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ABSTRACT

Ubiquitous finger motion tracking enables a number of exciting
applications in augmented reality, sports analytics, rehabilitation-
healthcare etc. While finger motion tracking with cameras is very
mature, largely due to availability of massive training datasets,
there is a dearth of training data for developing robust machine
learning (ML) models for wearable IoT devices with Inertial Mea-
surement Unit (IMU) sensors. Towards addressing this problem,
this paper presents ZeroNet, a system that shows the feasibility of
developing ML models for IMU sensors with zero training over-
head. ZeroNet harvests training data from publicly available videos
for performing inferences on IMU. The difference in data among
video and IMU domains introduces a number of challenges due
to differences in sensor-camera coordinate systems, body sizes of
users, speed/orientation changes during gesturing, sensor position
variations etc. ZeroNet addresses these challenges by systematically
extracting motion data from videos and transforming them into
acceleration and orientation information measured by IMU sensors.
Furthermore, data-augmentation techniques are exploited that cre-
ate synthetic variations in the harvested training data to enhance
the generalizability and robustness of the ML models to user di-
versity. Evaluation with 10 users demonstrates a top-1 accuracy of
82.4% and a top-3 accuracy of 94.8% for recognition of 50 finger
gestures thus indicating promise. While we have only scratched the
surface, we outline a number of interesting possibilities for extend-
ing this work in the cross-disciplinary areas of computer vision,
machine learning, and wearable IoT for enabling novel applications
in finger motion tracking.
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1 INTRODUCTION

Finger motion tracking enables exciting IoT applications in sports
analytics [2], healthcare and rehabilitation [28, 65], sign languages
[13], augmented reality (AR), virtual reality (VR), etc. Analysis of
finger motion of aspiring players can be compared to experts to
provide automated coaching support. In the context of healthcare,
finger motion stability patterns are known to be bio-markers for
predicting motor neuron diseases [12, 22]. AR/VR gaming as well as
precise control of robotic prosthetic devices are some of the other
applications that benefit from finger gesture tracking [11, 43].

Motivated by the above applications and coupled by recent innova-
tions in machine learning (ML) and the availability of large scale
training data, there is a surge of recent research [18, 31, 42] in
computer vision that track accurate finger poses from monocular
videos. Given that they do not require depth cameras, the range of
applications enabled is far reaching. However, such vision based
techniques are affected by issues such as occlusions and the need
for good lighting conditions to capture intricate finger motions.

In contrast to vision, the main advantage of wearable IoT devices
lies in enabling ubiquitous tracking without external infrastructure
while being robust to lighting and occlusions. However, unlike
vision, there is a dearth of large scale training data to develop robust
ML models for wearable devices. Towards overcoming this gap,
this paper presents a system called ZeroNet. This system requires
zero training overhead for developing robust ML models for finger
motion analytics using smart-ring based Inertial Measurement Unit
(IMU) sensors. In particular, ZeroNet harvests training data from
public videos of finger motions and develops ML models that can
be used for inferences on smart-rings with IMU sensors.

Such a method of learning from one domain for performing infer-
ences on a different domain has been explored before. Unsupervised
domain adaptation [64, 67] can adapt distributions between source
(video) and target (IMU) domains such that the model learnt on
source domain is used for inference on target domain. However,
such techniques are hard to apply to our problem domain since
this still requires enough real training data (atleast in unlabelled
form) from IMU to achieve sufficient convergence of the domain
adaptation process. Furthermore, each user’s finger motion pattern
as well as natural variations in sensor wearing positions could lead
to different distributions in the sensor data [15, 20] thus entailing
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more training data for each setting. On the other hand, ZeroNet
performs comparable to models developed with semi-supervised
domain adaptation [27, 83] which need partial labelled real IMU
data and even outperforms models fully trained on our own real
IMU dataset (details in Sec. 6). Given lack of large training datasets
under diverse conditions for smart-rings, we believe ZeroNet’s abil-
ity to provide promising accuracy without any training cost is an
important first step to bootstrap applications. With enough appli-
cations, more data can potentially be generated via crowd-sourcing
approaches to further push the accuracy of domain adaptation.

Fig. 1 illustrates the architecture of ZeroNet with the following
sequence of actions. (i) Appropriate sources of publicly available
videos (YouTube, ViMeo, Flickr etc.) are first identified as candi-
dates for training data. (ii) Finger locations are then extracted from
these videos using computer vision techniques [19, 73]. (iii) Appro-
priate motion metrics that can be captured from IMU (acceleration,
orientation etc) are then derived from these finger locations. (iv)
The training data thus extracted from videos is further enlarged
using data augmentation techniques (introducing variants of ro-
tations, speed of gestures, temporal clipping etc) to create a large
and high quality training dataset. (v) Such synthetic datasets are
used for training ML models (vi) Finally, the trained models can
be deployed directly for inferences on wearable devices with zero
training overhead. Inspired by favorable usability reviews of smart-
rings in monitoring activity in gym, sleep etc.,[46-48] we place a
sensor on the finger for gesture inferences (details in Sec. 3).

Although in a similar spirit to recent works [38, 55, 66, 74] showing
the feasibility of harvesting training data from videos for identify-
ing upto ten classes of human activities, ZeroNet differs from the
above works in following ways: (i) Shows the feasibility of harvest-
ing training data from videos for a gesture recognition problem
involving intricate finger motions. (ii) The harvested training data
from videos is combined with data augmentation techniques to
enable better generalizability of ML models. (iii) Shows the ability
of recognition over 50 classes — a five fold higher number of classes
than prior work extracting training data from public videos.

Harvesting training data from videos for performing inferences on
IMU is challenging because: (i) The IMU and camera have differ-
ences in sensing modalities, coordinate systems etc., thus requiring
careful pre-processing to transfer knowledge between the two do-
mains. (ii) The speed/orientation of gesturing, and body sizes can
differ across users. Similarly, the sensor wearing position and orien-
tation can vary due to natural errors in sensor placement. (iii) The
distribution of training data and test data will not match since they
come from different sources. Appropriate techniques are needed to
generalize the model developed from video-based training data to
perform accurate inferences on wearable devices.

In solving the above challenges, ZeroNet exploits a number of op-
portunities. (i) The sensor and camera coordinates can be appropri-
ately aligned by measuring the orientation of the wearable device
to perform coordinate transformations. (ii) ZeroNet approximates
IMU-like sensor data from location estimates extracted from videos
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by performing systematic finite differences of locations to derive ac-
celerometer data. Similarly, the angle between finger joints and the
vertical plane is extracted from videos to approximate a dimension
of the orientation data. (iii) Towards handling body size diversity,
the location data from each video is normalized to a measurement
corresponding to a uniform body size (for example, by scaling the
data by the ratio of the shoulder length of the person in video to a
standard shoulder length). (iv) Towards enhancing the robustness
and generalizability of ML models, we augment the training data
by creating synthetic variants of the data with varying speeds and
magnitudes of acceleration. In addition, variants of data with minor
shifts in rotations is also added to provide robustness to varying
finger orientations or sensor positioning/displacement.

We implement ZeroNet on a wearable platform of a button shaped
off-the-shelf Mbient Sensor[9] worn as a ring on fingers. We extract
training data for 50 gestures of finger motion from a popular public
video source of American Sign Language (ASL) tutorial [8]. We
develop a CNN based model using this data by exploiting the above
enumerated opportunities. Testing results on 10 users achieves
a top-1 accuracy of 82.4% and a top-3 accuracy if 94.8% which
demonstrates the feasibility of our system. An implementation on
Samsung Galaxy S20 smartphones using TensorflowLite validates
the low latency and energy efficiency of the system.

A summary of our contributions in the paper include:

(i) Showing the feasibility of harvesting training data from videos for
performing inferences on IMU for finger gesture tracking.

(ii) A systematic pipeline that fuses data processing and data aug-
mentation techniques for better generalizability of ML models

(iii) Evaluation with 10 users that shows a top-1 accuracy of 82.4%
and a top-3 accuracy of 94.8% over 50 gestures.

The rest of the paper will expand upon this idea. Sec. 2 provides
a background on the nature of data in the domains of videos and
IMU, while Sec. 3 introduces the IMU platform . Sec. 4 will design a
signal processing pipeline for systematically transforming video-
based training data into IMU-based data. Sec. 5 will discuss data
augmentation techniques to handle the domain difference between
training and test data as well as for creating robust model that
is generalizable to any new user. Sec. 6 will provide results from
our experiments. Sec. 7 will survey related research and finally we
conclude with limitations and future directions in Sec. 8.

2 BACKGROUND

The success of human activity recognition in machine learning
depends on the availability of large scale annotated datasets. For ex-
ample Human 3.6m [30] has 3.6 million images of various activities
such as eating, walking, discussing, sitting, providing-directions,
talking on phone, making purchases etc. Similarly, the popular
ImageNet database consists of 14 million images. In contrast, for
wearables, Daphnet [14] gait dataset has 5 hours of walking data
from 10 subjects and PAMP2 dataset[54] has 7.5 hours of sensor
data from 9 subjects. Such datasets are very small in comparison
to vision datasets. Moreover to the best of our knowledge, such
datasets do not exist for finger motion tracking that use the recently
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Figure 1: The ow of operationsin ZeroNet 3D nger pose and locations are rst extracted from videos. The location and pose
information is transformed into acceleration and orientation that can be captured by inertial sensors. Data augmentation
techniques are then introduced to create robust synthetic training datasets. The ML models developed on such datasets are
generalizable and directly used for inferences on wearable devices (smart-ring worn on nger) without any training overhead.

emerging platform of smart-rings. Towards overcoming this gap, ngers. While RGB images do not contain depth information, the
this section brie y discusses extracting nger locations from video  CNN model exploits the known priors of shape and pose models
data for harvesting training data. We also discuss the nature of IMU of human body in addition to applying constraints of temporal

data to be approximated with video data. smoothness for extracting 3D motion information. As shown in Fig.
1, the whole body shape is extracted from which we only identify
2.1 Video Data the nger locations from the red highlighted region. The extracted

nger locations is used byeroNeto develop ML models for IMU

Large amounts of video datasets are publicly available. For example, data as elaborated in further sections.

there are several YouTube videos of sports activities, movie clips of

human activities, sign language news etc. Exploiting such datasets

for harvesting training data can signi cantly reduce the overhead 2-2 MU Sensor Data

of training data generation on wearable devices. In this paper, we Inertial Measurement Units (IMU) consists of accelerometer, gyro-

harvest training data from a popular public tutorial of sign language  scope, and magnetometer sensors widely embedded in wearable loT

gestures 8. We show the feasibility of recognition of 50 most  devices for enabling a number of applications in gesture recognition,

popular nger gestures without any training data from IMU. augmented reality, smart health etc. We provide a brief overview
of the 3D orientation of an object since it plays a critical role in

We exploit state-of-the art computer vision techniques for extract- modeling the data captured by these sensors.

ing motion data from the videos for training ML models. Fig. 1

shows an example of a frame from our video dataset. We exploit Consider aglobal frameof reference pointed towards "Up", "East",
techniques in 3 that can extract nger joint locations from simple and "North" directions (Fig. 2). Consider an object (e.g., IMU sensor)
RGB images, also shown in Fig. 1. In particular, Xiang e¥§ [ise whoselocal frameof reference is also shown in the gure. While the
an e cient representation called 3D part orientation elds (POF) two frames are perfectly aligned in Fig. 2(a), there is a misalignment
to encode 3D orientation of all body parts in a 2D image space. The between the two frames as shown in Fig. 2(b). 32 orientatiorof
POFs are learnt by a CNN trained over a large dataset thus learning an object captures this misalignment between tloealand global

to predict 3D deformable mesh model of the whole body, face, and framesof reference. Consider a vecterwhose representation in
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3 PLATFORM DESCRIPTION

We begin with a simple platform with a ring-like sensor worn on
the index nger as shown in Fig. 3. Note that all ngers are involved
in gesturing, but we place the sensor only on the index nger. While
we believe this is su cient to show the feasibility of harvesting
training data from videos, this will cause miss-classi cations among
gestures with similar motion of the index nger and di erent mo-
tion of other ngers. However, surprisingly, the accuracy with just
index- nger data is signi cant with very few miss-classi cations

Figure 2: (a) Perfectly aligned local and global frames (b) Mis- due to the speci c reason noted here (details in Sec. 6). While the
alignment between local and global frames. Orientation cap- miss-classi cation rate might increase with number of classes, we
tures the misalignment between local and global frames discuss opportunities with additional techniques and sensors in

Sec. 8. The majority of the study places the sensor on the index
nger since it is more frequently involved in gestures in our video
dataset. However, we also conduct experiments to understand the
best placement option among other ngers (Sec. 6).

Smart rings that can pair with phones wirelessly to stream informa-
tion as well a monitor activity are already available on the market
[5, 6]. For example, the Oura ringg| is popular as a sleep tracking
device and weighs between 4 and 6 grams, which is even lighter
than conventional rings, and packaged in a stylish design. It is low
intrusive with users nding it comfortable for wearing day and
night, gym, pool etc 46, thus receiving favorable online reviews
for usability [46 4§. However, most of these platforms are closed
Figure 3: Button sized IMU worn as aring and do not provide access to raw sensor data. Therefore we use a
button-shaped sensor from MbientLabd] gnugly t on the nger
like a ring as shown in Fig. 3. The sensor streams data wirelessly to
the Iocql andglobal framearg+; = /. Jand+s =[-6.6/ 61 a smartphone which runs the ML models for gesture recognition.
respectively. The 3D orientation of the object can be mathematically e ring generates 9 axis IMU data - 3 axes each for Accelerometer,

quanti ed using a3 3rotation matrix' W_high rotates the vector Magnetometer, and Gyroscope. This forms the inpuZeroNet
between the two frames of reference as indicated below.

- = - .6 /

Con TR e e 4 SYNTHETIC TRAINING DATA FROM
When an accelerometer sensor is under rest, it measures the pro- VIDEOS
jection of the gravity vector on its three axe$§. Similarly, the
magnetometer sensor measures the projection of the earth's mag-
netic eld on its three axes. Since the acceleration due to gravity
and the geomagnetic eld are globally known vectors, the local ; . . .
measurements of these values using the sensors can ideally be usedate the index nger Iocat_lon as extracted from the video _to obtal_n
for computing the rotation matriX described above to quantify the the at:_cgleratl_on of the index nger. However, such a simple dif-
orientation of an object. However, in reality, the mobility of the sen- ferentiation will not emulate the accelerometer data because of a

sor can corrupt the measurements of gravity by the accelerometer, r_1umber of di erences betv_veen IMU and V|deo.data. In this sec-
as well as the electromagnetic interference can interfere with the tion, we elaborate these dl_erences together_wnh approac_hes in
magnetometer. Therefore, the gyroscope sensor data which mea- ZerpNetto addresg these di erences. We begin by discussing the
sures the change in orientation (angular velocity) can be fused with basic pre-processing steps.

estimates of orientation from accelerometer and magnetometer to

compute accurate 3D orientation estimates of an object [82].

The 3D locations captured from the video will be transformed into
synthetic accelerometer and orientation data for training the ML
models. A natural rst step would be to simply double di erenti-

4.1 Pre-processing

An accelerometer sensor measures the superposition of the gravity A number of simple but critical pre-processing steps are needed to
and acceleration due to the linear motion of the wearable device. match the distribution of the video and IMU dataset. We enumerate
The measurement is relative to the sensddsal frameof reference. the main steps here: (i) A low pass ltering with a cuto frequency
Therefore, the orientation estimates as discussed above is useful not of 10Hz was applied on both video derived acceleration and IMU
only in converting the accelerometer measurements to thebal acceleration. (ii) The orientation data extracted from videos posses
frameof reference but also in subtracting the component of gravity a characteristic shape mainly because of the noise in the camera
from the acceleration measurements. data. Simply using these orientation estimates made the CNN model
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Figure 4. The camera's motion data in Torso Coordinate
Frame can be aligned with the sensor measure data relative
to Local Frame using orientation estimates of sensor

memorize the shape and over t. Thus, we regularized the orienta-
tion data using a smooth, low parametric function so as to prevent
the CNN model from memorizing the noise in the data.

4.2 Extraction of Acceleration

Coordinate di erences: The location data captured by cameras
is relative to the camera's frame of reference. However, the locations
can be transformed into torso coordinate frame (TCF) as shown in
Fig. 4. We chose our x-axis as the line joining the two ends of the
shoulder when the user is in atable pos&imilarly, we chose the
z-axis to be in the plane of the torso but perpendicular to x-axis.
The y-axis is perpendicular to these two axes. Since we extract
entire shape of the human body using the work i@J, we identify

the appropriate shoulder and torso joints corresponding to the TCF.
We then project the extracted locations from the camera into TCF.

On the other hand, the acceleration measured by the sensors will be
in the local frameof reference which depends on the instantaneous
orientation of the sensor as depicted in Fig. 4. TherefderoNet

rst converts the acceleration into thglobal frameof reference. The

di erence between thegglobal frameand the user's facing direction
can be roughly computed when the sensor is in vertical free-fall
position or if the user is walking a few step$p 60. We adopt this
approach in this paper for computing the di erence between TCF
andglobal frameThus, the acceleration is rst converted tlobal
frame and then to TCF by using the orientation estimates of the
sensor. After this transformation, the acceleration due to gravity is
subtracted from the result since the accelerometer measurement
includes the sum of gravity and linear acceleration. The video and
IMU data will now be comparable with each other.

Fig. 5(a) compares the z-axis accelerometer data with double dif-
ferentiated data of video locations before such coordinate transfor-
mations for a hand gesture. Evidently, the two data look dissimilar.
On the other hand, after performing appropriate transformations,
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Figure 5: (a) The acceleration data from camera and video do
not match before coordinate alignment between TCF and LF
(b) The data from the two domains match well after coordi-
nate alignment between TCF and LF

the two sources of data look similar as depicted in Fig. 5(b), which
indicates the z-axis acceleration along TCF.

Double di erences: While we considered tools like IMUSInYf
to convert location data from videos to IMU data (e.g. acceleration),
there is no support for simulating nger joints. Therefore, we per-
form nite double di erences as indicated by the equation below,
as also explored in prior work [66, 74].
cc.?cc 2%
¢

This extracts accelerometer dafg from locations?c extracted
from videos. While the IMU provides instantaneous acceleration,
the nite time double di erences is only an approximation. Choos-
ing a smaller Creduces the error in approximation due to nite
di erences. However, smaller Calso decreases the signal to noise
ratio (SNR) of the generated acceleration signal because the change
in location may be too small over a small time interval whereas
the noise in the data is independent of time. We choose a value of

Cas 0.1s which provides a tradeo that works well in practice.
An example is depicted in Fig. 5(b) where nite di erences are
performed after the preprocessing steps such as low pass ltering.

Oc=

Body size normalization and camera parameters: Di erence

in body sizes of users can create di erences in the recorded sensor
data even for the same gesture. In addition, the primary unit of esti-
mate of locations from images is in pixels. Extraction of location in
units of cms from public videos will need information or estimates
about the camera parameterdd. Towards handling body size

di erences as well as to eliminate the need for camera parameters,
we normalize all location estimates from camera to the size of a
standard human. In particular, we measure the shoulder length in
pixels and scale it with factor such that the shoulder length is 27
cm. Such scaled locations are used for deriving synthetic accelerom-
eter data. During testing, the accelerometer measurements from
a human are similarly scaled depending on how their shoulder
length compares with the standard length (27 cm). Fig. 6 shows an
example of comparison between video and IMU data before and
after normalization. Experimentally validated, the normalization
step enables better similarity in sensor data despite the di erence
in body sizes of users and not having the camera parameters.

4.3 Extraction of Finger Orientation

Fig. 7 shows the metacarpophalangeal (MCP) and proximal inter-
phalangeal (PIP) joints of the index nger. The angle made by the
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