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Abstract— Continuous enhancement in wearable technologies
has led to several innovations in the healthcare, virtual reality,
and robotics sectors. One form of wearable technology is wear-
able sensors for kinematic measurements of human motion.
However, measuring the kinematics of human movement is
a challenging problem as wearable sensors need to conform
to complex curvatures and deform without limiting the user’s
natural range of motion. In fine motor activities, such challenges
are further exacerbated by the dense packing of several joints,
coupled joint motions, and relatively small deformations. This
work presents the design, fabrication, and characterization
of a thin, breathable sensing glove capable of reconstructing
fine motor kinematics. The fabric glove features capacitive
sensors made from layers of conductive and dielectric fabrics,
culminating in a non-bulky and discrete glove design. This
study demonstrates that the glove can reconstruct the joint
angles of the wearer with a root mean square error of 7.2
degrees, indicating promising applicability to dynamic pose
reconstruction for wearable technology and robot teleoperation.

I. INTRODUCTION

Wearable systems invite tangible interactions with robots
in contexts such as virtual reality (VR), augmented reality
(AR), and teleoperation [1]–[3]. Recent developments in
wearable technology have incorporated soft sensing mech-
anisms for kinematic measurements [4], [5]. However, hu-
man motion invokes challenges associated with complex
curvatures and form factors to which rigid systems do not
comply. Soft sensors present a promising solution for the
challenges associated with measuring human kinematics due
to their deformability and robustness under strain [6], [7].
Notwithstanding the advantages of soft sensors, fine motor
joints present unique challenges for kinematic estimation due
to their small angular displacements, coupled joint motions,
and number of joints in close proximity.

Many sensing gloves have been designed for applications
ranging from VR to robotics [8]–[19]; however, current
solutions include bulky mechanical components and com-
plex wiring systems that impede motion and cause discom-
fort [9]–[11]. Other gloves include elastomer-based sensors
that prevent the overall breathability and washability of the
glove [15]–[19]. Here, we present a wearable sensing glove
made entirely of fabrics to minimize the amount of material
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required for sensing, while maintaining properties traditional
to garments.

Fabric-based electronics allow the tight coupling of tech-
nology into traditional garments [20]–[22]. We previously
introduced fabric-based strain sensors that can be easily in-
tegrated into garments while maintaining properties native to
fabrics, including breathability and washability [23]. While
fabric-based technologies have been implemented toward
fine motor motion monitoring, limitations in fabric-based
sensing gloves still remain with respect to the quantification
of accuracy, minimalistic design, and the conservation of
properties inherent to textiles [12]–[14].

This work adapts our previously developed fabric sensor
to measure the fine motions of the hands. We detail the
fabrication process of a fabric sensing glove and demonstrate
the glove’s ability to accurately estimate joint angles com-
pared to ground truth from a motion capture system. The
use of the fabric sensor in the form of a glove improves
upon current solutions that include bulky, cumbersome, and
uncomfortable components. This work seeks to demonstrate
the manufacturing and quantified accuracy of a fully fabric
sensing glove toward dynamic hand proprioception.

II. DESIGN AND FABRICATION

A. Capacitive Strain Sensors

We previously introduced a fabric capacitive strain sensor
for integration with commercially available garments for
gross motor motion monitoring [23]. This sensor is made
from multiple layers of conductive fabric (76% Nylon and
24% elastic fiber, Less EMF Inc. Cat. #A321) separated by
dielectric layers (Nylon 4-way stretch fabric, 80% Nylon
and 20% Spandex), which are adhered to each other with
a breathable thermoplastic adhesive film (Bemis Associates,
Inc.). Full fabrication details can be found in our previous
work [23]. The mechanics of the sensor are modeled after
an ideal parallel plate capacitor.

C = εε0
A
d

As the sensor is stretched, the overlapping area between the
conductive electrodes increases and the dielectric thickness
decreases, thereby increasing the sensor’s capacitance.

B. Glove Fabrication

The design and fabrication of the glove are shown in Fig-
ure 1. Ten capacitive fabric sensors capture the motion of the
metacarpophalangeal (MCP) and proximal interphalangeal
(PIP) joints of each finger. The distal interphalangeal (DIP)
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Fig. 1. (a) Photograph of the sensorized glove with the capacitive sensors along the middle phalanges of each finger to capture the movement of the
metacarpophalangeal and proximal interphalangeal joints. Inset shows a close-up schematic of the cross-section of the sensors in the 5-layer capacitive
sensor configuration. Fabrication steps of the sensorized glove (b) Top layer (common ground) and bottom layer of the glove were laser cut into desired
shapes. (c) The extended shapes of the top layer were inserted through the cutouts of the bottom layer. (d) Placement of inner electrodes to sense the
movement of both the metacarpophalangeal and proximal interphalangeal joints. (e) Second dielectric layer overlay. (f) Alignment and sewing of the top
and bottom hand silhouettes. (g) Electrodes were folded to complete the 5-layer configuration of the capacitive sensor. The glove was turned inside out,
and an elastic wristband was sewn on (see photograph in (a)). Capacitive sensor values were digitized using an MPR121 connected to an Arduino Uno.

joint is excluded since its motion is coupled to the motion of
the PIP joint and it possesses a limited range of motion [24].
Each sensor is directly integrated into the garment rather than
sewn into a commercially available glove. The entire top
layer of the glove acts as a common electrical ground for all
of the sensors, and the bottom layer serves as one of the two
dielectric layers within each sensor, as shown in Figure 1a.
The sensors reside on the underside of the glove’s top layer,
which, when worn, allows each sensor to rest directly on
top of the finger. By fabricating the sensors as a part of
the garment itself rather than attaching them onto one, we
minimize the amount of material added, improving comfort
and reducing any mechanical restriction of finger motion.

The layout of the sensors with respect to a single finger is
shown in Figure 1a. The sensors were sized to each finger
joint in order to accurately capture its motion. To fabricate
the glove, the top outer electrode layer and bottom dielectric
layers were laser cut first, then the top layer of the glove
was looped through the bottom patterned layer of the glove
to act as the common ground and first dielectric layer of each
sensor (Figure 1b-c). Next, the remaining inner electrode and
dielectric layers of each sensor were added to the existing
base ground and dielectric (Figure 1d-e). The breathable
adhesive and a heat press were used to adhere all the layers

together at 160◦C. The glove was then sewn together and the
sensors were folded over and adhered to complete the five
layer configuration (Figure 1f-g). Wire leads were attached to
each electrode within the glove, and one more was connected
to the base of the top layer, which is the common ground.
These leads were sewn to the base of the glove closest to
the wrist so as to not interfere with motion. Following the
fabrication of the glove, a cuff was sewn onto the wrist of
the glove with a Velcro fastener (Figure 1a). This cuff acts
as a stabilization mechanism to prevent shifting and slipping
of the glove during motion.

III. UNIT CHARACTERIZATION

To investigate the response of the sensor, electromechan-
ical characterization of the unit was performed both in free
space and with on-hand boundary conditions. The free space
characterization of the sensor was performed via a uniaxial
tension test using a materials testing system (Instron 3345)
at a rate of 5 mm/s with a 0.2 N preload. Raw capacitance
was measured using an LCR meter (E4980AL, Keysight
Technologies). The sensors were loaded into the Instron such
that their initial gauge length was the distance between the
clamps. Strain limiting tabs were placed on either end of
the sensors to prevent strain where the grips of the Instron
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Fig. 2. Average normalized change in capacitance vs. strain for five fabric
sensors. The capacitance of the sensors was recorded using the materials
testing system (Instron 3345) and an LCR meter (E4980AL, Keysight
Technologies) at an excitation frequency of 1 kHz.

clamped the sensors (shaded regions in Figure 2 inset). Five
sensors were pre-stretched to 100% of their initial gauge
length 10 times each before testing to account for the plastic
deformation resulting from the initial strain [25].

Figure 2 shows the free space electromechanical character-
ization of the unit sensors. The dimensions of the sensor are
shown in the top right inset. The shaded regions of the sensor
schematic represent strain-limiting tabs while the remaining
portion of the sensor is the gauge area. The vertical axis
shows capacitance values normalized with respect to the
capacitance of the gauge of each sensor since the strain
limiting tabs did not stretch throughout the duration of the
uniaxial tension test. The lower strain region (ε < 10%) is
highlighted in the top left corner of the graphic. This regime
shows the expected operation region of the sensors resulting
from the small displacements they will experience on the
hand. The blue line demonstrates the normalized change in
capacitance as a function of strain for the sensor with an
error cloud representing the standard deviation of five sam-
ples. Elastomer-based capacitive strain sensors [26] exhibit a
linear signal response because the dielectric elastomer is an
isotropic material. In contrast, the sensors in this work have
a nonlinear signal response due to the fabrics’ anisotropy
and inherent changes in the fabric’s mesostructure during
deformation [27]–[29].

Following free space characterization, further characteri-
zation to evaluate the effects of on-hand boundary condi-
tions was performed. In contrast to the previous free-space
characterization, strain in the on-hand characterization was
attributed to joint bending and the associated pressure points.
As such, change in capacitance with respect to joint bend
angle was measured rather than strain. Using the fabrication
process previously described, a sample glove was fabricated
with sensors only spanning the pointer finger and thumb.
The pointer and thumb were selected because it is assumed
that the motion of the pointer finger is representative of the

middle, ring, and pinky fingers, while the motion of the
thumb is unique. Strain limiting tabs were placed to outline
the gauge length of the sensors, as done in the free space
characterization. The integrated sensors were pre-stretched
to 100% strain 10 times to expose the sensors to the same
amount of plastic deformation as the free space sensors.

During data collection, the joint being characterized was
moved into the frame of the motion capture system (PhaseS-
pace, Inc.) at a neutral horizontal (zero-degree) position. The
respective joint was bent to the maximum range achievable,
held for three seconds, and then returned to the neutral hor-
izontal position. Capacitance was measured with a commer-
cial capacitive sensing breakout board (MPR121; Adafruit)
and an Arduino Uno, and the capacitance measurements were
synchronized with the motion capture measurements using
the Robot Operating System (ROS).

The four subplots in Figure 3 relate the normalized change
in capacitance to joint bending angle (θ ) for four different
joints. The top row shows the relationship between the
bending angle (θ ) and normalized change in capacitance for
the PIP joints of the thumb (in red) and pointer finger (in
blue) while the bottom row represents the same relationship
for the MCP joints. In these bound-unit characterizations,
the sensors are subjected to pressure effects in addition to
axial strain, introducing additional nonlinearities and giving
the curves a different shape than the free space experiments.
This phenomenon is especially apparent in the sensors on
PIP joints, which are subjected to greater compression from
bending over the PIP joint and fingertip [30]. The PIP joints
are also subjected to larger ranges of θ than the MCP joints.

In general, the change in capacitance imposed by the
PIP and MCP joints is much smaller than the change in
capacitance observed in free space. A comparison between

Fig. 3. Average normalized change in capacitance vs. bending angles of
the PIP (top) and MCP joints (bottom) of the thumb (red) and the pointer
finger (blue). Error cloud represents one standard deviation.
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Fig. 4. Calibration of average relative change in capacitance vs. bending angles of the PIP (top row) and MCP joints (bottom row) of the thumb shown in
red, index finger shown in blue, middle finger shown in yellow, ring finger shown in green, and pinky finger shown in pink. The insets depict the reference
axis (zero-degree axis) defined for each joint bending angle to serve as ground truth.

the observed normalized change in capacitance with respect
to bending angle (θ ) can be mapped to strain in the regime
of 0-10% in Figure 2.

IV. SYSTEM CHARACTERIZATION

To map the corresponding change in capacitance of each
sensor to joint bend angle for the fully fabricated glove,
data correlating these metrics were obtained. The same data
collection process discussed above using motion capture was
replicated for the fully fabricated glove system to calibrate
the relationship between capacitance and ground truth joint
angles from the motion capture system. Six trials were taken
for each respective joint with the glove being removed and
re-worn between trials to account for variations caused by
the shifting placement of the glove expected in a practical
application. Following the completion of the data trials, angle
data representing the flexion of the joints from the neutral
axis were extracted and aligned with the capacitance data.
The final calibration curve for each sensor on each joint is
presented in Figure 4, where the markers represent the mean
and the error cloud represents the standard deviation. The x-
axis of each subplot refers to the angle defined in each inset
diagram.

TABLE I
ERROR BETWEEN MEASURED AND ACTUAL JOINT ANGLES

Finger Joint Mean Error (degrees) Standard Deviation (degrees)

Pointer MCP 5.399 4.326
PIP 8.794 7.574

Middle MCP 4.498 3.742
PIP 9.486 5.679

Ring MCP 5.045 4.378
PIP 5.010 4.237

Pinky MCP 7.972 7.250
PIP 7.359 4.715

Thumb MCP 3.096 2.352
PIP 5.305 3.294

The pressure effects can be observed in the sensor re-
sponse in Figure 4, especially for the PIP joints, which is
congruent with the bound-unit characterization results shown
in Figure 3. Overall, the PIP joint data are similar in both
magnitude and trend. The MCP joint data are shown in
the bottom row of Figure 4. The MCP joint of the middle
finger has the most prominent protrusion and curvature when
flexed, so there is a greater pressure imposed on that sensor
at higher bend angles, resulting in a more sharply increasing
capacitance value at higher angles. There is a tapering effect
for the MCP joint of the pinky at higher joint angles. The
pinky MCP joint protrudes the least of any joint on the glove.
Therefore, it is not surprising that the resulting change in
capacitance is relatively low with a small range.

Following the calibration of the system shown in Fig-
ure 4, further experimentation was performed to determine
the accuracy of the glove. Data was acquired to obtain
ground truth joint bend angle and a measured joint bend
angle was calculated from the capacitance value recorded
during motion. These calculated angles were compared to
the ground truth angle measurement to assess the accuracy
of the glove. Similar to previous modes of data acquisition,
a motion capture system (PhaseSpace, Inc.) was used to
take another data trial for each joint. The mode of data
collection remained the same as the calibration step except
that there was no extended hold at the maximum flexion
point; instead, there was a constant motion between the zero
and maximum joint bend angle. The resulting capacitance
measurements were then used to predict the joint angle
compared to the ground truth angle from the motion capture
system. A nearest-neighbor interpolation model was applied
using each of the calibration curves outlined in Figure 4 as
the known relation to calculate the measured angle directly
from capacitance. The resulting mean error and standard
deviation between the measured and ground truth angles are
reported for each joint in Table I. The thumb MCP joint
demonstrates the lowest mean error (3.096 degrees) while the
middle PIP joint has the highest mean error (9.486 degrees).

Figure 5 shows the resulting ground truth versus measured
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Fig. 5. Plots of ground truth and measured pose angles for (a-b) middle
MCP joint, and (c-d) middle PIP joint.

angles for the joints with the highest (middle PIP) and
second-lowest (middle MCP) reported mean errors. Although
the thumb MCP shows the lowest mean error, we plot the
middle MCP joint instead because it has a greater range of
motion. The ground truth and measured angles for the joints
over five flexion cycles are shown as a function of time in
seconds in Figure 5a,c while in Figure 5b,d the measured
angle is plotted vs. ground truth angle (the error cloud shows
the standard deviation). The one-to-one mapping between the
measured and actual angles confirms the accuracy and utility
of the sensors in our glove application.

Figure 5a,c shows that the model is under-predicting the
maximum value of θ at the peak and is most accurate during
dynamic motions, which could be an effect of small amounts
of noise present in the sensor when held at a constant value.
Further, the calibration step did not account for angles above
the defined neutral axis, and thus any motion corresponding
to a negative θ is not accurately estimated. We suspect that
such negative θ values resulted from the hand not being held
directly perpendicular to the plane in which the analysis was
performed or from joint hyperextension. Future work will
aim to include these more complex motions with extended
calibration. Finally, we note that the timescale of the data
taken for the MCP joint is slightly longer than that of the
PIP joint, which points toward future work regarding the
effect of rate on accuracy and sensitivity.

V. DEMONSTRATION

Following the quantification of the accuracy of the glove,
we sought to visually present the joint bend angles directly
from the glove’s capacitance readings. To demonstrate the
accuracy and utility of the fabric sensor glove, we dy-
namically reconstructed the pose of a hand in Euclidean
free space. The corresponding segmented images from the
real-time reconstruction of the moving hand are shown in
Figure 6. A demonstration of varying gestures was invoked
through the use of American Sign Language spelling out
“YALE.” The top row shows the actual position of the
hand while the bottom row shows the reconstruction of the
hand with the intended letter from the capacitance values
recorded from each sensor during motion. Figure 6 shows
similar matching between the intended position and the
reconstruction. Throughout each gesture, the thumb is the
most inconsistent when compared to the actual form factor
of the hand. Due to the number of degrees of freedom of the
thumb and its complex motions, this is an expected result.
While this work only characterized the motion of the thumb
with respect to a single plane, it paves the way for greater
data acquisition yielding more advanced reconstructions in
the future.

VI. CONCLUSION

With this research, we sought to fabricate, calibrate, and
quantify the accuracy of a fabric sensing glove. The fabrica-
tion demonstrated an array of ten capacitive fabric sensors
with minimal infrastructure, such that the full natural mo-
tion of the hand remains intact. Free-space characterization
demonstrates the electromechanical response with respect to
uniaxial strain. Bound-unit characterizations performed on
the hand for the pointer finger and thumb demonstrated the
effects of coupled strain and localized pressure points when
the sensor is applied to finger joints. The PIP and MCP joint
sensors exhibited monotonic, nonlinear signal responses. On-
hand calibration of the whole glove shows a repeatable and
recognizable change in capacitance with respect to joint bend
angle for all joints. Overall, the system demonstrates the
ability to reconstruct joint bend angles with a root mean
square error of 7.2 degrees. Finally, the glove was used to
reconstruct dynamic hand poses in American Sign Language
using the output capacitance values from the sensors.

Fig. 6. Pose reconstruction (top row) and corresponding photographs
depicting the intended hand positions for the letters spelling the word “Yale”
in American Sign Language (ASL) (bottom row).

153

Authorized licensed use limited to: Yale University. Downloaded on January 23,2024 at 19:04:43 UTC from IEEE Xplore.  Restrictions apply. 



This work has demonstrated the dynamic reconstruction
of the PIP and MCP joints of the hand using a fabric
sensing glove. Future work aims to improve the calibration
by including a broader range of motions, accounting for
hyperextensions and more degrees of freedom. The unique
motion of the thumb requires further characterization in
multiple planes for accurate reconstruction of its complex
movements. Furthermore, the development of this technology
at multiple scales to account for a range of hand forms
and sizes may call for further characterization beyond the
scope of what is presented here. Leveraging machine learning
algorithms would aid in increasing the robustness of the
system from a modeling perspective. We have demonstrated a
form-fitting, lightweight, and comfortable sensing glove that
accurately and dynamically monitors human hand motion
toward VR applications and gesture-controlled robots.
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