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ABSTRACT

Tracking finger movement for natural interaction using hand
is commonly studied. For vision-based implementations
of finger tracking in virtual reality (VR) application, finger
movement is occluded by a handheld device which is neces-
sary for auxiliary input, thus tracking finger movement using
cameras is still challenging. Finger tracking controllers us-
ing capacitive proximity sensors on the surface are starting
to appear. However, research on estimating articulated hand
pose from curved capacitance sensing electrodes is still im-
mature. Therefore, we built a prototype with 62 electrodes
and recorded training datasets using an optical tracking sys-
tem. We have introduced 2.5D representation to apply con-
volutional neural network methods on a capacitive image of
the curved surface, and two types of network architectures
based on recent achievements in the computer vision field
were evaluated with our dataset. We also implemented real-
time interactive applications using the prototype and demon-
strated the possibility of intuitive interaction using fingers in
VR applications.

Author Keywords
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CCS Concepts
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*Computing methodologies — Neural networks;

INTRODUCTION

Hand tracking plays an essential role in an immersive expe-
rience in virtual reality (VR). Some VR dedicated controllers
such as Facebook’s Oculus Touch [23] successfully accom-
plished natural interaction using hands in VR. Although the
controller can precisely track hand position, their implemen-
tation for sensing finger movement is currently limited, since
they provide triggers only for index and middle fingers, and
the controller does not reflect all finger movement in the vir-
tual world. Reconstructing natural five finger movements in a
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Figure 1. Hand pose estimation using capacitive proximity sensors on
a handheld device. The top row displays actual hand poses holding the
device, while the bottom row displays estimated poses of the correspond-
ing hand. All estimation is performed only using sensors on the device
in real-time, and no external vision sensor is used for estimation.

precise manner gains the presence of our hand in VR space,
which enables intuitive interaction in VR.

Five finger tracking controllers are at the consumer’s fin-
gertip as commercial products such as Valve’s Index Con-
troller [11]. However, its finger tracking is also limited in the
dexterity of the estimated hand pose. Tactual Labs demon-
strates a novel controller that tracks in-air finger movement
with near-range radio-frequency sensing technology [31].
However, their available materials do not exhibit its capabil-
ity of tracking fully articulated thumb movements, including
bending inward or outward. Zhang et al. proposed a method
to track finger movements while holding a controller using a
camera mounted in front of it [58], but its application is lim-
ited because of the weight of the over-hanging camera.

Although researchers suggest interactions using bare hand for
usage in augmented reality (AR) applications, VR applica-
tions still require auxiliary input such as thumbsticks, buttons,
and triggers. In contrast to AR, experiences in VR tend to be
accomplished in a smaller space compared to the scale of the
virtual world. Thus users must use thumbsticks or another
auxiliary input method for moving around the virtual world.
In addition, game developers still strongly demand physical
input buttons and triggers for concrete game design, which
requires severe timing constraints on input and character lo-
comotion implementation. Also, regarding haptic feedback,
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the dominant implementation of current consumer controllers
for haptic feedback is vibrotactile actuators installed in a con-
troller, and much research is reported recently to seek the
eventual haptic feedback method for handheld controllers [7,
33, 5]. Therefore, precise finger tracking while a controller is
in hand is desired for enabling intuitive interaction with com-
plementary physical input and tactile feedback.

On the other hand, recent great achievements in computer vi-
sion (CV) based algorithm bring precise visual finger track-
ing to consumer-level products such as Leap Motion [25] and
Oculus Quest [24]. However, while a user has a controller
in hand, the controller interferes with line-of-sight from cam-
eras to fingers and prevents detecting finger movement us-
ing cameras. According to the evaluation of 10 state-of-the-
art (SOTA) CV based methods in Hands In the Million Chal-
lenge (HIM2017) [56], estimation error increased depending
on the decrease of the number of visible joints, and the re-
port remarked that estimation of occluded joints is still chal-
lenging for most methods. They also studied the relationship
between tracking accuracy and the angle of palm and cam-
era direction. According to their analysis, while mean error
remained below 10 mm in 70 to 120 angle range, the error
increased to 10-20 mm in other angle range, and the error in
0 to 10 angle range is more significant than 20 mm due to
severe self-occlusion. Thus, tracking finger movement using
the camera under occlusion or tracking from an undesirable
viewpoint still has some difficulties.

Occlusion-free precise finger tracking is made possible using
gloves [43, 14] or other wearables [55, 34, 30, 4, 6, 28, 29],
which have made a great contribution to the research of nat-
ural interaction techniques in HCI. Glauser et al. proposed a
method of fabrication of stretchable capacitive sensor arrays,
a software pipeline to capture deformation [13], and also an-
other novel method to capture hand poses from stretchable
glove using the sensor [14]. However, glove vendors must
take care of hand size variation, since oversized or undersized
gloves cause problematic estimation results, and this causes
an increase in production cost for multiple sizes of gloves.
Yeo et al., Lin et al., and Kuno et al. reported a method to de-
tect finger movement by observing skin deformation of back-
hand using a camera [55], strain gauge [34], and optical sen-
sor [30]. However, their results had a large estimation error of
thumb movement and difficulties of generalization to unseen
hands. Chen ef al. put coils on each fingertip for tracking
finger movement using a magnetic field [6], Iravantchi et al.
performed ultrasonic beamforming with a device on the wrist
for gesture recognition [28], and Kim et al. tracks fingers
using IR camera mounted on the wrist [29]. Their methods
estimate finger movements in mobile setup without requiring
any external sensors. However, these types of sensing tech-
nology require users to put additional sensors on fingers or
wrists, which is undesirable from the perspective of ease of
use. Wrist-worn wearables also have difficulties in model-
ing wrist bend and rotations, and could not track fully flat or
over-arching hands.

Consequently, we propose a pipeline that estimates positions
of each finger joint, only using data from a matrix of capaci-
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tive proximity sensors on the controller. We aim to push the
boundary of finger tracking capability for more intuitive in-
teraction using hands in virtual space. Our approach not only
detects touching of fingers on a specific electrode but predicts
comprehensive finger movement in 3D space utilizing values
from all sensors. To achieve that, we evaluated two types of
convolutional neural network (CNN) architectures studied in
the CV field for pose estimation, and illustrated the suitable
architecture for the sensors on the controller.

Contribution of this paper consists of the following items:

1. Built handheld finger tracking prototype with a matrix of
capacitive proximity sensors installed;

2. Recorded training dataset of 12 subjects using an optical
tracking system;

3. Adopted two types of CV based hand pose estimation net-
work architectures into the dataset;

4. Evaluated the performance of them and revealed suit-
able architecture for finger tracking using capacitive proxim-
ity sensors.

RELATED WORKS

Capacitive sensing technology is one of the most commonly
used methods for sensing finger movement since touch-
screens became a widespread input device [17]. Almost all
touch screen devices currently only support the detection of
touching points on the surface, but recent research report es-
timating the orientation of a finger for further user interac-
tion. Xiao et al. estimated yaw and pitch angles of touching
finger, using extracted manually designed feature [54], while
Mayer et al. leveraged CNN to estimate yaw and pitch an-
gles [35]. For estimating finger orientation, they utilized ca-
pacitive image, which represents the difference of electrical
capacitance of each electrode between a currently measured
value and the baseline value, that is captured while a hand
is not touching on the screen. The dominant value that ap-
pears in the capacitive image is a change of capacitance when
fingers touch on the screen, but the capacitive image also in-
cludes a change of capacitance related to finger movement
away from the screen surface that can be used for proximity
sensing.

In addition, we can wrap the controller surface with sensing
electrodes on a flexible printed circuit board (PCB) for sens-
ing finger movement. PrintSense [16] proposed printed flex-
ible capacitance sensing electrodes wrapped on the curved
surface. They wrapped an object with the printed electrodes,
and performed grasp detection using proximity sensing from
electrodes on the surface.

However, research on estimating articulated hand pose from
curved electrodes on a handheld device is still immature.
Le et al. estimated the 3D position of five fingers using the
capacitive image [32], which is captured from sensing elec-
trodes on the whole device surface. Although they recorded
3D positions of all joints of a hand using the OptiTrack mo-
tion capturing system [26], their implementation estimated
only fingertip position touching on the screen.

The difficulty is in the value of a capacitive image. Each pixel
of the capacitive image is correlated to the distance between a
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finger and electrode, but we cannot merely convert measured
value to distance if there is more than one finger near the
electrodes. Because the measured capacitance value from the
electrode is defined by the sum of the capacitance of all finger
tissue around the electrode, finger movement away from elec-
trodes affects multiple electrodes. We need an algorithm for
estimating comprehensive hand pose employing values from
all electrodes.

On the other hand, recent great achievements on CV based
algorithm using CNNs reported several approaches of holistic
hand pose estimation from images.

Hand Pose Estimation from Image

Pose estimation networks from 2D images are categorized
into direct regression of keypoints in 2D images [52, 3, 44]
and heatmap detection from 2D images [50, 53, 37]. While
direct regression models output coordinates of the keypoints
directly, heatmap detection models output 2D probability
maps of each keypoint. Heatmap detection models perform
pixel-wise estimation resulting in better accuracy compared
to direct regression approaches in 2D images, and are domi-
nant in human pose estimation [12]. However, while applying
heatmap detection in 3D position estimation, 3D volumetric
heatmap requires a too high computational cost to perform
inference in real-time. So, the direct regression approach
was standard in real-time 3D pose estimation, even though
heatmap detection models [36, 20] outperformed other mod-
els in the HIM2017 competition [56].

For achieving the generalized 3D pose estimation from wild
images beyond the limitation of the current 3D pose dataset,
which is recorded only in a laboratory environment with ex-
pensive tracking systems, recent approaches utilize the wild
2D pose image dataset for training 3D pose estimation [59,
44]. They separate 3D pose estimation problem into two
parts; 2D joint position (x,y) estimation and depth (z) esti-
mation, which is called 2.5D representation. Igbal et al. com-
bined this 2.5D representation and integral regression method
for achieving efficient 3D hand pose estimation from a single
RGB image, which they called latent 2.5D heatmap regres-
sion [27]. The proposed network has latent heatmaps and
depth maps for each keypoint. The heatmaps represent 2D
joint positions in sub-pixel accuracy, and the depth maps rep-
resent its 2.5D distances. The idea of 2.5D representation en-
ables using heatmap detection for 3D pose estimation in real-
time, and it performs better than direct regression for hand
pose estimation from an image.

In this paper, we addressed the issues of real-time hand pose
estimation using capacitive proximity sensors, utilizing these
two types of pose estimation network architectures; direct
regression and heatmap detection. We introduced a method
for applying the 2.5D representation to the measured capaci-
tance from electrodes on the curved surface of the controller,
where their positions are defined in non-orthogonal coordi-
nate, and evaluated the two types of networks. Due to the
small number of electrodes, our results of applying these ar-
chitectures to capacitive images were different from the pre-
vious comparison results using images. We evaluated them
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Figure 2. The dimension of the prototype. The appearance of our pro-
totype from its front (Left), side (Middle), and back (Right). Users insert
their hand from the side and tighten the belt for fixing the position.
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Figure 3. Capacitive proximity sensor electrode sheet inside the proto-
type. The prototype has 62 electrodes implemented on a flexible printed
circuit board (PCB) underneath a cover (Left). Each square part is a
sensing electrode on the unrolled flexible PCB sheet (Middle). Measured
values are packed into a 2D capacitive image (Right) and fed into a neu-
ral network.

from multiple aspects and illustrated the suitable network ar-
chitecture for capacitive images.

THE HARDWARE SETUP AND CAPACITANCE SENSING
We designed the shape of the prototype so that users can grip
it naturally while minimizing the interference of the shape
with finger movement. The size of the prototype is 158 mm
x 110 mm x 90 mm, and its weight is 360 g. The grip part
of the prototype is 30 mm to 40 mm in diameter and 110 mm
in length (Figure 2; left). We decided these dimensions based
on the measurement published by Tilley et al. [48] aiming for
supporting 1 to 99 percentile of adults in the United States.
We also keep a flat surface on the top of the device so that
auxiliary input can be installed, and prepared a screw hole
and a mounting pin on the backside fixture for an external
tracker that estimates the global position of the hand. All
of the gray parts of the prototype were 3D printed with 3D
Systems Projet 6000 printer using VisiJet SL. Tough mate-
rial [9]. An analog front-end ASIC and USB interface IC on
the sensor circuit board is installed in the bottom box part.
The acquired sensor data is quantized to 16 bit values and
transmitted to a PC in 60 Hz via USB serial protocol.

Underneath the 1.2 mm thickness cover, the prototype has
a flexible printed circuit board (PCB) sheet wrapping the
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curved surface of the grip part and the top surface (Figure 3;
left). We implemented 62 capacitance sensing electrodes,
which covers both areas of the controller surface as wide as
possible, on the flexible PCB sheet (Figure 3; middle), while
the size of all electrodes is 10 mm x 8 mm, and driven at
87.5 kHz. Referring to Grosse-Puppendahl’s taxonomy [17],
our sensing method is active capacitive sensing in loading
mode, which is known as self-capacitance sensing. The sheet
is a two-layer copper flexible PCB of 25 um thickness poly-
imide, which is fabricated in a standard process. Sensing
electrode patterns are on the front side, while shield patterns
and wiring patterns are on the backside.

We utilized capacitive image representation [54, 35] for latter
processing. Measured electrical capacitance ¢; from the /"
electrode is subtracted by cﬁ"”e and clipped from 0.0 to 1.0.
The scaled value of each electrode is ordered to pixel p,, in
18 x 10 resolution image (Figure 3; right) for feeding it into
the network, where white pixels of the image represent elec-
trodes that detect high electrical capacitance. Each value from
electrode ¢; is tiled in row-major order based on electrode in-
dex i (shown in Figure 3; middle) into the area marked by the
line (Figure 3; right) as follows:

(ci— cﬁ’““'e) — scaleyn

Puw = (1)

scalepya — scaleyn

where scalep,;, and scale,,,, parameters are pre-defined val-
ues for scaling measured values, and the same scale param-
eters were used for all datasets and demonstrations. These
scale parameters depend on hardware implementation, and
the values are selected apEropriately for avoiding saturation.
We took baseline value ¢;/**¢ while a hand is opened before
each recording of the dataset. We asked subjects to keep their
hand opened for a while before the real-time demonstration
and measured this baseline value before each demonstration.
The values of pixels in the capacitive image that have no cor-
responding electrodes were also set to cf?‘”e.

INTRODUCING 2.5D REPRESENTATION AND JOINT PO-

SITION ESTIMATION IN UV SPACE

Thinking about applying recent CV achievements into joint
position estimation, we can assume an analogy in pose esti-
mation from depth images and from capacitive images. In 3D
pose estimation from a depth image, each pixel in the depth
image represents the distance between the camera and each
joint. Similarly, in 3D pose estimation from a capacitive im-
age, each pixel in the capacitive image represents the mea-
sured capacitance related to the distance from the controller
surface to each joint.

Former research in the CV field introduced 2.5D representa-
tion [59, 44] that estimates joint position in the 2D image and
projects the position back to the 3D position using depth value
of the pixel. We also introduced 2.5D representation into our
problem so that we can utilize novel CV approaches. The
estimated 2D joint position in the capacitive image is con-
verted to a 3D position using the distance from the controller
surface to the joint, which is separately estimated from the
capacitance value.
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Figure 4. Joint position projection on the curved surface of the sensor
sheet. Blue, orange, green, red, and purple polylines (counter-clockwise
from the top right) represent thumb, index, middle, third, and little
fingers, while blue (top flat) and orange (bottom cylindrical) surfaces
are the approximation curve of the sensor sheet (Leftf). We projected
each joint position (x,y,z) vertically (dotted line) onto the curved sur-
face (u,v,w), which is indicated by cross markers and thin lines. Blue
(top right) and orange (bottom left) areas represent UV mapped regions
of each surface, and colored lines represent corresponding projected fin-
gers on UV space (Right).

However, the conversion between 3D position and 2.5D po-
sition in the capacitive image on the curved surface of the
electrode sheet is not obvious, while the conversion of the
depth image is represented with a camera projection matrix.
Therefore, we modeled the curved surface of the electrode
sheet based on the device shape, and performed a projection
of each 3D joint position onto UV space defined along with
the curved surface of the electrode sheet (Figure 4), and em-
ployed joint position estimation in UV space.

For projecting 3D position of each joint J?© = (x¢,yx,2x) on
the capacitive image I = {p,, }, we designed two polynomial
surface functions Sumb, Sfinger that define (x,y,z) position of
(u,v) point on the surface, where k € 1,...20 represents the
number of finger joints inone handandu € 1,...10,v € 1,...18
represent horizontal and vertical coordinate of capacitive im-
age. Both functions denote the surface of the electrode sheet
inside the device, which shape is defined by the design data
of the device. Spump represents the flat part on top near
thumb (Figure 4; blue surface), while Sgyge, represents the
cylinder part of grip (Figure 4; orange surface). Correspond-
ing UV coordinate of these surfaces is aligned with the posi-
tion of each sensor electrode on the surface, and surfaces are
mapped in UV space of capacitive image (Figure 4; right).
We use Sgumb for projecting the 3D position of the thumb,
and Sgyger for projecting other fingers. The overlapped region
of two surfaces shares their vertex positions, and projected
positions using two surface functions are consistent in the re-
gion. We also defined two functions Niumb, Nfinger that rep-
resent normal vector at a specific point (u,v) on the surface
using partial derivatives of Stumb, Stinger-

Assuming 2D keypoint estimation in the capacitive image,
k" keypoint J,gD in the capacitive image can be defined as
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J,fD = (ug,vi) using UV coordinate on the image. For the
2.5D representation of joint position, we added vertical dis-
tance wy from electrode surface along the normal vector at
the point on the surface (Figure 4; black dotted lines), and
defined J,f'SD = (up, Vi, Wi).

We can restore the 3D position of joint J,fD from J,?'SD using
surface function S and normal function N as follows:

TP = S(ug,vi) + wiN(ug, i), )

S, N = {Sthumba Nihumb & € thumb joints 3)

Sﬁnger; Nﬁnger ke finger jOintS

where S represents a surface function that defines (x,y,z) po-
sition of (u,v) point on the surface and N represents a normal
function that defines a normal vector at (u,v) point on the
surface.

While preparing the training dataset, we converted each 3D
joint position J? back to the corresponding position J3>P
in 2.5D representation. Conversion is solved as a non-linear
optimization problem of minimizing the distance between
recorded 3D joint position JED and projected joint position:

|22 — S (ug, vie) — wiN (ug, vi))|. )

We use Levenberg-Marquardt solver with the initial UV coor-
dinate value of the nearest electrode from each joint position.

APPLYING TWO TYPES OF NETWORK ARCHITECTURES
We employed two types of hand pose estimation network ar-
chitectures commonly studied in the CV field. While the di-
rect regression architecture learns the direct transformation
from the intensity values of 2D capacitive image {p,,, } to the
2.5D position of each keypoint J>*>? = (uy, vg, wy), which are
defined by 2.5D representation in the previous section, the
heatmap detection architecture learns the latent representa-
tion of keypoints as heatmaps [27].

The estimated 2.5D positions J,f'SD from both networks are

converted to 3D position J,gD using Equation 2 outside of the
network architecture for use in applications or evaluations.

Training Dataset

For the training dataset, we selected 12 subjects (8 males and
4 females) who have a wide variety of hand shapes. Figure 5
shows profiled characteristics of hands in the dataset, plot-
ted based on middle finger length (between the tip of middle
finger and crotch) and palm width (between the edge of in-
dex finger root and the edge of little finger root). The dotted
and dash-dotted lines are based on the values of previous so-
matometry [48].

We leveraged the OptiTrack motion capture system [26] with
12 cameras surrounding the recording hand. The system
tracks the position of 3 mm retroreflective markers attached
on each finger, along with the position and orientation of the
handheld device using four 6 mm markers attached to it (Fig-
ure 6). We put 20 markers on the top of each joint (MCP, PIP,
DIP) and the tip of each finger, referring hand model struc-
ture of commonly used public datasets such as MSRA 14 [39],
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Figure 5. Hand shape profile of recorded dataset. Plots labeled A to
L represent the shape of each hand in the recordings. The dotted and
dash-dotted lines represent 1 to 99 percentile ranges of measured hand
sizes of men and women in the United States.

Figure 6. Marker setup for dataset recording. We employed an opti-
cal tracking system for capturing label data for training (Lef?), putting
3 mm retroreflective markers on top of all joints and tips of right-hand
fingers (Right). 6 mm markers are attached to the controller to track its
position and orientation.

MSRA15 [45], and BigHand2.2M [57]. The captured posi-
tion of each marker is converted to the local position from the
origin defined on the handheld device.

We recorded capacitive image and joint position simulta-
neously at 60 frames per second while the subject per-
forms 11 different sets of specific movements, which are se-
lected aiming to cover articulated natural hand movement
in the usage of interaction. The 11 movements consist of
opening and closing hand (open-close), nailing on the de-
vice (trumpet), bending and stretching each finger succes-
sively (bend), bending each finger successively and stretching
them successively (1234), spreading fingers (spread), rotating
around thumb (thumb-rotate), bending thumb inside and out-
side (thumb-bend), and repeating each specific pose (peace,
three, telephone, rock-n-roll). The recording was performed
four times per each movement, and we used the first three
recordings for training, while the last one recording was used
for validation. We settled the device at the proper position in
the subject’s hand each time before recording sessions. Pre-
pared training dataset contains 344015 frames, and the valida-
tion dataset contains 111165 frames. For cross-validation in
the latter evaluation section, we prepared 12 different datasets
consisting of 11 subjects, and evaluated trained models with
recordings of the excluded subject.

Also, every five frames of the recorded dataset were tempo-
rally combined before feeding them to the network, for in-
creasing temporal stability of estimation. We extracted every
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Figure 7. Structure of the direct regression network. The overall struc-
ture of the network (Left). The Residual Module block represents the
structure illustrated on Right, while N represents the channel size of the
convolution layer. The solid curved line on Right represents a skip con-
nection that adds an image of the previous layer, while the dotted line
represents a skip connection with 1x1 convolution for aligning channel
size. BN stands for batch normalization, Conv for convolution, ReLU for
rectified linear unit activation function, and FC for fully connected.

other frame from 10 successive frames alternately and made
a 165 ms sequence of frames with 33 ms intervals. The ex-
tracted sequences are fed to the network as 18 x 10 x 5 res-
olution images. We determined the number of input frames
based on the sensitivity visualization by SmoothGrad [42].

Direct Regression Network

We followed ResNet-18 architecture [18] for building a di-
rect regression network, and reordered BN, ReLU, and Conv
layers according to [19]. We removed the first convolutional
layer and pooling layer from the original network because in-
put image resolution is limited. Figure 7 shows the network
architecture we use.

The input of the network is 18 x 10 x 5 capacitive image,
and the output is 3 x 20 values that represent 2.5D coordinate
JZSP of 20 joints in one hand, which is directly estimated
from the network. We employed L; norm (the sum of ab-
solute difference of the components of the vectors) for loss
function.

Heatmap Detection Network

We followed latent 2.5D heatmap regression architecture [27]
for building a heatmap detection network. Figure 8 shows the
network architecture we use, employing hourglass architec-
ture [37, 40] with a fixed number of channels. The differ-
ence from Igbal et al.’s implementation is that we removed
pooling layers from the input block and reduced the number
of stacked size of hourglass network architecture due to the
small resolution input image.

The input of the network is 18 x 10 x 5 capacitive image
and the outputs are 2 x 20 (u,v) and 1 x 20 (w) values that
represent 2.5D representation 22 of 20 joints in one hand,
which is estimated via latent heatmap representation in the
network. The output of the last convolutional layer contains
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Figure 8. Structure of the heatmap detection network. The overall
structure of the network (Left). The Down and Up block represents the
structures illustrated on Right. The dotted line represents a skip connec-
tion that concatenates an image pass-through from the previous layer.
Cony stands for convolution, and ReLU for rectified linear unit activa-
tion function.

latent heatmap H* and latent depth map D* for each joint. La-
tent heatmap of k' joint Hj, was converted to J,ED = (ug,vi)
coordinates of each joint through spatial softmax and soft-
argmax functions below:

exp(BcHy (u,v))

H, =
k) = o exp(BHL ()

&)

JgD = Z Hk(uvv) ’ (u,v), (6)

u,veQ

where J,%D represents the estimated values of the network, B
represents temperature parameter for k&’ joint, and Q repre-
sents all pixel coordinates in the image. Latent depth image
Dy was multiplied with heatmap Hy, for extracting depth of
each joint and converted to Wy for each joint using the follow-
ing equation:

Wk: Z Hk(u7V)ODl*((u7V)a (7)

u,veQ
where circle operator means element-wise multiplication.

We used normalized value [-1, 1] to represent (u,v) coordi-
nate on the capacitive image, while using w as vertical dis-
tance in meter, and defined loss function as follows:

L(ZP) = Ly (22, J2P) + oLy (v, wi)- ®)

We employed L; norm for loss function, and selected 25 for
scaling parameter o for equating the scale of two losses.

Training Parameters and Additional Details

We use a stochastic gradient descent optimizer with a mo-
mentum of 0.9 for training both networks. The training was
done with a batch size of 32 for 70 epochs, and the model with
the lowest validation error is stored. The learning rate was
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decayed by a factor of 10 every 30 epochs, which is started
from the initial learning rate of 0.03 for the direct regression
network and 0.001 for the heatmap detection network. We de-
fined these learning parameters based on the learning curve of
each network architecture. All trainable values of each net-
work are initialized with Glorot uniform function [15] except
temperature parameter f3; in Equation 5, and f; is initialized
with a constant value of 200. We implemented each network
using Keras [8] with TensorFlow [1] backend.

Dataset recording, training, and evaluation were done only
with the right hand. For real-time demonstration, we flipped
the input capacitive image and output position of the right-
hand model for applying the result to left-hand estimation.

EVALUATION

We evaluated the performance of two types of models using
the mean of absolute error (MAE), which is Euclidean dis-
tance between ground truth 3D joint position and estimated
3D joint position, which is converted from a 2.5D representa-
tion (u,v,w) to a 3D position (x,y,z) before evaluation, using
Equation 2.

We performed leave-one-out cross-validation using a one-
subject-out dataset to assess the performance of our networks
against unseen hands, which is the most important metric for
delivering our method to users worldwide. We trained 12 dif-
ferent models with one-subject-out datasets first, and tested
each model with the dataset of the excluded subject. Ta-
ble 1 shows the MAEs of models trained with one-subject-
out datasets. Estimation error of subjects at the edge of the
distribution (4, E, J, L) in Figure 5 are relatively larger than
that of other subjects in both network architectures.

We also performed an evaluation using the percentage of cor-
rect keypoints (PCK) metrics [2] and the percentage of cor-
rect frame (Frame PCK) metrics [47]. Figure 9 shows the
result of each model and a result of the VGG19 [41] network,
which we chose for the baseline of an unmodified simpler
network. Although the comparison of the direct regression
model and the heatmap detection model in previous research
reported that the heatmap detection model performs better
than direct regression for pose estimation from a camera im-
age [27, 56], our result of adopting these network architec-
tures to the capacitive image shows the opposite result.

Comparison to Other SOTA Hand Pose Estimation Method
Performing comparison to another method is not simple, be-
cause there is no available dataset that contains the simulta-
neous recording of capacitive image and other input data for
them, however, comparing our performance with other com-
petitive methods would be informative.

Comparing to another estimation method using a capacitive
image, Le et al. [32] evaluated their estimation error of fin-
gertip position of five fingers using a dataset of 2 subjects,
while the model is trained with 14 subjects. Their result of
Euclidean distance in 3D space is 15.2 mm, which is larger
than our mean MAEs. We also calculate the mean MAEs of
only fingertip positions from our result; 16.60 mm for direct

Paper 583

CHI 2020, April 25-30, 2020, Honolulu, HI, USA

regression and 17.81 mm for heatmap detection. The estima-
tion results of fingertips are worse than theirs; however, their
recording only includes movements near the sensing elec-
trodes while holding a smartphone, whereas our recording in-
cludes movements away from the controller surface, which is
a more challenging task.

Comparing to a glove based method, Glauser et al. [14] eval-
uated their accuracy with one-subject-out datasets of 10 sub-
jects. Their result of mean MAEs of joint angles of unseen
hands is 7.6 deg when one-minute calibration is available and
8.3 deg without calibration. We calculated MAEs in the same
metrics of Tkach er al.’s representation of hand pose [49],
and the mean of the converted MAEs are 11.33 deg for the
direct regression model and 13.67 deg for the heatmap detec-
tion model. This suggests the glove based method is suitable
for precise finger tracking applications, such as motion cap-
turing. However, our methods have an advantage in the ease
of use since it can track finger movement when just grabbing
a controller without wearing anything.

Comparing to CV based methods, the best MAE results for
unseen hands in HIM2017 competition [56] is 10.6 mm of
RCN-3D [21] and mean MAEs of Top 5 network architec-
ture is 11.9 mm, while all networks are trained with five
subjects and evaluated other five subjects of BigHand2.2M
dataset [S7]. If joints are occluded from cameras, the results
decrease to 14.6 mm of V2V-PoseNet [36] and 15.2 mm. Al-
though the MAE value is dependent on the evaluation dataset,
the result in Table 1 suggests that our model has comparable
performance to SOTA CV based algorithms.

Comparing to a commercial product, we evaluated the per-
formance of the Valve Index controller. We recorded ground
truth joint angle of open-close movement of 11 subjects (A to
L; except H) and estimation result acquired from the Skele-
tal Input API of SteamVR 1.8.21 with VRSkeletalMotion-
Range_WithController option, which provides the most accu-
rate pose compared to the actual hand pose. The mean estima-
tion errors of DIP and PIP joint angles of thumb, and DIP, PIP,
and MCP angles of the other four fingers are 20.09 deg and
12.98 deg, while ours are 8.88 deg and 7.12 deg for the same
movement of the direct regression model. We conducted a
further experiment in terms of user perception using our arbi-
trary hand pose demonstration (Figure 11; BottomLeft). We
recruited 20 new subjects (17 males and 3 females; 19 right-
handed and 1 both-handed) and asked them to answer five
questions while playing the demonstration. Half of them were
asked to hold our prototype in the right hand and Index con-
troller in the left hand, while the other half were asked to hold
them in the opposite hand. The questions consist of two ques-
tions regarding thumb (Q1, Q2), two questions regarding fin-
gers (Q3, Q4), and one question regarding overall impression

(Q5).

Q1 "How accurate do you feel the bending thumb (angle of each joint) on
the screen is? Score 1 (completely wrong) to 7 (completely accurate)"
Q2 "How broad is the range of the reflected motion (variation of the move-
ment)? Score 1 (reflecting only one pattern of movement) to 7 (reflecting

every movement of entire range)"

Q3 "How accurate do you feel the bending four fingers (angle of each joint)
on the screen is? Score 1 (completely wrong) to 7 (completely accurate)"
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Model \ -A -B -C -D -E -F -G -H -1 -J K -L| Mean
Direct Regression 1508 9.444 8858 7.592 13.61 10.28 1098 10.28 10.69 1249 9935 1294 | 11.02
Heatmap Detection | 16.24 10.16 9.559 8400 13.67 1129 11.01 1090 12.11 12.67 1147 1397 | 11.79

Table 1. Cross-validation using one-subject-out training datasets. Each model is trained with one-subject-out datasets and evaluated with the excluded
subject. - A to - L column represents the excluded subject, and Mean column are the mean of values of each row. All values in the table are MAE of
estimated joint position in millimeter. MAEs of direct regression model are smaller than that of heatmap detection model with all subjects.
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Figure 9. Percentage of correct keypoints/frames of each model. Each curve in the left plot represents the percentage of keypoints estimated within
a specific error threshold, while curves in the right plot represent the percentage of correctly estimated frames. Direct regression model outperforms
heatmap detection model in both metrics.
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Figure 10. Perceptional difference between two controllers in the ap-
plication. Boxes and vertically extending lines represent the minimum,
lower quartile, upper quartile, and the maximum score of each question.
The thick line and the cross marker in the box represent the median and
mean of the scores. Our prototype earned significantly higher scores
with p < 1e-4 ) p < 1e-3 ***)_and p < 1e-2 **) for Wilcoxon signed-
rank test.

Q4 "How far is the maximum distance of reflected motion away from the
controller surface? Score 1 (reflecting only when finger touches) to 7
(reflecting every movement of entire range)"

Q5 "How much do you feel the virtual hand matches your hand movements?
Score 1 (not at all) to 7 (completely matching)"

The skeletal movement of the Index controller was ob-
tained with VRSkeletalMotionRange_WithoutController op-
tion, which provides a retargeted natural motion as if the
user does not hold a controller. Our scores of each question
(Figure 10) were significantly better than those of Index con-
troller, in particular, regarding thumb. Before both recording
and experiment using the Index controller, we asked subjects
to keep drumming their fingers at least one minute so that
SteamVR driver can calibrate for their hand correctly.
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Estimation Accuracy and Size of the Networks

For confirming that our network comparison result is univer-
sal and independent from small changes in the network ar-
chitecture, we conducted the same comparison while varying
the size of networks. We modified the width of each layer
of the networks described in Figure 7 and Figure 8 to half-
size (Half) and twice-size (Twice). The numbers of param-
eters of half-, normal-, and twice-size networks are 2.8 M,
11 M, and 44 M for the direct regression network, and 4 M,
16 M, and 64 M for the heatmap detection network. Table 2
shows the change of the mean of MAEs depending on the net-
work size. Estimation error decreases as the size of the net-
work increases; however, the direct regression network per-
forms better in all network sizes.

Estimation Accuracy and Number of Electrodes

The smaller number of the electrode is preferred considering
cost since the number of input channels relates to the man-
ufacturing cost, and small input resolution also can keep the
computational cost low. Therefore, we conducted a further
investigation of the relationship between the number of the
electrodes and the estimation accuracy. We generated pseudo
datasets of other numbers of electrodes using a recorded
dataset with the current prototype, without paying additional
effort to create another prototype.

We replaced each value of two successive electrodes with the
mean value of them in the original image for simulating the
capacitive image from a smaller number of electrodes. Com-
pared to the original image that has 62 different values, verti-
cal drop image has 31, horizontal drop image has 34, and both
drop image has 17 different values in the image. We refer to
these images as V 1/2, H 1/2, and 1/4 in Table 3. Estimation
error of both models increases when the number of electrodes
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Half  Normal Twice

1126  11.02 10.84
1191 1179 11.73

Table 2. Estimation error and size of networks. Half and Twice repre-
sents the size of the network relative to the Normal network. All values
are MAE of estimated joint position in millimeter. The direct regression
model performs better, regardless of the network size.

Model ‘

Direct Regression

Heatmap Detection

Model ‘ Orig Viez H1/2 1/4

11.02 13,51 13.58 16.35
11.79 13.25 1390 15.63

Table 3. Estimation error and number of electrodes. Orig stands for
the original resolution (64ch), V 1/2 for half vertical resolution (31ch),
H 1/2 for half horizontal resolution (34ch), and 1/4 for quarter resolu-
tion (17ch). All values are MAE of estimated joint position in millimeter.
MAE:s increase along with the decrease of input number of electrodes.

Direct Regression

Heatmap Detection

decreases. However, a smaller number of electrodes can keep
computational and manufacturing costs low. Thus, for an ap-
plication in which cost or computational resource is limited,
we can choose the input number of electrodes depending on
the required estimation accuracy.

Note that we just equalized adjacent pixels in the input image
for simulating a lower number of electrodes, and the size of
the input image is not changed. The same network architec-
ture (Figure 7, Figure 8) is used for this evaluation to solely
assess the effect of the change of input electrode number.

Estimation Accuracy and Pose Variation in the Dataset

A smaller dataset is preferred for recording, but limited hand
pose variation could diminish the performance of the trained
network. Thus, we performed leave-one-out cross-validation
using a one-pose-out dataset to assess the performance of un-
seen poses, so that we can understand whether the perfor-
mance is independent of a specific pose in the training dataset,
which is essential in the real world usage.

Table 4 shows the MAEs of models trained with one-pose-out
datasets, and the mean value of them. Estimation error of fin-
ger movement away from the device surface such as trumpet
and spread is relatively large among all poses in both network
architectures. This is because the change of capacitance rel-
ative to finger movement becomes smaller while being away
from the sensor electrode, and sensing these poses is more
difficult than other poses. On the other hand, open-close,
thumb-rotate, and thumb-bend have relatively small estima-
tion errors even if excluded from the training dataset, so these
movements can be removed from the dataset for minimizing
the effort of data recording.

APPLICATIONS

We implemented our hand pose estimation algorithm into
demonstrations working in real-time at 90 fps on Intel Core
i7-6950X 3.0GHz CPU and NVIDIA GTX1080 GPU. The
demonstration contains scenes of interacting with objects
in VR, including dexterous manipulation of small objects
as well as non-verbal communication using five finger mo-
tions (Figure 11). Joint position estimation is performed by
the direct regression network running on GPU.
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A1l

-

Figure 11. Example applications using hand pose estimation. Object in-
teraction using hands in VR, including dexterous manipulation of small
objects (TopLeft, TopRight, BottomRight). Non-verbal communication
using five finger motions (BottomLeft).

In the interaction demonstration scene (Figure 11; TopLefft,
TopRight, BottomRight), all interactions between fingers and
objects are fully simulated with our algorithm. After trans-
forming estimated local finger joint positions to world space
referring to VIVE Tracker [10] attached to the controller, we
performed physics simulation using a collision model of the
virtual hand, and calculate the final pose the virtual hand re-
flecting the interaction between objects in the virtual world.
When a fingertip touches on the object, our algorithm makes
a friction constraint which allows only horizontal translation
and rotation relative to the surface of the finger body at the
contact point. This constraint is made only one for each fin-
ger, and behaves as the representative constraints between the
finger and an object [46]. Once a constraint is made, we de-
fine the friction strength based on how much a finger inter-
sects into an object. We also visualize the strength of friction
with the color of each finger. The red finger represents it has
a constraint with an object with a strong friction.

Finally, the physics engine calculates the final force applied
to each object and finger, and decide the final pose of the hand
in a frame. Five finger tracking and our implementation en-
able users to precisely handle objects in an arbitrary way, not
depending on how users hold an object. For instance, users
can softly pinch small objects with index finger and thumb,
grabbing the same object with both hands for holding firmly,
and interact with multiple objects collided with each other.

Also, we developed another demonstration using Unreal En-
gine [22] to illustrate the highly flexible movement of the
estimated five fingers extending the range of expression of
non-verbal communication using hands (Figure 11; Bottom-
Left). The demonstration shows that the potential to reflect
the user’s arbitrary hand pose into virtual hands enables car-
rying user’s emotions more efficiently compared to using pre-
defined hand pose emotion.
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Model ‘ -0OC -trumpet  -bend -1234 - spread
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-TR -TB -peace - three -TEL - RnR ‘ Mean

Direct Regression | 5.833 11.51 6.879 7.641
Heatmap Detection | 7.046 12.63 8.961 9.853

10.64 5.187 5.116 8.611
1159 7.103 7.142 1031 11.61 9.828 11.84 | 9.811

9.939 7.482 9.178 | 8.001

Table 4. Cross-validation using one-pose-out training datasets. Each model is trained with one-pose-out datasets and evaluated with the excluded pose.
Each column represents a pose excluded from the training dataset, and OC stands for open-close, TR for thumb-rotate, 7B for thumb-bend, TEL for
telephone, and RnR for rock-n-roll. Values in Mean column are the mean of values of each row. All values are MAE of estimated joint position in
millimeter. The trumpet and spread poses have relatively large MAEs with both network architectures, while OC, TR, and TB poses have small MAEs.

CONCLUSION AND DISCUSSION

We built a handheld finger tracking prototype which has
62 proximity sensing electrodes on the curved surface, and
recorded datasets consisting of 11 poses from 12 subjects who
have a variety of hand size. We evaluated the performance
of two types of hand pose estimation architectures based on
previous research in CV, while 2.5D representation and joint
position projection technique are introduced for adopting the
methods on the curved capacitive image.

Suitable Network Architecture for Capacitive Images
Although heatmap detection architecture is dominant in pose
estimation in the field of CV, direct regression architecture
performs better with our dataset. Commonly used image
datasets for hand pose estimation have 320 x 240 resolu-
tion [39, 45] or 640 x 480 [51, 57] resolution. However, our
capacitive image dataset has only 18 x 10 resolution. This
limited resolution is considered to hinder the performance of
heatmap detection architecture since the architecture repre-
sents joint positions as a heatmap of image resolution. In-
creasing the number of sensing electrodes causes an increase
in manufacturing cost. In addition, making electrode sizes
smaller for placing more in the same space diminishes the
signal level of each electrode. Thus, direct regression archi-
tecture would be more suitable for capacitive images.

Re-Training the Model According to Hardware Change
The trained model is durable to small signal changes caused
by sweat on the palm or foreign objects, such as rings
and watches, as expressed in the video figure. However,
the change of the grounding condition (wireless setup) or
grounded conductive material installed nearby electrodes af-
fect the measured capacitance value [17], and cause problem-
atic estimation error. One solution for this problem is that
designing hardware so that grounded conductive materials,
such as metallic contacts of physical buttons, are installed
behind the shielding layer on the PCB for avoiding inter-
ference. Small ungrounded metallic parts like screws have
less effect on measured signals; however, the trained model
does not work with largely-changed hardware and is required
to be trained with new datasets recorded with the new hard-
ware. Transfer learning latent knowledge from the old model
trained by the previous datasets can reduce the training cost
comparing to training the new model from scratch [38]. The
multi-task learning technique could reduce the number of
recording datasets with the new hardware while avoiding
overfitting.

Difficulties in Supporting Various Hand Shapes

Current estimation accuracy of unseen hands achieved com-
parable performance to SOTA CV algorithms [56], and is suf-
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ficient for natural interaction as described in the video mate-
rial. However, performance with the hands at the edge of
the distribution in the dataset is relatively low (Table 1). This
could be problematic if we deliver our method to users world-
wide. Per-user fine-tuning training like [14] cannot be con-
ducted with our current training method realistically since we
require an optical tracking system for recording the training
dataset. For better adaptation for various hand sizes, a method
for augmenting or synthesizing the capacitive image needs to
be studied.

Hand Shape Mismatch causes Fingertip Misalignment
Our current algorithm cannot estimate the shape of users’
hands, such as the thickness of the finger, and our physics
hand model in current implementation also does not reflect
the shape of users’ hands into the simulation. These limita-
tions cause a gap between the actual hand pose and virtual
hand pose, and users feel difficulty in aligning two fingertips,
particularly when they perform pinching action. Users can
still pinch a small object if users tweak their hand pose, refer-
ring to the virtual hand they can see in the virtual world. How-
ever, this difficulty would limit the dexterous manipulation of
untrained users. Reflecting the estimated finger bone length
to the model of the virtual hand could make the gap smaller
between the shape of the virtual hand and the actual hand, and
would provide easier manipulation to untrained users.

Five Finger Tracking along with Auxiliary Input

The controller held in hand would hinder the natural move-
ment of fingers, such as picking real objects or hand-hand
interactions, and tracking bare-hand should be the right way
for the eventual natural interaction. However, physical input
buttons and sticks are still in demand for inputs with severe
timing constraints and locomotion implementations. The ad-
vantage of our method is its capability of integrating easily to
existing controllers for detecting continuous five finger move-
ments away from the button, which is crucial for a better feel-
ing of the presence of our hand in VR. Hand pose estimation
from a capacitive image enables intuitive interaction using
hand along with auxiliary physical inputs and haptic feed-
back, which is the finger tracking technology that the current
industry needs.
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