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Abstract—Reconstructing the three-dimensional (3D) geometry
of object surfaces is essential for robot perception, yet vision-
based approaches degrade under low illumination or occlu-
sion. This limitation motivates the design of a proprioceptive
membrane that conforms to the surface of interest and infers
3D geometry by reconstructing its own deformation. Conven-
tional deformation-aware membranes typically rely on resistive,
capacitive, or magneto-sensitive mechanisms, but can suffer
from structural complexity, limited compliance during large-scale
deformation, and susceptibility to electromagnetic interference.
This work presents a soft, flexible, and stretchable proprioceptive
silicone membrane based on optical waveguide sensing. The mem-
brane integrates edge-mounted LEDs and centrally-distributed
photodiodes (PDs) within a multilayer elastomeric composite.
Rich deformation-dependent light-intensity signals are decoded
by a data-driven model to recover the membrane geometry.
Real-time reconstruction is demonstrated on a customized 140
mm square membrane at an end-to-end update rate of 90 Hz,
achieving an average reconstruction error of 1.307 mm for out-
of-plane deformation of up to 25 mm. The proposed sensor
also demonstrates accurate reconstruction under large in-plane
deformation, achieving reliable shape recovery up to 75% strain
with an average Chamfer distance of 1.214 mm. The proposed
framework provides a scalable, robust, and low-profile solution
for global shape perception in deformable robotic systems.

Index Terms—shape sensing, optical waveguide, 3D shape
reconstruction, liquid metal, soft robotics

I. INTRODUCTION

Perceiving the geometry of large-scale 3D surfaces is a
fundamental capability in robotics, as it provides rich infor-
mation for both physical-interaction reasoning and internal
state estimation [1]. In robot manipulation, reconstructing the
surface geometry of external objects supports tasks such as
object pose estimation [2], [3] and grasp planning [4], [5]. In
soft robotics, integrating shape-sensing capabilities into soft
robotic actuators or soft robots provides proprioceptive feed-
back for state estimation and closed-loop control [6], [7], [8].
In addition, shape sensing can provide direct information about
the properties of objects in contact [9], [10], as well as enable
inference of force distribution or contact locations [11], [12].
Beyond robotics, shape sensing can also be integrated into
wearable devices for healthcare monitoring [13], [14]. While
vision-based methods remain powerful and widely used for
general 3D surface reconstruction [15], [16], [17], [18], they
typically require proper illumination and unobstructed views
[19], conditions that can be difficult to guarantee in many
aforementioned application scenarios. An alternative approach
is to use a conformable, thin membrane that closely adheres
to the surface of interest, thereby capturing its geometry
through the membrane’s own deformation. These considera-

tions motivate proprioceptive shape sensing, in which a thin
membrane is sensorized to reconstruct its deformation directly
from internal measurements.

Multiple methods have been explored to sensorize thin
membranes for proprioceptive 3D shape reconstruction. Early
work [20], [21] assembled multiple rigid modules into flexible,
mesh-like structures, in which each module embedded an
inertial measurement unit (IMU) to estimate local orientation.
However, such designs are structurally complex and noncom-
pliant, limiting their applicability. Subsequently, researchers
developed resistive [22], [23], capacitive [24], and magnetic
[25] sensing mechanisms that typically measure the spatial
distribution of local strain and recover the global geometry.
Similarly, Shah et al. introduced a stretchable shape-sensing
(S3) sheet [26] that integrates discrete IMUs and capacitive
sensors into a single stretchable film. While these approaches
leverage soft, stretchable substrates, they often lack robustness
because their sensing mechanisms are inherently susceptible to
electromagnetic interference (EMI) and signal cross-talk [27].
In contrast, optical waveguide-based approaches [28] have
recently attracted increasing attention, as they transmit defor-
mation information via optical signals that are intrinsically
immune to EMI and often enable relatively simple fabrication
processes.

Across prior work, optical waveguide sensing strategies
broadly fall into two regimes: wavelength-based sensing, in
which deformation shifts a characteristic wavelength, and
intensity-based sensing, in which deformation modulates the
transmitted light intensity. Wavelength-based waveguide sens-
ing typically relies on structures that reflect or transmit a char-
acteristic wavelength that shifts in response to deformations.
Fiber Bragg gratings (FBGs) are a representative example:
axial strain modulates the Bragg wavelength, enabling high-
resolution deformation measurements [29], which have been
explored for a variety of proprioceptive shape sensing appli-
cations [30], [31], [32], [33]. However, because this approach
often requires embedding optical fibers into the membrane, the
resulting composite becomes less compliant and stretchable,
thereby constraining large-scale surface deformation. In addi-
tion, wavelength-based sensing generally requires specialized
and bulky hardware for spectral analysis, which precludes its
use in fully untethered designs.

In contrast, intensity-based sensing is more commonly
adopted, as it can be implemented using simple light emitters
(e.g., LEDs) and detectors (e.g., photodiodes) that readily
integrate into soft structures. In the canonical one-dimensional
(1D) configuration [34], [35], [36], [37], [38], an LED is
installed at one end of the waveguide, and a photodiode (PD) at



the other. Deformation—bending, stretching, or twisting—can be
inferred by comparing the detected intensity to a baseline. By
integrating single or multiple waveguides into soft pneumatic
actuators, researchers have demonstrated reliable estimation
of multi-degree-of-freedom (multi-DOF) motion, leveraging
the mechanical compatibility between soft waveguides and
pneumatic bodies. Beyond 1D waveguide structures, intensity-
based sensing has also been explored for surface shape re-
construction using distributed optoelectronic layouts [39]. In
these approaches, multiple LEDs and photodiodes are sparsely
embedded within a two-dimensional waveguide structure to
generate a deformation-dependent signal set, which is then
mapped to global geometry using data-driven models (e.g.,
neural network). While these studies establish the feasibility of
waveguide-based shape reconstruction, most focus on bending-
dominated deformation.

Our work builds on intensity-based shape sensing and
extends it toward highly stretchable membranes for propri-
oceptive shape reconstruction. As shown in Figure 1A-B, we
present a deformable optical waveguide sheet embedded with
edge-mounted LEDs and centrally distributed PDs, capable of
reconstructing global deformation directly from PD measure-
ments. When the membrane deforms, changes in light trans-
port modulate the intensity distribution across the membrane,
which is detected by the PDs. By sequentially activating the
LEDs and recording the corresponding light intensities at the
PDs, we obtain a rich set of deformation-dependent signals. To
map these signals to the global shape of the sensor, we adopt a
data-driven neural network-based reconstruction approach that
captures the complex, nonlinear relationship between optical
transmission patterns and large-scale deformation (Figure 1C).
On a sensor prototype, we demonstrate that our learned shape
reconstruction model achieves an average reconstruction error
of 1.307 mm, measured by the Chamfer distance, and remains
accurate under out-of-plane indentations up to 25 mm. In
addition to out-of-plane deformations, the membrane remains
functional under large in-plane strain: a uniaxial stretching
experiment achieves accurate reconstruction up to 75% strain
with an average Chamfer distance of 1.214 mm. The pro-
posed pipeline is capable of real-time reconstruction. The
reconstruction model runs at 5-7 ms per frame on a host PC
with an NVIDIA T1200 Laptop GPU, providing an end-to-
end update rate of about 90 Hz. We also demonstrate that
the membrane remains functional under large deformations,
including bending and twisting (Figure 1D), endowing the
design with the capability to reconstruct complex deformation
modes.

The main contributions of this work are as follows:

1) We propose a soft, highly deformable proprioceptive
membrane that is capable of reconstructing large defor-
mations of its own shape from internal measurements.

2) We demonstrate that dense surface deformations can be
reconstructed from sparse embedded optical measure-
ments using a deep learning-based approach.

3) We develop a scalable method for embedding func-
tional electronics into stretchable structures using flex-
ible printed circuit board (PCB) connectors and liquid
metal interconnects.

II. METHOD
A. Design and Fabrication of Membrane Sensor

This section describes the design and fabrication of our
highly deformable optical waveguide membrane, together
with the electronics and readout strategy used to acquire
deformation-dependent signals. We first present the mechani-
cal architecture of the waveguide stack, which confines light
within a compliant transparent core while rejecting exter-
nal illumination through reflective and light-shielding layers.
Then, we describe the layer-by-layer fabrication process and
the integration of stretchable electronics, including liquid
metal-based interconnects and flexible breakout interfaces for
optoelectronic components that preserve membrane stretcha-
bility. Finally, we present the electrical system design and a
readout scheme that sequentially scans LEDs and samples all
photodiodes to obtain high-dimensional measurement data for
downstream shape reconstruction.

1) Mechanical System Design: The waveguide structure is
designed to confine light propagation within its transparent
core while reducing sensitivity to external illumination. As
shown in Figure 2A, the device adopts a five-layer stack:
a transparent elastomer core is sandwiched between two
reflective (white) layers, while two outer cladding (black)
layers provide light shielding. The reflective layers enhance
internal reflection at the core interfaces and reduce optical loss
to the outer cladding, whereas the black cladding attenuates
incident ambient light. The core is made of Ecoflex 00-45
Near Clear (Smooth-On, Inc.), a silicone rubber that exhibits
high optical transmittance while remaining compliant under
large deformations [40]. The reflective layers are fabricated
from a 3:1 mixture of 00-45 and Print-On White Silicon Ink
(Raw Material Suppliers), while the cladding layers consist of
a 10:1 mixture of 00-45 and ELASTOSIL LR 3162 (Wacker
Chemie AG). These formulations are selected through iterative
prototyping to achieve high reflectance in the reflective layers
and high optical attenuation in the cladding, thereby improving
internal light confinement and external light rejection.

Light-emitting diodes (LEDs) and photodiodes (PDs) are
embedded within the transparent layer. To maintain stretch-
ability, electrical connections between components are im-
plemented using oxidized gallium-indium alloy (OGaln) [41]
patterned on a stretchable substrate (VHB4905 double-sided
tape, 3M). Each bare optoelectronic component interfaces with
the OGaln traces via a small flexible PCB breakout (5 mm
footprint), which provides strain relief and a mechanically
robust electrical connection. For LEDs, the flexible PCB is
folded by 90° to orient the emitter vertically toward the
waveguide, thereby improving light injection efficiency. The
sensor connects to the data acquisition board through a flexible
flat cable (FFC, 40-pin, 1 mm pitch). To ensure adequate
spacing and reduce the risk of shorting between adjacent
conductors, the number of effective connectors is limited to 20.
Photodiodes require per-channel wiring (two additional wires
per PD), whereas the addressable LED chain shares common
bus lines. Consequently, connector availability primarily con-
strains the number of photodiodes rather than the number of
LEDs.
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Fig. 1. Design of highly deformable optical waveguide sensor for surface shape reconstruction. (A). Prototype system of the sensorized optical waveguide
membrane, together with an example reconstruction: top view and cross sections, compare the ground-truth shape with the reconstructed point cloud. (B).
Overview of the sensing principle: edge-mounted LEDs inject light into the transparent core of the waveguide, and embedded photodiodes measure the
deformation-induced change in light intensity. (C). £ LEDs are strobed one at a time, and p photodiodes are sampled simultaneously for each LED. A full
scan of all LEDs forms a p X ¢ measurement matrix, which is then fed into a neural network to reconstruct the surface shape point cloud. (D). Photograph of
the sensor (without encapsulation layers) under representative deformations (bend, twist, and stretch), which shows the potential of operation under highly-

deformed scenarios.



2) Electrical System Design: Electrical components are
carefully selected to achieve a high sampling rate while
remaining compatible with the multiplexing-based data read-
out scheme. We use SK9822-EC20 addressable LEDs (SPI
interface, up to 30 MHz) connected in a daisy chain for
simplified wiring and high-speed multiplexing. Light-intensity
signals are acquired using ADPD2211ACPZ-R7 photodiodes
and digitized by an analog-to-digital converter (ADC). A 24-
bit ADC (AD7175-8, 24-bit, 25 kSPS) is used to resolve small
intensity variations at photodiodes far from the active LED,
where optical propagation loss results in significantly lower
signal levels than those at nearby channels. A microcontroller
board (NUCLEO-L432KC, STMicroelectronics) coordinates
LED updates, ADC sampling, and data transmission to the
host PC.

Sensor readout is based on sequential illumination and
synchronous readout. At each illumination step, a single LED
is activated, and the responses of all photodiode channels are
sampled simultaneously. Each LED is activated for approxi-
mately 180 ps, which is the minimum duration required to
sample all photodiode channels once. This procedure then ad-
vances to the next LED until the entire LED array is scanned,
yielding one measurement for each LED-PD pair. These
measurements are concatenated into a single high-dimensional
measurement vector. This scheme maximally decouples the
optical signals from different LEDs, providing a richer set
of independent measurements that benefits the reconstruction
model. The complete measurement data are transmitted to the
host PC via UART at a baud rate of 2 Mbit/s. The electrical
schematic is shown in Figure 2B.

3) Sensor Fabrication: The sensor fabrication process is
illustrated in Figure 3. The sensor is fabricated layer by layer
in a 3D-printed square mold (depth: 6 mm; width: 140 mm).
First, the bottom black cladding layer is spin-coated at 200
rpm and partially cured at 60 °C for 15 min (Figure 3A).
Next, a reflective white layer is spin-coated on top of the
black layer and fully cured at 25 °C for 240 min (Figure
3B). Stretchable electronics are prepared on a VHB substrate.
A sheet of VHB 4905 is cut to 135 x 135 mm and placed on
top of the cured white layer (Figure 3C). The VHB sheet is
intentionally undersized to leave a margin for an Ecoflex 00-45
perimeter seal. Because adhesion between VHB and silicone is
relatively weak, a full-size VHB sheet is prone to delamination
during peeling. Sealing the perimeter with elastomer improves
inter-layer integrity. The release liner on one side of the
VHB tape serves as a mask for applying OGaln traces. It
is first laser-cut to define the trace pattern and then peeled to
expose the adhesive regions designated for the traces (Figure
3D). OGaln is sequentially painted onto the mask to fill the
patterned regions (Figure 3E). After removing the mask, the
patterned OGaln traces remain on the VHB substrate (Figure
3F). Electrical continuity is verified using a multimeter before
the flexible flat cable (FFC) and optoelectronic components
are placed at desired locations (Figure 3G). No soldering is
used; instead, the components are directly adhered to the VHB
substrate, which provides mechanical fixation via its pressure-
sensitive adhesive. After circuit integration, the transparent
core is poured into the mold and partially cured (Figure 3H).

The top reflective white layer and top black cladding layers
are then cast and cured using the same formulations as the
bottom layers (Figure 31-J). After full curing, the membrane
is demolded to obtain the final sensor.

B. Data-driven Model for Shape Reconstruction

To accurately reconstruct the 3D geometry of the sensor
from optical signals, we propose a two-stage data-driven
framework. The approach first establishes a low-dimensional
latent space of feasible sensor deformations using a point-
cloud autoencoder, effectively embedding geometric con-
straints into the model. Subsequently, a multi-layer perceptron
(MLP) is employed to map the optical signals acquired from
PDs to this learned latent space. This hierarchical strategy
decouples the complex geometric reconstruction task from
the cross-modal feature mapping, ensuring both computation
efficiency and high reconstruction fidelity.

1) Data Representation: The raw sensor data at each acqui-
sition frame is structured as a measurement vector v € RP¢,
obtained by sequentially scanning ¢ LEDs and sampling the re-
sponses of p photodiodes. While several representations of 3D
surfaces exist, including polygon meshes [42] and volumetric
occupancy grids [43], we adopt a point cloud representation
S = {(zs, v, zt)}f\il € RMX3 for the sensor geometry
[44]. This representation facilitates direct correspondence with
depth-camera ground truth data and avoids the topological
constraints often associated with fixed mesh structures. The
learning objective is thus defined as identifying a mapping
f v — Spr that minimizes the discrepancy between the
predicted surface S;,; and ground truth S, within the dataset
D ={(vD, SEHH,.

To mitigate environmental noise and hardware-induced vari-
ance, we apply two preprocessing steps. First, a per-frame
no-light offset is measured by turning off all LEDs once
and subtracting this offset from subsequent readings. Second,
to address quantization noise in the acquisition circuitry, the
raw ADC codes are denoised by discarding the seven least
significant bits. This threshold is determined based on the
photodiode’s intrinsic signal-to-noise ratio and the ADC’s
quantization error, effectively isolating meaningful physical
signals from the underlying electronic noise floor. Finally, the
feature vector v is channel-wise normalized using the training
set statistics to ensure numerical stability during gradient
descent. For computational efficiency, the ground-truth point
cloud is downsampled with stride s to Mg points.

2) Network Architecture: Stage 1: point-cloud autoencoder
The first stage focuses on learning a compact latent representa-
tion of the sensor’s deformation space. As shown in Figure 4A,
given a ground-truth point cloud Sy € RMsz:x3 an encoder
E (-) based on PointNet [45] architecture maps the input to a
latent vector z € RL. A decoder D () composed of stacked
transposed convolution layers then reconstructs a point cloud
Spr = D(z) € RMer*3_ PointNet performs a point-wise oper-
ation on an unordered point set, thereby effectively extracting
features of the point cloud. The autoencoder pre-training stage
provides a shape prior that constrains reconstructions to lie on
a learned manifold of feasible deformation.
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Stage 2: PD-to-latent regression Once the latent represen-
tation of surface geometry is established, the autoencoder
weights are frozen to preserve the learned shape prior. An
MLP h(:) is then trained to map the PD feature vector
v to the latent space, such that h(v) = z (Figure 4B).
During inference, the predicted latent vector is passed through
the pre-trained decoder to obtain the reconstructed shape,
Spe = D(z) = D (h(v)). This decomposition reduces
the dimensionality of the regression target, transforming a
high-dimensional coordinate prediction problem into a more
tractable latent-space inference problem.

3) Training Objective and Evaluation Metrics: Autoen-
coder training The autoencoder is supervised using the Cham-
fer distance (dcp), a commonly adopted metric that quantifies
the bidirectional similarity between the predicted and ground-
truth point clouds [44], [46], [47].

dop (S S) = 3 min fo—gl*+ Y min -yl
€S, yE=os YESge e
ey

The autoencoder minimizes dcp over the training set. The net-
work is implemented in PyTorch [48] and trained for up to 100
epochs with a batch size of 64, using early stopping based on
the validation loss. We employ the Adam optimizer with an ini-

tial learning rate of 10~3 and apply a ReduceLROnPlateau
scheduler (factor=0.2, patience=3) driven by the validation
loss. These hyperparameters are selected empirically through
iterative experiments to avoid local minima while maintaining
reasonable convergence speed (typically within 20 epochs).
The final model is selected from the epoch that achieves the
lowest validation loss.

PD-to-latent regression training For each training sample,
the target latent vector is first computed as z = E (Sg).
The MLP is then trained to minimize the mean squared error
(MSE) between the predicted and target latent vectors.

Linse (h(v), 2) = [|h(v) — 2| )

The MLP is trained under the same data partitioning and batch
size as the autoencoder. We use stochastic gradient descent
(SGD) with a momentum of 0.9 and an initial learning rate of
1073. A CosineAnnealingLR scheduler with Tpax = 100
is applied to enable gradual learning rate decay, facilitating
fine-tuning of the regression mapping.

Evaluation Metrics Reconstruction performance is evaluated
on a held-out test dataset using the symmetric Chamfer dis-
tance (dcp). In addition to this global metric, we assess local
reconstruction accuracy using a spatial error map computed as
the nearest-neighbor (NN) distance from each predicted point
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it is fully cured.

to the ground-truth point set. This visualization reveals spatial
regions where reconstruction errors are most pronounced.

III. RESULTS

We evaluate the performance of the membrane sensor
through a series of experiments. First, we characterize the
sensor’s sensitivity and repeatability using a uniaxial stretching
and a gravity-loaded bending experiment to validate the un-
derlying sensing principle. We then demonstrate high-fidelity
3D shape reconstruction under large deformations using a
deep learning framework, establishing the sensor’s capability
to identify the geometry of objects in contact. Finally, we
perform a feature ablation study using Shapley additive global
importance (SAGE) value to identify the redundancy among
optoelectronic components and to provide design guidelines

for future implementations. Collectively, these experiments
demonstrate that the proposed sensor can resolve complex
geometries with high fidelity while maintaining functionality
under large-scale deformation.

A. Sensor Characterization

We characterize the sensor under two global deformation
modes—unidirectional stretching and gravity-loaded bending.
As shown in Figure 5A, a 120 mm x 100 mm prototype
equipped with £ =7 LEDs and p = 1 PD is clamped on both
ends and stretched on a tensile test machine (Instron) by a
prescribed displacement Ay, while we record the PD readings
for representative LEDs. Figure 5B shows the bending setup,
where one side of a 140 mm X 140 mm prototype equipped
with ¢ = 30 LEDs and p = 6 PDs is clamped, and
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Fig. 4. Data-driven model for surface shape reconstruction (A). Stage 1: Autoencoder pre-training. A point-cloud autoencoder is trained using ground-truth
surface point clouds. The encoder compresses the point cloud (shape: (Mg, 3)) into a latent vector (shape: (L, )), and the decoder reconstructs the point
cloud (shape: (Mpr, 3)) from the latent space. (B). Optical signal to shape inference. Normalized photodiode measurements (shape: (¢p,0)) are mapped to

a latent vector using a multi-layer perceptron, and the pre-trained point-cloud

the remainder bends under gravity. Different curvatures are
generated by varying the wall angle 6 across a range from 0°
to 150° in 30° increments. We compared two representative
LED-PD pairs: one with the connecting line parallel to the
bending direction, and another with it perpendicular.

The results show that PD readings decrease most signifi-
cantly when bending occurs along the LED-PD line, whereas
the pair oriented transverse to the bending direction remains
largely stable. This directional sensitivity indicates that the
information content of the optical signals depends on the
diversity of path orientations through the waveguide. Con-
sequently, the layout—edge-mounted LEDs and centrally dis-
tributed PDs—is validated as it generates a dense set of multi-
directional paths capable of capturing large-scale, complex
deformations. Moreover, the sensor exhibits high sensitivity
and repeatability: for a fixed geometry, the PD readings remain
constant within a narrow error band (40.35% full ADC
range). The systematic changes observed as 6 varies indicate
that global deformation predictably modulates internal light
transport, providing a robust foundation for learning-based
shape reconstruction.

decoder generates the predicted point cloud (shape: (Mpr, 3)).

B. Indentation Reconstruction

To evaluate the sensor in a realistic application context,
we conduct an indentation reconstruction experiment. In this
setup, all four sides of the membrane are clamped, as illus-
trated in Figure 1A. The sensor remains highly stretchable
while undergoing large out-of-plane deformations induced by
indenting the membrane at its center. The shape reconstruction
network is evaluated under this configuration.

1) Dataset Generation: To generate diverse surface geome-
tries, we manually press objects of various shapes—spheres,
cylinders, cubes, triangular prisms, and U-shaped objects—
into the membrane at different locations, orientations, and
indentation depths (Figure 7A). The resulting deformation
magnitude, defined as Az = zyax — Zmin, ranges from 0 to
25 mm, with a mean of 14.64 mm and a standard deviation
of 4.49 mm.

For each deformation frame, we record the membrane
surface geometry Sy along with the photodiode measurement
vector v € R0, The sensor acquisition system operates
at 90 Hz, while an Intel RealSense D435 depth camera
captures ground-truth point clouds at 30 Hz. These two data
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stretched on Instron by a prescribed displacement Ay; the plot shows the photodiode (PD) intensity as a function of Ay for two representative LEDs (LED
A and LED B), exhibiting a similar monotonic decrease with increasing stretch. (B). Gravity-loaded bending setup. A 140 mm x 140 mm sensor prototype is
clamped on one side and bent under gravity, where the wall angle 6 sets the curvature. The middle panel shows a top-view layout of LEDs and PDs with the
bending direction indicated. The right plot compares PD responses versus wall angle for two representative LED-PD pairs. The pair aligned with the bending
direction (LED B-PD3, green) shows a strong intensity change, while the transverse pair (LED A-PD3, pink) remains largely stable.

streams are synchronized via software alignment: every depth
frame is paired with the most recently timestamped optical
measurement. The preprocessing steps described in Section
II-B1 are applied to the raw PD readings prior to recording.
In total, 343,189 paired samples are collected and partitioned
into training and validation sets. A separate test set comprising
34,320 paired samples is collected to evaluate the model’s
performance.

2) Model Setting: A hyperparameter sweep was conducted
to determine the optimal point-cloud resolution, characterized
by the number of points in the point cloud M, and latent di-
mension L. While Mg and M, are generally independent, our
experiments suggest that minimizing the discrepancy between
Mgy and My, by appropriately tuning the downsampling stride
s improves reconstruction stability. We therefore evaluate M,
at values of 1024, 2048, and 4096, corresponding to Mg
values of 1444, 2116, and 5929, respectively, while varying
the latent dimension L from 128 to 1024. These numbers are
chosen to maintain a reasonable computational cost. For each
hyperparameter configuration, we train both the autoencoder
and the PD-to-latent MLP as described in Section II-B3, and
evaluate reconstruction performance on the held-out test set
using the symmetric Chamfer distance. Figure 6A summarizes
the results of a hyperparameter sweep: increasing the point-
cloud resolution generally improves reconstruction accuracy,
whereas the latent dimension has a comparatively minor effect.
Based on these effects, we select the configuration with the
best reconstruction performance (L = 256, M, = 4096, and

M, = 5929) as the default model and use it in all subsequent
evaluations.

3) Reconstruction Performance: The model achieves an
average Chamfer distance (cd) of 1.307 mm on the held-out
test set, with a median of 1.195 mm and a standard deviation
of 0.396 mm. The error distribution, shown in Figure 6B, is
right-skewed, indicating that most reconstruction errors cluster
between 1.0 and 1.5 mm. To assess robustness under large
deformation, we analyze reconstruction performance across
different deformation scales (Figure 6C). The result shows that
the sensor maintains stable accuracy even as Az = 2z ax —Zmin
approaches 25 mm, suggesting that the waveguide preserves
signal integrity under high-strain conditions.

The sensor’s capabilities are further illustrated in Figure 7,
which shows its performance in recognizing the geometry of
different objects in contact, a representative scenario in tactile
sensing. Supplementary video 1 also demonstrates the sensor’s
real-time response during the indentation experiment setup.
Figure 7B compares ground-truth and reconstructed 3D shapes
by overlaying the contours, demonstrating the sensor’s ability
to distinguish sharp edges and smooth curves. In addition,
Figure 7C provides a spatial error map based on the nearest
neighbor (NN) distance and annotates the maximum NN
error (nnd_max) for each scenario. These maps reveal that
reconstruction errors are distributed relatively uniformly across
the surface, with slightly increased errors in regions of high
curvature, confirming the sensor’s ability to capture complex
global geometries.
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C. Uniaxial Stretching Reconstruction

We further evaluate the performance of the shape recon-
struction model in the uniaxial stretching experiment. The
setup is the same as described in Section III-A. To build
the supervised dataset, we sweep Ay from 0 mm to 90
mm (corresponding to 75% strain) in 2 mm increments. At
each stretch step, we hold the displacement and record 5000
samples of the photodiode measurements, paired with the
corresponding ground-truth geometry for that step captured by
a camera. This procedure yields dense measurements across
the full strain range while averaging out short-term electronic
and optical noise.

Using the collected data, we train another shape reconstruc-
tion model described in Section II-B3. We then evaluate the
learned mapping on a separate stretching trial that follows
the same loading protocol but is not used for training. The
evaluation process is summarized in Supplementary Video
2, and qualitative results are shown in Figure 8. For each
test frame, we reconstruct the 3D surface as a point cloud
and visualize the spatial error using a nearest-neighbor (NN)
distance colormap relative to the ground truth (Fig. 8B). The
reconstructions capture the global elongation and preserve the
overall shape profile throughout the entire loading range.

Quantitatively, reconstruction fidelity is assessed using
Chamfer distance (CD) between the predicted and ground-
truth point clouds. Across all evaluated frames spanning strain
0 to 0.75, the average CD is 1.214 mm with a standard
deviation of 0.500 mm. We observe a slight increase in CD
as strain increases (Figure 8B), indicating a gradual reduction
in accuracy at higher deformation levels, while the overall
error remains bounded and the reconstructed shapes remain
visually consistent with the ground truth. Together, these
results demonstrate that the proposed waveguide sensor and
learning-based model enable high-fidelity reconstruction of
large-scale uniaxial stretching over a wide strain range.

D. Feature Importance and Sensor Optimization

We further conduct an ablation study to understand the
contributions of individual PDs and LEDs to the reconstruction
network and to provide design guidance for future sensor
iterations. The number of LEDs and photodiodes embedded
within the waveguide is critical for obtaining a sufficient set of
independent measurements of light intensity to reconstruct the
global geometry. However, increasing the number of compo-
nents also increases the fabrication complexity and limits data
readout speed. Therefore, identifying the minimum number of
LEDs and PDs that provide sufficient information for accurate
shape reconstruction is essential for the efficient design of the
membrane sensor.

1) Feature Importance via SAGE: To quantitatively eval-
uate the contribution of each optoelectronic component to
reconstruction performance, we adopt the Shapley additive
global importance (SAGE) value [49], [50], an additive,
model-agnostic metric that attributes the predictive power to
individual input feature (or group of features). We compute
the importance of each LED and PD in the trained PD-to-
latent MLP h(-) using the group SAGE value evaluated over

predefined feature sets. Specifically, the i-th LED group is
defined as gg) ={p(i—1)+j|j =1,...,p}, corresponding to
the p photodiode readings collected when LED i is activated.
Similarly, the j-th PD group is defined as QI(DJ) = {p(i —
1)+ jli = 1,...,¢}, which represents the reading of PD j
across all ¢ LEDs. These groupings correspond physically to
adding or removing a single LED or PD from the system.
Let V = [V4,...,V,]" denote the random vector of input
features and let ZE(Sg) denote the random vector of the
latent code obtained by encoding the ground-truth surface Sgt.
We define the index set of all features as N = {1,...,p(}.
For any subset S C A, the corresponding subset of features is
denoted by V s{V;|i € §}. The predictive power of a feature
subset indexed by S is defined as

u(8) = E[Lise (b (v),2)] — E[Lise (hs (vs),Z)]  (3)

where hs (vs) = E[h(V)|Vs =wvs| denotes the reduced
model obtained by marginalizing the excluded features Vi s.
The SAGE value associated with a specific LED or PD group
G is then defined as

v 2 (M) wsuo-us @

SCN\G

dg =

2) Guidance on Sensor Layout: Using group SAGE value,
we quantify the importance of each LED and PD and relate
these scores to their physical locations within the sensor
(Figure 9A). Notably, PD group G3%, which is located near
the center of the membrane, exhibits the lowest importance
value, and the LED groups G1° to G3° generally exhibit lower
importance. We hypothesize that these reduced importance
scores arise from the baseline light intensity measured by the
photodiode: when the PD’s baseline intensity is low, either
due to large LED-PD distance or voltage drops along the
LED power traces, small deformation-induced changes be-
come harder to resolve relative to noise, thereby reducing the
informativeness of those channels. This observation suggests
that PD placement can be optimized to maintain baseline
intensity within a favorable operating range, ensuring sufficient
sensitivity for each measurement channel.

We further leverage this importance analysis to study how
model performance scales with the number of optoelectronic
components via a progressive feature-inclusion experiment.
Specifically, we select K PD or LED %(roups G® to form
a reduced feature index set S = |J;=, G, retrain the
reduced MLP hg, and evaluate the reconstruction error of the
composed model fs = D o hg using the average Chamfer
distance on the test set. Feature groups are added in three
orders: SAGE (most informative first), reverse SAGE (least
informative first), and natural (numerical order). The results
presented in Figure 9B show that importance-aware inclusion
yields a clear advantage at small K’s: selecting the most
informative groups first generally achieves lower error than
including the least informative groups. However, the marginal
benefit of adding more optoelectronic components decreases
as indicated by the plateau in the curve. The nearest-neighbor
(NN) distance error maps shown in Figure 9C also indicate that
the regions of large reconstruction error shrink significantly as



(A) Ground truth shape

€=0.00 €=0.15
(B) Reconstructed point cloud

€=0.30

cd =1.499
cd =1.421

cd =1.403

il

€=045 €=0.60 €=0.75
cd =1.791
cd =1.672

. l I

NN distance
0.2 1.8mm

Fig. 8. Reconstruction performance under uniaxial stretching. (A). Ground truth geometries at selected stretching states, parameterized by the applied
displacement Ay (initial gauge length y = 120 mm) and the corresponding axial strain. (B). Reconstructed point clouds for the same states, visualized with
a nearest-neighbor distance (nn_distance) colormap. The Chamfer distance (cd) for each case is annotated. Reconstruction accuracy degrades gradually as

strain increases.

the most informative channels are incorporated, with dimin-
ishing improvements for large values of K. Together, these
results suggest that the optical signal becomes redundant after
a moderate number of channels are added (i.e., 15 LEDs),
providing a practical upper bound for future design. The
LED count can be reduced substantially with minimal loss in
accuracy, while PDs should be placed strategically to maintain
high information-density measurements.

IV. CONCLUSION

We present a soft, highly deformable optical waveguide
membrane sensor that enables proprioceptive reconstruction
of large, global surface deformations from sparse embedded
light-intensity measurements. The proposed hardware inte-
grates a multilayer elastomeric waveguide stack with embed-
ded LEDs and photodiodes, interconnected via liquid-metal
traces and flexible PCB connectors, allowing the membrane
to sustain large strains while maintaining robust electrical and
optical functionality. An efficient time-division multiplexing
scheme generates high-dimensional deformation-dependent
signals, which are mapped to 3D surface geometry using a
two-stage neural network architecture consisting of a point-
cloud autoencoder and a photodiode-to-latent regressor. Ex-
periments conducted on a custom sensor prototype validate

repeatable optical responses under controlled bending and
demonstrate accurate shape reconstruction on a large-scale
dataset, achieving a test-set Chamfer distance of 1.307 mm.
In addition to out-of-plane deformation, a uniaxial stretching
experiment demonstrates accurate reconstruction over large in-
plane strain, up to 75%, with an average Chamfer distance
of 1.214 mm across the full strain range. Moreover, grouped
SAGE analysis and progressive feature-inclusion studies con-
firm that the proposed 30 x 5 LED-PD prototype provides
sufficient, well-distributed information for accurate recon-
struction of large-scale membrane deformations, supporting
the effectiveness of our sensing architecture. Together, these
results suggest that waveguide-based sensing, combined with
learning-based decoding, offers a practical route toward thin,
scalable, and EMI-robust shape sensors for soft robotic sys-
tems.

While the proposed waveguide membrane sensor achieves
accurate reconstructions, the current LED-PD layout is pri-
marily guided by empirical design intuition. Section III-D
partially addresses this limitation by quantifying feature im-
portance using SAGE and validating the ranking through
progressive feature inclusion. However, a systematic method
for determining globally optimal LED and PD placements



(A) Feature importance - Sensor layout

SAGE value

140
35 *I\\‘“m\
0
B LD+ ELED- W PD+ M PD-
(@] [0 Sensor plane

Least important
features

12

(B) Model performance - Number of PDs/LEDs

EG_O - —-.\{3} —— Natural
= N, —=- SAGE
22.4 \‘{3'5} — - Reverse SAGE
7
$2.0
9
E {3,5,2,4}
cl.6 == =
S | {1 4 2} 11,4,2,5}
0 1 2 4 5
Number of PDs (FuII LED) )
Es.o
o 3.8 More features doesn’t
E ' improve performance
$2.9
g
52.0 g
() o 51

0 5 10 15 20 25
Number of LEDs (Full PD)

test frame idx: 28897

NN dlstance

1.4 mm

Fig. 9. Feature importance analyze of the shape reconstruction model. (A). Single feature (LED/PD) importance evaluation based on SAGE values
and the relation with physical locations. (B). Reconstruction performance under progressive feature inclusion. Top: PDs are added one-by-one with all LEDs
enabled; Bottom: LEDs are added one-by-one with all PDs enabled. Curves compare different inclusion orders (Natural, SAGE-ranked, and reverse SAGE).
(C). Sample reconstruction error shown as a heatmap of nearest neighbor (NN) distance of representative reduced models with different numbers of LEDs.

under fabrication and wiring constraints remains an open
problem. Given the strong reconstruction performance of our
current prototype, we prioritize demonstrating the feasibility of
waveguide-based global shape sensing, while leaving princi-
pled layout optimization for future work. In addition, although
the proposed learning-based reconstruction framework is ag-
nostic to surface geometry and does not assume a specific
deformation mode, the current experimental evaluation does
not fully validate generalization to richer deformation families,
such as multi-axial stretching and twisting.

In future work, we plan to develop a scalable optical
simulation framework for highly deformable waveguide mem-
branes and leverage it to generate paired datasets spanning a
broader range of deformation modes. Physics-grounded sim-
ulation, combined with real-data calibration, has the potential
to substantially reduce the cost of collecting large training
datasets and to enable systematic evaluation across deforma-
tion regimes that are difficult to capture experimentally. With
richer data, the proposed point-cloud-based reconstruction ar-
chitecture may naturally extend to more complex deformation
fields encountered in soft robotic applications. Furthermore,
such a simulation framework could provide a rapid experi-
mental sandbox for systematic optimization of LED and PD

layouts, further improving sensor performance and scalability.
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