
Article https://doi.org/10.1038/s41467-024-50101-w

Stretchable glove for accurate and robust
hand pose reconstruction based on
comprehensive motion data

Myungsun Park1,2,6, Taejun Park 1,3,6, Soah Park 4, Sohee John Yoon 1,3,
Sumin Helen Koo 4 & Yong-Lae Park 1,3,5

We propose a compact wearable glove capable of estimating both the finger
bone lengths and the joint angles of the wearer with a simple stretch-based
sensingmechanism. The soft sensing glove is designed to easily stretch and to
be one-size-fits-all, both measuring the size of the hand and estimating the
finger joint motions of the thumb, index, and middle fingers. The system was
calibrated and evaluated using comprehensive hand motion data that reflect
the extensive range of natural human hand motions and various anatomical
structures. The data were collected with a custom motion-capture setup and
transformed into the joint angles through our post-processing method. The
glove system is capable of reconstructing arbitrary and even unconventional
hand poses with accuracy and robustness, confirmed by evaluations on the
estimation of bone lengths (mean error: 2.1mm), joint angles (mean error:
4.16°), and fingertip positions (mean 3D error: 4.02mm), and on overall hand
pose reconstructions in various applications. The proposed glove allows us to
take advantage of the dexterity of the human handwith potential applications,
including but not limited to teleoperation of anthropomorphic robot hands or
surgical robots, virtual and augmented reality, and collection of human
motion data.

Dexterity and versatility, clear distinctions of the human hand from
those of animals, allowmyriad functions ranging from grasping1,2 to in-
hand manipulation and even to means of communication using hand
gestures3,4. Tracking and reconstruction of the hand articulation is,
therefore, a popular topic of research with numerous applications,
including robotics5, healthcare6, gaming7, virtual and augmented
reality8. However, there have beenmany challenges in estimating hand
motions, as the humanhand is a complex body partwithmanydegrees
of freedom (DoFs) and shows large variations between individuals.
Many prior studies have demonstrated classification and reconstruc-
tion of hand poses9–13, albeit within a limited scope, providing partial
evaluations on the handmotion tracking involving only part of the full

range of finger motion, restricted hand positions, or simple applica-
tions limited to a small number of general hand poses. Such perfor-
mancesmay not be sufficient for applications, such as teleoperation of
surgical robots14, control of anthropomorphic robot hands15,16, and
clinical analysis17, which demand precise localization of the fingertips
(e.g., 1mm fiducial localization error of da Vinci system18) and detailed
posture of the hand (e.g., Kapandji score, a clinical assessment of the
thumb opposition on a scale of 0 to 1019). To replicate these hand
motions, it is essential to identify the hand configuration, which can be
characterized by both the kinematic structure and the joint motions20.
Consequently, the accurate quantification and measurement of these
two components hold significant importance.
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To quantify the joint motion, prior studies have employed strain/
bending sensors, encoders, or inertial measurement units to directly
measure the joint angles or the bone rotations21–23. Others have also
utilized Triboelectric nanogenerators to detect charge generationwith
hand motions, or actuating-sensing bone conduction methods to
analyze the mechanical waves traveling through the bones24,25. As a
counterpart, vision or magnetic sensors have been used to track spe-
cific features of the hand, such as fingertips11,26. The measured quan-
tities from either of these approaches then can be used to reconstruct
the hand configuration through forward kinematic (FK) or inverse
kinematic (IK) models, respectively, combined with the kinematic
structures. To identify the kinematic structures, vision-based
techniques27,28 have been widely used. However, these methods
require highly controlled setups and are susceptible to the orientation
of the cameras and occlusions, limiting the wearer’s free hand motion
in various environments. Other studies have manually measured the
bone lengths29,30 but the result of thismethodcan be highly dependent
on the expertise of the examiner. A more simplified approach has also
been adopted by applying the average bone lengths to all users rather
than selecting personalized parameters16, which however resulted in
large errors in FK or provided multiple or no solution in IK31,32. To
mitigate these issues, some studies have proposed the application of
complex kinematic constraints to the hand motions33,34. However, this
approach requires heavy computation and may inadvertently exclude
potential solutions. While some of these issues can be addressed
through integration of multiple sensing mechanisms, this approach
often results in bulky and restrictive systems with reduced
wearability35. There have also been attempts to reduce the complexity
of the hardware and enhance the wearability of the hand motion
sensing system, focusing on differentiating a limited number of hand
poses rather than precise estimations of the hand configuration
parameters nor its reconstruction25. Therefore, there still exists a sig-
nificant demand for a hand tracking system that overcomes these
limitations in terms of accuracy (i.e., hand reconstruction error36),
robustness (i.e., ability to reconstruct arbitrary poses35), and wear-
ability (physical comfort and compact form factor).

In this research, we propose a wearable glove capable of real-time
estimation of thewearer’sfinger bone lengths and the joint angleswith
high accuracy, all achieved through a single sensing mechanism. The
glove system is calibrated and evaluated using comprehensive hand
motion data that reflect a wide range of natural human hand motions.
Furthermore, our system is able to reconstruct complex and uncon-
ventional poses taking advantage of the simple yet robust FK recon-
struction method, making it suitable for various applications. The
glove measures the lengths and the motions of the thumb, the index,
and themiddle fingers. However, the same sensingmechanismmay be
extended to measure the rest of all five fingers that share the same
kinematic structure. Below, we outline the key features and the con-
tributions of our glove system.

First, the system uses a single strain sensing mechanism to esti-
mate both the wearer’s kinematic parameters (i.e., bone lengths) and
joint motions (i.e., joint angles) that define the hand pose. This is
enabled by the highly stretchable and flexible characteristic of the soft
strain sensors used in this study. The soft strain sensors can be pre-
stretched to fit the hand of the wearer and then be further deformed
easily by the joint movements. Therefore, the sensor signals simulta-
neously provide the information on both the bone lengths and the
joint rotations. As a result, once the glove is worn, it can immediately
start tracking and reconstructing the wearer’s hand without the need
of any prior measurements or calibration for personalization. The
compact design of our system also demonstrates a consistent per-
formance, unaffected by various factors, including position, orienta-
tion, or environmental conditions, making itself a truly wearable
system.

Second, the calibration and evaluation of our glove system rely on
a comprehensive set of ground truth data, which represents the
unconstrained and diverse hand motions expressed in the universal
joint coordinate. This differentiates our system from the previous
studies that evaluated their systems only for limited experimental
conditions and users. For example, the strain-based tracking system
was evaluatedwith the data obtained from the staticmotions of a hand
replica9, and the vision-based system was tested only for restricted
hand motions confined to a customized stage37. Another approach
with vision used datasets of fingertip positions, highly dependent on
the specific kinematic structure, and thus may not be universally
applicable to all hand configurations38. In contrast, we collected a
reference dataset that captures the full ranges of all DoFs in various
free-hand motions, expressed with joint angles. Using a customized
motion capture setup and marker layout, we captured the pure rota-
tion of eachfinger bone. Since joint angles areuniversal representation
of the human hand motion that does not depend on anatomical var-
iation between individuals4, we developed a post-processing method
that extracts the joint angles from the collected data. When trained
and tested with the comprehensive ground truth data, our system
demonstrated enhanced performance over a wider range of wearers
and diverse hand poses.

Finally, using the estimated kinematic parameters and joint
motions, expressed in the form of the bone lengths and the joint
angles, the system adopts the FK method to reconstruct the hand
poses39. The FK method does not require a complex set of kinematic
constraints often required for IK approaches40 and the reconstruction
is therefore not limited to the scope of the constraints or the training
dataset. Taking advantage of this simplicity and efficiency, we
demonstrate that our system is able to successfully reproduce the
entire range of motions of the fingers, including various degrees of
thumb oppositions, complex interactions, and unconventional poses
of the fingers through multiple applications.

Results
Overview of the glove hardware design
Glove-type soft wearable sensors have an advantage in hand motion
sensing over other types of sensingmethods as they are not limited by
occlusion, strictly controlled environment11,41, or bulky and rigid
components42,43. Here, we present a wearable sensing glove that pro-
vides accurate and robust estimation of the human’s hand kinematic
structure and joint motion, all while ensuring comfortable wearability.
Theproposed sensing glove (Fig. 1a) consists of three key components:
a liquid-metal soft sensor layer characterized by its high sensitivity and
flexibility to accommodate hands of all sizes; a custom-designed tex-
tile glove interface designed based on the human hand anatomy and
kinematics; and a watch-type circuit board for signal acquisition and
conditioning (further details provided in the Methods section),
securely enclosed and worn on the wrist for wireless transmission of
sensor measurements. Since the kinematic structure of the ring and
the little finger joints resemble those of the index and the middle
fingers, we only test the sensing performance for estimating the
lengths andmotions of the thumb, the index, and themiddle fingers to
prove the concept of our study. This was considered to be adequate in
validating the performance of the proposed system.

Soft and sensitive liquid metal-based sensor
The top sensing layer is composed of a silicone substrate (Ecoflex 00-
30, Smooth-On, 100% modulus: 69 kPa, elongation at break: 900%)
embedded with nine traces of eutectic Gallium–Indium (eGaIn), a
room-temperature liquid metal44. The soft and stretchable substrate
can accommodate a wide range of movements and conform to irre-
gular contours of the humanhand45,46. The liquid-metal traces are used
tomeasuredeformations of the hand as it conforms to the geometrical
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changes of the soft substrate during stretching, resulting in changes in
resistance47.

The sensing layer and the layout of the traces were strategically
designed to simultaneously measure both the finger bone lengths and
the joint motions. The dimensions of the sensing layer were inten-
tionally designed to be smaller than the size of the hand, and when
initially donned by the wearer, it must be stretched to adequately
encompass all three fingers (Fig. 1b). This initial stretch of the sensors
provides a preliminary estimation of the hand size and finger bone
lengths. The positions and the orientations of the nine eGaIn traces
were also designed to measure strains caused by motions of the 10
DoFs of the seven joints listed in the Methods section (Fig. 1c). During
hand motions, the eGaIn traces of the sensing layer are further stret-
ched or relaxed resulting in changes in resistance, providing infor-
mation on the dynamic joint angles as well as the finger bone lengths.
Further details on the estimation method will be discussed in the fol-
lowing subsections.

The mechanical structure of the sensing layer was designed to
increase the resolution of liquid-metal soft strain sensors, resulting in
accurate measurement of the bone lengths and the joint angle. One
approach to increase the sensitivity of the liquid-metal strain sensors is
to design the substratewith a combination ofmultiple elastomer strips
with different stiffnesses48. These sensors are also known for their
reliability in prolonged and repeated loading cycles, as demonstrated
in previous studies48, which overcomes the structural limitation often
faced by soft, stretchable sensors. We thus employed this approach,
creating the stiffness variations by altering the thickness of the sub-
strate with a single material, as shown in Fig. 1b. This method not only
enhanced the structural integrity of the sensor but also improved the
sensitivity (gauge factor: 3.4).

Hook-and-loop (Velcro®) patches were bonded to the bottom
surface of the sensing layer to anchor the layer onto the textile glove
interface. By securing the layer onto the middle of each finger bone,
each sensorwas positioneddirectly over eachfinger joint (Fig. 1d). This
anchoring method serves multiple crucial purposes, contributing to
the reliability and repeatability of the glove system. Firstly, the anchor
points serve as fixed reference points, not allowing rotation or dis-
placement and ensuring all the sensors are subjected to uniaxial ten-
sion only. Consequently, we can safely assume that the sensor signals
are only affected by the strains resulting from the joint rotations.
Secondly, the anchoring method not only enforces an injective

relationship between the sensor signals and the joint angles but also
minimizes coupling between the sensor signals. This means that every
set of the sensor signals is unique to a combination of the joint angles
and the bone lengths, representing a distinct hand configuration.
Finally, the anchor points also provide a consistent and repeatable
method for attaching the sensing layer. This is particularly important
as the systemmust fit and track different hands with various sizes. The
placement of the anchor points at the midpoint of the bones is easily
identifiable for all hands, allowing for the consistent attachment of the
sensing layer to the hand with minimal deviations in the sensor signals
across repeated trials. Fabrication of the soft sensing layer is described
in the Methods section and Supplementary Fig. 1, and the sensor sig-
nals during repeated trials are shown in Supplementary Fig. 2.

Custom textile glove interface
A customized textile glove was used as an interface between the sen-
sing layer and the wearer’s hand (Fig. 1a). This interface serves the
purpose of providing robust anchor points that effectively decouple
the joint rotation of each finger from those of the other joints while
minimizing any physical interference or discomfort caused by sensors.
Figure 1d depicts an example X-ray image of a male human hand. In
order to allow natural finger movements without restrictions, the
fabric surrounding the finger and the thumb joints must allow large
deformations. Simultaneously, other parts, such as the finger bones
located between the joints or on the back of the hand must provide
sturdy anchoring points that maintain their positions relative to the
wearer’s hand. Therefore, elastic and inextensible fabricswere selected
and patterned to provide a tight fit over the hand during dynamic
motions, facilitating comfortable joint articulation. This approach also
guarantees that all deformations are solely induced by the finger
articulations. Further details are discussed in the Methods section and
Supplementary Tables 1 and 2. Supplementary Video 1 (highlights
provided in Supplementary Information) is provided to show the
anchoring process of the sensing layer, and also various handmotions
that cover the full range of motion of the fingers, in comparison to a
bare hand.

Overview of collecting, modeling, and post-processing for
comprehensive dataset
The fundamental goal of our hand tracking system is to accurately
quantify and measure the wearer’s kinematic structure and the joint

Fig. 1 | Glove hardwaredesign. a Schematic diagramof the proposed glove system
hardware comprising the soft sensing layer, the textile glove interface, and the
watch-type circuit board shown with the hand of the wearer. b Image of the initial
state of the soft sensing layer (left) and its pre-stretched state (right) when
anchored onto a medium-sized hand; the inset images show the multi-stiffness
substrate structure and its characteristic deformationwhen stretched. c Placement

of the liquid-metal sensor traces with respect to the hand. M middle, I index, T
thumb, PIP proximal interphalangeal, IP interphalangeal, MCP metacarpopha-
langeal, CMC carpometacarpal, flex flexion, abd abduction. d Design of the textile
glove interface composed of elastic fabric for unrestricted hand motion and hook-
and-loop textile for anchoring; their positions are shown with respect to the finger
bones of the wearer.
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motion. To meet this goal, we must calibrate and evaluate the system
using comprehensive training data that reflects the vast range of free
hand motions. In the following subsections, we describe the proce-
dures employed to acquire comprehensive ground truth data of the
hand motions. We first present the motion-capture setup utilized for
collecting raw hand motion data. Subsequently, we explain the details
of the FK hand model on which our joint angle processing and hand
reconstruction methods are based. Lastly, we discuss the post-
processing method to extract the joint angles from the raw motion-
capture data. Since these joint angles are not dependent on the var-
iations in hand anatomy, this method allows the captured data from
any subjects to be applicable to the general FK model to represent a
wide range of wearers.

Motion-capture setup to collect comprehensive motion data
Figure 2a shows the experimental setting for collecting diverse and
unconstrained hand motion data which were used to calibrate and to
evaluate our system. A commercialized motion-capture system (Opti-
Track, NaturalPoint) was used to track the rotation of each bone. In
various prior studies49, retroreflective markers were attached to the
finger joints, and their positions were tracked to calculate rotation of
the finger bones through the difference between two consecutive
vectors, formed by neighboring markers. While this method is simple,
it is highly susceptible to uncertainty in localizing the exact joint
positions on the deformable skin, particularly during motion50.
Instead,weused threemarkers (3mmdiameter) todefine eachboneas
a rigid body to directly measure its rotation, which did not require
precise positioning of the markers49,51. Since the human hand is a very
small target52,53 with a large range ofmotion, it is difficult to resolve the
neighboring markers and avoid self-occlusions if the markers are
directly attached to the fingers20,54. Therefore, we designed custom
frames that protruded the markers outwards to provide enough
spaces (>30mm) between the markers and to prevent self-occlusion
during the motion. These frames were attached to the anchor posi-
tions of the glove (Fig. 1d) to ensure that themovements of the frames
were driven only by the rotation of the corresponding bone.

Forward kinematic hand model for various hand anatomy
Figure 2b displays the FK hand model in its zero pose that we used to
reconstruct the hand poses. In this model, we quantify the hand con-
figuration using the bone lengths, the joint angles, and the anatomical
parameters (α, γ). Detailed description of the variables, the zero pose,
and the local frames of the kinematicmodel displayed in the figure are

provided in the Methods section. Since our metacarpophalangeal
(MCP) and the Interphalangeal (IP) joints move with one DoF, by
assigning the local frames in a specific orientation with the abduction
offset α*

abd and the roll offset γ*roll, the rotation of the proximal pha-
lange and the distal phalange can be expressed using a single flexion
angle. These specific offset values, which will be referred to as true
offsets hereafter, depend on the anatomy of the individual and can be
identified by analyzing the rotations of the bones during handmotion.

Post-processing for identifying hand anatomy and extracting
joint angles
We identified the true offsets from the raw bone rotations obtained
through the motion capture system by expressing the rotation matri-
ces of thumb metacarpal bone (MB) (Rmeta θCMC,flex

� �
) and the thumb

proximal phalange (Rprox θMCP,flex

� �
) in the global frame, by assigning

arbitrary offsets. We then determined the true offsets as the optimum
offset values that align the axes of flexion motions of the bones.
Detailed description of the identification method is provided in the
Methods section.

By assigning the local frames on every bone and phalange based
on the identified offsets, relative rotations between successive rigid
bodies were calculated. For 1-DoF joints (PIP of the index and the
middle finger, IP and MCP of the thumb), the angles in axis-angle
representation of the relative rotations were regarded as the flexion
angles55. For 2-DoF joints (MCP of the index and themiddle finger, and
CMCof the thumb), we interpreted the pitch and the yaw angles of the
relative rotations as the flexion and the abduction angles since the true
offsets result in negligible roll angles.

We confirmed that the reconstructed hand poses using the hand
model from Fig. 2b and the post-processed joint angles were able to
accurately represent the target hand poses, as shown in Fig. 2c. Here,
the motion of the ring and little fingers were not directly measured by
themotion capture system. Their joint angles were assumed to be two-
thirds and two-fifths of the corresponding joint angles of the middle
finger, respectively, based on the concept of kinematic synergies of
hand grasps56,57 for visualization purposes. The poses on the left
(grayscale) were reconstructed by direct application of the 21-DoF raw
motion-captured bone rotations to the finger bones. The poses on the
right (colored) were reconstructed by inputting the processed joint
angles through the method described above into the 10-DoF hand
model in Fig. 2b. It is apparent that the proposed method is able to
reproduce the original poses by correcting unnatural motions
(Fig. 2c–i) that result from the redundant DoFs.

c - i c - ii

Reconstruction by
raw mocap data

Reconstruction by
post-processed data

b

MB (Rmeta)

α

γ

θMCP,flex

θCMC,flex

DP

MP

PP

DP

x

zy
Rbase

PP (Rprox)

T IP (1)
T MCP (1)
T CMC (2)
I/M PIP (1)
I/M MCP (2)

Joints (# DoF)
a

3 Retroreflective markers
for each bone

Custom frame for
marker attachment &

Motion capture cameras

X

ZY
Rs

Fig. 2 | Collecting, modeling, and post-processing of the comprehensive hand
motion dataset. a Motion-capture setup for collecting hand motion data with
custom retro-reflective marker frames to define the rigid body of each finger bone
(left), and custommotion-capture camera stand (right). b Forward kinematic hand
model at zero-pose showing the local frame of eachfinger bone, the joint positions,
and the parameters defining the wearer’s hand anatomy. Rs, Rbase, Rmeta, and Rprox

represent the global motion-capture frame, the local hand base, metacarpal bone,
and proximal phalanx frames, respectively. α, γ, and θ represent abduction offset,
roll offset, and joint angles. M middle, I index, T thumb, DP distal phalanx, MP
middle phalanx, PP proximal phalanx, MB metacarpal bone. c Reconstruction of
hand poses using the raw motion-capture data (grayscale) and the post-processed
data (colored).
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Overview of bone lengths and joint angles estimation
Our glove system takes advantage of the stretchable sensor mechan-
ism to attain information on both the bone lengths and the joint
angles. The initial stretch of the sensor when it is worn on the hand,
provides the initial estimation of the wearer’s bone lengths. After-
wards, the sensor signals obtained during dynamic hand motions are
used to refine this estimation as well as estimate the joint angles. The
system is calibrated and evaluated for general wearers using the
comprehensive ground truth data discussed in the previous
subsections.

Initial estimation of bone lengths using initial sensor signal
The underlying assumption for deriving the initial estimation of the
bone lengths from the initial sensor signal is that a unique set of sensor
signals is generated by each different hand anatomy thanks to the
design of the consistent anchor points in Fig. 1d. We collected data
from thirteen subjects (nine males and four females) to test this
assumption and characterize the estimation model. Details on the
testing procedure and characterization method will be described in
theMethods section and Supplementary Note 1, Supplementary Fig. 2,
and Supplementary Fig. 3. The results of the initial bone lengths esti-
mation are summarized in Table 1 (absolute estimation error in mm
and normalized absolute estimation error by the bone lengths in %).
Themean absolute errors averaged over all bones was 2.06mm, ~6.9%
of the target bone lengths. The results of the initial bone lengths
estimation of all 13 subjects are presented in Supplementary Table 3.

Real-time refinement of bone lengths using signal distributions
Once the wearer starts moving the fingers, the change in the sensor
signals form a unique distribution depending on the hand size, which
can be used to further refine the initial estimations made in the pre-
vious subsection. Based on the Bayes rule58, we refined the bone
lengths using the subsequent sensor signals collected from the thir-
teen subjects while they were moving their fingers. The hand motions
were constrained to the poses illustrated in Fig. 3a to simplify the
problem. Detailed descriptions of the experiments, fitting of the sen-
sor distributions, and the refinement method are provided in Method
section. An example of the fitted likelihood of the sensor signals is
presented in Fig. 3b. The detailed description of the figure is also
provided in the Method section.

However, the Gaussian assumption for the distribution of sensor
signals and the following analytical solutions, as presented in the
Methods section, may be invalid for arbitrary motions not shown in
Fig. 3a. To release this constraint, i.e., to allow thewearer tomove their
hand more freely while updating the bone lengths estimation, the
design of the likelihood functionmay have to be non-Gaussian and the
posterior should be calculated using different methods59,60, which we
leave for future work.

Figure 3c, d exemplify how the update algorithm refines the bone
length estimation in three subjects (two males, one female). For all
three subjects, the average estimation error (Fig. 3c) of the ten bone
lengths continuously decreased with time as the subjects moved their
hands. After 400 s, the average error was reduced by 12.9%, 16.3%, and

Table 1 | Mean and standard deviation of the absolute errors in initial bone lengths estimation collected from 13 subjects, in
length (mm) and normalized value (%) by the true bone lengths

Absolute error in initial bone lengths estimation (mm)

Bones I DP I MP I PP M DP M MP M PP T DP T PP T MB Average

Mean 1.70 1.68 2.79 2.15 1.62 2.77 1.75 2.18 1.93 2.06

Standard deviation 1.21 1.23 1.85 1.13 1.26 2.65 1.14 2.02 1.68 1.57

Normalized absolute error in initial bone lengths estimation (%)

Bones I DP I MP I PP M DP M MP M PP T DP T PP T MB Average

Mean 7.88 7.67 7.57 9.20 6.29 6.69 6.48 5.75 4.88 6.93

Standard deviation 5.97 5.99 5.21 5.06 4.89 6.93 4.88 4.48 4.25 5.30

I index,M middle, T thumb, DP distal phalanx, MP middle phalanx, PP proximal phalanx, MB metacarpal bone. Source data are provided in the Source Data file.

Fig. 3 | Real-time refinement of bone lengths using signal distributions.
a Collection of hand poses conducted for the refinement of bone lengths estima-
tion. All motions were restricted to these eight poses. IP interphalangeal, MCP
metacarpophalangeal, CMC carpometacarpal, PIP proximal interphalangeal, flex
flexion, abd abduction. b Histogram of the sensor signals of I-M abd. in Fig. 1c
collectedover the handmotion test; itsGaussian approximationdefinedby the true

mean and variance of the histogram, and the estimated distribution defined by the
mean and covariance estimated from the subject’s bone lengths. c Plot of average
estimation errors of 10 bones with respect to time of continuous hand motions,
shown for three participants (P1—P3). d Graphical representation of the estimated
and truebone lengths of the threeparticipants (P1—P3). Sourcedata are provided in
the Source Data file.
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8.3% for each subject from their initial estimates. This refinement
produced amore accurate estimation of the bone structure that better
resembled the true hand, as graphically depicted in Fig. 3d. The results
of the refined bone lengths estimation of five subjects are summarized
in Supplementary Table 4.

Real-time estimation of joint angles
To calibrate and test the joint angle estimation model, we first
collected a comprehensive hand motion dataset. The motion data
were collected from two groups of subjects: (1) self-calibration
group (one male, one female) provided the calibration and the test
data, and (2) non-calibration group (one male, one female) only
provided the test data. During the experiment, the subjects per-
formed diverse and unconstrained hand motions that utilized the
full range of motion of each finger joint. The poses are partially
shown in Fig. 4a, b.

Figure 4c visualizes the correlation between the joint angles and
the sensor signals in the calibration data. This map presents dominant
diagonal elements, which represent a strong correlation between the
joint angle of each finger and its corresponding sensor signal (Fig. 1c),
as well as significant off-diagonal elements attributed to the synergetic
nature of the hand motions56,57 and mechanical coupling between the
sensors. Based on these relationships between the sensor and the joint
angles, a system model with a state (xk 2 R10×6) of the joint angles
captured in the previous 0.1 s (series of 6 data points at 60Hz) and the
sensor observation (yk 2 R9) was defined as

xk+ 1 =Axk +wk,

yk =Hxk + vk,

wk ∼N 0,Qð Þ,vk ∼N 0,Rð Þ
ð1Þ

Details on implementing this linear model for the joint angle
estimationwill be described in theMethods section. The bottom line is
that, in this study, we categorized the subjects into small and large
hands and separately calibrated to compensate for different levels of
pre-stretching and to achieve accurate estimation.

The results of joint angle estimation (the mean absolute errors of
each joint) are summarized in Table 2. Figure 4d shows the result of the
large hand subject in the self-calibration group, comparing the time
trajectories of the estimated and the true (motion-captured) joint
angles. For all hand sizes, and for both self-calibrated and non-
calibrated subjects, the average angle estimation outperformed the
off-the-shelf hand tracking systems evaluated in16. Although the errors
in the non-calibration group were larger than those of the self-
calibration group, the calibration method can be further refined with
more dataset of various hand sizes, and the systemmay be universally
adopted for a large range of arbitrary wearers with a high accuracy.

Fingertip position estimation
First, we conducted a quantitative analysis of the hand pose recon-
struction by predicting the fingertip positions. Retroreflectivemarkers
were attached to the fingertips, and their positions were tracked while
the wearer moved the hand with the glove. The test setup and the
procedures are described in Fig. 5a and theMethods section. Figure 5b
and Fig. 5c-i compare the reconstructed and the ground truth (motion-
captured) 3D fingertip trajectories for the small and the large hands,
respectively, and Fig. 5c-ii depicts the time trajectory results for the
large hand. The mean absolute errors of the fingertip tracking test are
presented in Table 3.

Overall, the reconstructed trajectories coincide with the ground
truth. However, it underestimated the range of the motions and the
result of the smaller hand also showed distorted trajectories in space.

Fig. 4 | Real-time estimation of joint angles. Collection of hand poses conducted
during the calibration (a) and the evaluation (b) for the joint angle estimation.
cGraphical representation of the correlation between the joint angles (vertical) and
the sensor signals (horizontal) in calibration dataset. d Plot of the time trajectories

of the estimated and true joint angles for the large hand subject in the self-
calibration group. T Thumb, I Index, M Middle, IP interphalangeal, PIP proximal
interphalangeal, MCP metacarpophalangeal, CMC carpometacarpal, flex flexion,
abd abduction. Source data are provided in the Source Data file.
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These errors weremost likely generated by the combined effect of the
errors in the joint angles, thebone lengths, and thehand anatomy (αabd

and γroll). The underestimation of thefingertip positionswas a result of
the underestimated joint angles, as shown in Fig. 4d as well as the
errors in the bone lengths. The distortion in the thumb motions is
attributed to the errors in the abduction and the roll offset that
decouple the abduction and the flexion motions.

Nevertheless, themean absolute 3D position errors were 3.24mm
and 4.02mm for the small and large hands, respectively, lower than a
half of the smallest reported error of among commercially available
hand tracking systems17. These 3D errors were both ~16% of the side
length of the workspaces, which suggests the performance of the fin-
gertip position reconstruction is consistent regardless of the
hand sizes.

Real-time hand pose reconstruction
Qualitative assessment of the proposed hand reconstruction method
was conducted by visualizing the result in a virtual environment and
comparing it to the real hand. An open-source 3D computer graphics
software tool (Blender) was used to create a virtual hand in close
proximity to the real human hand (Fig. 6a). The finger bone lengths
and the joint angles estimated by the proposed glove system are the
inputs to update the length and the rotation angle for each virtual
finger bone in real time at 30Hz. The reconstruction was based on FK,
and no additional constraints were applied to themotion of the virtual
hand. Since the ring and the littlefingerswerenotdirectlymeasuredby
the glove, their rotation angles were assumed as two-thirds and two-
fifths of the middle finger joints, respectively, for visualization pur-
poses. These two fingers were not included in the evaluation of the
performance of the glove system, which is a limitation of the glove in
its current state since other variations of precision grasps may require
independent motions of each finger for example. For a more com-
prehensive estimation of the full handmotion, the systemcan be easily
extended using additional sensors and the same post-processing
method, which we pose as future work.

We first reproduced free hand motions involving articulation of
each individual finger, as well as their combined motions. Examples of
the reconstructed hand poses are shown in Fig. 6b and Supplementary
Video 2 (highlights provided in Supplementary Information). The
reconstructed hand poses closely resembled the real hand poses,
accurately reproducing the full DoFs of the finger joints. Particularly,
the ability to successfully reconstruct contact or proximity of multiple
fingertips through FK without any kinematic constraints or tactile
sensors highlights the accuracy of the bone lengths and joint angle
estimations.

Figure 6c shows the reproduction of various grasping poses
(Supplementary Video 2 and highlights in Supplementary Information).
The virtual hand closely reflected the unique features of the grasping
poses ranging from spherical and tripod grips to precision grips (two-
fingered pinching), showing the glove performance unaffected by the
surrounding environment or contacts with the object in grasp.

We also conducted a more standardized test to evaluate the
accuracy of the glove system in reconstructing opposition of the
thumband its interactionwith other fingers using the Kapandji score19.
However, since the glove system only directly estimates the motions
and the lengths of three fingers (thumb, index, andmiddle finger), and
accurate reconstruction of the ring and little fingers are not evaluated
in this research, the testwasmodified so that the thumbmakes contact
with theDP,MP, and PPbones of the index and themiddlefingers only.
Therefore, the original scoringmetric was not applied to this modified
test. The results (Fig. 6d and Supplementary Video 3 and highlights in
Supplementary Information) suggest the proposed glove is capable of
sensing and reconstructing the opposition of the thumb as well as
accurately reconstructing various forms of interactions (contacts) of
the fingers.Ta
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Application 1: number pad typing
To demonstrate the performance and the potential of our sensing
glove for use in real-world applications, we first conducted a task of
typing a virtual number pad (Fig. 7a, Supplementary Video 4 and
highlights in Supplementary Information). Typing, although a very
mundane task, requires precise manipulation of the fingers and accu-
rate positioning of the fingertips. Since the fingertips must make
contacts with specific locations of the keys, the success of the virtual
typing largely depends on accurate estimation of the fingertip position
as well as the overall hand configuration that does not cause any
unintentional interactions with the keyboard. Since the proposed
glove was designed for the left hand of the wearer, we operated a
virtual number pad, which can be done with a single hand without
controlling the wrist motion. The workspace of the two tasks shown in
the demonstration was 80-by-60mm,which covered the entire area of
the number pad, and thereby proved the accuracy of the fingertip
position estimation in the large task space.

Application 2: shadowgraphy
Next, to prove the robustness of our system in complex and uncon-
ventional poses, we demonstrated virtual shadowgraphy. Shadow-
graphy is the art of creating distinct figures, such as animals or
humans, by projecting shadows casted by the performer’s hands. This
task requires articulate control of the hand, involving very complex,
unusual, and unique hand poses that wemay not use in our day-to-day
lives. Therefore, it is a good example that can highlight the robustness
of our FKmethod that can accurately reconstruct evenuncommonand
unnatural hand postures using accurate finger bone lengths and joint
angles estimations. As shown inFig. 7b, a set of twinenvironments (real
and virtual) was set up for real-time comparison of the casted shadows
(Details in the Methods section).

We demonstrated shadowgraphy of five animals shown in Sup-
plementary Video 5 (highlights provided in Supplementary Informa-
tion). Some differences between the real and the virtual shadows were
apparent. However, such dissimilarities can be attributed to the dif-
ferences in the relative position of each hand (virtual and real) with
respect to its environmental conditions (e.g., light, screen, or camera),

and the differences in hand contour due to the textile glove and the
sensing layer. Overall, the proposed system successfully reconstructed
complex hand poses to create all five animals.

Application 3: teleoperation of dexterous robotic hand
Wealsoperformed teleoperation of an anthropomorphic robotic hand
(Allegro Hand, Wonik Robotics), for precise manipulation of various
objects in practical situations (Fig. 7c, Supplementary Video 6 and
highlights in Supplementary Information). We carried out three dif-
ferent tasks that required dexterous and precise manipulation. The
first was manipulation of a ball on a table, repositioning the ball to a
desired location and grasping it. The next task is to control the robotic
hand to manipulate a mouse wheel, to scroll through pages of a
document. This task required accurate control of thefingertip position
so that the finger only rotates themouse wheel without pressing it and
activating a differentmouse function. Finally, a volume control knobof
an audio interface was manipulated by the robotic hand, which
required unique sequences of multiple finger motions to rotate the
cylindrical knob in both directions. The results shown in Supplemen-
taryVideo 6demonstrate thatour glove systemcanbeused to take full
advantage of the dexterity of the human hand in various practical
scenarios.

Discussion
Contributions, limitations, and future works
Hand-tracking systems have been widely studied and sometimes
commercialized, but each with its own limitations in capturing the full
dexterity of the human hand. In this work, we presented the con-
tributions to this field of research, focusing on accurate estimation of
the hand kinematic parameters and the hand motions, and also on
robust reconstruction of various and even complex hand poses. We
developed a wearable glove system, whose accuracy and robustness
were improved by utilizing (1) a FKmodel tailored to the user’s specific
anatomical structure, (2) diverse and unrestricted hand motion data
acquired through a custom-designed motion capture apparatus and
postprocessing, and (3) a compact stretchable sensing mechanism
that simultaneously measures the kinematic parameters and the joint
motions. Through various quantitative evaluations (i.e., the estima-
tions of the bone length, the joint angle, and the fingertip position),
qualitative evaluations (i.e., the reconstructed hand poses and the
Kapandji test), and practical applications (i.e., reconstruction of dex-
terous hand motions in virtual and real-world situations), we proved
thedistinguishedperformance of our hand tracking technology. Based
on the contributions presented above and other criteria, we present a
comparison of our technology to previous works and commercial
products in Supplementary Table 5.

Our technology also has a few limitations. Compared to com-
mercial products, there is room for further improvements regarding
the processing speed, the convenient user interface, and machine
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Fig. 5 | Fingertip position estimation. a Test setup for prediction of the fingertip
position using the bone length and the joint angle estimations. b 3D trajectories of
the true (motion captured) and the estimated fingertip positions for the small-

handed subject. c 3D trajectories (i) and the time trajectory (ii) of the true (motion
captured) and estimated fingertip positions for the large-handed subject. Source
data are provided in the Source Data file.

Table 3 |Mean absolute errors offingertip position estimation
in X, Y, and Z directions and the 3D space

Subject Mean absolute estimation error (mm)

X Y Z 3d 3d (Normalized)

Small hand 1.97 0.51 1.99 3.24 16.2%

Large hand 2.15 0.75 2.81 4.02 16.1%

The normalized 3D errors were calculated by dividing the 3D error with the side length of the
workspace for each subject. Source data are provided in the Source Data file.
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washability. In addition, we only demonstrated the sensing perfor-
mance of three fingers since the ring and the little fingers have the
same kinematic structure as the index and the middle fingers. While
the same sensing mechanism and post-processing method can be
extended to the tracking of the ring and the little fingers, this would
have to overcome the increased processing cost and also require a
more extensive training dataset. As was mentioned in the subsection
Real-time refinement of bone lengths using signal distributions, the
likelihoodmodel for the sensor signals should be verified and adjusted
based on a larger dataset. Moreover, the joint angle estimation accu-
racy may be further improved by adopting a nonlinear sensor model.
Finally, our wearable glove can also benefit from implementing haptic
feedback to provide a more immersive and intuitive control interface
for robot teleoperation.

Methods
Design and positioning of eGaIn traces for measurement of
joint motion
The nine eGaIn traces depicted in Fig. 1c were positioned so that the
serpentine sensing patterns were positioned above the finger joints or

in between the index and the middle finger and the thumb to
accommodate hands of all sizes. Such design of the traces was inten-
ded to measure the following 10 DoFs joint motions: flexion of the
proximal interphalangeal (PIP) and MCP joints of the index and the
middle fingers; flexion of the IP, carpometacarpal (CMC), and MCP
joints of the thumb; and abduction of the MCP joint of the index and
the middle fingers and the CMC joint of the thumb61.

Circuit board watch for wireless transmission of sensor
measurements
As shown in Fig. 1a, a flat flexible cable (FFC) connects the nine eGaIn
traces to a custom-designed and assembled printed circuit board
(PCB). The PCB consists of programmable current sources (LT3092,
Analog Devices) that feed the constant current into the sensors, the
signals of which are read by analog-to-digital converters (ADS1115,
Texas Instruments) and collected by the microcontroller unit
(STM32F103C8T6, STMicroelectronics). The collected signals are
transmitted wirelessly through a Bluetooth module (HC-06, Guangz-
hou HC Information Technology) to a host computer. Sensors are
supplied with a constant current of 8mA and sampled at 60Hz. The

Fig. 6 | Real-time hand pose reconstruction. a Armature and mesh of the virtual
hand created in anopen-source 3D computer graphics software tool (Blender).b (i)
Image of the wearer’s real hand during various free hand motions and (ii) the
corresponding real-time reconstruction of the hand poses in the virtual

environment. c (i) Image of the wearer’s real hand during three different grasping
poses (ii) corresponding real-time reconstruction of the hand pose. d (i) Image of
the wearer’s real hand during modified Kapandji test (ii) corresponding real-time
reconstruction of the hand pose.

Fig. 7 | Applications of the hand tracking system. aApplication of virtual number
pad typing of five-digit number (top) and arithmetic operation (bottom). b Real
world environment (i) and twin virtual environment (Blender) (ii) for real-time
virtual shadowgraphy. (iii) Examples of virtual shadowgraphy showing the real

hand and the shadow (left) and the virtual hand and shadow (right). cTeleoperation
of an anthropomorphic robot hand (Allegro hand, Wonik Robotics) for three
dexterous manipulations tasks: repositioning and grasping a ball, scrolling a
mouse, and rotating a volume knob.
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device was enclosed in a 3D-printed case (Onyx, Markforged) with
straps attached for wearing on the wrist.

Fabrication of the soft sensing layer
As depicted in Supplementary Fig. 1a, an Aluminum plate was coated
with an elastomer layer (Dragon Skin 30, Smooth-On) with a thickness
of 1.5mm using a film applicator (4340, Elcometer), and cured in an
oven at 60 °C for 15min. This elastomer layer was then made into a
mold by cutting themold pattern using a laser cutter and removing the
unnecessary parts, as shown in Supplementary Fig. 1b. Then, another
layer of elastomer (Ecoflex 00-30, Smooth-On), mixed with a white
pigment, was coated on top of themoldwith a thickness of 1mm above
the mold surface and cured in the oven at 60 °C for 30min. A 30mm-
long FFCwas attached to the surface using a silicone adhesive (Sil-Poxy,
Smooth-On), and the eGaIn traces were automatically printed on the
surface of the Ecoflex layer using a motorized X-Y stage (Shotmaster
300ΩX, Musashi), a pneumatic dispensing system (SuperΣ CMIII V2,
Musashi), and a laser distance sensor (LK-G32, Keyence)62. The eGaIn
traces were directly printed from the silicone surface onto the elec-
trodes of the FFC (Supplementary Fig. 1c)46. The eGaIn traces were
covered with a layer of transparent Ecoflex 00-30, 0.8mm thick, and
cured. Then, the outline of the sensing layer was cut using the laser
cutter, as shown in Supplementary Fig. 1d. Finally, patches of hook-and-
loop were bonded to the anchoring points on the back side of the
sensing layer using an instant adhesive (Loctite), shown in Supple-
mentary Fig. 1e. In designing the dimensions of the finger joint sensors,
shown in Supplementary Fig. 5, we referred to the 1st percentile female
indexfinger length as the lower limit63. Thiswas to cover as large a range
of hand sizes as possible so that the sensor would be subject to pre-
stretch when worn by the wearer.

Fabric selection and patterning in custom textile glove interface
An elastic fabric exhibiting small mass, high elongation, and recovery
rates inbothwarpandweft directionwerepositioned fromtheknuckles
to the tipof thefingers andalsobetween the indexfinger and the thumb
to allow comfortable joint articulations64. This fabric allowed the glove
to be tightly fit over the hand even during dynamic motions while
showing minimal residual elongation. The palm side of the hand was
designed with an elastic mesh fabric with high air-permeability to
ensure thebreathability overprolongeduse.We selected a combination
of inextensible woven fabric and hook-and-loop straps to cover the
majority of the back of the hand. The unique pattern shown in Fig. 1d
was designed to allow an easymode of wearing and removing the glove
as well as to constrict the back of the hand so that all deformations of
the glove are made only by the finger joint articulation. Rings of hook-
and-loop straps were fastened onto the middle of the finger bone to
provide firm anchor points that prevent slipping, rotation, and lifting of
the sensor layer during dynamic hand motions. These rings were
separate from the body of the glove so that their positions could be
adjusted according to different finger and bone lengths as well as dif-
ferent circumferences. Our selection of fabrics as well as the testing
categories for determining the fabric properties and the results are
summarized in Supplementary Tables 1 and 2. Based on the average
hand sizes of Koreanmen andwomen65, we fabricated three glove sizes
(S, M, L) to cover all hand sizes for male and female wearers.

Variables, zero pose, and local frames in FK hand model for
various hand anatomy
In Fig. 2b, the lengths of the distal, the middle, and the proximal
phalanges (DP, MP, PP) and theMB of the thumb (T), the index (I), and
middle (M) fingers are indicated. The IP and the MCP joints of the
thumb and the PIP joint of the index and the middle fingers were
modeled to have one-DoF flexion motions while the CMC joint of the
thumb and theMCP joint of the index and themiddle fingers have two
DoFs including abduction11,66,67. We assumed there was no rolling

motion of the index and themiddle fingers. In the zero pose, the index
and themiddle fingers were fully extended and aligned and the thumb
was straightened with its CMC joint fully adducted. At this state, all
fingers lie on the sameplane of the backof the hand. The local frameof
eachbone in these twofingerswasdefinedby its x-axis alignedwith the
bone lengths and the z-axis aligned with the axis of flexion. The base
frame was attached to the back of the hand. This arrangement of the
local frames was a general model that can be used to represent all
hands of different anatomy. On the other hand, the joint axes of the
thumb were not aligned with the other fingers and this misalignment
varies between individuals66. In our model, we specified this variation
by parameterizing the abduction offset (αabd) of the MB frame (Rmeta)
from the base frame (Rbase) and the roll offset (γroll) of the proximal
phalange (Rprox) from the MB (Rmeta).

Method for identifying hand anatomy (True offsets)
To identify the true offsets from the raw bone rotations obtained
through the motion capture, we first assumed arbitrary offsets, αabd

and γroll, for the thumb MB (Rmeta θCMC,flex = 0
� �

) and the thumb
proximal phalange (Rprox θMCP,flex = 0

� �
). Then, the rotation of

each bone during its flexion motion (Rmeta θCMC,flex

� �
, Rprox θMCP,flex

� �
)

can be expressed in the motion-capture global frame (Rs) as a
function of the flexion angle (θCMC,flex or θMCP,flex) and the true offsets
(α*

abd, γ
*
roll) as:

Rmeta θCMC,flex

� �
= e ωCMC,flex½ �θCMC,flexRmeta 0ð Þ
= e ωCMC,flex½ �θCMC,flexRbaseRY αabd

� �
=RY α*

abd

� �
RZ θCMC,flex

� �
RY α*

abd

� �T
RY αabd

� �

=RY α*
abd

� �
RZ θCMC,flex

� �
RY αabd � α*

abd

� � ð2Þ

=RY θ1

� �
RZ θ2

� �
RX θ3

� � ð3Þ

Rprox θMCP,flex

� �
= e ωMCP,flex½ �θMCP,flexRprox 0ð Þ
= e ωMCP,flex½ �θMCP,flexRY α*

abd

� �
RX γroll

� �
= RY α*

abd

� �
RX γ*roll

� �� �
RZ θMCP,flex

� �
RY α*

abd

� �
RX γ*roll

� �� �T
RY α*

abd

� �
RX γroll

� �

=RY α*
abd

� �
RX γ*roll

� �
RZ θMCP,flex

� �
RX γroll � γ*roll

� � ð4Þ

=RY α*
abd

� �
RX θ1

� �
RZ θ2

� �
RY θ3

� � ð5Þ

while the base frame is aligned with the global frame (Rbase � Rs = I).
Here, ωCMC,flex and ωMCP,flex represent the rotation axes of the thumb
MCP and IP joints, respectively. If the arbitrary offsets equal the true
offsets (i.e., αabd =α

*
abd and γroll = γ

*
roll), the last terms in Eqs. 2 and 4

become identity. The rotation matrices Rmeta and Rprox can be
obtained through the motion-capture system and expressed as YZX
and XZY Euler angles, as shown in Eqs. 3 and 5. Here, the elements of
the Euler angles (θ1, θ2, θ3) represent the offset, the flexion angle, and
zero, respectively. By sweeping the offset values, we can identify the
true offsets as the values that minimize θ3.

Test procedure and characterization method for initial bone
length estimation
The experimental procedures are approved by the Seoul National
University Institutional Review Board (IRB No. 2207/004-005,
approved 20/07/2022). Thirteen subjects (nine males, four females,
ages 23–31, with informed consent) were instructed to put on and
remove the sensing layer five times, during which the sensor signals
were alternately collected when the glove was worn (hand at zero
pose) and removed (sensor at rest) (Supplementary Fig. 2). The bone
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lengths of each subject weremeasured by a commercial image analysis
software package (ProAnalyst, Xcitex) (Supplementary Fig. 3). As
expected, increased sensor signals were observed in larger hand sizes
andbone lengths.We thenused theGaussianprocess regressionwhich
is amultivariate nonparametric regressionmethod to predict the bone
lengths from the sensor signals. The mean function of the regression
modelwas assumed tobequadratic in considerationof thehyperlinear
nature of the microfluidic sensors and the squared exponential kernel
function was used47,68. To evaluate the prediction, leave-one-out cross-
validation was conducted for each subject.

Real-time refinement of bone lengths using signal distributions
Once the wearer starts moving the fingers, the change in the sensor
signals form a unique distribution depending on the hand size, which
can be used to further refine the initial estimations. From Bayes rule58,
the bone lengths (x) estimation can be updated given the subsequent
sensor signals (y) as

p xjyð Þ ∼p xð Þp yjxð Þ ð6Þ

assuming that the a priori distributionp xð Þ is obtained from the initial
estimation and the likelihood distribution of the sensor signal, p yjxð Þ,
was characterized as a function of the bone lengths69. To characterize
the likelihood, we conducted additional experiments with the thirteen
subjects (ninemales, four females, ages 23–31, with informed consent)
and collected sensor signals duringdynamichandmotions.To simplify
the problem, the hand motions were constrained to the poses illu-
strated in Fig. 3a to ensure that the likelihood in Eq. 6 can be fitted as
Gaussian. For each subject, themean (μ 2 R9) and variance (σi 2 R9) of
the collected sensor signals were calculated and then linearly fitted to
the subject’s bone lengths (x 2 R10) as

μ ffi Mx = μ̂ ð7Þ

DiagðσiÞ ffi Vx= Σ̂ ð8Þ

An example of the fitted result is presented in Fig. 3b, showing the
histogram of one sensor signal with its Gaussian approximation,
Nðμ,DiagðσiÞÞ, defined by the true mean and variance of the sensor
signals, and the estimated distribution, Nðμ̂, σ̂Þ, defined by the esti-
mated mean and covariance calculated from the subject’s bone
lengths. From the Gaussian assumption, the a posteriori distribution
can be obtained in an analytic form as

x̂k = x̂k�1 +Pk�1M
T MPk�1M

T + Σ̂
� ��1

yk �Mx̂k�1

� � ð9Þ

Pk = I� Pk�1M
T MPk�1M

T + Σ̂
� ��1

M
� 	

Pk�1 ð10Þ

Here, the equation is expressed in recursive form since the esti-
mation is continuously updated in real time as the sensor signals arrive
sequentially (. . . ,yk�1,yk). Result for three of the subjects (two male,
one female, ages 23–27) have been depicted in Fig. 3c, d.

Implementation of the linear system model in joint angle
estimation
The linear system model in Eq. 1 was based on two conditions. First,
bias terms of the joint angles and the sensor signals were removed
from the state (xk) and the observation (yk). The joint angle bias refers
to the non-zero thumbCMCabduction (αabd) at the zero pose, and the
sensor bias is the initial sensor signal that was used to estimate the
bone lengths. By removing the initial sensor signal, the joint angle
estimationwas separated from thebone length estimation. Second, we

assumed a linear sensor model. This assumption is grounded on the
observation that the relationships between the sensor signals and their
corresponding joint angles are approximately linear within the range
of motion of the joint (Supplementary Fig. 4). However, since liquid-
metal strain sensors display a hyperlinear behavior in large deforma-
tions, the gradient of the linear relationship must be modified to
compensate the different levels of pre-stretching by different wearers.
In this study, we categorized the subjects into small and large hands,
and the system matrices (A, Q, H, R) of each group were calibrated by
fitting the sensor data and the ground-truth calibration dataset to Eq. 1
by the least-square method.

The sensor signals were processed and the joint angles were
estimatedusing aKalmanfilter.Weevaluated the estimations using the
test data (~65 s, Fig. 4b). Two subjectswere tested in the self-calibration
group (one male, one female, 26–27, with informed consent), and two
subjects were tested in the non-calibration group (one male, one
female, ages 25–29, with informed consent).

Test setup and procedures for prediction of fingertip position
The testswere conducted for twosubjects (onemale, one female, 26–27,
with informed consent) with different hand sizes. Each subject was
provided trajectories of a square with side lengths of 25mmand 20mm
and instructed to follow the traces with their index finger and thumb, as
shown in Fig. 5a. The sizes of the trajectories were selected based on the
workspace of each subject’sfingers. In addition, for uniform sampling of
the test data for unbiased evaluation, the subjects were guided by per-
iodic buzzer sound (every three seconds) between each stroke.

Setup of twin (real and virtual) environments for virtual
shadowgraphy
As shown in Fig. 7b, we first designed a 3D virtual environment with
a strong light casted against a hand model to project its shadow
onto the vertical plane at the back. A twin environment was set up in
the real world with a projector and a screen so that the wearer could
simultaneously cast the hand shadow onto the screen where the
virtual hand and its shadow were also displayed for comparison.
While the postures of the index and the middle fingers and the thumb
were updated in real-time based on the sensor glove’s estimations,
the postures of the ring and the little fingers were fixed to the
desired configuration since their precise postures were also required
in this application. For the case of the rabbit, an additional virtual
right hand was added, fixed in a similar way to the ring and the little
fingers.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The datasets generated in this study have been provided in the Source
Data file and have also been deposited in the Figshare database under
accession code 10.6084/m9.figshare.2573463670. Source data are
provided with this paper.

Code availability
The codes generated in this study have been deposited in the Figshare
database under accession code 10.6084/m9.figshare.2573463670.
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