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Abstract—This study presents the design, optimization, and
evaluation of an optical fiber-based force myography (FMG)
sensor for hand gesture and grasping force estimation, with
potential haptic applications for realistic human-robot interaction
(HRI). The sensor, with a diameter of 10 mm and a thickness of 2
mm, is designed to be flexible and easily integrated into clothing
or sleeves. Utilizing the principle of light loss due to touch in bent
optical fibers, the sensor demonstrates high sensitivity and
stability. Through simulation, the sensor design parameters, such
as the bending radius and the number of weavings, were optimized
to achieve a high signal-to-noise ratio and sensitivity. The
fabricated sensor showed excellent performance in various
experiments, including high sensitivity, repeatability, and
accurate force estimation. A wearable system with four embedded
sensors achieved 91% hand gesture recognition accuracy using
long short-term memory neural network and grasping force
estimation exhibited high linearity across different ball grip types.
These findings demonstrate the sensor practicality, with future
research focusing on improving durability and exploring broader
applications in haptics and HRI.

Keywords— force sensor, optical fiber, force myography, gesture
recognition, grasping force, human-robot interaction, haptics

L.

Robots are increasingly integrated into activities of daily
living (ADL), extending their applications beyond traditional
industrial environments. Accurate and intuitive human-robot
interaction (HRI) is essential for enabling robots to perform
tasks in close collaboration with humans. This interaction
involves human motion recognition, which is essential for
haptic applications in wearable robots [1], [2], prosthetic
devices [3], [4], and virtual reality (VR) systems [5], [6].
Realistic haptic feedback requires not only accurate hand
gesture recognition but also precise grasping force estimation
to ensure an immersive and responsive user experience. To
enable these capabilities, researchers have explored methods
such as vision-based motion capture, wearable glove-type
sensors, and bio-signal-based approaches.

INTRODUCTION

This work was supported by the Institute of Information &
Communications Technology Planning & Evaluation (IITP) by the Korea
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Vision-based motion capture is widely used for precision in
tracking complex movements [7]. However, it requires multiple
cameras and intricate setups to address blind spots, making it
less suitable for portable or user-oriented systems. Wearable
glove-type sensors provide high-resolution motion tracking but
are bulky and can interfere with actuators in applications such
as virtual haptics [8], [9]. Additionally, these methods are less
effective for disabled individuals with amputations, as they rely
on detecting physical joint movements. To overcome these
limitations, bio-signal-based approaches, such as surface
electromyography (SEMG) and force myography (FMG), have
gained attention for their ability to measure muscle activity,
even in cases of restricted motion.

sEMG, one of the most widely studied bio-signal-based
techniques, detects electrical signals generated by muscle
contractions [10]-[12]. While it provides valuable information
in both time and frequency domains, the raw signals are
inherently noisy and require extensive filtering and complex
machine learning models for accurate interpretation.
Additionally, sSEMG is highly susceptible to factors such as skin
impedance and electromagnetic interference (EMI),
significantly limiting its usability in practical environments.

In contrast, FMG sensors measure changes in muscle force
and are categorized into force-sensitive resistor (FSR)-based
sensors, pneumatic sensors, and optical fiber-based sensors.
FSR sensors are compact but suffer from drift and limited
sensitivity [13], while pneumatic sensors offer high accuracy
but lack durability due to imperfect air sealing of the air bladder
[14]. Optical fiber-based FMG sensors, include strain and force
sensors, known for their thin, lightweight designs and EMI
immunity, have been explored using micro-bending structures
for enhanced sensitivity and force detection ranges [15]-[19].
wever, these designs often require rigid frames to create micro-
bending under external force, reducing wearability and
durability during extended use.

To address these challenges, we propose a novel and
sensitive FMG sensor utilizing woven optical fibers to enhance
wearability, reliability, and performance under sweating
conditions. The compact sensor, measuring 10 mm in diameter
and 2 mm in thickness as shown in Fig. 1, offers flexibility and
can be seamlessly integrated into wearable systems with
minimal discomfort. Designed to detect forces within the
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Figure 1. (a) Overall design of the optical fiber-based force myography
sensor which has 10 mm of diameter and 2 mm of thickness. (b) Optical fiber
was woven up and down on the rod. (c) The signal output decreases due to light
scattering between the optical fiber and the polymer as the sensor is pressed.

critical range of 3 N required for upper-limb FMG applications
[20], the primary purpose of the sensor is to enable accurate
hand gesture recognition. Additionally, as a secondary feature,
the sensor demonstrates the capability to estimate grasping
forces during object manipulation. A wearable system
incorporating the sensor was developed to classify six distinct
hand gestures with 91% accuracy using a Long Short-Term
Memory (LSTM) neural network and to estimate grasping
forces across different ball grips. These results demonstrate the
potential of the sensor as a practical solution for both gesture
recognition and grasping force estimation in wearable haptic
applications.

II. OPTICAL FIBER-BASED SENSOR DESIGN

A. Working Principle

In general, there is almost no light loss in the optical fiber
without bending due to total internal reflection (TIR) as shown
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Figure 2. (a) For the optical fiber without bending, even though the optical
fiber is touched by high refractive index polymer, there is no light scattering
because of the total internal reflection (TIR) between cladding and core. (b)
When the optical fiber is bent, some portion of the light begin to propagate
through the cladding. (c) When the optical fiber is touched by polymer, the
light in the cladding scatters which induces the light loss.

Core

in Fig. 2(a). When the optical fiber is bent, the change in the
incident angle causes part of the core-mode light to transition
into cladding-mode as shown in Fig. 2(b) [21], [22]. When the
cladding comes into contact with a material of higher refractive
index, significant light loss occurs due to the scattering of
cladding-mode light as shown in Fig. 2(c). This property makes
optical fibers highly effective for detecting force or pressure by
monitoring changes in light intensity.

To achieve consistent bending and thereby, maximizing
amount of cladding-mode for high sensitivity, a weaving
structure was adopted where the optical fiber was alternately
woven onto a flexible base at regular intervals as shown in Fig.
1(b). This design increased the contact area between the fiber
and the material, improving the sensitivity and efficiency of the
sensor. The simplicity of this weaving approach, combined with
its effectiveness in enhancing transition of core to cladding-
mode, highlights its potential for various sensor applications.

B. Sensor Design Parameter Optimization

To improve the sensing performance of the scattering-based
optical sensor, it was essential to determine the optimal design
parameters. The two primary design parameters considered were
the bending radius (R;) and the number of weavings (N). As the
R, decreases, the light loss, transition of cladding-mode,
increases due to the greater deflection of the optical fiber,
leading to higher sensitivity. However, excessive bending also
causes significant light leakage even before any external force is
applied, which reduces the signal-to-noise ratio (SNR) and is
called bending loss [23]. And, increasing N naturally enhances



Number of weavings (N)

(b)

0.95 -

0.9

Bending Loss

Number of weavings (N)
Bending radius (Rh) [mm]

(c)

obj

T : Ry, N, fopj) = (0.5mm, 3,1
N1, R 025mm (Rb, N, fonj) = ( )

—o—N=1, l%=0.50mm
N=1, 1%=1.00mm
—0-N=3, R =0.25mm
—o -N=3, l%=0.50mm
N=3, R =1.00mm

0.95
0.9 -

0.85

0.8

n

Normalized Objective Function (f )

Optical Fiber
P in
Bending radius (Rh) [mm]
(2)
0.14 14
[ —e—-N=1, Rb=0.25mm \
0.12 —e~N=1, R =0.50mm - s
208t
~ N=1, R, =1.00mm 5 0.8
g o1y 0 -N=3,R =0.25mm =
b =
20.08 — —o -N=3, R =0.50mm ,20.6 r
L N=3, R, =1.00mm o
5 0.06 - e
£ So4f
s =
30047 g
502t
0.02 | 4
0

0.05
Pressing depth (mm)

@

0.1
Pressing depth (mm)

(e

Number of weavings (N)
Bending radius (Rh) (mm)

®

0.15

Figure 3. (a) Captured picture of COMSOL Simulation window. The optical fiber was uniformly woven, and the polymer was brought into contact with the
woven sections, causing light scattering. The resulting changes in output power were then examined. Simulation results of (b) the normalized maximum power
loss and (c) bending loss along with bending radius (R,) and number of weavings (N). (d) The output power decreased as the sensor was pressed, due to light
scattering. And the output power in the unpressed state is lowered when the N increases or R;, decreases. () The output power is normalized to 1 in the unpressed
state. (f) Design parameters were optimized by objective function which are (R,, N) = (0.5 mm, 3).

TABLE 1. Parameters of COMSOL Simulation

Parameters Value Unit
Core refractive index (N yre) 1.492 -
Cladding refractive index (n44) 1.402 -
Air refractive index (ng;,) 1.000 -
Polymer refractive index (n,4;) 1.670 -
Core diameter (d ;) 240 pm
Cladding diameter (d144) 250 pm
Wavelength (1) 630 nm

the contact area between the fiber and the polymer, resulting in
greater light loss and improved force detection. One the other
hand, excessively increasing the value of N not only enlarges
the sensor size but also makes it overly sensitive. These trade-
offs necessitated a careful balance to maximize sensitivity while
minimizing the initial bending loss.

Therefore, simulations (COMSOL Multiphysics) were
conducted to evaluate the light loss characteristics of the optical
fiber under varying R;,, and N. In the simulation, an input power
of 1 W (P;;,) was applied to the woven optical fiber structure.
Subsequently, the polymer layer was placed on the bent section
of the optical fiber, as shown in Fig. 3(a), allowing the contact
area with the polymer to be adjusted based on the pressing depth
(Rpress)- Then, the bending loss was assessed by measuring the
output power at the outlet, Py, (Rp, N, hpyess), Without applying
any external touch using a polymer layer (hpyess = 0). This
allowed us to quantify the inherent light loss caused solely by
the bending of the optical fiber. Subsequently, the polymer layer
was progressively pressed with the bent section of the optical
fiber by increasing hyyess from 0 to 250 um, and the changes in
output power during the pressing were evaluated.
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To identify the optimal R, and N, an objective function
(fonj) was set which needs to be maximized, as shown in
Equation (1)-(3). The objective function minimizes initial
bending loss without touch to enhance SNR while maximizing
the output power loss during contact with the polymer to
improve sensitivity, where AP,,q, is the normalized maximum
power loss at the maximum press depth. Detailed information
about the parameters is provided in TABLE. I.

APpax Sensitivity
fonj = 5— : 1)
P; out Bending Loss
_ Pyt (Rp, N,0) — Pyye (Rp, N, 250um)
APmax — out\\b > (Roui;v (;7) (2)
out by 1V
Piy — Poye = 1 [W] = Poyut(Ry, N, 0) 3)

Based on the simulation results, as shown in Fig. 3 (b) and
(c), it was observed that AP,,,, and bending loss both increase
as Rj, decreases and N increases. This trend becomes clearer in
Fig. 3(d), which compares the output power according to the
pressing depth. The results indicate that larger N and smaller R,
lead to lower overall output power, which could negatively
impact SNR. Additionally, the contact response of the output
power normalized with respect to that when there is no polymer
contact, i.€. Rppess = 0, is shown in Fig. 3(e). The result shows
that greater N results in relatively sharper light losss. Using
these findings, the parameters that maximize f,,; were
determined, and as shown in Fig. 3(f), the optimal values were
found to be (R,, N) = (0.5 mm, 3).
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Figure 4. (a) Test-bed for sensor performance evaluation. Force and light
intensity were measured during the loading/unloading process using motorized
linear stage. Results of the (b) hysteresis, (c) repeatability, and (d) force
estimation accuracy. (¢) Consistent performance of the sensor even the sensor
was wetted by water.

C. Sensor Fabrication

A base frame for weaving the optical fiber was 3D printed
using a flexible thermoplastic polyurethane (TPU). The optical
fiber (Eska, SH-1001.1) with a diameter of 250 pm was woven
onto the base frame by passing the fiber alternately over and
under the rods in a weaving pattern, which is repeated three
times to create a stable structure, as shown in Fig. 1(a). After the
weaving process, a fabric layer coated with polymer (Smooth-
On, Ecoflex 00-30) was placed on top of the woven optical fiber.
In this study, a commonly used polymer with a low modulus was
utilized to achieve high sensitivity, making it suitable for
detecting small forces. However, as a higher modulus of the
polymer layer results in smaller deformation, it becomes more
effective for measuring larger forces. This indicates that by
coating the sensor with polymers tailored to the desired
sensitivity and measurement range, the sensor performance can
be ecasily adjusted. The polymer-coated fabric enhances the
dynamic mechanical response of the sensor by improving the
transmission of repetitive pressure, while the uncoated fabric
serves as a stable backing layer. To secure the entire structure,
the edges of the fabric layers and the base frame were stitched
together using thread and a needle. The overall size of the
fabricated sensor is approximately 10 mm in diameter and 2 mm
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in thickness, making it compact and lightweight. This design
allows the sensor to be easily embedded into wearable
applications, such as sleeves, without compromising flexibility
or causing discomfort during use.

IIT. SENSOR PERFORMANCE

A. Test-bed Setup

To evaluate the performance of the sensor, a test-bed was
constructed using a motorized linear stage (X-LSM200B-E03,
Zaber Tech. Inc.) and a load cell (UMI-1kgf, Dacell Co.) to
measure applied forces as shown in Fig. 4(a). The load cell was
mounted on the motorized stage, and the sensor was positioned
directly beneath it to ensure precise force application. A frame
with a 5 mm-thick layer of polymer (Ecoflex 00-30) was placed
beneath the load cell. A optical fiber amplifier (FS-N11MN,
Keyence) was employed to deliver the light and to measure the
light output. The entire system was controlled and monitored
using a Data Acquisition (DAQ) device (USB-6003, National
Instruments).

B. Performance Evaluation

Fig. 4(b) illustrates the experimental results obtained by
applying forces to the sensor under varying loading/unloading
depths and speeds. Specifically, the sensor was tested at depths
of 0.1 mm and 0.5 mm and frequencies of 0.5 Hz and 1 Hz.
These frequencies were selected as representative conditions
corresponding to the typical motion bandwidth of upper-limb
activities, which generally occur within a maximum range of 2
Hz. The tests were designed to evaluate the sensor’s response to
different mechanical inputs and to observe the behavior of
scattering-based light loss under applied forces. The results
demonstrated that the sensor exhibited high sensitivity to forces
within the range of 3 N, with a clear and consistent response
across all test conditions. Regardless of the pressing depth or
speed, the light loss followed a similar trend, indicating that the
sensor output is largely independent of these parameters.
Furthermore, the hysteresis of the sensor was measured at just
4.17%, highlighting its excellent stability and repeatability
during cyclic loading/unloading.

Fig. 4(c) shows the results of a durability test in which the
sensor was subjected to 1,000 cycles of loading/unloading at a
depth of 0.5 mm and a frequency of 1 Hz. Even after repeated
cyclic presses, the sensor maintained consistent performance,
with an error of only 3%. This minimal error demonstrates the
robustness and reliability of the sensor, making it well-suited for
applications requiring prolonged and repetitive use. Also, as
shown in Fig. 4(d), the sensor was calibrated to evaluate its
ability to accurately follow the applied force. By varying the
pressing depth and speed during loading and unloading, results
demonstrated that it could estimate the force with high accuracy,
achieving a correlation coefficient of over 98%. These results
validate the sensor capability to provide accurate and stable
measurements under diverse operating conditions. Finally,
water was applied to the sensor during loading and unloading to
verify its sweat-proof properties, as shown in Fig. 4(e). Even
when the sensor was slightly wet, it maintained its performance
because the optical fiber contacts the polymer rather than the
skin, and the polymer layer provides partial waterproofing.
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Figure 5. (a) Four sensors were embedded on the sleeve of the forearm with
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to fix the system. (b) Schematic of LSTM neural network model for hand
gesture recognition.

However, if the sensor is fully submerged in water, its
performance may be affected due to changes in the refractive
index, which is fundamental to its working principle.

IV. WEARABLE FMG SYSTEM

A. Wearable System Design and Fabrication

After evaluating the performance of the sensor, a wearable
FMG system was developed for hand gesture and grasping force
estimation. Four sensors were embedded at equal intervals on
the forearm section of a sleeve as shown in Fig. 5(a). The bottom
layer used in Fig. 1(a) was replaced to the sleeve layer, sewing
the sensors directly into the sleeve layer. This method enabled
the integration of thin and flexible sensors without relying on
complex techniques. After wearing the sleeve, a strap was used
to provide appropriate initial pressure and to properly secure the
position of the sensors.

B. Hand Gesture Recognition (User Test)

To verify the accuracy and performance of the wearable FMG
system, a user test was conducted in which participants performed
six hand gestures, as shown in Fig. 6(b). These were then detected
and classified by the neural network (NN) based on the sensor data
from the FMG system. 10 healthy male subjects participated the
user test, and their average age was 25.67 + 1.66. The subjects
were guided to sit on a chair and wear the FMG system on their
convenient arm. The arm is then placed on the armrest for their
comfort throughout the experiment. The user was instructed to
follow instructions displayed on the graphical user interface (GUI)
of the monitor as shown in Fig. 6(a). The first stage for collecting
data for training NN involves a total of five measurement sets,
with each set consisting of five repetitions for each of the six
gestures. Each gesture was performed for 3 seconds, and the order
of all gestures was randomized. To prevent fatigue, a 3-second
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break was provided between gestures, and a 15-minute rest period
was given after completing each set. Subsequently, the data was
used to train an LSTM model, resulting in the optimal model for
each subject as shown in Fig. 5(b). Finally for the final stage to
evaluate the trained model, the six gestures were randomly
displayed on the GUI five times each similar to the process of
obtaining training data. Participants were instructed to perform the
prompted gesture. Based on the sensor data of FMG system, the
model predicts the hand gesture which is then compared with the
actual hand gesture.
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in response to grasping force for curveball and forkball grips

For each gestures, the measured raw data of four sensors
integrated in the FMG system was plotted, as seen in Fig. 6(c).
The solid lines represent the mean values and the shaded region
indicate the standard deviations. It can be observed that the four-
channel data for the six gestures exhibit distinct patterns, making
them sufficiently distinguishable. The performance of the hand
gesture detection by the LSTM model is shown in Fig. 6(d) and
(e). When examining the accuracy for each subject, most
demonstrated high accuracy of about 95%. However, subjects
S9 and S10 showed low average accuracy, of about 80% and
78%. This discrepancy is likely due to individual differences in
muscle mass and body shape, even though the same wearable
sleeve system was used, resulting in reduced accuracy for
specific subjects. However, from the experimental results we
can understand that even with only four channels, the FMG
system was capable of detecting hand gestures with high
accuracy and sensitivity, which can further allow distinction of
more than six gestures.
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C. Grasping Force Estimation

The FMG system was not only evaluated for hand gesture
detection but also to determine whether it could estimate
grasping force. To evaluate this feasibility of force estimation,
the relationship between grasping force and FMG sensor data
was analyzed across different grasping postures to hold a
baseball. The baseball was grasped using three different grips-
4-seam fastball, curveball, and forkball- with an approximate
grasping force of 30 N, while the data from four FMG channels
were monitored. For each grip, the grasping force was measured
twice by using a force-sensitive resistor (FSR) placed on the
index finger as shown in Fig. 7(a)-(c).

The results show that the normalized light loss at the initial
stage varies among the three different grips, indicating that the
grip types can be distinguished, similar to hand gesture
recognition. Additionally, it was observed that the values of the
four FMG channels increase and decrease collectively as the
grasping force increases and decreases. The trends in channel-
specific data during the grasping process for the curveball and
forkball grips, based on the grasping force, are shown in Fig.
7(d). It was observed that most of the channels exhibit high
linearity with values exceeding 0.99 for both curveball and
forkball grips. This indicates that not only can the grip type be
distinguished, but the grasping force associated with each grip
can also be reliably predicted.

V. CONCLUSION AND DISCUSSION

This study introduced a novel FMG sensor with a woven
optical fiber structure for accurate and reliable force sensing in
wearable haptic applications. The compact, highly flexible 2
mm-thick sensor integrates seamlessly into wearable systems
and provides stable, repeatable force measurements with low
hysteresis over 1,000 loading cycles. Its strong resistance to
electromagnetic interference and sweat enhances practical
usability. A wearable system achieved about 91% accuracy in
classifying six hand gestures using an LSTM model and
demonstrated high correlation in grasping force estimation
across grip types, confirming its potential for dynamic force
measurement and interactive haptics.

While the proposed FMG sensor demonstrated strong
performance in force sensing and gesture recognition, certain
limitations remain. First, the system requires subject-specific
calibration due to inter-individual variations in forearm
musculature, which influences the muscle deformation pattern
and consequently the optical response. Second, the force
estimation exhibits nonlinearity and increased error during
unloading phases, likely due to soft tissue recovery dynamics
and residual hysteresis. Although the current design achieves
sufficient repeatability under controlled conditions, these factors
must be addressed for broader applicability. Future work will
focus on improving model generalization to minimize the need
for per-user retraining and on developing a sensing strategy
capable of capturing both loading and unloading behaviors with
higher accuracy. Additionally, the integration of individual
finger joint angle estimation will be explored to further enhance
gesture recognition resolution for advanced haptic and HRI
applications.
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