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Figure 1. Overall flow of this system, 3D hand pose is estimated in real-time only using a camera looking at the back of the hand.

ABSTRACT

The automatic recognition of how people use their hands and
fingers in natural settings — without instrumenting the fingers
— can be useful for many mobile computing applications. To
achieve such an interface, we propose a vision-based 3D hand
pose estimation framework using a wrist-worn camera. The
main challenge is the oblique angle of the wrist-worn camera,
which makes the fingers scarcely visible. To address this, a
special network that observes deformations on the back of the
hand is required. We introduce DorsalNet, a two-stream con-
volutional neural network to regress finger joint angles from
spatio-temporal features of the dorsal hand region (the move-
ment of bones, muscle, and tendons). This work is the first
vision-based real-time 3D hand pose estimator using visual
features from the dorsal hand region. Our system achieves a
mean joint-angle error of 8.81° for user-specific models and
9.77° for a general model. Further evaluation shows that our
system outperforms previous work with an average of 20%
higher accuracy in recognizing dynamic gestures, and achieves
a 75% accuracy of detecting 11 different grasp types. We also
demonstrate 3 applications which employ our system as a con-
trol device, an input device, and a grasped object recognizer.
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INTRODUCTION

Human hands are often used as the primary controller for
digital input devices (e.g., mouse, keyboard or controllers) in
instrumented settings, but these devices are challenging to use
in mobile settings due to their limited portability, hindrance of
natural manipulation (e.g., bulky data gloves) or limited range
of sensing (e.g., VR controllers). Therefore, it is important
to innovate new technology that can allow for capture of the
human hand in mobile settings, in which the sensing devices
can be naturally worn or held (e.g., wristband, wristwatch,
lapel camera, smart glasses or smartphone). To this end, we
propose a camera-based wrist-worn 3D hand pose recognition
system with a form factor analogous to a smartwatch.

There is a long history of tracking natural hand gestures as
input to computers [29, 30, 44], from glove-based to marker-
based and then to marker-less vision tracking approaches.
Numerous hand tracking approaches have been investigated
targeting different environments — not limited to desktop inter-
action but also virtual reality (VR) and wearable computing.
However, existing methods suffer from a diverse range of prob-
lems, as we will describe in detail in the related work section.
Here we highlight the main problems as follows:

e Not portable - require external cameras in the environment.



e Limited FoV - tracking is lost when the hand is out of view.

e Bulky - need to wear devices such as a glove, extruded cam-
era or to hold large controllers that inhibit finger movement.

e Require a custom sensor, i.e., EMG, NIR, ultrasound, etc.

In contrast to these approaches, this work suggests that a
simpler and more natural installation is required. Our goal
is to estimate 3D hand pose with a tiny camera that can be
embedded on the side of a smartwatch or other wrist-worn
device, where the camera only needs to observe the back of the
hand (which we refer to as the “dorsal hand” region). However,
in this configuration, the oblique angle and placement of the
camera make key-point based computer vision techniques
(e.g., OpenPose [42]) difficult to adopt because the fingers are
not visible in the camera’s field of view.

Indeed, research has shown that using the shape or visual cues
from the dorsal hand region can be useful for understanding
hand pose. For example, by attaching strain gauges [33] or
photo-diodes [45] sensors directly on the back of the hand
area, it is possible to measure tiny changes in the movement of
the skin and tendons, and infer the hand pose. Yeo et al. [53]
also build on this idea in the context of gesture recognition.
They use an infrared (IR) camera to observe this area from
few centimeters away and does not require direct contact mea-
surement. However, all of the aforementioned works only try
to recognize a few static hand poses or finger tapping gestures,
without exploring the possibility of 3D hand pose estimation.

Inspired by prior work, we believe it is possible to estimate the
full 3D hand pose using a similar setup, specifically a minia-
ture fisheye camera on the side of a wrist-worn device. Yet,
unlike previous work whose evaluation was limited to discrete
hand pose or gestures, we address the task of full 3D hand
pose estimation, which provides continuous tracking of finger
flexion. We introduce a real-time 3D hand pose estimator
using a two-stream convolutional recurrent network. First, we
preprocesses the image from the camera into a masked hand
image and calculates a motion history image [6]. Then, the
two streams (masked hand and motion images) are passed to a
residual convolutional network for spatial feature regression,
followed by a long short-term memory (LSTM) network-based
Kalman filter (KF) which are used to obtain temporal features.
Finally, the features are mapped to a specific 3D hand repre-
sentation and converted to a 3D hand mesh for visualization.

To show the potential of our system, three applications are
implemented. The first application is a control system that
can be used to interact with smartwatches, smartphones, or
even act as a VR controller that supports bare-hand interaction.
The second application, is a hand-based input system acting
as a virtual mouse or keyboard, to control computing devices
without holding a physical controller. Finally, using the results
of a grasp recognition method, we build an object detection
system to recognize specific items (e.g., pen, cola can or tape
roll) that the user is grasping, which is helpful for discreet and
tangible interaction or rehabilitation.

Our contributions in this paper are summarized as follows:

1. We propose a novel two-stream residual LSTM-KF network
which is the first vision-based architecture to reconstruct
angle-based hand pose from images of the back of hand.

2. Evaluations on 3D hand pose estimation with representative
baseline which demonstrates the robustness of our approach
across users and lighting, and an ablation study is carried
out to validate the technical components.

3. Evaluations on gesture and grasp recognition are performed
and discussed to show the usability of the system.

4. We demonstrate 3 types of applications to show the potential
use-cases of this work.

The video, datasets as well as a trained model will be released
at: https://github.com/erwinwu211/Back-Hand-Pose.

RELATED WORK

Our work is related to hand pose estimation, which has been
studied in multiple research areas. For example, hand pose
estimation is an active research topic within the computer
vision community [11], but most of the research is based on
external tracking infrastructure in the environment. A full
coverage of these topics is beyond the scope of this paper;
hence we refer the readers to respective surveys [29, 30] for
further details. Here we narrow the focus to approaches that
employ wearable devices, which can be briefly categorized
into two groups: hand-worn and non-hand-worn approaches.

Non-hand-worn Approaches

Non-hand-worn approaches include wearing device such as
head-mounted displays (e.g., HoloLens or Oculus Quest) or
shoulder-mounted cameras [43] that can support fully articu-
lated hand pose estimation via vision-based techniques. These
approaches, however, require the hands to remain inside the
field-of-view (FoV) of the camera to be tracked. It means the
hands must be raised to a certain height for a certain period
of time, which can cause fatigue. In fact, fatigue is one of the
main issues when using this kind of input for a longer period,
which is popularly known as the gorilla arm [22] issue.

Hand-worn Approaches

By contrast, approaches based on hand-worn devices aim
to work all the time regardless of the hand being raised or
lowered. Such hand-worn devices are further categorized into
two groups: i) gloves and controller devices or ii) wristbands
and armbands with embedded sensors.

Glove And Controller Devices

Many gloves have been proposed in the past for translating
hand gestures into computer input. A comprehensive survey
can be found in [16, 44]. Such glove devices, while able
to provide high fidelity hand pose estimation and real-time
position and orientation information, suffer from the problems
of bulkiness and high cost. Not only do they take considerable
time to put on, wearing a glove can result in a reduction in
the tactile sensation/sensitivity of the fingertip, and can inhibit
finger movements due to friction. Mainstream VR controllers
(e.g., Oculus Touch, Valve Knuckle) are also able to infer
partial hand poses based on proximity and capacitive sensors
[48]. Recently, Arimatus and Mori [3] also proposed similar
techniques for hand pose estimation on handheld devices with
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proximity sensors. Similarly, holding a controller means the
hand’s natural movements are inhibited, and they are unable
to perform a full grip.

Wristbands And Armbands With Embedded Sensors

There are a wide range of sensors that can be embedded or
attached to a wristband or armband. Methods using Elec-
tromyography (EMG) [2, 37], force [14, 36], optical [18, 34,
38] and capacitive sensors [31, 40, 47] can measure the surface
changes on the wrist or arm to infer hand pose or gestures.
Methods using bio-acoustic sensing [1, 15, 28], ultrasound
imaging [35, 41] and electrical impedance tomography [56]
can measure the internal changes in the flesh to infer hand pose
and gestures. One downside is that these approaches require
very specific sensors that are less likely to be embedded in
wearable devices, compared to an RGB camera. The main lim-
itation, however, is the tracking fidelity of these approaches,
which is typically limited to several static hand poses or ges-
tures only, with the exception of Amma et al. [2], but their
work requires high density EMG array.

Back of Hand Measurement

Closer to what is proposed here are the approaches introduced
in BackHand [33], Behind the Palm [45, 27] and e-Skin Patch
[24]. These approaches require the attachment of sensors that
have direct contact with the back of the hand to measure tendon
movements and skin deformation, such as flexible sticky pads,
photo reflective diodes or stretchable e-skin patches. Again,
these methods are limited to several static hand poses only.

Hand-worn Device with Camera

The next common type of approach is by wearing a camera
(RGB, IR or depth) on the hand. For example, on the inner
wrist, WristCam [50], Digits [26] and DigiTap [39] use a cam-
era to track hand poses or finger tapping actions. WristCam
[50] only requires a standard camera, but the supported ges-
tures were limited. Digits [26] supports reconstructing the
finger poses, but requires an IR laser line projector whereas
DigiTap [39] requires a LED flash synced with an accelerome-
ter to detect vibrations occurring during finger taps. Cyclop-
sRing [9] uses a small fisheye lens worn on hand webbings,
which enables the detection of seven hand gestures. Attach-
ing a camera on the inner side of arm or hand simplifies the
tracking problem because it can partially see the fingers.

On the other side of the arm, approaches that place the cam-
era on the outer wrist, such as those can be embedded into
a smartwatch, suffer from heavy occlusion as the fingers are
not visible by the camera. To overcome the occlusion prob-
lem, Chen et al. [10] employ an elevated camera to track 10
ASL hand poses, which, however, could be bulky. Yeo et
al. [53] use a wide angle IR camera to track 11 ASL poses
and 5 finger tapping gestures, despite the occluded fingers, by
looking at the back of the hand. Recently, Hu et al. [20] use
4 thermal cameras around the wrist to reconstruct full hand
pose. Inspired by their work, our approach also focus on visual
features at the dorsal hand, but we extend it to support richer,
full hand pose estimation.

Deep Learning Approaches to Pose Estimation

Our approach is also inspired by hand and body pose estima-
tion literature from the computer vision community, especially
those employ deep learning techniques to deal with heavy
occlusion or only rely on indirect features.

For example, using single fisheye camera on the head [52]
or the chest [21], it was shown that a well-trained network is
able to reconstruct full body pose, despite the majority part of
the body is not visible within the camera’s field of view. As
mentioned before, there are numerous approaches for egocen-
tric hand tracking or gesture recognition using either head-,
shoulder- or chest-mount camera [43]. These methods rely on,
relatively, a "Third Person View" (TPV) of the hand which can
almost see the entire hand. Zhou et al. [59] introduce the state-
of-the-art real-time hand pose estimation using a TPV RGB
camera. They include feature maps for hand pose regression
using ResNet, and design a novel IK-net for training inverse
kinematics parameters, which helps to reconstruct the hand
joint angles from joint positions.

Nevertheless, different from TPV regression, our goal should
be considered as a "First Person View" egocentric hand tracker
using indirect features on the back of the hand. Yuan et al. [54,
55] introduce a network that is able to estimate full body pose
using only images from an egocentric head-mount camera that
is looking at the environment, based on the idea of imitation
learning using optical flow and bi-directional LSTM. Their
work is a nice illustration on how to extract indirect temporal
features and map them to postures.

The closest work to us, Yeo et al. [53] use a two-stream (TS)
CNN to learn the temporal deformation of the back of the hand
to classify static and dynamic hand poses. Their work uses an
IR camera to help segment the hand from the background. But
IR cameras are difficult to put into smartwatches since they
hardly work when exposed under sunlight. Moreover, their
accuracy for recognizing dynamic gestures is very limited
(~ 50%) which is impractical.

METHODOLOGY

The ultimate goal is to extract visual features on the dorsum
of a hand, such as the deformations of skin, veins, or tendons,
and to build a neural network to learn how to regress these
features into the motion of each finger. After all, our goal is
not just gesture recognition, but full hand pose estimation.

For 3D hand representation, instead of location-based 3D co-
ordinates, we use the relative joint angle-based representation
[25] for the 4 fingers except the thumb, which is independently

M2, M2

Figure 2. Our 3D hand model representations, the thumb is represented
by a single 3D vector and the other 4 fingers are using joint angle.



Camera (Cropped 120 ° FOV, 2.1 mm, 1/3")

Our Hardware Zeblaze Thor Dual

Our Camera Zeblaze’s Camera

Figure 3. Comparison with commercial smartwatch, (top) the hardware
comparison and (bottom) the cropped images from our camera and the
raw images from both Zeblaze.

estimated by end point position (as shown in Figure 2, M, P,
D stand for the MCP, DIP, PIP joints of the specific finger,
while the v and & stand for the vertical and horizontal bending
of MCP). This is because, in our initial study, we found that
the angle of each joint (except thumb) is, to some extent, re-
lated to the deformation of a specific area of the dorsal hand,
which could make the task of regressing finger joint angles
easier. For the thumb, it is more difficult to detect the relevant
deformations since they mainly take place on the side of the
arm. After a number of trials, we decided to treat the thumb
separately and to let the network learn to estimate a 3D vec-
tor of the thumb top from the edge information of the dorsal
hand, and we then recover the thumb joint angles using in-
verse kinematics [32]. The joint angle error we use is another
commonly used metric for 3D hand pose estimation which is
widely employed [49, 58].

For hardware, we use a wide angle RGB camera, that has less
environmental restrictions and is more likely to be found in
smartwatches than IR cameras (used by previous work [53]),
which suffers from stray infrared light from the sun. However,
RGB cameras, different from IR cameras, cannot benefit from
the easy segmentation of removing the background.

Therefore, we perform a hand segmentation to reduce noise
from the background. In addition, it is difficult to observe
subtle deformations on the back of the hand from a single
image frame (Figure 4). In this paper, we proposed a novel
architecture of two-stream LSTM network with Kalman filter
(DorsalNet, as shown in Figure 5). The overall idea is to
perform temporal deformation extraction from the back of
the hand for 3D hand pose estimation. The input images
taken by the camera are preprocessed to obtain masked RGB
hand images and motion history images. Following this, the
networks regress the hand joint angles from the spatial and
temporal input, and finally the 3D hand pose is reconstructed
with the help of a hand simulator and inverse kinematics (IK)
for the thumb. This procedure is done continuously at an
interactive rate of approximately 20 frames per second in our
simulation, which is acceptable for most of the applications
for wearable devices proposed.

N 5 H
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Figure 4. Image Preprocessing: this figure shows how images of 5 differ-
ent gestures are preprocessed by the auto encoder and motion history.

Hardware and Software

There are commercial off-the-shelf (COTS) smartwatches with
built-in side camera for photography purposes!. To note that,
such side camera typically has a small FoV, is slightly tilted up
and is positioned vertically for photography purpose, which
leads to only a partial view of the hand, as shown in Figure 3
(right). In this paper, to simplify the implementation as well as
to ensure enough FoV and clear imaging of hands, we employ
an USB fisheye camera for prototyping. The camera unit
(Model: ELP-USBFHDO1M-L21) has a 170-degrees FOV (of
which we cropped to 120-degrees) and a 2.1mm focal length.

Nonetheless, we expect a camera with a wider FoV can be
integrated into smartwatches, e.g., by attaching or replacing
with a fisheye lens. For example, CyclopsRing [9] enables a
185-degrees FoV using a miniature camera of 14 mm in di-
ameter and 15 mm in height with a fisheye lens, which can fit
between the gaps of the fingers. We are also seeing plenty of
smartphones with 120-degrees wide angle lens camera nowa-
days. As shown in Figure 3 (left), our camera module is tilted
8° down with a lens length of 11 mm and a measured height
of 9 mm from the skin level. The highest part of our cam-
era module is 24 mm due to the PCB height, which could be
further reduced in future manufacturing or by detaching the
camera module from the PCB, as done by Hu et al. [20]. For
comparison, Chen et al. [10] use an elevated camera with lens
height of 55 mm from the skin level, whereas Yeo et al. [53]
use the Leap Motion camera with lens height of 15 mm and
module height of 32 mm from skin level.

Other hardware includes a Leap Motion camera for collecting
ground truth hand pose, a computer with NVIDIA RTX 2080
Ti, 17-9700 CPU is used for training and evaluating the model.
For the real-time test, a laptop with GTX 1070 (Max-Q) and
17-8750h is used. For software, the images are processed by
OpenCV 4.1, and the camera exposure time is set to 1/50 s. All
training are performed using Python 3.7, TensorFlow 1.15 and
Keras 2.31. The Unity 3D editor is used to calculate inverse
kinematics for the thumb and to visualize the 3D hand mesh.

Data Preprocessing

To obtain robustness and usability, we performed several pre-
processing steps including data augmentation, hand segmen-
tation and motion image processing. Because a wrist-worn

1Zeblaze Thor SmartWatch: https://amzn.com/BO7MC3H6CW/
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device is not always tightly fixed to the arm, the camera could
have some slight rotations around the arm. Therefore, for each
input image, we augment the data by rotating the image clock-
wise with varying angles from -10° to 10° with step size 5°,
with the same ground truth. This resulted in 5 times amount
of data to enhance robustness across device locations.

Hand segmentation is undertaken by fine-tuning an encoder-
decoder network [4] to generate hand masks. In our setup, as
the camera is fixed on the arm and looks directly at the dorsum
of hand, the bottom half of the image is mostly occupied by
the hand (as shown in Figure 4). Thus, it is relatively easy to
mask the hand from background. As a first step, data for seg-
mentation was collected from 6 participants (one female, aged
between 25-30) across races of East Asian, Mediterranean,
and European. All participants are students from the computer
science department of two universities from different coun-
tries. They were told to wear our device and walk naturally
inside a laboratory for about 2 minutes which results in 9,600
images being collected. All images are then masked by color
range and contour using OpenCV. Afterwards, the brightness
and hand color of these images are changed for data augmen-
tation. For each image, in the HSV color model, the H value
is increased/decreased by a random value which generated 10
different color image including the original, and the brightness
(v) value is also changed to -20%, -10%, 10%, and 20% for
each image. As a result, we train the auto-encoder to create
the hand mask of 480,000 images (50 times the amount of
the original data). We randomly split the dataset into training
(80%) and testing (20%), and the mean precision of the test
result of generated hand mask is 98.9% in pixel scale.

As mentioned before, temporal motion images are required for
training the two-stream network, which should be generated
using pairs of adjacent frames. We explored the common
Dense Optical flow (OF) (KV-L1), Lattice OF [51], PWC-Net
[46] used in Ego-Pose [55], and motion history images (MHI)
[5] used by Opisthenar [53]. Since the deformations need to
be captured in a pixel-perfect way in real-time, it turns out
that a refined version of the MHI shown in Figure 4 is the best
solution, which provides great accuracy with fast computation
speed. Different from the Opisthenar [53], our tweaked version
use the parameter & = 0.2 which means it is observing the
weighted sum of 5 past frames. Another problem that might

occur is that the network might focus on the hand contour
movement instead of the skin deformations, which will harm
the network’s generalizability. Therefore, an erosion operation
is added to the hand masks to filter the outer-edge, and the
intensity inside the hand is increased to let the network focus
on inner motions on the back of the hand.

Network Architecture

For each training sequence of length T (in this paper, we use
T=5), the preprocessed data consists of the masked hand im-
ages I1.7, the motion history images (MHI) X.7, and the hand
pose labels yi.7. Each hand pose y; includes the joint angles
o), a?, o}, ot of the index, middle, ring and little fingers and
the 3D position e; of the thumb top. As shown in Fig. 2, the
joint angle oy of each finger has four elements (M, M, , P',D")
where M, M. correspond to the vertical and horizontal ro-
tation of the first joint and P/, D’ correspond to the rotation
angles of the second and third joint respectively. Our goal is
to learn a neural network based regressor ¥,.r = f (1.7, X1.7)
that maps the input masked images /1.7 and MHI X;.7 to a
sequence of estimated hand poses ¥1.7 = f(I1.7,X1.7)-

To this end, we propose DorsalNet, a two-stream LSTM based
network whose architecture is outlined in Figure 5. For each
timestep ¢, two ResNet18 [19] are used to extract visual fea-
tures from the masked hand image /; and the MHI X; respec-
tively. The two visual features are then concatenated together
and passed through a fully-connected layer to form a unified
visual feature ¢;. Previous research [53] already showed that
simple two stream CNN is not sufficient for extracting tempo-
ral features of the back of hand. Thus, we use an LSTM layer
to process the visual feature sequence ¢;.r into a temporal
feature sequence, which is proved to be useful in 3D pose esti-
mation [51, 55]. On the other hand, we noticed that most of
our finger motions are simple linear movements, which could
be regularized by a Kalman filter (KF). However, KF require
a motion model and measurement model to be specified a
priori, which are often only crude approximations of reality.
In the work of Coskun et al. [12], they introduced a LSTM-
based KF to use LSTM to learn the motion and noise model,
which shows promising effect on learning human dynamics.
Therefore, this architecture is imported to obtain a more sta-
ble temporal feature sequence y;.7. We also add a residual
connection to bypass the Kalman filter for more direct feature



learning, so the network will choose whether to use Kalman
filter based on the hand motion. For each frame ¢, the temporal
feature y; now includes information from past frames to help
make hand pose predictions. Finally, another fully-connected
layer is added to map the temporal feature y; to the estimated
hand pose 7;. We use a single LSTM instead of the three from
the previous work [12], because the two stream CNN architec-
ture is heavy in computation, we focus on light-weighting the
whole networks to achieve a real-time inference time. That
is also the reason why ResNet18 is used but not deeper CNN
architecture such as ResNet50 or ResNet101. As a result, the
inference time of the whole network using the mid-range note-
book PC mentioned in the hardware section is approximately
38ms. To provide supervision for training the DorsalNet, we
define the following loss function:

L(y:,9:) = Lfingers + Lthumb (D
1 4 i ~ill2
Lﬁngers = E Z Ha; — 0 || ; 2
i=1
1 - €,
Lipump = —5 arccos” < A ) : 3)
T le:|]é]

where we use symbols with tilde to indicate it is the estimated
output of the network and symbols without tilde to indicate
ground truth. We also use different losses for the fingers and
thumb because their pose representations are different. For
the fingers, we use mean squared error (MSE) as the loss for
the joint angles as shown in equation (2); for the thumb, we
compute the angle between the estimated thumb top vector
and the ground truth one as the loss function (3).

Hand Simulation

Once the DorsalNet is trained, it could be used to extract
estimated hand pose sequence ¥;.7 from a given video. To
visualize the hand pose sequence, we use a hand simulator
that can map a hand pose J; to a 3D mesh, which can be
rendered by a graphics pipeline. As the simulator also uses
joint angle representation for the thumb pose, we employ
inverse kinematics (IK) to solve for the joint angles of the
thumb using the estimated thumb top position é;. Finally a
smooth function of the simulator is employed for filtering
noisy result. The inference time of the simulator is 10 ms,
which result in a 41 ms inference time with the network, which
could be considered real-time sufficient for our use case.

Till here, we could reconstruct the full 3D hand pose except
for the wrist rotation. As a simple implementation, we calcu-
late the centroid of the masked hand using its moments, and
map it to the wrist flexion-extension and ulnar-radial devia-
tion. Pronation-supination movement is not considered here
because the camera is fixed on the user’s arm.

EVALUATION

Participants & Data Collection

We evaluate our system from 3 different perspectives: hand
pose estimation, gesture recognition, and grasp recognition.
Data was collect from 5 out of the 6 participants who also par-
ticipated in the previous segmentation study. Similar to prior
work [53], we collected data of static gestures of American
sign language (ASL) digits (0-9), and dynamic gestures of

finger tapping. During the study, the participants were asked
to put the right arm on an armrest and to wear our camera with
Velcro tape to perform the action.

The entire collection procedure includes 5 sessions for all
15 gestures (both static and dynamic). In each session, the
user was told to re-wear the camera and start from a relaxed
hand posture to do the specific gesture repeatedly (for static
gestures, the user have to return to relaxed posture every time).
We asked the users to perform the gesture in a normal speed
but the frequency is controlled by themselves, approximately 1
ASL gesture per 3 seconds and 1 tap per second were collected.

An auto-labeling program is written for multi-threading the
Leap Motion API and camera image acquiring, where it is
calibrated so that the root of the thumb becomes the origin,
as depicted in Figure 2. We also fix the camera frame rate to
20 FPS to simplify the synchronization and to align with the
inference frame rate. For each session of each gesture, 30
seconds of video at 20 FPS was collected. As a result, video of
600 frames was collected 5 times for all 15 gestures for each
participant, which resulted in a total of 225,000 frames. These
data were used in the training and evaluation for the hand pose
estimation and gesture recognition. For the grasp recognition,
we only use the mentioned data for pretraining, but use another
dataset for fine-tuning and evaluation (which will be described
in later sections). Also, we collect a single-user dataset of
different lighting condition which will be described in the
Lighting Condition Study. In all sections, the ratio of the train
and test data split is set to 8:2.

3D Hand Pose Estimation

Procedure

The evaluation of hand pose estimation consists of three sep-
arate studies. We first trained our network on an individual
user’s data to evaluate the personalized model. This aims to
study the precision of each specific joint and finger, which
could be helpful for future improvement. For comparison,
since our work is the first real-time hand pose estimation sys-
tem using egocentric wrist-worn camera, some similar state-of-
the-art networks dealing with direct/indirect pose estimation
were used as baselines. Nevertheless, we also carried out a
lighting condition study to study the robustness of our network
and an ablation study of different network architectures and
different inputs on the basis of the proposed method.

Finger and Joint Error Study

We first trained our network on individual subjects to study the
precision of each finger and joint. Five personalized models
were trained and evaluated on each specific user’s data, 20%
(9000 frames) of the user’s data was randomly kept for this test.
Table 1 shows the average result of 5 individual models, all
results are recovered to angle unit for a better visibility, where
the unit is degree. The first 4 rows show the mean absolute
error (MAE) and its standard deviation (SD) of each joint of
the 4 fingers, respectively, together with an average result of
each joint. The columns stand for each finger joint rotation
and the last row is vector angle error of the thumb.



Joint\Finger Index (1) Middle (2) Ring (3) Pinky(4) Joint Avg. Thumb (0)
MAE SD MAE SD MAE SD MAE SD MAE MAE SD
MCPv 7.05° =040 6.32° 054 6.3° +0.39  6.92° +1.21 6.65°
MCPh 7.94°  x0.75 7.87° x0.62 7.17° +0.64  9.78° +1.99 8.14°
DIP 6.92° +0.59 6.78° +0.76 6.70° +0.70 9.80° +1.73 7.55° 12.69°  +2.26
PIP 8.47° 092 7.85° 098 7.66° =+0.87 11.11°  +1.33 8.77°
Finger Avg. 7.60° 7.20° 6.96° 9.40° ~
Table 1. Average result of the individual model of each joint/finger (metrics: MAE(SD) unit: degree).
Method Individual  General = Leave-1-user
Nearest N.[13] 18.44° 21.78° 20.89°
Direct(ResNet18) 18.39° 22.09° 29.11°
Yuan et al. [55] 12.48° 14.40 ° 14.53°
Yeo et al. [53] 16.67° 18.52° 20.24° g g
Zhou et al. [59] 15.95° 20.06° 21.06°
Ours (w/o KF) 9.28° 10.33° 10.71°
Ours (w/ KF) 8.81° 9.77° 9.72°

Table 2. Comparison with baseline methods, Our methods are divided
into with/without Kalman filter (KF).

Comparison Study

Next, to show the effect of our network compared with base-
line conditions. In this study, we trained both the 5 individual
models and a general model for each network. Here, we used
a session-split of leaving one specific session (9000 frames for
one subject, 45000 frames for general model) for the Individ-
ual and General model to study the cross-session generaliza-
tion of our system. As well as a user-split of leaving one user
out, to perform a cross-user validation.

Baselines: As mentioned in the Procedure section, since there
is no identical work for comparison, we used some typical stan-
dards or similar networks as baselines. The Direct (ResNet18)
is the condition that directly regresses raw camera images to
the 3D representations frame-by-frame, which can be con-
sidered as a base condition. Also, we included the Nearest
Neighbour Search [13], also known as k-nearest neighbour
(k=1), because it is a typical standard for pose estimation.
Since the CNN-LSTM architecture we used is similar to the
work of Yuan et al. [55], we also include them as baselines,
even though they used bi-directional LSTM which means their
networks are offline. Another baseline is the work by Yeo et
al. [53] which we followed-up. Although their system is not de-
signed for full hand pose regression, we changed the output of
their network and fine-tuned with our dataset. Instead of using
a Leap Motion camera, we used a monochrome masked hand
as the input. Zhou et al. [59] is the state-of-the-art real-time 3D
hand capture methods using a single monocular camera. Their
network used a location map to extract positional features and
regress the 3D joint location of the hand. They also used an
IK-Net for learning inverse kinematics to recover the joint
location to joint angle and match the output with the MANO
hand model. To compare with this work, we fine-tuned their
network by changing the input to our raw egocentrics dorsal
hand images.

In-Dark

Out-Night

Figure 6. Images of camera under different lighting conditions.

\Base(ln-Light) Out-Day In-Dark Out-Night
MAE \ 7.93° 7.77° 8.46° 8.21°

Table 3. Comparing the accuracy of our method in different lighting
condition (Out-Sun removed due to lack of ground truth).

Together with the 5 baselines above, our method with/without
Kalman filter are analyzed. All results are using joint angle-
based representations while the baseline of Zhou et al. [59]
also outputs the full thumb joint rotation since they use the
MANO hand model. Therefore, we re-calculate the thumb
vector from their output which might cause inaccuracy. How-
ever, we believe the overall performances are still comparable.

Lighting Condition Study

Our study is mostly done in an indoor with fluorescent lamp

lighting condition. To show the performance of our network in

different lighting, we also conduct a comparison of angle MAE

in different conditions shown in Figure 6. We asked one of

the participants to take data under 4 other lighting conditions

besides the base condition (In-Light), which are:

e Qutdoor Day: Natural day light on a cloudy day outside.

e Outdoor Sun: Strong sunlight on a fine-weather sunny day.

e Indoor Dark: The lamp is turned off with only stray light
from a PC monitor.

e Outdoor Night: Only light from street lamp at night.

In all condition, we take the same quantity of data as the

former studies from the participant, which results in 45000

frames for each lighting. However, in the Out-Sun condition,

we cannot use Leap Motion to capture the ground truth due

to high intensity infared light so only the other 4 conditions

are evaluated. Qualitative performance of Out-Sun is shown

in our video.

Ablation Study

Starting from the very basic two CNN networks (VGG16 and
ResNet18), we analyze the effect of the network by gradu-
ally adding other model parts. This ablation study is mainly



Architecture (Input) {'\r.lgle Error Ir'lference

Individ. General | Time (ms)
VGG16 (RGB) 16.07 18.19 54
ResN18 (RGB) 16.11 18.70 17
ResN18+LSTM (RGB) 11.95 14.01 35
ResN18+LSTM (Motion) 9.29 10.69 33
ResN18+LSTM (TS) 9.28 10.13 40
Ours (w/o Data Aug.) 9.35 11.11 40
Ours (TS) 8.81 9.77 41

Table 4. Results of ablation study of different network architecture and
input data. The metrics of Angle Error is MAE (degree), TS stands for
two-stream input, ’Ours’ stands for ResN18+LSTM+KF (TS).

comparing how different input and different temporal feature
extraction will affect the precision of the hand tracking, and the
same data were used as the comparison study. Three different
types of input together with a with/without data augmentation
condition were compared, while the network is changed by
with/without LSTM or Kalman filters. In total, 7 conditions
are compared as shown in Table 4, the inference time (ms)
using the laptop is also recorded for comparison. To notice,
the ResNetl8 (RGB) method here is different from the Di-
rect (ResNet) in the former study for it uses the masked hand
images preprocessed by our system instead of raw images.

Results of 3D Hand Pose

Finger and Joint Error Study: The result (Table 1) shows that
the index, middle, and ring fingers achieve higher precision
(MAE around 7) since the deformations occur in the middle
of image, while the pinky finger performs worst (MAE=9.40).
For the joints, it is a bit surprising that the MCPhs also do not
perform well (MAE=8.14), worse than the DIPs (MAE=7.55),
while the PIPs are the worst (MAE=8.77).

Comparison Study: When compared with other baseline meth-
ods (Table 2), the proposed method with KF outperforms
the baseline with a large advantage. (MAE: Individual =8.81),
General=9.77, Leave-1-user=9.72). Even the proposed method
w/o KF leads the baseline with an average of approximately
4-degree error. In the baseline methods, the work from Yuan et
al. performs the best (MAE: Individual=12.48, General=14.40,
Leave-1-user=14.53). Also, different from other methods, the
proposed method does not show a great difference between
the general, leavel-1-user, and individual model, which could
be a proof of the generality of our network.

Lighting Condition Study: From Table 3, we can tell that the
performance becomes worse when the lighting gets darker.
However, the difference is relatively small between the best
(Out-Day, MAE=7.77) and the worst (In-Dark, MAE=8.46).

Ablation Study: Observing the results (Table 4), in the first
and second row, the VGG16 and the ResNet18 show simi-
lar results, yet the ResNet18 is much faster in inference time.
Comparing different inputs of row 3-5, the motion input (MAE:
Individual=9.29, General=10.69) obtains a much higher ac-
curacy with less inference time than the RGB input (MAE:
Individual=11.95, General=14.01), while two-stream input
obtains a higher accuracy in the general model (Motion: Gen-
eral=10.69; TS: General MAE=10.33) with a slightly greater

inference time. For the network architecture, comparing row
2 with row 3, we can notice there is a 4-degree difference
with/without LSTM. Also, comparing row 5 and 7, it is ev-
ident that the LSTM-based KF outperforms normal LSTM
with the highest accuracy. Overall, it is clear that with two
streams of input and more complex networks, the accuracy
becomes higher. Lastly, the difference from row 6 and row 7
indicates that, using data augmentation will greatly increase
the general accuracy (from 11.11 to 9.77, 12% increase).

Gesture Recognition

Procedure

To demonstrate the usability of this work, we also compared
with the state-of-the-art work, the Opisthenar [53], using back
hand visual features for gesture classification. This is done by
adding a multilayer perceptron (MLP) to the end of the Dorsal-
Net and uses softmax activation function to do categorization.
In reference to the study in their paper [53], besides the leave-
1-session-out split done in the individual- and general-model
evaluations, we also add a leave- 1-user-out split evaluation for
the general model to show the cross-user accuracy.

Baselines

Since the target of this evaluation is to compare with Opis-
thenar [53], we only include the Nearest Neighbour and Direct
Regression methods using ResNet18 as another two baselines.
It is not consequential to compare with other vision-based
state-of-the-art gesture recognition methods using RGB inputs,
because most of them are specialized in Third-Person-View
and optimized for dealing with occlusion problems, which is
not suitable for this study that primarily extracting the defor-
mation of the image.

Results of Gesture Recognition

The results are divided into static gestures (ASL0-9) and dy-
namic gestures (Tapping 0-4), as shown in the Table 5 and
Table 6. The metric in the table is the mean percentage while
the individual and general column is the same as before. The
Leave-1-user result is the averaged result of leaving one spe-
cific user for testing, which is repeated for all users (5 times).

Static ASL Gesture Accuracy

Methods o
Individ. General Leave-1-user
Nearest N. [13] 44.6%  37.4% 33.4%
Direct Regression | 71.2%  69.0% 57.2%
Yeo et al. [53] 88.6%  82.5% 70.4%
Ours (w/o KF) 914%  88.8% 84.8%
Ours (w/ KF) 90.2%  88.8% 83.0%

Table 5. Accuracy of static gestures (ASL0-9) classification.
Dynamic Tapping Accuracy

Methods 7
Individ. General Leave-1-user
Nearest N. [13] 47.8%  40.0% 28.4%
Direct Regression | 51.0%  50.4% 39.8%
Yeo et al. [53] 59.6%  62.2% 55.0%
Ours (w/o KF) 85.2% 85.0% 77.6%
Ours (w/ KF) 89.4% 86.8% 79.8 %

Table 6. Accuracy of dynamic gestures (5 finger-tappings) classification.



In the static results, both of our methods outperform the Opis-
thenar work by Yeo et al. [53] and what surprised us is that
the proposed method without Kalman filter performs the best
with an individual model with the accuracy of 91.4% and in
Leave-1-user model with 84.8%. In the general model, both
our methods achieve the same result of 88.8%. One assump-
tion is that because in the static gestures there are less periodic
motions which might cause an error in the prediction of the
KF. However, both results show a high precision of detecting
hand gestures with no obvious overtraining. By contrast, we
also noticed that the Opisthenar obtains high accuracy in indi-
vidual (88.6%) but a great decrease in general and leave-1-user
model (82.5%, 70.4%, respectively), which might indicate an
overfitting to the user of their methods.

Unlike the small improvements in the static results, our method
outperforms Yeo et al.’s method with an overall 25% higher
accuracy. The methods with KF perform the best in all three
conditions (89.4% for individual models, 86.8% for general
models, and 79.8% for leave-1-user model). These results
show the ability of our network to detect dynamic hand pos-
tures which could extend the use of the system. Also, the
dynamic results of our methods are close to the static ones,
which indicates the back hand deformation is suitable for both
dynamic and static classification.

Grasp Recognition

Procedure

During the development of this system, we identified the po-
tential of using the dorsal hand features to recognize a range
of different grasp types. Therefore, in this study, we collect
another dataset of different grasp types as shown in Figure 7.
The new collected data are used for fine-tuning the proposed
network, of which the last layer is changed to a dense layer
with softmax activation and output of 11, for a categorical
estimation. Since the input size is fixed to T=5, for an input of
grasping with size T, (T, > 5), a window-shift with stride 1 is
performed, which result in 7, — T + 1 prediction outputs. All
these outputs are thresholded and averaged for the top-1 result.
Because there are also some approaching frames and holding
frames where the hand is not grasping, we manually labeled
these frames as "other" class to reduce noise. During the test,
we first filtered the outputs contains "other" class, only those
input without "other" frames were evaluated.

Grasping Dataset

The grasps can be classified either by its purpose or its shape.
In this paper, 11 different classes of grasp (as shown in Figure
7) were chosen by referring to the work of Cai et al. [7, 8,
17]. The original Thumb-n-Finger grasp was substituted to
Thumb-Index (T1F), Thumb-Middle (T2F), and Thumb-Ring
(T3F) grasp, in order to obtain a more precise effect of differ-
ent finger, (Thumb-pinky was not considered because it is a
limited gesture). For this study, we gathered data from another
5 participants (3 of them are also subjects of the hand pose
dataset). To ensure the participants make the grasp motion
correctly, specific items were prepared for them to hold ac-
cording to the grasp types. Again, 5 sessions of data collection
were performed for each grasp per person, in which 10 grasps
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Figure 8. Confusion matrix for the grasp recognition result.

(about 15 frames/grasp) were collected for each grasp. As are-
sult, we have approximately 40000 images for fine-tuning. In
the evaluation, we still left one session out (10 grasps for each
user result in 50 grasps) for testing and the rest for training.

Results of Grasp Recognition

The Figure 8 shows the confusion matrix with heatmap of the
50 tests for each grasp type. The overall accuracy is 75.1%,
while the best one appears to be the extension type (holding a
plate) with 49 correct classifications (98%). However, as we
assumed, the T1F, T2F, and T3F gesture only achieved 58%,
64%, and 58% of accuracy, respectively. The matrix could
indicate that these three grasps look similar which will confuse
the network. But we still could see the potential of distinguish-
ing these tiny differences using dorsal hand features. Besides
these 3 motions, the Index Finger Extension (IF) also seems to
be mis-classified as Small Wrap with a high frequency (22%).

APPLICATION
Based on the evaluation result, we also implement several
applications to show the usability of the system (Figure 9).

Smart Devices Control: As a typical usage of an interaction
system, we developed a controller for a smartwatch (Figure 9
(left)). Previous work [53] also mentioned a similar application
using gesture recognition, which is, however, limited by the
available gestures. Since our system is able to estimate full
hand pose, linear control such as changing the time with finger
angle becomes possible. Similar usage could also be extended
to a VR/MR controller as a wearable barrier-free hand tracker.
Furthermore, full hand pose allows 3D manipulation of virtual
objects or expressive communication in remote collaboration.

Virtual Mouse & Keyboard: Similar to the first application,
this hand tracker could also act as an one-handed input de-
vice such as mouse or keyboard. Even without holding a real
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Figure 9. Three types of different demo applications.

mouse, users could use their wrist rotation to control the posi-
tion of pointer and perform clicking as if using a real mouse.
For typing input, instead of normal QWERTY keyboard, we
developed a simple 8-key keyboard which works similar to the
10-key pad on a smartphone (please refer to video figure).

Grasping Object Recognizer: Another application is based on
the grasp recognition (Figure 9 (right)). Since the evaluation
results validated that it is possible to classify different grasp
types from the back of the hand images, it should also work
for object grasping recogniton with a limited object set. For
example, Gripmarks [57] and Metaphoric Hand [23] allow
summoning of different tools just by changing hand pose.
This does not require explicit mode or tool switching, thus
could have a fast and natural affordance.

DISCUSSION

Performing six studies on three types of use cases provided
us with a number of interesting insights, and the persuasive
quantitative results demonstrate the usability of this approach.
The main novelty of this work lies in developing a new network
architecture to estimate hand pose from an egocentric dorsal
hand view. While some prior work already identified the
features on the back of the hand and applied it to gesture
recognition, here the real-time 3D hand pose tracking is more
challenging and provides a wider range of use.

From the results of the four studies in hand pose estimation, we
could imagine a clear picture about the performance, with an
almost half the angle-error than the other baseline. To notice,
here we only compared with vision-based techniques because
the main focus of this study is system that could be naturally
embedded in wearable devices. The result of each joint shows
that the index, middle, and ring finger gain a relatively high
accuracy estimated by back of the hand features. And, the
result of an average angle error of 8.81° for individual and
9.77° in general even outperforms some methods using TPV
camera [58] where the fingers can be clearly seen. Also, the
result of lighting condition study and the ablation study could
provide information which might be helpful in developing
robust networks for extracting temporal deformations.

By applying our method to gesture recognition, we show that
our system outperforms the previous work [53] with almost
30% higher accuracy (86.8% in general) in detecting dynamic
finger tapping. This accuracy enriches the range of applica-
tions and provides possibility to recognize high frequency
gestures (such as keyboard typing and piano playing). On the
other hand, the static result just slightly exceeds the previous

work, and it seems that the Kalman filter will cause a decrease
in accuracy for non-periodical gestures.

With an average result of 75.1% for 11 classes for individ-
ual model, the grasp recognition shows some potential of
detecting the grasp type from back hand features, while the
pick-motion with the different finger can be confused with
each other. However, it could be useful in a situation with
limited range of items (such as VR or remote cooperation).
We also noticed that grasp recognition might be helpful to
rehabilitation usage such as analysis of the grasp of people
with/without hypodactyly.

For the hand segmentation, we augmented the data by chang-
ing the color or brightness of the dorsal hand and achieved a
high accuracy, but it is not sufficient to claim our network is
robust to different types of hand, without testing on diverse
users. There are multiple factors that might affect the result,
such as skin color, skin thickness, hair volume, hand shape,
etc. However, to note that, from the ablation study, we can
observe that the motion-only input performs very close to the
two-stream input, and surpasses the RGB-only input. From
which we can tell the network is more looking at the overall
deformations than the color information of the hand. Also,
one of our participants had hairy skin and the features are
still successfully extracted (which is not enough to claim this
generalizability). Nevertheless, in the use case of wearing a
personal smartwatch, the system is not necessary to be gener-
alized but can be initially calibrated to the user by collecting
a small amount of data and fine-tuning the model, this will
result in a personalized model with higher accuracy and might
also work as a security identification using the dorsal hand.

Lastly, the system faces difficulties with the wrist articulation.
When the wrist is tilted up/down at extremes, the system fails
to track hand pose temporarily for not seeing the dorsum of
hand. This problem only happens in specific degree of vertical
wrist rotation and does not suffer from horizontal rotation
because of the limited horizontal range of human wrist. Also,
in most applications, we assume that the user’s dorsal hand
would appear in the camera view when the hand is interacting
with other objects or when the hand is in a natural, flat position.

Limitations & Future Work

From the results and discussions, we gained a detailed under-
standing of this approach. However, the work still has some
limitations, which we discuss here and outline future plans.

The first limitation is the number of users in this study (N=5).
Due to the current pandemic it was difficult for us to collect
more diverse participants. We aim to conduct a study with
a larger population, with a wider range of skin, skin age,
blemishes or scars and hair characteristics along with more
detailed tasks in the future.

Secondly, besides the angle of wrist which we discussed be-
fore, there is also a limitation that fast wrist motion causes
camera motion blur, and it impacts our preprocessing pipeline
that takes 5 frames for calculating motion history. While we
envision that a camera with a higher frame rate and lower expo-
sure time could mitigate this issue, and in common use cases,
there are few situations which include fast wrist movement.



Nonetheless, it is also possible to use a hierarchy network
detecting stable hand motion as a trigger of our system.

We used a simple method to estimate the wrist rotation based
on image moments which was satisfactory in our test case.
Future work should compare and evaluate deep neural network
based methods. Also, our system currently does not estimate
the pronation-supination (roll) movement. This problem could
be solved by fusing the gyroscope data from the smartwatch or
calculating the camera rotation from background movement.

In the lighting condition study, the hand detector works well
even in a moderately dark environment where the hand could
be barely captured as well as in a strong sunlight condition
(as shown in Figure 6 and video figure). However, it could
not work in a completely dark condition. An IR camera may
overcome this problem but is susceptible to sunlight during
outdoor use. A future solution could switch between RGB and
an IR camera for day/night use or add a small lighting device.

Lastly, this approach needs further improvement for real-use.
We did test with the images from a real smartwatch with a
side camera (Figure 3) by padding the images to fit into our
network input, and we are able to track the index, middle and
ring finger to some extent, albeit the model was trained with
data from a different camera. In future work, we would collect
a dataset directly from a smartwatch and evaluate its efficacy.

CONCLUSION

In this paper, we have introduced DorsalNet, a network for
3D hand pose estimation by detecting the deformation of the
back of the hand. We employ a camera on the outer side of the
wrist, which could be further embedded in wrist-worn devices.

Despite the difficulties of feature extraction, such as the fin-
ger occlusion due to the camera placement, we succeeded
in designing the network to regress indirect features and
map it to finger angle. We performed 6 studies which show
that our system obtains high accuracy in tracking 3D hand
pose (MAE=8.81°/9.77°/9.72°for individual/General/Leave-
1-user), recognizing static (88.8% for General) and dynamic
(86.8% for General) gesture, and detecting grasp type (75.1%
Overall) across different users and lighting conditions.

Finally, we introduced some example of applications to demon-
strate the potential of our system. Although there is room for
improvement in the approach and system that we would like
to explore in the future, we believe that the current result of
study and the data as well as the network architecture can
provide insights of how to design a hand pose estimator from
an egocentric back hand view.
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