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Light-perception-based interactive control of an underwater digital

twin hand

Jinlong Lu*%, Chao Zhang"*', Hengchang Nong*?', Dongying Wang*, Hongyu Zhou®**, Junjie Weng?,

Yuehua Deng'’, Yang Yu'*, Qiang Bian?, Jianfa Zhang®, Chaofan Zhang®, Zhenrong Zhang? and Junbo Yang!

Abstract: With increasing demand for ocean exploration, underwater tasks become more complex. While soft robotic
hands offer superior flexibility and biomimetic advantages over rigid robotic hands, their development has been
hindered by low sensing accuracy and poor interactive control. Here, we propose a light-perception-based underwa-
ter digital twin hand interactive control system that integrates a multi-degree-of-freedom biomimetic pneumatic soft
robotic hand with a wearable data glove based on fiber Bragg grating (FBG) sensors. By fusing data from FBGs, RGB
cameras, and inertial measurement units, and optimizing control strategies through reinforcement learning, we
established a light-dominated perception-control-feedback closed-loop system that significantly enhances the
control performance of the system in complex and dynamic underwater environments. With light as the information
carrier, the system integrates a data glove with high strain sensitivity (1.148 pm/ue, linearity = 0.9996) and high
bending sensitivity (26.667 pm/°, linearity = 0.9791). It achieves four-dimensional collaborative interactive control
between the human operator, machine, virtual space, and environment. The system achieves posture monitoring
and precise grasping in various underwater environments, offering advantages like low cost, high precision, rapid
response, and strong interference resistance. This establishes a new paradigm for underwater intelligent equipment
by integrating light sensing with digital twin technology, offering broad prospects for future underwater operations.

Keywords: fiber Bragg gratings (FBGs); human-machine interaction; underwater soft robotic hand; digital twin; deep
learning

DOI: 10.29026/0ea.2026.250311 | CSTR: 32247.14.0ea.2026.250311
Citation: Lu JL, Zhang C, Nong HC et al. Light-perception-based interactive control of an underwater digital twin hand. Opto-

Electron Adv 9, 250311 (2026).

1 Introduction

As global resource exploitation accelerates, the ocean is
emerging as a critical domain for human activity and devel-
opment'. However, the complexity and harshness of marine
environments pose significant challenges for deep-sea explo-
ration and development. Intelligent submersible equipment,
typified by remotely operated vehicles (ROVs) and

autonomous underwater vehicles (AUVs)?>?, has achieved
revolutionary breakthroughs in underwater detection and
marine engineering due to its high safety and adaptability.
As the core executive components of such equipment,
biomimetic underwater robotic hands offer new strategies
for improving operational precision and reliability in
complex marine environments through integrated innova-
tions in multi-degree-of-freedom (DOF) motion control
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and intelligent perception. Amid accelerating underwater
exploration, intelligent robotic hand systems with percep-
tion capabilities and rapid responsiveness hold great
promise for practical applications and carry significant
research value.

Conventional rigid robotic hands struggle to meet the
demands of high-precision underwater operations due to
limited flexibility and poor environmental adaptability. The
emergence of soft robotic hands offers transformative poten-
tia* 1% Their compliant structures and continuous deforma-
tion capabilities help minimize mechanical damage to
marine organisms and adapt effectively to irregular and
constrained workspaces, exemplified by Galloway et al.
using soft end-effectors for non-destructive benthic
sampling'*. However, the extreme underwater conditions
such as currents, high pressure, and low visibility place strin-
gent demands on the actuation, sensing, and human-
machine interaction (HMI) of soft robotic hands!’.

Current underwater robotic hands are primarily driven by
hydraulic systems, cable mechanisms, shape memory alloys
(SMAs), or pneumatic actuation®®. Hydraulic actuators
provide high output force but are bulky, complex, and
costly®. Cable-driven actuators offer lightweight and flexible
designs suitable for compact ROVs, but suffer from slow
dynamic response and dependency on waterproofing. SMA-
based actuators are highly integrated, miniaturized, and
resistant to electromagnetic interference. However, their
limited force output and slow response lead to significant
hysteresis’. In contrast, pneumatic actuators have attracted
increasing attention due to their lightweight structure, envi-
ronmental compatibility, and rapid response-traits that
make them particularly well suited to soft robotic hands!®".
For instance, Wu et al. developed a pneumatic biomimetic
soft gripper inspired by luminescent octopus suckers, capa-
ble of generating substantial gripping force for adaptive
grasping of various objects”. In another study, they
proposed a fluid-driven multifunctional soft robotic gripper
with independently controlled arms, which could perform
eight distinct grasping modes for different objects and
achieve omnidirectional crawling and swimming, enabling
dexterous operations beyond the reach of conventional rigid
robotic hands?'.

Although underwater soft robotic hands have seen
progress in biomimetic structural design, their perception
and interaction capabilities remain underdeveloped. This
limitation restricts their application in high-precision tasks
and intelligent interaction. Therefore, enhancing these
capabilities has become a key focus in underwater robotics
research.

Achieving precise control and enhanced perception in
soft robots often requires the integration of flexible sensors
into the system?%. Flexible sensors are designed to mini-
mize constraints on actuator motion while capturing pres-
sure, stress, and curvature to provide critical data such as

posture and position**-, Common types of flexible sensors
include electrical and optical sensors. These enable the
detection of posture changes, structural curvature, and
applied pressure or stress in soft robots. For example, S.
Frishman et al. proposed a two-finger gripper using a single
optical fiber embedded with 17 fiber Bragg gratings (FBGs)
to measure normal and biaxial shear stresses on the gripper
pad®. Zhao et al. reported the use of stretchable optical
waveguides as curvature and force sensors integrated into a
soft prosthetic hand*. Teeple et al. used flexible optical
waveguide sensors embedded in deep-sea soft robots to
maintain stable signals under pressure changes of 0-4000 psi
(1 psi = 6.895 kPa), enabling proprioception and contact
force sensing®. Electrical sensors typically rely on the
deformation of channels filled with conductive liquids (e.g.,
liquid metal) or piezoresistive materials to change resis-
tance/capacitance; however, under high pressure, they may
undergo compression deformation, leading to shifts in base-
line resistance/capacitance. Furthermore, electrical sensors
require more rigorous encapsulation to prevent short
circuits or signal drift. In contrast, optical sensors, such as
all-fiber sensors based on FBG, are naturally immune to
electromagnetic interference due to their optical signal
transmission mechanism. Moreover, sensor arrays can be
integrated into a single optical fiber to achieve high-resolu-
tion distributed measurement. For example, Wang et al.
(2020) designed an FBG array specifically for ocean observa-
tion®, successfully capturing intense frontal structures with
temperature gradients of up to 1.2 °C/m during trials-details
that traditional methods struggled to distinguish. These
characteristics of high reliability and high precision, inher-
ent to optical principles, make "light perception” superior to
traditional electrical sensing in underwater environments,
rendering it an ideal choice for underwater perception.

Common interaction methods in HMI technologies
include vision-based approaches®>®, electromyography
(EMG) signals*** and data gloves**%. For instance, visual
features of the human hand can be extracted via camera-
based image acquisition and algorithmic interpretation.
Rosen et al. employed EMG signals as the primary control
input for an exoskeleton system, constructing an HMI inter-
face at the neuromuscular level to predict muscle torques
around the elbow joint®. Nelson et al. integrated a 4x3
capacitive sensor array into denim fabric using conductive
threads, combining Hidden Markov Model and Dynamic
Time Warping to enable small-sample training, achieving an
average gesture recognition accuracy of 99% across five
gestures*, In practical HMI, data gloves provide strong envi-
ronmental adaptability. They offer rapid response and a
lightweight experience, enabling more natural and friendly
interaction with users.

Underwater environments are often characterized by low
visibility and frequent disturbances caused by sediment and
water currents. In such complex conditions, posture
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monitoring of robotic hands becomes particularly impor-
tant. Traditional camera-based vision systems have limited
capability in tracking hand posture under low-visibility and
turbid conditions. To improve interactive control of robotic
hands in these environments, we introduce FBG sensors in
addition to conventional vision monitoring to enable more
reliable posture sensing.

In this work, we present a modular integration of an
underwater soft robotic hand with a flexible sensing system.
The system includes a Biomimetic Pneumatic Soft Manipu-
lator (BPSM), which consists of a three DOF soft robotic
arm inspired by an elephant’s trunk and a five-finger
anthropomorphic soft robotic hand with a rotating wrist.
We also introduce an FBG-based sensing glove (FBG-Sense-
Glove)*. Each finger sleeve integrates a single FBG sensor to
detect bending and capture hand motion. The wearable
glove enables bidirectional HMI. Real-time hand move-
ments are visualized in a virtual environment via digital twin
technology, completing the interaction process between the
operator and the underwater BPSM. As illustrated in Fig.
1(a), the light-perception-based underwater digital twin
hand interactive control system (LP-UDTHS) supports a
wide range of applications. The FBG-SenseGlove can be
worn by divers, shore- or vessel-based operators, or crew
members inside piloted submersibles. The ROV carries a
BPSM fitted with an FBG-SenseGlove for underwater tasks
such as scientific research, exploration, and cable mainte-
nance in vortex-prone, turbid, or muddy environments.
Operators control the soft hand via hand motions, with
posture mirrored in real time through the digital twin inter-
face. To enhance control robustness in dynamic underwater
environments, we integrate multi-source sensing (FBG-
SenseGlove, RGB  cameras, inertial measurement
units(IMUs)) with a reinforcement learning (RL)-based
control optimization framework (Fig. 1(b)). We constructed
a custom RL simulation environment based on the unified
robot description format (URDF), incorporating defined
state spaces, reward functions, and domain randomization.
The BPSM performs agile underwater manipulation in real
time. The operator monitors hand movements within the
virtual environment and issues commands accordingly. The
diver wears the FBG-SenseGlove to perform standard
underwater gestures. The resulting FBG wavelength shifts
are transmitted to the host system, where they are mapped
to finger bending angles. These angles are subsequently
converted into actuation commands to drive the soft hand in
executing the corresponding motions (Fig. 1(c)). Real-time
visualization enables comprehensive monitoring and control
of human and machine motions, encompassing biomimetic
grasping, underwater object retrieval, and other interactive
tasks. This integrated perception-control framework estab-
lishes a closed-loop coordination among human, machine,
environment, and virtual space, opening new possibilities
for underwater human-machine collaboration.

2 Results and discussion
2.1 BPSM: Structure and operating principle

The overall structure of the BPSM is shown in Fig. 2(a). It
consists of a five-finger anthropomorphic soft hand, a rotary
wrist, and a soft arm inspired by an elephant’s trunk. The
system adopts a modular design to support easy mainte-
nance, component replacement, and structural upgrades. As
shown in Fig. 2(b), the dexterous hand comprises pneumati-
cally actuated biomimetic fingers mounted on a palm
module. The index, middle, ring, and little fingers each have
a three-joint design (105 mm in length), while the thumb
uses a two-joint structure (85 mm) with an adduction mech-
anism for opposable grasping. The palm serves as the assem-
bly base and includes dedicated mounts for each pneumatic
actuator. The palm module is 3D printed using thermoplas-
tic polyurethane (TPU) material (dimensions: 98 mm x 89
mm) and provides structural rigidity. A flexible silicone
layer coating enhances overall compliance and softness.
Pneumatic channels for each finger are embedded within the
palm. The thumb is connected to the palm via a dedicated
abduction structure, enabling adduction and abduction
movements through a predesigned pneumatic chamber.

The rotational wrist module serves as the junction
between the palm and the arm, comprising a waterproof
servo motor and a cylindrical support housing (51 mm in
height, 62 mm in diameter). This configuration enables 180°
rotation of the palm, significantly enhancing spatial flexibil-
ity at the end effector. The biomimetic flexible arm mimics
an elephant trunk and consists of a tri-chamber pneumatic
actuator measuring 140 mm in total length. The actuator
contains three equally distributed internal chambers. By
varying the pressure applied to each chamber, the arm can
bend in multiple directions, allowing the dexterous hand at
the end to achieve multi-DOF posture adjustments. Both
ends of the arm are equipped with standardized interfaces to
facilitate integration with the palm module and ROV
platforms.

The three pneumatic actuators composing the biomimetic
dexterous hand are inspired by the structural design of
human finger joints, featuring a rigid-flexible hybrid and
multi-layer composite architecture. Each actuator consists of
a flexible segment that mimics finger bending joints for
controllable deformation and a rigid segment that simulates
the finger bones to provide necessary support and stiffness.
This design enables natural bending under pneumatic actua-
tion, giving the biomimetic hand both compliance and
precision in grasping and manipulation tasks.

All three actuators adopt a multilayer structural design
(Fig. 2(c)), comprising an inner pneumatic chamber, a fiber-
reinforcement layer, a cotton fabric constraint layer, a
biomimetic rigid groove layer, and an outer encapsulation
layer. The inner chamber serves as the primary driving unit,
undergoing axial elongation and volumetric expansion under
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Fig. 1 | LP-UDTHS system overview. (a) Conceptual diagram of the LP-UDTHS system. The FBG-SenseGlove can be worn by divers, shore- or vessel-based
operators, or crew members inside piloted submersibles. An ROV equipped with the BPSM integrated with an FBG-SenseGlove performs underwater tasks
in complex environments with vortices, turbidity, or sediment disturbance. Operators remotely control the soft hand via hand motions and achieve real-
time posture monitoring through digital twin technology. (b) When the FBG-SenseGlove bends, its grating center wavelength shifts. FBG and image data
are extracted from the FBG-SenseGlove and RGB cameras respectively. Features are then fused through the multimodal network Global and Local Cross-
Attention Multimodal Fusion Network (GLCA-FusionNet), enabling gesture recognition with higher robustness than single-modality methods. (c) We train
the system in simulated underwater environments with complex disturbances using a custom simulation model and reinforcement learning parameters.
This approach successfully improves multimodal digital twin control accuracy and adaptive posture correction of the BPSM in practical applications.
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Fig. 2 | Design, working principles, and performance characterization of the BPSM and FBG-SenseGlove. (a) The BPSM consists of a trunk-inspired soft arm,
a rotational wrist, and a five-finger anthropomorphic dexterous hand. (b) Modular components and interconnecting parts of the BPSM, designed for struc-
tural adaptability. (c) Multilayer construction of the soft arm and the three types of pneumatic actuators in the biomimetic hand. (d) Tracked fingertip
trajectory of the three-joint soft finger used to characterize its workspace. (e) Tracked fingertip trajectory of the two-joint soft finger used to characterize
its workspace. (f) Bending angles of the three actuator types under different pneumatic input pressures. (g) Fingertip force measurements of the three-
joint and two-joint soft fingers at varying input pressures. (h) Schematic of the FBG sensing principle. (i) Experimental results and fitted curve showing the
relationship between FBG tensile strain and center wavelength shift.
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applied pressure. The fiber-reinforcement layer enhances
structural strength while effectively restraining radial expan-
sion. A single-sided cotton fabric layer induces asymmetric
deformation and guides the actuator to bend unidirection-
ally. The rigid groove layer is inspired by human finger joint
proportions and defines bending regions and angles to
enable precise control of motion. The outermost layer, made
of flexible material, encapsulates all functional layers to
ensure structural integrity, compliance, and sealing perfor-
mance. Each actuator is equipped with a standardized pneu-
matic port at its base which allows seamless connection to a
multi-channel pneumatic control system for flexible and
coordinated actuation. The detailed fabrication process of
the BPSM is provided in Supplementary Section 1.

The deformation mechanism of the pneumatic actuators
in the soft fingers relies on the asymmetric response behav-
ior induced by differences in material stiffness across the
multilayer structure. When pressurized air is introduced
into the inner chamber, the cavity tends to expand in all
directions. However, the fiber-reinforcement layer
constrains radial expansion, directing the deformation
primarily along the longitudinal axis. Simultaneously, the
cotton fabric and biomimetic rigid groove layers, located on
one side of the structure, impose asymmetric constraints
that guide the actuator to bend unilaterally. Bending occurs
at pre-defined compliant joint regions and enables the actu-
ator to mimic the natural flexion of human finger joints
under pneumatic actuation. Precise posture control and
coordinated actuation of multiple fingers in the biomimetic
soft hand can be achieved by leveraging this asymmetric
deformation strategy and regulating the input pressures of
individual pneumatic actuators.

The proposed BPSM is pneumatically driven. We
designed a 12-channel pneumatic control system based on
proportional-integral-derivative (PID) closed-loop feedback
control to achieve precise regulation of positive and nega-
tive pressure output. Detailed control methods are provided
in Supplementary Section 3.

2.2 Characterization of the elastic
pneumaticchambers in soft fingers

We evaluated the system-level performance of the BPSM by
experimentally measuring key parameters of its soft finger
pneumatic actuators. These include workspace coverage,
bending response and fingertip output force. We used a
camera-based tracking setup together with OpenCV image
processing to determine the workspace. Motion trajectories
of both the three-joint and two-joint soft fingers were visual-
ized and analyzed (Fig.2(d, e)). Distinctive color markers
were affixed to the base and fingertip of each actuator, and
their positions were extracted using HSV-based color
thresholding and centroid localization, calibrated to physi-
cal scale via a pre-established pixel-to-length ratio. We
tracked the fingertip trajectory under varying input pres-

sures to obtain the two-dimensional reachable workspace of
each finger. Simultaneously, the bending angle was esti-
mated by calculating the inclination between the fingertip
trajectory vector and the baseline marker. As shown in Fig.
2(d), the workspace of the three-joint index finger exhibits a
crescent-like profile with a maximum horizontal span of 79
mm and a vertical reach of 113 mm. Similarly, the thumb (2
Joint configuration) displays a crescent workspace spanning
45 mm horizontally and 73 mm vertically (Fig. 2(e)).

To further evaluate the pressure-dependent actuation
performance, we measured the static bending angles of the
fingers under varying pneumatic inputs and established
pressure-angle response curves. As shown in Fig. 2(f), the
bending angle of each actuator increases monotonically with
applied pressure, demonstrating a well-behaved, control-
lable pneumatic response. For the 3 Joint actua tors, a maxi-
mum bending angle of (154.7 £ 6.0)° (N = 3) was achieved at
170 kPa. The two-joint actuators reached their peak bend-
ing angle of (106.9 + 6.9)° (N = 2) at 160 kPa. For the thumb
adduction actuator, a maximum bending angle of (41.3 %
3.4)° (N = 3) was recorded at 155 kPa. These results confirm
the system's effective modulation of joint angles through
pressure variation, enabling precise and repeatable shape
adaptation.

To assess the mechanical performance of the soft robotic
hand during grasping tasks, we measured the fingertip
output force using a force sensor. The sensor was vertically
mounted at the fingertip's contact surface to record the
output force at maximum bending states for each actuator
configuration. As shown in Fig. 2(g), the 3 Joint pneumatic
actuator achieved a maximum fingertip output force of
(1.26 £ 0.03) N (N = 3), while the two-joint actuator reached
a maximum output force of (1.04 £ 0.07) N (N = 3). To vali-
date the grasping capability of the BPSM, we evaluated its
adaptability in underwater environments using the method
of reproducing common human grasping postures®. As
shown in the Supplementary Figure, the soft hand success-
fully reproduced 33 typical human grasping postures, cover-
ing various typical grasping modes including power grasps,
lateral pinches, and precision tripod grasps. This fully
demonstrates its excellent grasping performance and motion
flexibility, capable of meeting the needs of grasping daily
lightweight objects and interactive operations. These results
indicate that the actuators can meet the force requirements
for handling lightweight objects and performing interactive
operations.

2.3 FBG-SenseGlove architecture and operating
principle

Integrating flexible sensors directly into the body of soft
robots can enhance system lightweighting, improve response
speed, and often offer superior mechanical compatibility.
However, such monolithic integration typically requires
more complex fabrication processes and inherently limits
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system scalability. In the event of localized sensor failure, the
entire system may require replacement, increasing mainte-
nance costs. Instead, we decouple the soft robotic hand and
the sensing components, integrating the flexible sensors into
a lightweight and structurally simple data glove, thereby
enhancing modularity, ease of maintenance, and system
robustness.

The FBG-SenseGlove detects subtle movements of the
wearer's hand based on the unique Bragg wavelength char-
acteristic of FBG that reflects specific wavelengths of light.
The reflected light is identified using an FBG interroga-
tor**#%. The FBG center wavelength A, satisfies the Bragg
condition:

A = 2ngA | (1)
where Ay denotes the Bragg wavelength, n.q is the effective
refractive index of the optical fiber, and A represents the
grating period. Strain and temperature variations cause
shifts in the Bragg wavelength. The resultant wavelength
shift Ay is expressed as:

Ay = 2n4A (1 — P,) Ae 4+ 2ngA ( + E) AT, (2)

where Ay denotes the wavelength shift and Ae, AT denote
the variations in strain and temperature, respectively. P, «,
and & correspond to the fiber's photoelastic coefficient, ther-
mal expansion coefficient, and thermo-optic coefficient.
Assuming a constant temperature T, the strain & can be
calculated from the measured wavelength shift based on the
above equation. When the FBG experiences stress, the Bragg
wavelength shifts accordingly, as illustrated in Fig. 2(h). By
leveraging the relationship between strain and the Bragg
wavelength, high-precision measurements of small physical
changes such as finger bending angles can be achieved.

The encapsulation of the FBG is a crucial step to prevent
its fracture during finger flexion. The designed data glove
structure consists of the finger covers and a silicone protec-
tive layer, with the silicone layer serving to encapsulate the
FBG and prevent breakage. A non-toxic, odorless silicone
material, suitable for direct skin contact, is used as the base
material for the glove, with an elongation of up to 672% and
tensile strength of 440 psi. Each finger's silicone protective
layer houses a single FBG, positioned at the proximal inter-
phalangeal joint (PIP). This location is selected due to its
significant contribution to the overall finger movement in
most hand gestures, allowing the effective capture of key
flexion motions for gesture monitoring.

2.4 FBG-SenseGlove performance characterization

To characterize the strain response of the FBG sensor while
eliminating temperature interference —since FBGs are
intrinsically sensitive to both strain and temperature —all
tests were performed in a temperature-controlled laboratory
environment. Tensile forces were applied directly to the
grating region of the FBG to induce tensile strain. Accord-

ing to the mechanics of an equal-strength cantilever beam,
each 0.2 N of applied force corresponds to a surface strain of
approximately 240 pe. The strain was progressively
increased from 0 to 1800 pe, and the corresponding wave-
length shifts were monitored. As shown in Fig. 2(i), the
obtained results exhibited a strong linear relationship
between strain and wavelength shift. A linear regression
yielded the equation y=0.03511+0.00113x, corresponding to
a sensitivity of 1.148 pm/pe and a linearity (R?) of 0.9996.
The maximum observed wavelength shift reached 2.067 nm.
The standard deviation across measurements was as low as
4.22 pm which indicates excellent repeatability. These results
confirm that the FBG sensor possesses high sensitivity,
strong linearity, and stable performance under applied
strain.

We then conducted a bending response test on the encap-
sulated FBG-SenseGlove to evaluate changes in the Bragg
wavelength under different bending angles. A 3D-printed
biomimetic finger with articulated joints was used to wear
the FBG-SenseGlove and was mounted on a precision digi-
tal goniometer. The goniometer was employed to calibrate
the glove's bending angle. This setup allowed the simulation
of mechanical stress induced by finger flexion and enabled
accurate measurement of the corresponding Bragg wave-
length shifts. The results show that the sensor exhibited a
Root Mean Square Error of 0.12148 nm, a linearity of
0.9791, and a bending sensitivity of 26.667 pm/°. These find-
ings confirm that the sensor maintains high stability and
sensitivity even after silicone encapsulation.

2.5 Multimodal posture perception

The designed FBG-SenseGlove enables bidirectional pose
perception: it can be worn by human operators (e.g., diver)
for real-time capture of hand gestures or mounted onto the
five fingers of the BPSM to provide real-time feedback on
the soft robotic hand's deformation state.

We adopted six common underwater interaction gestures
(Fig. 3(a)) to validate the effectiveness, stability, and perfor-
mance of the FBG-SenseGlove in capturing hand posture
information from both the diver and the soft robotic hand in
underwater environments. The data acquisition for each
gesture was completed within a 3-second period. Each
sample consisted of five FBG wavelength channels with 4000
floating-point values per channel. In total, 2400 samples
were collected to construct a dataset for underwater gesture
recognition under environmental conditions. After shuf-
fling, the dataset was divided into training and validation
sets with a ratio of 8 ! 2. To process the FBG wavelength
signals we developed a dedicated deep learning architecture
Modular Temporal Convolutional Networks-Underwater
AdaptiveNet (MTCN-UANet) optimized for extracting
features from spectral time-series data (Fig. 3(b)). The final
model achieved a validation accuracy of 100% on the BPSM
input set and 99.39% on the diver dataset (Fig.3(c)). To
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Fig. 3 | Multimodal Pose Perception for Human Hand and BPSM Gestures. (a) FBG data collection of six common underwater interaction gestures for both
human hands and BPSM using the FBG-SenseGlove. The graph illustrates how the Bragg wavelength shifts with respect to each gesture, showing distinct
patterns for each. FBG1 to FBG5 correspond to the thumb, index, middle, ring, and little fingers of the hand, respectively. (b) The architecture of the deep

learning model MTCN-UANet, specifically designed for extracting FBG center wavelength features. (c) Gesture recognition results and classification confu-

sion matrices for six gestures of both diver hands and BPSM.

further assess its generalization, we performed stratified 5-
fold cross-validation, which demonstrated strong classifica-
tion performance and robustness in complex environments
(Fig. S2).

Against the backdrop of increasingly refined intelligent
interaction control relying solely on a single sensor modal-
ity is no longer sufficient to meet the demands for high
precision and robustness in manipulation tasks. In our
posture perception tests, specifically within the complex
environment test set simulating turbid water and flow
disturbances, our quantitative benchmark results are as
follows: Under the single vision modality, traditional models
(e.g., CNN, MobileNetV2) exhibited low test accuracy in
complex environments, at 21.25% and 28.75%, respectively.
Under the single FBG modality, MTCN-UANet remained
robust due to the advantages of optical fiber sensing, achiev-
ing 96.25% accuracy in this test set.

By introducing four-camera multi-view fusion and global
and local cross-attention (GL attention), the model lever-
ages the cross-attention mechanism to deeply mine the
spatiotemporal complementary characteristics of FBG and
images, achieving superior fusion effects. Under full-modal-
ity input (five FBG sensors + four-view images), its accuracy
reached 99.2%. This indicates that although MTCN-UANet
itself already possesses extremely high precision, GLCA-

FusionNet can effectively correct subtle misjudgments (an
improvement of approximately 2.70%) that may occur in a
single modality under extreme environmental interference,
which is crucial for high-reliability underwater interaction.
Remarkably, even with only a single FBG sensor and one
camera view it still attains a test accuracy of 86.93% signifi-
cantly outperforming unimodal approaches. This demon-
strates how multimodal data fusion can fully exploit the
complementary strengths of heterogeneous sources and
thereby enhancing the system's overall perception capabili-
ties and substantially improving the accuracy and fidelity of
complex hand gesture recognition.

2.6 Light-perception-based interactive control system
framework and underwater operations

We selected Python as the development language to
construct a fully functional, modular, and highly extensible
multimodal interactive system. We adopted a modular
design approach where each sensor or control device has its
own dedicated interface package to enhance system cohe-
sion and maintainability. In terms of communication, the
system acquires FBG sensor data from the FBG-SenseGlove
via the UDP Ethernet protocol, while RGB image data is
retrieved using the OpenCV library through UVC protocol-
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based video streams. After temporal synchronization and
spatial alignment of all multimodal data, we fuse and process
them to control multiple output devices including BPSM
controlled via serial communication and a 3D virtual hand
model interacting through UDP protocol. This setup facili-
tates end-to-end real-time control and feedback loops.

The architecture of the proposed interactive control
system is illustrated in Fig. 4(a). The BPSM is actuated by a
pneumatic control system based on closed-loop PID feed-
back that enables precise and adjustable bidirectional pres-
sure output. Details of the implementation are provided in
Supplementary Section 3. The control system also includes a
host computer responsible for input signal mapping, control
command transmission, and virtual environment rendering.
Within this interactive system the FBG-SenseGlove func-
tions as the gesture input interface. The Bragg wavelengths
from the FBG sensors are acquired by an FBG interrogator
and transmitted to the host computer, where they are
mapped to joint angle variations using the calibrated
strain-wavelength relationship. These joint angles are
further mapped to target pneumatic pressures using a pre-
defined pressure-angle mapping model. The resulting pres-
sure commands are sent to the pneumatic control system
where a microcontroller unit (MCU) receives and decodes
the instructions via a dedicated parsing algorithm and
generates control signals for the solenoid valves. This allows
accurate regulation of air pressure to drive the soft hand and
achieve the desired bending motions.

We devised a practical deployment scenario in which the
entire BPSM is mounted onto an ROV via custom connec-

tors and operated within an underwater test tank. One FBG-
SenseGlove is attached to the BPSM to monitor its real-time
bending and motion posture, while another FBG-Sense-
Glove is worn by a human operator to capture hand gestures
and control the soft robotic hand accordingly, as illustrated
in Fig. 4(b).

Underwater soft hand posture monitoring. When the
operator moves their index and middle fingers, the FBG
sensors embedded in the wearable glove detect shifts in the
Bragg wavelength which are mapped to corresponding
finger bending angles. These angles are transmitted as
control commands to the host computer which then trans-
lates them into the target bending angles of the underwater
soft hand and calculates the required actuation pressure. The
control signals are subsequently sent to the slave system,
which actuates the corresponding soft fingers underwater to
achieve the desired bending posture. Simultaneously, the
FBG sensors integrated into the glove mounted on the soft
hand respond to the resulting deformation and provide real-
time feedback by registering changes in Bragg wavelength.
This process enables continuous monitoring of the soft
hand's posture as illustrated in Fig. S4, thereby achieving
closed-loop posture tracking and interactive control between
the FBG-SenseGlove and the soft robotic hand.

Underwater Biological Model Grasping. We demonstrate
how an operator remotely controls finger flexion to interac-
tively guide the BPSM for underwater retrieval tasks (Fig.
4(c) and Movie S1). The operator drives the ROV into the
underwater environment while monitoring the system
camera. When the ROV approaches the target biological

a FBG
Interrogator
. wData \

Control system

Interaction
, control

Attitude sensing

Neural network d
architecture

Digital twin
hand interface 4
f.l ]

B jj'g'

Attitude sensing

Fig. 4 | Interactive control system based on optical sensing. (a) Schematic of the optical sensing-based interactive control system. Both the BPSM and the
simulated underwater diver wear the FBG-SenseGlove, which collects FBG data and RGB image data. These data are then fused and processed to control
the motion of the BPSM and dynamically map the entire hand posture onto a 3D virtual hand model, enabling digital twin visualization. (b) Illustration of
the simulated underwater grasping of a clownfish model. (c) Dynamic control of the underwater grasping experiment, including the states of grasping,

holding, and releasing the clownfish model.
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model (e.g., clownfish, hermit crab, octopus model, etc.), it
halts. At this point, the land-based operator begins control-
ling the soft glove and can adjust the soft arm using the
joystick and the wrist rotation using the potentiometer.
Together, these controls allow the operator to perform the
grasping operation on the underwater model. The underwa-
ter soft hand bends to the mapped angle and successfully
grasps the biological model. The operator then lifts the
model, drives the ROV back to the designated basket, and
releases the model, completing the underwater retrieval task.

Underwater retrieval. The operator guided the ROV
through the underwater environment while monitoring the
onboard camera feed. Upon approaching the designated
retrieval target the ROV was brought to a halt. The land-
based operator then engaged the wearable glove to control
the soft robotic hand. The underwater soft hand bent to the
mapped angle and securely grasped the target basket. Subse-
quently, the ROV transported the retrieved item to a prede-
fined location, thereby completing the underwater retrieval
task, as demonstrated in Movie S1.

2.7 Interactive control of underwater digital twins

We employed Python scripts to precisely bind the joints of
the virtual soft robotic hand, enabling real-time angular
mapping of all FBG signals from the data glove within the
virtual environment. This setup allowed immediate visual
feedback of the 3D virtual hand model in response to glove
input signals. The BPSM integrated with the FBG-Sense-
Glove exhibited high-fidelity synchronization with human
hand motions thereby accomplishing digital twin-based
visual representation.

To enhance the control performance of the digital twin
system in dynamically complex underwater environments,
we integrated the FBG-SenseGlove with an RGB camera and
IMU sensors, and adopted reinforcement learning to opti-
mize the control strategy. A custom simulation environ-
ment was developed using URDF-based modeling, incorpo-
rating specifically designed state spaces, reward functions,
domain randomization, and other parameter optimization
schemes. We specifically compared the motion accuracy and
dynamic performance of the traditional PID controller, the
Model Predictive Control (MPC) method, and the Deep
Deterministic Policy Gradient (DDPG) reinforcement learn-
ing algorithm in executing complex tasks. The final results
show that compared to the traditional PID controller and
MPC method, the DDPG algorithm reduced the position
error (Epos) by 5.4 mm and 2.1 mm, and the velocity error
(Evel) by 8.1 mm/frame and 4.6 mm/frame, respectively.
This successfully improved the response speed and accuracy
of the digital twin hand for complex gestures and actions.
Detailed training environment and parameter designs are
shown in Supplementary Section 5. This framework signifi-
cantly improved the response speed and accuracy of the
digital twin hand in replicating complex gestures and

motions.

As illustrated in Fig. 5(a), the system diagram depicts the
underwater human-machine interactive control framework
based on a digital twin. The BPSM equipped with an FBG-
SenseGlove is mounted onto the ROV via a custom connec-
tor. The ROV serves as an underwater submersible platform,
while the BPSM functions as the execution unit for deep-sea
operations. The underwater data glove captures the BPSM’s
bending and posture dynamics. Meanwhile a human opera-
tor located in a shallow-water environment wears a second
FBG-SenseGlove to perform underwater operations. Multi-
ple shallow-water scenarios are configured including calm
water, flow disturbances, turbid conditions, and combined
turbulence with turbidity to simulate underwater operations
performed by divers under varying environmental complex-
ities. The glove captures the operator's finger posture and
bending motions and uses them to control the movements
of the underwater actuator. A PC-based remote monitoring
system constructs two parallel 3D virtual hands that dynam-
ically map FBG sensor data into a virtual space. One repre-
sents the underwater BPSM, and the other represents the
diver's hand, enabling real-time interaction and posture
monitoring of both physical entities. Human operators at
the remote end can monitor the operational status of both
the shallow-water diver and the deep-sea BPSM in real time.
Upon receiving commands from the remote operator, the
diver performs the instructed motion, which is then
mirrored by the BPSM operating in the deep-sea zone. Both
the BPSM and the diver's hand postures are fed back to the
monitoring system allowing the supervisor to assess the
operational state of the underwater system including motion
trajectories and potential faults. This feedback loop supports
further command issuance and enables an interactive sens-
ing link among the human operator, the machine, the physi-
cal underwater environment and the virtual space. Ulti-
mately, the system achieves intelligent interaction and
control across human, machine, environment, and virtual
space.

We demonstrated that a human operator can achieve real-
time control of the underwater BPSM through finger move-
ments, enabling both gesture-based control and underwater
grasping, with continuous posture feedback and monitoring
at the remote terminal. As shown in Movie S2, under
normal shallow-water conditions the underwater operator
performs a series of single commonly used gestures
progressing from individual finger movements to dual-
finger gestures. During this process, both the BPSM and the
virtual representations of the operator's hand and the BPSM
respond synchronously replicating the intended gestures.
The FBG wavelength data, corresponding dual-hand
postures, and digital twin monitoring terminals during the
entire action process I-IX are recorded in Fig. 5(b). It can be
seen that the five FBGs on each glove successfully completed
the posture monitoring of individual fingers during actions
I-IX without mutual interference, with accurate and rapid
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Fig. 5 | Underwater digital twin interactive control. (a) System diagram of the underwater digital twin HMI control. Both the simulated underwater diver
and the BPSM wear FBG-SenseGloves for interactive control in the underwater environment. Remote digital twin monitoring of both hands is performed
on the PC. The simulated diver’s environment includes normal underwater conditions, flow disturbances, turbid water, and combined turbulence with
turbidity. (b) Under normal underwater conditions, wavelength shifts of each FBG sensor corresponding to individual fingers vary across nine distinct
gestures performed by the simulated diver, alongside the associated gesture motions and digital twin monitoring. (c) In a turbid underwater environment
with flow disturbances, wavelength shifts of each FBG sensor corresponding to individual fingers vary according to different gestures performed by the
simulated diver. (d) Dynamic underwater retrieval experiment of the BPSM grasping a basket under turbid and flow-disturbed conditions, with temporal

variations of wavelength shifts for each finger’s FBG sensor.

wavelength change responses. During the full actuation of
the BPSM palm, the maximum response time At,, remains
below 0.5 s. Once the BPSM fingers reach their target bend-
ing angles, the system maintains stable posture, with mini-
mal fluctuation in the FBG wavelength shifts.

We further evaluated the system under more challenging
conditions, including a shallow-water environment with
turbidity and flow disturbances. In this setting, the underwa-
ter operator performed a series of more complex commonly
used underwater gestures. The FBG sensor readings, shown
in Fig. 5(c), demonstrate consistent wavelength shifts corre-
sponding to finger movements. As before, all five FBG
sensors embedded in the glove effectively tracked individual
finger postures, maintaining high responsiveness and signal
integrity despite the presence of flowing water and low-visi-
bility conditions. The digital twin system likewise captured
the full range of motion of both the human hand and the
BPSM as visualized in Movie S2. Movie S2 also documents
the underwater dynamic retrieval task performed by the
BPSM. As the ROV navigated through the underwater envi-

ronment and approached the target object the diver received
a remote instruction and initiated the grasping action. Bend-
ing signals detected by the diver's FBG-SenseGlove were
transmitted to the host computer and the host computer in
turn issued commands to the pneumatic control system. The
control system then actuated the underwater BPSM to
execute the corresponding grasping motion. These bending
signals were fully mapped onto the remote 3D virtual hand
model, allowing the monitoring terminal to verify task
completion once the hand movements of both the diver and
the BPSM were in agreement. Upon successful grasp, the
ROV transported the object to a designated location and
released it. The complete operation process, including ROV
motion, object approach, diver grasping, BPSM actuation,
lifting, and final release, was continuously monitored at the
remote end. The FBG data collected from both the diver's
glove and the BPSM glove during these key stages is shown
in Fig. 5(d). Throughout the entire motion and control
sequence the system exhibited minimal latency, with the
maximum response delay At,, remaining below 0.4 seconds.
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3 Conclusions

In this work, we developed a multimodal fusion-based LP-
UDTHS. The system comprises an underwater soft robotic
hand, which is capable of dexterous grasping and move-
ment when mounted on an ROV, a data glove based on FBG
for capturing finger posture information. By integrating data
from the FBG sensors on the glove, RGB cameras, and IMU
sensors, we enable real-time monitoring and visualization of
the diver’s and soft robotic hand's motions. The data is
transmitted into a digital twin environment on the terminal,
facilitating the mapping and control feedback of hand
postures to validate HMI performance. This system relies on
optical perception, enabling a four-dimensional (human-
machine-virtual space-environment) intelligent interactive
control system. This supports real-time remote operation of
the underwater robotic hand and feedback from the virtual
environment. The key advantages of our system include
simplicity, low cost, fast response, non-destructive interac-
tion, and environmental friendliness. Supplementary Table
S6 summarizes the sensing capabilities, interaction capabili-
ties, algorithmic control, and digital twin capabilities of
recent intelligent underwater manipulator systems. These
characteristics provide a new paradigm for underwater oper-
ations such as scientific exploration and underwater
retrieval.

Future work for improvement can be done including
upgrading the soft finger structure by incorporating vari-
able stiffness flexible modules to enhance grasping strength,
adopting more advanced pneumatic control algorithms to
further improve control accuracy, integrating additional
flexible sensors into the soft hand to enhance its perceptual
capabilities, allowing for more environmental information
(e.g., pressure, tactile information, etc.) to be gathered, and
exploring the use of brain-machine interfaces for direct
control of the underwater robotic hand. In addition, deploy-
ing FBG sensing systems in deep-sea environments often
requires consideration of temperature-pressure cross-sensi-
tivity. Future work could combine the high-sensitivity opti-
cal fiber seawater temperature and pressure sensor proposed
by Xu et al. to achieve 'decoupling’ of temperature and pres-
sure sensing characteristics at the hardware level”, thereby
providing a clear technical path for the deep-sea evolution of
this system.

4 Materials and methods
4.1 Posture acquisition method of FBG-SenseGlove

After donning the silicone-based data glove, the five FBGs
are connected to a multi-channel FBG interrogator (TV-
1600-1000 Hz-16-channel, Tongwei Technology, Beijing,
China) via FC/APC connectors. The FBG interrogator
collects the Bragg wavelength data of the five FBGs at a
sampling rate of 1000 Hz. The working principle of the FBG

is based on strain-induced shifts in the fiber Bragg grating's
spectrum, which vary with changes in finger joint angles.
Therefore, the key to the motion tracking algorithm is to
develop an accurate and reliable model that maps the rela-
tionship between finger joint angle changes and fiber strain.
Before posture data collection begins, the initial mapping
parameters need to be adjusted according to the wearer’s
hand shape. Bragg wavelength data are collected for both
fully extended and fist positions, after which hand posture
information can be captured. The mapping transformation
for a single finger can be expressed as:

k

(Wrnax - Wmin) .

In this expression, W denotes the currently acquired
wavelength value of the finger, while W,,,, and W,,;, repre-
sent the wavelength values recorded during full fist closure
and full extension, respectively. The parameter k is a
normalization coefficient, typically set to 90. The final
output F corresponds to the mapped flexion value of the
individual finger.

F= (W_ Wmin) * (3)

4.2 Configuration of diverse underwater environments

The shallow-water environment was established in a tank
measuring 60 cm x 30 cm x 35 cm, with water filled to a
height of 30 cm to simulate standard shallow-water condi-
tions. Flow disturbances were introduced by activating a
water pump with a maximum head of 2 m H,O, while water
turbidity was simulated by adding 10 mL of black ink to the
tank. These different shallow-water scenarios were designed
to emulate environmental challenges that may be encoun-
tered by divers operating near the surface, such as surface
wave-induced disturbances.

The underwater ROV (FIFISH V-EVO, Finware Technol-
ogy, Guangdong, China) was deployed in a large tank
measuring 2.4 m x 0.9 m x 0.9 m, filled to a depth of 0.85 m
to replicate a deep-water operational environment.

4.3 Construction of the MTCN-UANet architecture

To facilitate a horizontal comparison of the performance of
various backbone models in extracting FBG features, we
trained multiple models using combined data collected from
a single thumb sensor. The training results revealed signifi-
cant differences in recognition accuracy across validation
sets, as detailed in Supplementary Section 2. Based on a
comprehensive assessment of recognition accuracy and
model complexity, we selected the Temporal Convolutional
Network (TCN) for extracting temporal features of the FBG
wavelength signals. TCN is a convolution-based deep neural
architecture that replaces recurrent structures with tempo-
ral convolutions, enabling efficient modeling of long-range
temporal dependencies. It also offers improved parallelism
and more stable gradient propagation. Compared to tradi-
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tional recurrent architectures such as GRUs and LSTMs,
TCN demonstrates superior expressiveness in time-series
modeling due to its causality, dilated convolutions, and
residual connections.

The core architecture of the TCN consists of multiple
layers of dilated causal convolutions. Causal convolution
ensures that the output at time step t depends only on the
current and past inputs x<t, thereby preventing information
leakage from future time steps and preserving the temporal
integrity of the sequence. Dilated convolution, on the other
hand, introduces spacing between kernel elements via a dila-
tion factor, allowing the model to achieve a large receptive
field without increasing the number of parameters, thereby
capturing long-range temporal dependencies.

The convolution operation can be formulated as follows:

k-1

y(O =3 f)-x(t—d-i), (4)
i=0

where k denotes the kernel size, d is the dilation rate (e.g., 1,

2, 4, 8), and f(i) represents the i-th convolution kernel

weight. By progressively increasing the dilation rate across

layers, the model is able to learn long-term temporal depen-

dencies at deeper hierarchical levels.

To enhance training stability, the TCN architecture incor-
porates residual connection structures. Each residual block
consists of two layers of dilated causal convolutions, each
followed by a ReLU activation, normalization, and dropout.
A skip connection is then applied, directly adding the block’
s input to its output:

Output = ReLU (x + F (x)) , (5)

where F(x) represents the nonlinear transformation output
of the residual block. This structure helps alleviate the
vanishing gradient problem and enhances the trainability
and generalization ability of deep networks.

In the actual model design, the time-series data of the
Bragg wavelength from each FBG channel (original length of
4000) was segmented and reconstructed into a two-dimen-
sional sequence input with a shape of (20,200), dividing the
entire time series into 20 time segments with 200 feature
points each. The corresponding input tensor dimensions
are:

X c RBXZOXZOO , (6)

where B is the batch size. For each FBG channel, we
construct an independent sub-network with three stacked
residual convolution modules (nb_stacks=3), where each
module contains four layers of dilated convolution with dila-
tion rates of 1, 2, 4, and 8, respectively. The kernel size is 2,
and the number of channels (nb_filters) is 64. The causal
padding strategy ensures that the time-series output is
aligned with the input, preventing any future information
leakage.

With the above parameter configuration, the final

network can achieve a receptive field of:
L—-1
ReceptiveField = (k — 1) - Z d+1. (7)
=0

For this model, with a kernel size of k = 2, dilation rates
of [1, 2, 4, 8], and three residual stacks (a total of 12 convo-
lutional layers), the overall receptive field can sufficiently
cover the entire input sequence.

In the overall model, the five-channel TCN feature extrac-
tion modules operate in parallel, independently modeling
the dynamic characteristics of each FBG channel. These
extracted features are then fused to enable collaborative
perception and discrimination of multi-source heteroge-
neous temporal information. The proposed MTCN-UANet
architecture optimizes the processes of feature extraction,
fusion, and classification in an end-to-end manner. By
preserving the integrity of temporal dependencies, it signifi-
cantly enhances the robustness and accuracy of multi-chan-
nel FBG-based gesture recognition. The detailed network
architecture is illustrated in Fig. 3(b).

To evaluate the discrepancy between the model’s predic-
tions and the ground truth, the loss function used during
training is Sparse Categorical Cross entropy (SCCE). The
model is optimized using the Adam optimizer with an initial
learning rate of 0.001. The batch size is set to 32, and the
model is trained for 100 epochs.
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