU and video samples
in a random batch, with IMU features computed by the IMU-only baseline without any knowl-
edge transfer; Its left half depicts P™MU—Video and the right PVide0=MU (b)) shows these transition
probabilities after knowledge transfer on CrossHAR, which are now grounded within the visual em-
bedding space — IMU samples with different class labels no longer congregate into the same video
sample but instead are associated with distinct video samples, suggesting that the inertial features
have become more class-discriminative after knowledge transfer. (c) and (d) illustrate a similar case
by showing the baseline and CrossHAR transitions on another random batch.
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29 (3

means they are forming consistent association cycles. For example, “sitting”, “climbing
up” and “lying” IMU samples all transition to the “playing chess” video sample in (a), but
their dominant associations are formed with distinct video samples in (b). On the whole,
these changes reflect that, after knowledge transfer, IMU features are much more integrated
within the video embedding space, and video features are akin to anchors which guide IMU

features to become more class-discriminative.

Interestingly, we find that many of the strong cross-modal transitions made by CrossHAR
also seem to make intuitive sense as we compare their activity labels, e.g. “sitting” and
“playing chess”, “climbing up” and “marching”. This suggests that the learnt associations
may carry useful information about the natural groupings or hierarchies in activities, as
some of them seem to characterize the activities’ energy expenditure or denote their com-

positions.

4.4.3 Impact of Training Data Availability

The effectiveness of CrossHAR is predicated on the availability of visual and IMU data at
training time. We now study how realistic changes in this data availability may affect the
test-time performance of CrossHAR. Throughout this subsection, we present an evaluation
on Realworld comparing the performance of CrossHAR trained using the associative loss

function against IMU-only baselines.

How does performance vary as video and IMU data pairing is changed?

The first question we investigate is if the quality of knowledge transfer changes due to the
use of concurrently-recorded video data for paired training. To understand this we compare

the following three conditions:

1. Paired training using concurrently-recorded IMU and video data The training
dataset consists of IMU and video training samples from the Realworld dataset. Since
anumber of video samples are discarded after pre-processing, the video-to-IMU data
ratio works out to be 0.6. In contrast to unpaired training (used across all other
evaluations in this chapter), video and IMU samples are paired based on their class

labels during model training.
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2. Unpaired training using IMU data and online videos The training dataset consists
of IMU training samples from Realworld and video samples downloaded from Kinet-
ics and STAIRS (referred to as “online videos”). This represents the setup aligning
the most with our vision for CrossHAR, and is the setup used in all evaluations on

Realworld throughout this chapter.

3. Unpaired training using IMU data, concurrent videos, and online videos The
training dataset consists of IMU and video training samples from Realworld, in addi-
tion to the downloaded online videos. This represents the occasion where practition-
ers, besides online videos, also have access to video data recorded during IMU data

collection.

Naturally, these three conditions result in different training dataset sizes. We thus compare
them from two angles, one where we hold the data size constant (by taking a random subset

of the larger datasets) and another where we do not. We report the results in Table 4.3.

Holding the amount of video data constant (at m = 0.6), paired training with concurrent
videos indeed performs the best, which is consistent with our expectations since this most
resembles typical cross-modal transfer setups leveraging paired data. We highlight that this
is also the most costly and unlikely setup due to its need for co-occurring IMU and video
data, and indeed this setup naturally gives us the smallest training dataset across the three

settings.

We next compare the three data settings, this time without artificially reducing the dataset
sizes of the latter two. We see that CrossHAR effectively offsets the advantage brought
by paired training after using more (unpaired) video data, which can be cheaply added
by downloading from online video repositories. We also observe a modest performance
increase when using both concurrent and online videos in the unpaired setting, which means

CrossHAR can adequately exploit both types of video.

Does using more video data lead to bigger performance gains?

The next question we investigate is if by increasing the video-to-imu ratio, m, we may see
bigger performance gains by CrossHAR. We stick to the IMU + Online Videos setup, and
train CrossHAR models using datasets of different sizes by randomly sampling a subset of
video data to reach m values of {0.6, 5, 10, 15, 20, 25.5}.
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Source of Training Data

*;‘I’}\‘,ll%’ F1 Score
IMU Concurrent Videos Online Videos

Baseline - v 64.0+1.2
Paired 0.6 v v 69.5 £ 2.0 (+5.5)
Unpaired 0.6 v v 66.4 + 2.6 (+2.4)
Unpaired 0.6 v v v 66.8 + 1.4 (+2.8)
Unpaired  25.5 v v 74.7 + 2.5 (+10.7)
Unpaired  26.1 v v v 75.7+ 1.0 (+11.7)

Table 4.3: We compare F1 results of models trained with video data from different origins, applied
on RealWorld, a dataset that provides both IMU and concurrently recorded video data. Holding
the amount of video data constant, paired training with concurrent videos indeed performs the best,
though this is also the most costly and unlikely setup due to its need for co-occurring IMU and video
data. We show CrossHAR effectively offsets such advantage brought by paired training after using
more video data, which can be cheaply added by downloading from online video repositories. We
highlight in grey the setting used across all our analyses on Realworld.
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Figure 4.4: F1 results on Realworld as the
amount of video training data increases, ex-
pressed as a multiple of the amount of IMU
training data. We observe that training with
even 0.6x video data brings decent perfor-
mance gains. We show that CrossHAR can
exploit additional video data effectively as the
level of performance gains generally increases
with the amount of video data.

Figure 4.5: FI1 results on Realworld as the
amount of IMU training data increases, as var-
ied by the number of training users. Video-
to-IMU data ratio is kept at 10. We ob-
serve that IMU data from more than 2 training
users is necessary for the effective training of
CrossHAR, after which our method consistently
outperforms baselines by a large margin.

We report the obtained F1 scores on Realworld in Figure 4.4. We see a general upward
trend when transferring increasing amounts of video data. This validates our vision for
using video data, which can be easily downloaded to increase m, as the source modality for

knowledge transfer in CrossHAR. We see a slight drop in performance going from m = 10
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to m = 15, which we believe to be an artifact of the subset of video data used for knowledge
transfer. With a larger and more diverse dataset, we see that performance gains eventually

pick up and increase again.

How much IMU data is needed for knowledge transfer to be beneficial?

Having investigated the optimal settings around video data, we now turn to the problem of
IMU data availability. We posit that the knowledge transfer would only be effective if a rich
enough IMU dataset is also available for training in order to make sense of the additional
diversity provided by the video data. Here we investigate if a minimum level of IMU data
needs to be available for CrossHAR performance gains to be seen, and if so, what is this
minimum. To test this, we use the number of training users, i.e. users from which IMU
samples are collected, as a measure of IMU training dataset diversity, and measure HAR
performance of CrossHAR and the IMU-only baseline when this number is varied. We keep

the video-to-IMU ratio constant at 7 = 10 for all CrossHAR models in this experiment.

We report the results in Figure 4.5. We see that IMU data from more than 2 training
users is needed for the effective training of CrossHAR, after which our method consistently
outperforms baselines by a large margin. In particular, F1 scores with our approach using
only 5 training users are already on par with IMU-only baselines trained with data from 10

or more training users.

4.4.4 Evaluation on HHAR and WISDM

Having conducted an extensive investigation on Realworld, we now ask if knowledge trans-
fer may also help on other HHAR benchmarks. In this subsection, we study the application
of CrossHAR on the HHAR and WISDM datasets. We compare the CrossHAR models
trained using the associative loss function against the IMU-only baseline in Table 4.4. We
find that CrossHAR outperforms baseline by 9% on HHAR and 5% on WISDM. We be-
lieve the smaller performance gains are attributed to the drop in m on these datasets, which
are approximately 8 and 13 on HHAR and WISDM respectively, which are almost half of
that from the CrossHAR setup on Realworld (m = 25.5). Another reason for the modest
gains on WISDM may also be due to the increased complexity of this dataset, which may
require an even larger amount of video data for knowledge transfer to be effective. We

also conducted some initial experiments where we vary video and IMU data sizes on both
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HHAR WISDM

IMU-Only Baseline 79.2+1.4 67.8+£1.5
CrossHAR (Asso.)  86.7 3.8 (+7.5) 71.0+£1.7(+3.2)

Table 4.4: F1-Scores for CrossHAR and baseline models evaluated on WISDM and HHAR. The
absolute differences between each CrossHAR model and IMU-Only baseline (top row) are provided
in brackets.

HHAR and WISDM and observe similar trends as on Realworld, indicating that the per-
formance gains may be increased as we add more video data. We defer the exploration of
additional video data collection on these datasets for future work. Overall our results in-
dicate that knowledge transfer from videos provides benefits beyond the Realworld dataset
and we expect that the gains from CrossHAR would only become larger if we were able to

increase the amount of video data.

4.5 Discussion

In this section, we discuss the limitations of our work and point to promising extensions of

our method as future work.

Matching the video and IMU datasets In the problem formulation of CrossHAR, we
have adopted an unpaired training approach and excluded the use of class labels from the
video samples at any point of model training. One reason for this decision is the difficulty
in producing pairings of existing visual and IMU data, even if we are only pairing them
based on class labels. Our inspection of vision datasets [24,75,77,191,193,226] reveals a
mismatch in class labels defined in visual and inertial HAR, especially when considering
static activities. In many IMU datasets, a significant portion of data come from static
activities, most commonly in form of “standing”, “sitting” and “lying” (on RealWorld,
these classes alone represent > 41% of IMU data). From vision datasets, it is difficult to
recover video clips depicting these specific static activities because class labels are typically
defined by their utility, e.g. classes such as “texting” and “waiting in line” may well be a
mixture “standing” and “sitting”. Given the in-the-wild nature of most of the obtained
video data, it is also natural that a single video clip may contain several activities, even in

high-quality curated datasets [24].
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Unpaired training of video and IMU samples The small gap between training with and
without cycle-consistency suggests that the current association loss may not have maxi-
mized the benefits of training with the additional, unpaired, video data. We note that, other
than the class labels themselves, we have not taken into account the matching of IMU and
video samples along the temporal dimensions; e.g. a 5-second long video clip may have
already contained more than one activity class found in IMU samples of 1 second long.
Explicitly pre-processing samples so that they depict activities of the same duration, and
associating features before they are temporally aggregated may be fruitful future directions.
Further, it may be effective to explore adversarial training with cycle-consistency [154],

though this will also increase the computational resources required for model training.

Associations between video and IMU samples A noteworthy observation we have in
the empirical evaluation of CrossHAR is that, during in the knowledge transfer process,
interesting associations are learned between IMU and video samples. We posit that these
associations may carry useful information for other investigations beyond our current goal
of improving a test-time inertial HAR network. Visualizations of the learned associations
point to a visually-grounded IMU embedding space, that may be of use to model explana-
tion or zero-shot learning tasks. However, observations of some implausible associations
also suggest caution in directly utilizing these learned associations at this stage. For exam-
ple, strong association cycles are formed between “standing” and “jumping into pool” in
Figure 4.3(d), though we may interpret as very different activities due to their energy in-
tensity. This may have been an artifact of the video quality, but it is possible that erroneous
associations would harm the learning of the IMU features, as we also saw that the “stand-
ing” class was one of the most easily confused activities at test-time (ref. Figure 4.2). An
option to improve these associations is to also provide the video with access to the video
activity annotations, or even to incorporate language vectors of the text labels. Extension of
our work may also examine the quality of these associations qualitatively by measuring the
distances of these text labels in the language embedding space (e.g. word2vec). While
we leave investigations in this space as future work, we believe that a systematic way to

learn good associations between video and IMU samples is a promising future direction.

Video encoder weights Given our focus on knowledge transfer in the direction of video-
to-IMU, we have fixed the pre-trained weights of the video feature encoder f(-) in CrossHAR.
A potential source of performance improvement may be to allow these weights to be fine-
tuned in the knowledge transfer process. An interesting investigation would also be to look
at how video-based HAR performance is impacted, as beneficial knowledge transfer may

occur in the opposite direction of IMU-to-video as video embeddings become grounded in
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terms of their inertial properties. Apart from this, the layer at which the knowledge transfer
takes place can also be investigated to locate the optimal point of transfer and understand

what that signifies.

4.6 Related Work

Knowledge Transfer in Inertial HAR Our work is related to transfer learning and do-
main adaptation which aims to share information from one task to another. Transfer learn-
ing between deep learning architectures has been explored previously in inertial HAR in
the context of adapting models to different body locations [61, 228], devices [229] and
users [230-232]. The motivation of these works is to minimize the performance drop when
a HAR model is evaluated in a different domain while using very limited or no annotated
data from the target domain. This is different from the focus of this chapter, which is to
learn richer representations (and by extension achieve performance gains) by transferring
knowledge from a model trained in the source domain. Moreover, while our work deals
with transferring knowledge between networks operating on very different data modalities
(vision to IMU), most prior methods are focused on transferring information within the
inertial modalities (e.g. a cross-modal setup investigated by Morales et al. was accelerom-
eter — gyroscope [232]). A notable exception is Vision2Sensor [233], which proposes a
visual-to-inertial knowledge transfer framework by providing vision-based labels to train
an inertial HAR model; However their approach assumes that the IMU training data is col-
lected in a camera-instrumented environment so that sensor data may be opportunistically
and automatically annotated by a synchronized vision modality. In contrast, our work is
predicated on an unpaired training setup and thus vastly enlarging the applicability of our
approach such that it may be immediately applied to any existing IMU datasets to improve

test-time HAR performance, even if it was not recorded alongside any video data.

Cross-modal Knowledge Distillation Our work is strongly related to cross-modal knowl-
edge distillation works which deal with transferring knowledge from one modality to an-
other. We draw inspiration from the modality hallucination architecture [137], which in-
corporates side information at training time, in the form of depth images and their learned
representations, to improve a RGB test-time object detection model. Although effective,
investigations of modality hallucination have predominantly been limited to knowledge
transfer between image pairs from RGB, depth [137, 151] or thermal data [146, 147, 150],
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owing to the availability of co-occurring datasets recorded by novel thermal and depth cam-
eras [196,234]. Unlike these works, our work adopts modality hallucination using unpaired

data to transfer knowledge from the visual to the inertial modality.

4.7 Summary

In this chapter, we have proposed CrossHAR, a novel approach for cross-modal knowledge
distillation from videos to IMU data for inertial Human Activity Recognition. Over exten-
sive experimental validations, we show that our method overcomes the challenging setup
of unpaired video and IMU data, and successfully distills effective information from the
video domain. Our results show that CrossHAR outperforms IMU-Only methods not only
in terms of overall F1 scores but also in improving the worst-case performances, which
signifies a more robust embedding space. Our investigation suggests that exploiting videos
of human activities as well as their associated models developed in the computer vision
space has great potential for improving activity recognition tasks using IMU data. Follow-
ing these encouraging results, we turn to investigate novel ways of exploiting visual HAR

models and their learned embeddings under a zero-shot learning setup in the next chapter.
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Chapter 5

Zero-Shot Learning
For Inertial Activity Recognition
Using Video Embeddings

5.1 Introduction

When developing a Human Activity Recognition (HAR) system for IMU data, a typical
first step is to define a set of activity classes to recognize. This determines what data to
collect, how to collect them, and importantly, what activities can be recognized at test
time. Once model learning is complete, the developed system generally cannot handle
challenging scenarios where instances of new activities classes are encountered, in which
case the system will output an uninformative “other” class (if included in training) or

predict a wrong label belonging to the seen classes.

In reality, the scenario of encountering unseen activities is common in practical applications
of HAR systems. The primary reason is that the number of human activities is large but
existing datasets only cover a limited number of them [20] (most IMU datasets [40,41,50]
contain fewer than 20 activity labels), which means users are bound to perform activities
which are not currently recognizable. Although it is possible to build larger IMU datasets
so that the HAR systems are trained with more diverse activities in the first place, the high
costs associated with data collection and annotation remain prohibitive. Further, since the
types of activities performed vary with each user depending on lifestyle, environment and
occupation factors, it is hard to collect sufficient IMU instances for each specific activity.

These limitations inhibit the use of HAR systems in the continuous monitoring of Activities
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of Daily Living (ADLs), which is of great interest to psychology and healthcare research
communities [54,235,236].

Zero-Shot Learning (ZSL) [156] offers a framework to solve the problem of recognizing
previously unseen activities. Its development has been especially driven by applications
related to images, videos, and natural language processing (NLP). The main principle be-
hind most zero-shot learning methods is to associate seen and unseen classes through some
auxiliary information, usually defined by a semantic space. This approach is analogous to
how humans recognize unfamiliar objects — a common example given in computer vision
is that we can recognize “zebras” without seeing one before, if we were given the infor-
mation that “zebra looks like horses with stripes”, and that we can recognize “horses” and
“stripes”. Therefore, the semantic space will need to contain rich information about both
seen and unseen classes, and be related to the feature space. By using such a semantic
space, ZSL methods can determine the class labels for instances of unseen classes, even

when no labeled instances were available.

In the field of Activity Recognition from IMU data, there have been few prior studies on
zero-shot learning [101,237-239]. Most studies in this direction adopt a hand-engineered
attribute space, one of the most widely used semantic spaces in zero-shot learning. How-
ever, while attributes can be intuitively defined for tasks like animal recognition (e.g. at-
tributes could be color or habitat), defining attributes for activities are difficult since the way
activities are performed may change considerably across individuals and time. As a result,
domain expert knowledge is required to define the attribute space, which may look entirely
different under different studies. Using a learned semantic space facilitates a principled

approach to refining the zero-shot learning problem.

Although there have been attempts to employ learned semantic spaces built from word em-
beddings of class labels or descriptions, they have been found to give varying performance
compared to manual attributes [238,239]; This is unsurprising given the semantic gap be-
tween words and IMU signals (since words lack motion-specific information), as well as

confusions when the activities have compound names [240].

In this chapter, we propose a novel strategy to construct an informative semantic space for
inertial activity recognition using videos of human activities. With this strategy, feature
representations of videos are extracted from state-of-the-art video action recognition mod-
els trained from thousands of videos and hundreds of activity classes. These rich feature

representations, which we refer to as video embeddings, are then used to construct a se-
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mantic space to relate seen and unseen classes. Not only does this video-based semantic
space circumvent the need to manually define attributes, but it also manifests the transfer

of knowledge from video-based HAR models to an inertial HAR problem.

5.2 Proposed Approach

In this section, we detail the design of our proposed video-based zero-shot learning ap-

proach.

5.2.1 Problem Formulation

Zero-shot learning tackles the problem of classifying classes that have no labeled instances
available. Conforming to the notations introduced in Section 2.2.3, we denote the set of
seen classes as S = {c;}*, and the set of unseen classes as U = {c*}\*,, where SNU = @.
During training, we are given the training dataset Dy,qin, = { (X, yi)}i]\il € X x S, where
N is the number of training instances, X € R? is the feature space, and all instances are
from the seen classes S. During testing, we are given Dy = {Xi}f\ii“ € X, and these test

instances belong to the unseen classes (/.

Since the classifier cannot learn from any labeled instances belonging to the unseen classes,
an auxiliary semantic space needs to be defined to solve the zero-shot learning problem. In
the semantic space, every (seen and unseen) class has one corresponding vector represen-
tation called a class prototype. We denote the semantic space as P = {py, ]kV;fN“, where

pr € R is the prototype for class cy.

We adopt a projection-based approach for zero-shot learning, where the main idea is to
obtain labeled instances for the unseen classes by projecting the instances from the feature

space X onto the semantic space P.
For an instance x;, the projection function 6(-) is defined as follows:
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After projection, classification is performed in the semantic space. Owing to the limited
number of labeled instances in the semantic space, we use a nearest neighbor classifier

(1INN) to output the predicted class by locating the closest prototype which belongs to /.

We summarize the overall workflow as consisting of three stages: First, before model train-
ing can begin, we need to define a visually-based semantic space P9, consisting of pro-
totypes that act as mapping targets for inertial HAR feature instances. Then, at training
time, we learn the projection function 6(-) using Dy,4;, and P9, Finally, at testing time,
testing instances from D;.,; are projected onto PVi%° using #(-) and prediction is made
via 1NN classification. We give further details to each of these stages in the following

subsections.

5.2.2 Constructing the Video Semantic Space

We describe our strategy for constructing the video semantic space. This assumes the
availability of video data belonging to activities described in the seen S and unseen classes

U (we describe the collection of video data in Section 5.3.2.)

We extract the video embedding prototype p;, € R of an activity as the set of features of

this activity’s video extracted with a pre-trained video HAR model M:
pr = M(vi), (5.2)

where vy, is the raw video data of activity class c,. If multiple videos are collected for each

activity class, then we define the prototype as the mean of individual feature vectors:

vid
Nk

1
P = o O M(VE) (5.3)
k n=1

where N} is the number of available videos of activity class cy.

In our experiments, M is defined as video activity recognition model I3D [241]. Specif-
ically, we use an 13D model pre-trained on Kinetics-400 [24]. The Kinetics-400 dataset
is a commonly-used benchmark for video activity recognition, containing 306, 245 labeled
videos in total for 400 activity classes, and 13D is a popular architecture achieving state-of-
the-art results on the dataset. The I3D architecture employs a 3D-CNN to treat the temporal
dimension in videos as an extra spatial dimension. There are two streams in the I3D archi-

tecture, namely the RGB stream and the optical flow stream. The RGB stream inflates an

86



Videos V

| Fig i
Projected instances Z Class prototypes P
IMU features Xiyain
D Descending /
Descending /\/\/\J\/f D stairs )
stairs m D DD
Lying
Lying A A :
J\/\/\/‘_l " A Playing soccer
Playing LA \/
soccer m > oo Vacuuming
<o
o] S o Q0
Vacuuming ~ N~
N~

Figure 5.1: Overview of our projection-based method for zero-shot learning. The right side illus-
trates the construction of a video semantic space, which is done by passing video data through a
pre-trained 13D model to compute class prototypes. The left side shows the projection of IMU
features into the video semantic space, done using a 4-layer MLP.

Inception-v1 [242] architecture by endowing 2D filters with a third dimension and copying
weights pre-trained on ImageNet [138] across this third dimension as initialization. The
extra optical flow stream shares the same architecture, but in our pipeline, in the interest of

efficiency, only the RGB stream is kept.

The construction of the video embedding space is represented on the right side of Fig-
ure 5.1. Videos of each activity class are passed into the RGB branch of the aforementioned
I3D model, and a forward pass is conducted to extract features from the penultimate or last
layer, which we refer to as I3d-features or I3D-logits respectively. Embedding vectors from
I3D-feature has dimension F' = 1024, and they can be seen as the output of the I3D feature
extractor, encoding high-level features which are most useful for differentiating activities
from video data. Vectors from I3d-logits are the outputs of the last layer before the final
activation layer, thus giving the probability distribution over activities in the Kinetics 400

dataset, with dimension F' = 400.

5.2.3 Projecting IMU Features into Video Semantic Spaces

In order to relate the IMU feature space and video semantic space, we project the IMU

feature vectors into the extracted video embedding space. This projection operation is
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illustrated on the left side of Figure 5.1. Given our focus on comparing different semantic

spaces, we set up our projection function by following closely that described in [238].

The input to the pipeline is the IMU features x; extracted from raw IMU data using the
sliding window method. We define the projection function 6(-) as a 4-layer Multilayer
Perceptron (MLP) that is similar to that used in [238] and apply batch normalization [243]
between all layers of the model. Each of the first 3 layers in the MLP () is a typical fully

connected layer with ReLU activation defined as
h; = relu(Wih;_1 + by), (5.4)

where [ is the layer number, W, is the weight matrix and b; is the bias. The MLP has
two skip connections connecting from the first and second layer to the third layer, so the

definition of the fourth (output) layer is
h4 = relu(W4[h1, hg, hg] + b4> (55)

The reason behind these skip connections is that the output of previous layers may also help
the classification [238]. Finally, the output of the whole MLP h(-) is the projected instance

After projection, classification is performed with a INN classifier, which uses the cosine

similarity as the distance metric between the projected instance z; and any class prototype

Pk:

SIM(z;,py) = 7", (5.7)
1Pkl
The Softmax probability of x; belonging to a class ¢, can thus be written as:
exp (STM (i, pr))
pyi=c|zi) = ; (5.8)
> _qer €XP (SIM (2i, py))
where 7 is S during training and U/ during testing.
This gives the final prediction as
i = argmax p (y; = ¢, | zi), (5.9)

cL€T
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5.2.4 Learning the Projection Function

To train the projection mapping, we adopt the Cross Loss function introduced in [238]:

N
o= 1YYy log (p(yi = cr | z4)) (5.10)

i=1 keS

N
L= |lz—p“
i=1

where pYi is the prototype of ground truth class y; and y¥ is the k" entry of the one-hot

representation of y;. The terms in the loss function are explained as follows:

« The first term >  ||z; — p¥

learned projection function maps the IMU features to a vector more similar to the

, denotes the projection error. This ensures that the

video prototype vector.

* The second term — S, > wes UF - log (p (y; = cx | z;)) denotes the cross-entropy
loss on the prediction of the seen activity classes from the IMU vector.

* 1 1s a trade-off parameter between the projection and prediction losses.

5.2.5 Combining Semantic Spaces

In addition to the standard case of employing one semantic space, we may also employ
multiple spaces for inference at test time, for instance by combining word and video spaces.
In the following, we describe a method to combine two semantic spaces based on distance

vector combinations.

First, we train two ZSL models using the two spaces separately. During inference, the test
instance is passed through both models so that we would get two projections z* and z”.
Before nearest neighbor classification, in the respective semantic spaces of z4 and z”, we
calculate their distances measurements to all label prototypes and get two distance vectors
A4 and AB. Then the combined distance vector for the space (A+B) is defined as:

AP = (1 — o)A 4+ aAP, (5.11)
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where « is a parameter for adjusting which of the semantic spaces carries more weight in
influencing the prediction. The combined distance vector A®™" is then used to identify the

closest prototype and make a prediction.

5.3 Experimental Setup

This section describes the data collection conducted and gives implementation details about

our empirical experiments.

5.3.1 IMU Data

Three publicly available datasets are used in our experiments, namely PAMAP?2 [41] dataset,
DaLiAc [43] and UTD-MHAD [58] datasets, which have been introduced in Section 2.1.1.2.
In each dataset, we use data from tri-axial accelerometers and gyroscopes. We detail the

pre-processing done for each dataset as follows

* PAMAP2 Before feature extraction, we remove 10 seconds from the start and end
of each activity recording to reduce the amount of noise. Following [41], we segment
the raw data into sliding windows with a window size of 5.12 seconds and an overlap
of 1 second. Within each window, we calculate the mean and standard deviation and
then save them as features. In total, we extract 24222 instances, with each instance

containing 36 dimensions.

* DaLiAc We merge two classes, “bicycling on ergometer (50 W)” and “bicycling
on ergometer (100 W)”, into one class in order to ease the finding of corresponding
videos for each activity class in later experiments. We again use the sliding window
method with 5.12 seconds as window size with 1 second of overlap to extract mean
and standard deviation features. This results in 21889 instances, with each instance

containing 48 dimensions.

« UTD-MHAD UTD-MHAD provides time-synchronized RGB video and inertial
data. Since each recording in UTD-MHAD is very short (< 5 seconds), we do

not use the sliding window approach, but instead treat the whole recording as one
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single window with one class label. This results in 861 instances, with each instance

containing 12 dimensions.

Train-Test Split Following [101], we adopt a k-fold evaluation approach to split the activ-
ity classes in each dataset into train (seen) and test (unseen) portions over & disjoint folds.
On PAMAP?2, we adopt the same train-test split defined in [101] (k = 5), which leaves 3 to
4 unseen classes representing different activity types per fold. For DalLiAc, we randomly
select 3 unseen classes in each of k£ = 4 folds. For UTD-MHAD, we randomly select 5 to
6 unseen classes in £ = 5 folds. To ensure that the resulting train-test splits are balanced
in the types of activities, in both cases we first manually identify the types of activities that
a class belongs to, then randomly select classes from each type of activity to populate the

test set of each fold. More details on train-test splits can be found in Appendix A.2.

5.3.2 Video Data

To construct the video embedding space, we must have at least one video clip which is
used to extract the prototype vector for each (seen and unseen) activity class. In total, we
collected 10 videos per class for the 18 activity classes in PAMAP2, and 13 activity classes
in DalLiAc. For activity classes that appear in both datasets (e.g. “walking”), videos are
reused for both datasets. Figure 5.2 demonstrates example frames of the collected videos

for 6 random activities.

The data collection of videos for PAMAP2 and DalLiAc activities are guided by the activ-
ity class labels in these datasets. Where possible, we source annotated videos from public
visual HAR datasets, namely HMDBS51 [72], UCF101 [73] Kinetics [24, 25] and Real-
World [50]; This is done by manually browsing videos annotated with semantically similar
activities, e.g. we refer to videos annotated as “using computer” in Kinetics when sourc-
ing videos for “computer work”. If not enough relevant videos cannot be found, we use
keyword-driven search to download online videos from YouTube. As a result, the collected
videos are a mixture of amateurly or professionally recorded, with varying visual quality,
camera stability, backgrounds, identity and number of human subjects. There may also be
a small number of frames in each clip where the said activity cannot be identified due to
occlusion, lighting conditions, or blurriness. We cap the video duration at 2 minutes with
a minimum of 5 seconds. To extract video embeddings from the 13D model, we randomly
select 512 consecutive frames from each clip, which represents 17 seconds assuming an

average frame rate of 50/ z; shorter videos are repeated to the 512 frames before input.
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For UTD-MHAD, we directly use the videos provided by the dataset to extract the embed-
dings. There are 32 video clips available for each class label, as 8 subjects performed each
activity 4 times. These videos have limited variability as the camera and the background
are always fixed, and the subjects are always located in the centre. The videos have a frame
rate of 15/ z so we use 256 consecutive frames to extract video embeddings from the 13D

model for consistency.

5.3.3 Baseline Semantic Spaces

Attribute Space We also consider attribute spaces, which act as baselines. These spaces
are built with manually defined attributes. For the PAMAP2 dataset, we adopt the attributes
from the work of Wang et al. [101], which is based on the movement of body (e.g. “arms
straight (or not)”) and related objects & environment (e.g. “indoor (or not)”). We then
manually define the attribute space for the DalLiAc dataset and the UTD-MHAD dataset
using a similar set of attributes. We arrive at attribute spaces of PAMAP2, DalLiAc and
UTD-MHAD with 42, 45 and 29 dimensions respectively. These are documented Ap-
pendix A.3.

Word Embeddings We consider two word representation models, Word2Vec [244] and
GloVe [245] to extract word embeddings. Both models leverage the co-occurrence of
words in a large text dataset to measure their similarity, thereby creating a word seman-
tic space where words with similar meanings are closer, and vice versa. Although both
Word2Vec and Glove embeddings are popular in zero-shot learning problems in other do-
mains, Word2Vec embeddings were only recently introduced in the field of inertial activity
recognition [238,239], so our experimentation with Glove embeddings represent a novel

application altogether.

To extract the word embeddings from class labels, we use the Word2Vec model trained
on the Google News dataset, as well as the GloVe model trained on the Wikipedia 2014
and the Gigaword 5. Both models produce 300-dimensional word vectors. For class labels
with multiple words such as “car driving”, we compute the average of the feature vector
of every word. For the PAMAP2 and the DalLiAc dataset, we use class labels provided by
the authors. We make slight alterations to the labels of the UTD-MHAD dataset to make

them more consistent and descriptive (e.g. “catch” to “hand catch”).

Random Embedding Space We additionally consider a random embedding space as
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Descending stairs

Lying Playing soccer Vacuum cleaning

Figure 5.2: Example frames from the collected videos belonging to activity classes in the PAMAP2
or DaLiAc datasets.

a sanity check for the effectiveness of the semantic spaces and the ZSL method. Here,
each class prototype is a randomly generated 400-dimensional vector. Intuitively, a method

using this random embedding space should have the accuracy of a random guess.

5.3.4 Model Implementations

Owing to our zero-shot learning task and k-fold cross-validation setup (Section 5.3.1), we
keep the amount of hyperparameter tuning to a minimum so as not to be influenced by
the unseen class result during model development. This is in keeping with best practices
in the ZSL domain since tuning hyperparameters based on the cross-validation test results
(which contains the unseen classes) would violate the zero-shot assumption [246,247]. We
therefore fix any required hyperparameters after reviewing the ranges of common settings
in inertial activity recognition literature [31], and after a round of initial experiments which
confirm that the relative performances of all methods are not changing. We arrive at the
following: We set ;1 = 1 following [238]. We employ the ADAM optimizer [186] with
learning rate of 1074, adopted L regularization with A = 10~ and ran training with 15
epochs with a batch size of 64. Unless otherwise specified, we follow these configurations
throughout the paper. The models and supporting functions are implemented in Python
with the PyTorch [227] framework, and model training is carried out mainly on an NVIDIA
Tesla P100 GPU or an NVIDIA GeForce RTX 2070 Max-Q GPU.
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5.4 Experiments

In this section, we describe the experiments conducted to examine the proposed zero-shot
learning pipeline, with a particular focus on the effectiveness of the video-based semantic
space. In each experiment, we discuss the underlying question, methods used, the results

along with any implications and analysis.

5.4.1 Effectiveness of the Video Semantic Space

The first question we investigate is if we are able to create a meaningful video semantic
space to facilitate zero-shot learning in inertial activity recognition. Does the Video Seman-

tic Space Work?
Method

We collect 10 videos per activity class to construct a video-based semantic space for zero-
shot learning. We evaluate our pipeline on the three benchmark datasets, namely PAMAP2,
DaLiAc, and UTD-MHAD, using the I3D-features space, the I3D-logits space as defined in
Section 5.2.2, as well as their combined space I3D-both (following Section 5.2.5). For com-
parison, we also perform controlled tests on semantic spaces of random, attribute, and word
embeddings. We use average per-class accuracy as our main evaluation metric throughout
the paper as it is the most widely used metric for existing zero-shot learning methods [101].
We also report macro F1-Score here as it is a common metric used in inertial HAR evalua-

tion.
Results

We report the performance comparison between video and other embeddings in Table 5.1.
We see that video embeddings deliver strong ZSL performance when compared to alternate
semantic spaces. Considering I3D-features and I3D-logits alone, they achieve consistently
better performance than word embeddings by a large margin (accuracy improvement ranges
from 13% to 33%). In addition, I3D-both is seen to give performance gains when compared
to even the hand-crafted attribute space. Overall, this is a positive sign that videos of human
activity, even those collected in-the-wild without much curation, encode a more informative

representation for relating seen and unseen classes.
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Interestingly, the difference in performance given by the two layers of the same video net-
work (I3D-features and I13D-logits) is substantial (average difference of 12% in accuracy),
and I3D-logits is seen to give better performance on PAMAP2 and UTD-MHAD. We be-
lieve this is related to the larger overlap in the nature of activities present in these datasets
and Kinetics, on which the I3D model was pre-trained. Since the 400 dimensions of video-
based class prototypes can be interpreted as a probability distribution over the 400 activity
classes, this information may be more useful for representing the unseen classes found in
PAMAP2 and UTD-MHAD (which, like Kinetics, contain many sports-related actions and
activities). On the other hand, the I3D-features space extracts feature representations that
are less fine-tuned to the particulars of the Kinetics label space, and may be more generally
informative. The significant performance gains observed when combining both spaces into
I3D-both seen on PAMAP2 and DalLiac (average gains of 8% in accuracy) indicate that
these representations can be complementary and effectively combined to improve perfor-

mance.
Visualizations

Figure 5.3 shows the per-activity F1 performances given by the semantic spaces of video,
word and manual attributes when evaluated on the unseen classes in each fold. The re-
sults shown highlights that the zero-shot learning setting is indeed a challenging problem
— since near-zero F1 scores are not uncommon in the considered tasks. Also, no single se-
mantic space is able to outperform another consistently without fail, this applies even to
the hand-crafted attribute space, which is seen to give completely wrong predictions for
classes like “watching TV in PAMAP2. The lack of consistent performance across activ-
ity classes suggest room for refinement in the current zero-shot learning setup, and it may

not be suitable for robust industrial application yet.

The relative performances of semantic spaces in Figure 5.3 may reveal the limitations
of each space. Word2Vec performs especially poorly in many activities which are pre-
dominantly characterized by their motions (such as “running” and “playing soccer” in
PAMAP?2 and “descending stairs” in PAMAP2 and DaliAc), which may be related to
the limited amount of motion-specific information contained in word-based spaces. Weak
Word2Vec performance on some sedentary activities (such as “watching TV’ in PAMAP2)
may be attributed to the varying definitions of the composite word vectors, which may be
too non-specific for activity identification. While the video-embedding space seems to per-
form well on most of the aforementioned activity examples, they still struggle in certain

cases (e.g. confusing “rope jumping” with “descending stairs” or “ascending stairs”)
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Semantic space PAMAP2 DaLiAc UTD-MHAD
Acc. F1 Acc. Fl1 Acc. F1

Random 285 234 356 288 186 16.3
Manual attributes  60.6  54.7 70.7 63.2 40.8 37.8

Hand-crafted

Word2Vec 425 384 596 536 326 29.1
GloVe 40.5 338 600 579 243 210

Learnt (Word)

I3D-features ~ 49.3 457 655 60.2 364 328
Learnt (Video) 13D-logits 564 49.5 68.0 58.0 428 385
I3D-both 655 612 71.6 662 434 395

Table 5.1: Comparison of zero-shot learning approaches when different semantic spaces are used.
Best results among the individual learned spaces are bolded. Best overall results are colored in blue.

where the motion characteristics alone may not lend enough specificity for their identifica-

tion in a zero-shot learning setting.

The UTD-MHAD dataset presents the hardest scenario for all three types of semantic
spaces, possibly because the activity classes here involve the most fine-grained distinctions
between motions, e.g. “swipe left” was almost completely misclassified by all three spaces.
We see word embeddings perform relatively well when class labels involve phrases that are
prescriptive, such as “pick up then throw” and “two hand push” which neither video nor
manual attributes spaces are able to recognize. We see poor Word2Vec performance in
classes where the label is a single word, e.g. “wave” and “squat”, which suggests that
common feature representations of verbs alone may not contain sufficient motion-related
information needed for an IMU zero-shot learning problem. Moreover, the contrasting
performance of word embeddings on “sit then stand” versus “stand then sit” suggests its
difficulty in separating sequential actions; in contrast, both activities can still be classified
to varying degrees by the video and attribute embedding space. In addition, we also see
that video embeddings perform better in most cases where visual knowledge is expected

(e.g. “drawing circle clockwise”).

5.4.2 Scalability of the Video Semantic Space

In the previous section, we curated 10 video clips per activity class in order to derive the
video prototype vectors in PAMAP and DaLiAc. In this section, we examine how zero-

shot classification performance varies with the amount of video data used. Is the Video
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Figure 5.3: Per-class F1 scores of all activities encountered in k-fold evaluation on each dataset.
ZSL approaches using [3D-both, the best-performing word-based space (i.e. GloVe on DaliAc and
Word2Vec on PAMAP2 and UTD-MHAD), and manual attributes are plotted here for comparison.

Semantic Space Scalable? We believe this is an important investigation that can shed light

on the trade-offs between video data curation and model performance.

If we observe that the ZSL can perform reasonably well with fewer videos, this may trans-
late to lower data curation costs as we need not curate 10 videos per activity. Additionally,
we are also interested in seeing if the model performance increases with the number of
videos added, as that would suggest that we can potentially make use of the vast amount
of video resources to improve performance in inertial HAR and open up many exciting

research opportunities.

Method
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We conduct a new set of experiments on PAMAP2, Dal.iAc, and UTD-MHAD by varying
the number of videos per class n used to compute the video embedding vector. We ran-
domly sample n videos from a total of N = 10 for PAMAP2 and DalLiAc, and N = 32
for UTD-MHAD. For each n, we repeat the sampling of videos 10 times and report the av-
eraged results reached after training for 10 epochs per run. We conduct these experiments

using the I3D-logits space.
Results

The experiment results are shown in Figure 5.4. A positive trend is observed in all three
datasets, where classification accuracy is increased as the number of videos per class n
is raised. The jump in accuracy is especially visible in the region of n < 3. Across the
three datasets, one sees that the improvement gradually lowers as n gets closer to 10. This
could indicate that 10 is already a good balance on the trade-off between accuracy and
video collection, but if more accuracy is needed, there could still be some room for further
growth. For the DalLiAc, it is even possible that the performance of the I3D features space
could surpass that of the attribute space if after n > 10. In addition, it is worth noting that
only n > 3 videos per class are enough for the video embedding spaces to outperform the

word-based approaches.

We note that it is surprising to also observe such a positive trend on the UTD-MHAD
dataset, since the 32 videos available per class (4 repeated actions by 8 subjects) have little
visual difference when judging by the human eye. There is still an upward trend even when
n is close to 32. Although we have adopted a simple averaging approach to aggregate
multiple video embedding vectors into one class prototype, these results suggest that this
simple strategy is enough to retain information from an increasing number of video data,

such that the resulting increase in accuracy is still substantial.

Overall, we believe the results from this experiment reveal a desirable property for using
video embeddings to provide auxiliary information for zero-shot learning, when compared
to the attribute or word semantic space, which do not provide a similar route for further im-
provement. To increase the amounts of data, researchers can collect more videos in a simi-
lar manner to our data collection protocols described in Section 5.3.2, which have a much
lower cost of curation than IMU data, or investigate well-established data augmentation
strategies developed in computer vision (e.g. cropping, rotating). Therefore, researchers
can make use of this property to carefully balance the trade-off in model performance and

data curation cost according to their own needs.
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Figure 5.4: Per-class accuracy of our ZSL approach with I3D-logits as its semantic space is plotted
for the three datasets, while the number of video clips per classed is increased from 1 to 10 on
PAMAP?2 and DaLiAc, and from 1 to 32 on UTD-MHAD. We observe an overall upward trend in
model accuracy as more video data are used in constructing the video-based semantic space.

5.4.3 Combining Semantic Spaces

In Section 5.4.1, we saw that the word and video semantic space each offers a different
approach to creating an informative class representation for zero-shot learning. Meanwhile,
previous works in ZSL for general applications [248-251] and video-based HAR [252,
253] have found that performance improvements may be achieved by combining different
semantic spaces; The intuition is that different semantic spaces encode complementary
relationships between the classes, and such combination may also be seen as a variant of
ensemble model learning. In this experiment, we investigate the combination of alternative
perspectives from words and videos in constructing a joint semantic space. Is it beneficial

to combine learned embedding space for zero-shot learning problems in inertial HAR?

Method

To answer this question, we construct combined word and video spaces using the trained
models presented in Section 5.4.1 and report the best performance achieved by varying o

from O to 1 in steps of 0.01 according to the formulation presented in Section 5.2.5.
Results

Table 5.2 reports the best ZSL performance achieved by the combined semantic spaces.
Best performances are seen by combinations of I3D-logits with the best-performing word-
based space on each dataset, which increases accuracy by 9% on both PAMAP2 and
DaLiAc and by 5% on UTD-MHAD. Figure 5.5 shows how the performance accuracy
changes as « is adjusted on each dataset, where a higher weighting for the video embed-
ding is seen to be optimal for PAMAP?2 and DaLiAc but not UTD-MHAD; this suggests
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Semantic space PAMAP2 DaLiAc UTD-MHAD
Acc. F1  Acc. Fl1  Acc. F1

I13D-features + Word2Vec 55.0 51.7 68.5 639 446 409
I3D-features + GloVe 52.6 489 705 686 400 364
I3D-logits + Word2Vec  61.6 559 689 644 488 459
I3D-logits + GloVe 60.1 541 74.0 70.2 448 414

Combined

Table 5.2: Comparison of zero-shot performance when different word-based and video-based se-
mantic spaces are combined. Best results are bolded.
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Figure 5.5: Classification accuracy when « is varied from O to 1 in steps of 0.01. o = 0 represents
the case of learning with video-based space only, and @ = 1 represents the case of word-based
space only.

that the combination of the semantic spaces must be carefully considered for each setting.

The observed performance gains could be explained by a smoothing effect brought by com-
bining the semantic spaces, which we illustrate using delta confusion matrices on example
folds of the PAMAP?2 dataset in Figure 5.6. Each delta confusion matrix is computed by
subtracting the normalized confusion matrix of Word2Vec from that of I3D-logits or I3D-
logits+Word2Vec and indicates their relative performances. We see the smoothing effect
leading to synergies of the two spaces in cases where [3D-logits struggle, most noticeably
in the confusion between “Nordic walking” and “running”. Here, using the video em-
bedding space alone has led to unsatisfactory results, possibly due to the visual similarity
between “Nordic walking” and “running”, whereas the word embeddings of these activ-
ities are clearly different, leading to benefits when considering both information together.
However, we note that the current simple combination approach does not always improve
performance, as the benefits of individual embedding spaces may also be smoothed out,
e.g. identifying “lying” in PAMAP2. Inspection of delta matrices across the datasets led to
similar findings. This observation, together with the varying accuracy seen in Figure 5.5,
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both point to future work in investigating different techniques to fully exploit the benefits

of combining semantic spaces.

5.5 Discussion

There are still challenges and obstacles that could constrain the practical application of
video-embedding-based ZSL. In this section, we discuss the limitations and potential ex-

tensions of our work.

Activity Classes Found in IMU Datasets In order to evaluate ZSL systems, there needs to
be a large number of activity classes so that the training and testing portions of the datasets
would contain enough seen and unseen activities respectively. Evaluation of ZSL problems
for IMU HAR is currently difficult due to the limited diversity of activity classes present
in public datasets. In addition, since our method assumes the availability of video data
corresponding to each activity class, the mismatch in activity class labels between IMU
HAR datasets and Video HAR datasets also presents another limitation. As mentioned
in Section 4.5, many IMU datasets have large amounts of data for static classes such as
“standing”, “sitting”, “lying”, which are rarely captured in long durations in video dataset;
Even when they are captured, the available video data often focus on the transitional portion
of these activities (e.g. going from sitting to standing and vice versa) instead of the static

activity itself.

Indistinguishable Videos There are a number of activities that may look visually similar
but are actually different in reality and measurable by IMU data, e.g. “lift going up” and
“lift going down”. We expect that video embedding space would fail on tasks seeking to
distinguish such activities. We therefore suggest that a good ZSL pipeline should take this
into consideration in the definition of activity classes and reflect activities that are both
visually and inertially distinguishable; one might also consider combined semantic spaces

so that the class representation does not only consider videos as its source.

Impact of Changing Video Quality We posit that our method is robust to common
changes in video quality (e.g. blurriness, occlusion, varying lightness, changing camera
angles) due to our use of pre-trained video activity recognition models which are robust to

such variations. Specifically, we have employed the state-of-the-art I3D network, which
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Figure 5.6: Delta confusion matrices between 13D/I3D+Word2Vec and the Word2Vec on Fold 4
and Fold 3 on the PAMAP2 dataset. The depicted folds are chosen because 13D-logits achieve
the best and worst accuracies on them. From left to right: Best fold (I3D-logits), best fold (I3D-
logits+Word2Vec), worst fold (I3D-logits), worst fold (I3D-logits+Word2Vec). In each matrix, bet-
ter and worse performance of video embeddings over word embeddings is indicated in green and
red respectively; Therefore, on the main diagonal, a positive number appears green, and elsewhere,
a negative number appears green.

was pre-trained Kinetics-400, a dataset consisting of at least 400 clips per activity sourced
from YouTube. Thus, the resulting semantic space is given by a model which has already
encountered videos that vary greatly in quality (e.g. the camera framing, viewpoint, how
the action was performed, clothing, body pose), importantly these include videos that have
considerable camera motion/shake, illumination variations, shadows, background clutter,
etc [24]. Together with image augmentation during training, we expect the model to be
able to extract embeddings while allowing for common variations in video quality. We
have qualitatively confirmed these assumptions by inspecting different subsets of randomly
selected videos and their performances used in Figure 5.4, where we observed no mean-
ingful correlations between video quality and ZSL results. As a systematic evaluation of
the empirical impact of video quality on ZSL performances would require a larger curated

video dataset, we leave this investigation as future work.
In the following, we highlight areas of potential extensions of this work.

Generalized Zero-Shot Learning None of the previous works in inertial HAR have
attempted a generalized zero-shot learning (GZSL) setting [254], which generalizes the
zero-shot learning task to one where both seen and unseen classes are classified at test time.
This is a realistic scenario for activity recognition tasks, since the seen classes (which we
have training IMU data for) are often the most frequently performed activities, so it is likely
that the seen activities are also targeting activities of a classifier. Since our current model
has only been trained with instances belonging to the seen classes, the resulting predictions
will bias towards seen classes if our model was naively applied for GZSL. There are some
universal GZSL algorithms such as two-stage methods [160,255] in which we first classify
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whether an instance belongs to seen classes or unseen classes, or the calibrated-stacking-
based methods [256-258], in which the seen classes are deliberately disadvantaged during
the final argmax, but these methods are not related to embedding spaces. We believe the
more interesting and promising direction is the generative-based methods [259], in which
a conditional generative model is trained to take the semantic prototype and synthesize an
instance of the corresponding class, and then many instances of unseen classes could be
generated to train a classifier. We anticipate that if the semantic prototype is from a video
semantic space, it should contain much richer domain-specific information, which could

lead to more realistic synthesized instances.

Data Augmentation on Videos As shown in Section 5.4.2, we observe that the classifica-
tion accuracy increases with the number of videos used in constructing the semantic space,
even when the videos are visually similar to each other in the case of UTD-MHAD. While
collecting or recording more videos may incur additional time, it can be flexibly done de-
pending on the research resources available. Another way to artificially generate more
video instances with minimum cost is to perform data augmentation on the base videos.
Spatially, random cropping, flipping and rotation could be easily applied to video frames.

Temporally, window slicing may also be used to break long videos into shorter pieces.

Skeleton-Based HAR Models To further reduce the domain gap between the IMU fea-
tures and the class prototypes generated from video data, we may consider models trained
using other forms of visual information. In Chapter 4, we have seen that a promising class
of models are found in skeleton-based activity recognition [260]. The intuition is that the
key points in the skeleton explicitly represents the movement of body parts, and activity
recognition models from these skeleton joints will only focus on the video’s motion-related
information, just like inertial HAR models. Many open-sourced toolboxes exist which al-
low the easy extraction of skeleton joints from RGB videos (e.g. OpenPose [109]). In
addition, if researchers are considering recording their own videos, using skeleton-based

data are better for preserving the identities of human subjects.

5.6 Related Work

Few previous works which implement zero-shot learning exist for the application of IMU-

based activity recognition. Cheng et al. [237] proposed a method that is similar to DAP
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[261], which employs separate SVMs to predict each attribute of a binary attribute seman-
tic space. Thereafter, a typical nearest neighbour classifier is used for classification. Cheng
et al. [262] later extended their work by replacing the SVMs with the conditional random
field (CRF) and the nearest neighbour classifier with the junction tree algorithm [263], but
the attribute semantic space remains the same. Wang et al. [101] proposed a nonlinear-
compatibility-based method, which is equivalent to using an MLP to project from the fea-
ture space to the attribute semantic space. Ohashi et al.’s work [264] employs a CNN to
extract features from raw IMU data and perform the projection at the same time. Their
semantic space is still an attribute space, but it contains binary, discrete and continuous at-
tributes. Moreover, they also introduced the idea of attributes’ importance so that instances
from different classes would have different emphasis on the attributes, but the importance
table is also manually defined. The use of learnt semantic spaces, as defined by word
embeddings, was not studied until recent works [238,239]. In [239], Matsuki et al. com-
pared the use of attribute vectors and two variations of word embedding vectors and found
their performances to be similar. Most recently, Wu et al. [238] proposed an MLP with
skip connections for projection, and they found in their experiments that a manually de-
fined attribute space gives superior performance to a semantic space defined by Word2Vec
[244]. While previous work predominantly utilises the manual attribute space, and even
word embedding spaces have not been fully explored, our work instead explores both word

embedding spaces and the novel video embedding space.

5.7 Summary

In this chapter, we propose a strategy to exploit videos of human activities to construct
an informative semantic space for zero-shot learning problems on inertial activity recogni-
tion. This novel video semantic space effectively facilitates the knowledge transfer from
state-of-the-art video action recognition models to unseen activity recognition using IMU
data. We evaluated our method on three public IMU datasets for zero-shot learning and
compared the results against traditional learned and hand-crafted embedding spaces. Our
results show that our video embedding space consistently outperforms a word embedding
space, and is comparable to the accuracy of the manual attribute space. With these encour-

aging results, our investigation suggests that exploiting videos of human activities as well
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as their associated models developed in the computer vision space has great potential for

improving activity recognition tasks using IMU data.
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Chapter 6

Conclusion

We review the research questions posed at the beginning of this thesis, and summarize the
contributions made to address these questions. Following this, we discuss future directions

highlighted by our work in the field of inertial Human Activity Recognition.

6.1 Summary

The primary goal of this thesis is to promote an approach for activity recognition on wear-
able inertial sensors that is not impeded by data collection costs — by exploiting the visual
domain. This thesis has studied this challenging problem from three different perspectives:
First, by identifying a new paradigm for virtual IMU data generation from videos of human
activities; Second, by facilitating the knowledge transfer from activity recognition models
trained using visual information to those operating on inertial data; Third, by designing
the use of video embeddings to enable zero-shot classification of activities that were never

previously seen during training.
We revisit our research questions and provide a summary of our major contributions below:

Question 1 Can we design a pipeline that, upon input of a video depicting human activi-
ties, generates a virtual measurement time series from inertial sensors placed on the human
body? To what extent can we replace the real sensor data with the virtually generated sen-

sor data for training activity recognition models? What learning frameworks will allow us
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to draw benefits from the virtual data for activity recognition?

In Chapter 3, we studied algorithms for converting video data to virtual IMU data, which
are then used to train HAR models that classify real IMU data at test time. With our
proposed pipeline, IMUTube, we extracted virtual IMU data from raw videos of human
activities, offering a novel route for virtually generating IMU data to be used for building
inertial HAR models. Through extended evaluation of IMUTube we show that, by exploit-
ing only a small amount of real IMU data for calibration purposes, activity recognition
models trained with its generated virtual IMU data achieve up to 98% of the performance
given by models trained only with real data. We additionally demonstrate two opportuni-
ties in which virtual data may be used alongside real data to improve HAR model learning:
First, models trained with a naive mixture of virtual and real data provide up to 11% perfor-
mance gains over those trained with real data only; Second, deep models pre-trained with
labeled virtual data provide up to 14% performance increase over models trained from ran-
dom initializations. These results demonstrate the promising potential of using IMUTube
to generate virtual IMU data that is helpful for building activity recognition models. While
we also observe that our current proof-of-concept pipeline is not yet suited to yielding
benefits for complex activity recognition, we carry out additional investigations to better
understand the capabilities and limitations of IMUTube and provide feasible extensions for

future work to overcome them.

Question 2 Can the knowledge encoded in HAR models from the vision domain be ex-
ploited to learn enriched feature representations and improve activity recognition perfor-

mance in the inertial domain?

In Chapter 4 we studied the transfer of knowledge from an existing visually-trained activity
recognition model to train a model operating on IMU data. Our examination of the cross-
modal knowledge transfer problem revealed challenges in a straightforward application of
existing techniques, with a major challenge being the lack of large-scale paired visual and
inertial data. We overcame this barrier by developing a solution that is equipped to face the
unique challenges in visual-to-inertial knowledge transfer — without requiring paired video
and IMU data. Our method is able to transfer knowledge learned from a state-of-the-art
pose-based activity recognition network to a network that can only extract that information
from the IMU counterpart; the benefits of knowledge transfer are seen empirically in terms
of performance gains, as well as signs of visual grounding in the learned representations of

inertial data.
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Question 3 How do different auxiliary embedding spaces compare in zero-shot activity
recognition performance? Can we construct a video-based embedding space to enable

zero-shot inference on on-body inertial data?

In Chapter 5, we studied the zero-shot learning problem in inertial activity recognition us-
ing three auxiliary semantic spaces: hand-crafted attributes, word embeddings, and video
embeddings. To the best of our knowledge, this is the first work that incorporates video
embeddings for ZSL applications both within and outside the field of inertial HAR. We
design the construction of a simple but informative semantic space, using videos of human
activities. With our approach, knowledge from state-of-the-art video activity recognition
models is encoded into video embeddings to relate seen and unseen activity classes. Our
experiments demonstrated that video embeddings outperform other learned (word) embed-
dings, and may be combined to give even better ZSL performance. Moreover, we learned
that our method of constructing video-based semantic spaces can offer an additional desir-
able feature of scalability, as recognition performance was seen to scale with the amount of

video data used.

6.2 Future Work

The work carried out in this thesis shed light on some of the most immediate questions
inspired by cross-modal thinking. Here we discuss some of the most promising future

directions that our work can take to extend their contributions.

Integrating modalities beyond vision and IMU While the cross-modal ideas presented
in this thesis have been limited to knowledge transfer from the visual to the inertial domain,
it is reasonable to conceive these ideas extending their applications to other modalities.
The abundance of data and machine learning models developed for language and audio
understanding suggests that these may be promising candidates as source modalities — we
have already seen the potential benefits of using both visual and word-based embeddings
for zero-shot learning in Chapter 5, and the existence of multi-modal datasets (e.g. [265])
may facilitate further investigation in this direction. On the other hand, many new sens-
ing modalities that are emerging in our ubiquitous environments (e.g. physiological sen-
sors [266]) may be seen as target modalities for cross-modal learning, since there will be
many shared challenges between exploiting inertial sensors and these upcoming sensors for
activity recognition on wearable devices. While modality-specific solutions will need to be

developed, we are confident that the cross-modal learning methods studied in this thesis will
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remain as a useful reference; indeed we have already seen a spillover of our video-based
virtual data generation idea to adjacent domains, as seen in vid2Doppler, a framework that

generates virtual Doppler radar data from videos for activity recognition [267].

Cross-modal self-supervision Concurrent to the investigations of cross-modal learning
approaches in this thesis, self-supervised learning (SSL) techniques have emerged as a
promising approach in inertial HAR [225,268-270]. Self-supervised learning aims to ex-
ploit large amounts of unlabeled IMU data to learn better models, and the general approach
is to pre-train a model using “pretext” tasks, followed by fine-tuning on a small labeled
dataset. However, pretext tasks that have been explored so far in inertial HAR have been
limited to a low-level understanding of the time series (e.g. masked reconstruction [269],
rotation [225]), and thus may not have maximized their potential for the high-level activity
understanding required in inertial HAR. We believe that pretext tasks that are more tailored
to this complex downstream task may be defined by taking a cross-modal view that relates
unlabeled activity data from both vision and IMU modalities. Indeed, cross-modal self-
supervision has been successfully applied for audio and vision through unlabeled videos
which synchronize the modalities [271]; while it is unclear whether such an approach can
translate its benefits to unpaired visual and inertial data, we believe that including a cross-
modal alignment step will be a promising strategy for self-supervision on unpaired visual
and IMU data (a recent example implementing this idea can already be found in [272]),

which can be possibly extended to other modalities and unpaired scenarios.

Multi-modal datasets Most inertial HAR datasets only provide data from the collected
inertial sensor data and the activity class annotations, without any other modalities (e.g.
video or audio recordings) which can be interpreted retrospectively by other researchers
to gather more information about the activities performed; This restricts the development
of human activity recognition systems to consider only a classification task — one that was
defined by the researchers collecting the data, and poses great challenges in investigation
of potential annotation errors and dataset artifacts [273]. We believe that an increasing
availability of multi-modal datasets describing human activities (examples can be found
in [265, 274]) will allow an extended investigations of cross-modal learning methods in-
troduced in this thesis. Moreover, we believe a promising opportunity presented by multi-
modal datasets will be to introduce new tasks that facilitate different aspects of automated
activity understanding, for example, a cross-modal retrieval task [275] where the model
should retrieve the most closely-related video clip give an IMU sample. Defining such
cross-modal tasks may be a good way for model evaluation and interpretation, since we

can now see IMU features as being related to visually-interpretable forms of data that we

109



as humans can understand. One of the most common challenge present throughout this
thesis is the lack of paired data between the visual and inertial modality, which is true in
the public and academic domain. We believe that this thesis may hold interesting impli-
cations to technology companies, where innovative ways of generating large amounts of
passively collected, yet paired, multi-modal activity data may be explored. A case in point
is smartwatch wearers who record or follow online fitness videos, a popular form of phys-
ical workout conducted via social media platforms [276]; Paired multi-modal data may
be found in the video data that captures the fitness instructor’s movements, together with
the inertial data of the smartwatch user watching the video (and potentially also from the

fitness instructor’s smartwatch).
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Appendix A

A.1 Collaboration Acknowledgments
The following lists the works within this thesis and provides details on my contributions:

[27] H. Kwon*, C. Tong*, H. Haresamudram, Y. Gao, G. D. Abowd, N. D. Lane, and
T. Plotz. IMUTube: Automatic Extraction of Virtual on-body Accelerometry from
Video for Human Activity Recognition. In Proceedings of the ACM on Interac-
tive, Mobile, Wearable and Ubiquitous Technologies IMWUT) Vol. 4 Issue 3, Ubi-
comp’21, 2020.

This work forms the basis of Chapter 3. In this work, H.Kwon and I were equally-
contributing authors who coordinated the research efforts in our respective universities
(Georgia Institute of Technology and the University of Oxford). Kwon’s extensive knowl-
edge and background in computer vision were instrumental to the design of the IMUTube
pipeline. My contributions were: motivating the use of visual information for inertial Hu-
man Activity Recognition (HAR), proposing and experimenting with different machine
learning approaches to improve the realism of virtual IMU data in the IMUTube pipeline
(together with Y.Gao), designing evaluation studies to demonstrate the feasibility of virtual
IMU data, implementing and reporting deep learning experiments (except the ones on un-
supervised transfer learning, which were done by H.Haresamudram), leading the framing
and writing of the IMWUT paper. Together with Kwon, I presented this work at Ubicomp
2020, which was nominated for Best Presentation by the judges.

[28] C. Tong and N. D. Lane. Empowering IMU-based Activity Recognition Through

Cross-Modal Knowledge Transfer from Unpaired Videos. Work in submission.
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This work forms the basis of Chapter 4. My contributions were: proposing and develop-
ing the idea of cross-modal knowledge transfer between visual and inertial HAR models,
designing the framework and training mechanism to accomplish unpaired transfer from vi-
sual to inertial modalities, implementing and reporting all experiments and their empirical

findings.

[29] C. Tong*, J. Ge*, and N. D. Lane. Zero-Shot Learning for IMU-Based Activity
Recognition Using Video Embeddings. In Proceedings of the ACM on Interac-
tive, Mobile, Wearable and Ubiquitous Technologies IMWUT) Vol. 5 Issue 4, Ubi-
comp’22, 2021.

This work forms the basis of Chapter 5. In this work, J.Ge and I are equally-contributing
authors. My contributions were: proposing the study to assess the use of semantic spaces
for zero-shot learning (ZSL) in inertial HAR, proposing the use of visual embeddings as
a ZSL semantic space, implementing and reporting experiments and results, leading the
framing and writing of the IMWUT paper; I presented this work at Ubicomp 2022. My
co-first-author, Ge, contributed to the initial implementation, data collection and experi-

mentation of the study.

A.2 Train-Test Splits for Zero-Shot Learning

This section provides the details of the train-test splits used throughout our Zero-shot

Learning work in Chapter 5.

On each of the three denoted datasets, we use k-fold evaluation with a fixed set of seen
classes for training and the rest for testing. The test classes for the evaluated PAMAP2,
DaLiAc and UTD-MHAD datasets are shown in Table A.1, Table A.2 and Table A.3 re-

spectively.

We have arrived at these train-test splits as follows: We observe that the splits adopted by
previous work [101] ensured that at least one activity of each type is present in the training
(seen) set and the test (unseen) set, according to the activity types which we have identified
in Table A.4. Inspired by this, we construct similar tables for DaLiAc (Table A.5) and
UTD-MHAD (Table A.6). We arrive at the current splits by randomly selecting classes of
different activity types into the test set.
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Fold Test Classes

| watching TV, house cleaning,
standing, ascending stairs

5 walking, rope jumping, sitting,

descending stairs

3 playing soccer, lying, vacuum
cleaning, computer work

4 cycling, running, Nordic walking

5 ironing, car driving, folding laundry

Table A.1: Train-test split of the PAMAP2
dataset from Wang et al. [101]

Fold Test Classes

sitting, vacuuming,
descending stairs

2 lying, sweeping, car driving

standing, walking, bicycling
on ergometer

washing dishes, ascending
stairs, rope jumping

Table A.2:
DaLiAc dataset.

Fold

Test Classes

1

swipe left, cross arms, draw triangle, arm curl, jogging in place, pick up then throw

swipe right, basketball shoot, bowling, tennis serve, walking in place, squat

wave, draw X, boxing, two hand push, sit then stand

clap, draw circle clockwise, baseball swing, knock on door, stand then sit

2
3
4
5

throw, draw circle counter clockwise, tennis swing, hand catch, forward lunge

Table A.3: Train-test split of the UTD-MHAD dataset.

A.3 Attribute Space for Zero-Shot Learning

This section documents the attribute-based class prototypes used for Zero-Shot Learning
(Chapter 5). The following tables list the attribute vectors that are manually defined for
the different activity classes in the PAMAP2 (Table A.7), DaLiAc (Table A.8) and UTD-

MHAD (Table A.9) datasets.
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Activity Types

Classes

Static activities

lying, sitting, standing

”Walking” activities

walking, Nordic walking,

ascending stairs, descending

stairs

Activity Types

Classes

Static activities

sitting, lying, standing

House chores

vacuum cleaning, ironing,
folding laundry, house
cleaning

House chores

washing dishes, vacuuming,
sweeping

Sports

running, cycling, playing
soccer, rope jumping

”Walking” activities

walking, ascending stairs,
descending stairs

”Sitting” activities

watching TV, computer
work, car driving

Other activities

car driving, bicycling on
ergometer, rope jumping

Table A.4: Activity types identified in the

PAMAP?2 dataset.

Table A.5: Activity types identified in the

DaLiAc dataset.

Activity Types

Classes

One-hand activities

swipe left, swipe right, wave, throw, knock on door, hand catch

Two-hand activities

clap, cross arms, arm curl, two hand push

Drawing activities

draw x, draw circle clockwise, draw circle counter clockwise, draw triangle

Sports

basketball shoot, boxing, baseball swing, tennis swing, tennis serve

Activities involving legs

bowling, pick up then throw, jogging in place, walking in place,

sit then stand, stand then sit, forward lunge, squat

Table A.6: Activity types identified in the UTD-MHAD dataset.
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Manual attributes for the DalLiAc dataset.

Table A.8
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Manual attributes for the UTD-MHAD dataset.

Table A.9
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