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Abstract— Recent advances in visuotactile sensors increas-
ingly employ biomimetic curved surfaces to enhance senso-
rimotor capabilities. Although such curved visuotactile sen-
sors enable more conformal object contact, their perceptual
quality is often degraded by non-uniform illumination, which
reduces reconstruction accuracy and typically necessitates
calibration. Existing calibration methods commonly rely on
customized indenters and specialized devices to collect large-
scale photometric data, but these processes are expensive and
labor-intensive. To overcome these calibration challenges, we
present NLiPsCalib, a physics-consistent and efficient calibra-
tion framework for curved visuotactile sensors. NLiPsCalib
integrates controllable near-field light sources and leverages
Near-Light Photometric Stereo (NLiPs) to estimate contact
geometry, simplifying calibration to just a few simple contacts
with everyday objects. We further introduce NLiPsTac, a
controllable-light-source tactile sensor developed to validate
our framework. Experimental results demonstrate that our
approach enables high-fidelity 3D reconstruction across diverse
curved form factors with a simple calibration procedure. We
emphasize that our approach lowers the barrier to developing
customized visuotactile sensors of diverse geometries, thereby
making visuotactile sensing more accessible to the broader
community.

I. INTRODUCTION

Robots often adopt biomimetic or functional designs in
both morphology and sensory systems [1]. In line with
this trend, robotic tactile sensors have evolved beyond con-
ventional flat architectures to encompass diverse form fac-
tors. For example, in humanoid robots, curved and rounded
fingertip-inspired sensors are now widely used in dexterous
robotic hands, as they mimic the geometry of fingertips
and finger pads, enabling stable, conformal contact with
objects and supporting omnidirectional perception [2]–[5].
Beyond humanoid robots, application-specific tactile sensors
are also emerging, including cylindrical designs for industrial
arms [6] and slim-profile sensors for minimally invasive
robotic surgery [7], [8]. Thus, the capability to design and
fabricate tactile sensors in customized shapes is essential for
broadening the scope of tactile perception and manipulation.
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Fig. 1: NLiPsCalib, a new calibration pipeline for curved
visuotactile sensors that requires no specialized devices. It
leverages casual presses with everyday objects, followed by
near-light photometric stereo to obtain accurate geometries
for building the calibration dataset. This dataset further
enables training a neural network for real-time normal in-
ference.

Among these technologies, visuotactile sensors have
gained prominence due to their high-resolution 3D shape
sensing capabilities and inherently customizable form factors
[9]. Over the past decade, numerous designs have been intro-
duced and deployed on robotic manipulators. Representative
examples range from flat sensors like GelSight [10], 9DTact
[11], and DelTact [12] to curved, finger-shaped sensors such
as the Soft Finger Sensor [13] and GelSight Svelte [14].

Despite this progress, reliably extracting high-fidelity
depth information from a sensor’s output remains a persistent
challenge. The standard pipeline for this task leverages
photometric stereo: first, illumination patterns are mapped to
surface normals; then, the normals are numerically integrated
to reconstruct the 3D shape [10], [15]. A critical bottleneck
of this approach lies in establishing an accurate mapping
from illumination to normals. This mapping is complex
because the internal illumination is inherently non-uniform:
light intensity varies across the surface due to the elastomer’s
curvature and near-field effects from embedded light sources,
which cause distance-dependent attenuation.

To model these compound lighting effects, existing meth-
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ods typically employ data-driven approaches that learn the
mapping from collected intensity images to ground-truth
surface normals. However, acquiring this ground-truth data
is non-trivial. It requires either constructing a high-fidelity
digital twin of the sensor for simulation [16]–[18] or using
precisely calibrated hardware such as CNC-machined probes
or professional indentation devices [19]. Both approaches are
costly in time, effort, and resources, directly undermining the
goal of rapid and accessible customization for visuotactile
sensors.

In this paper, we introduce NLiPsCalib, a novel calibration
technique for visuotactile sensors that eliminates the need
for specialized equipment (Fig. 1). Our key insight is that
the physics-based Near-Light Photometric Stereo (NLiPs)
model [20] is highly consistent with the internal illumination
conditions of curved visuotactile sensors. This enables high-
quality shape calibration using only the sensor’s multiple
internal light sources. The calibration process is simple: it
requires only a few physical interactions, such as pressing the
sensor against textured everyday objects. For each pressed
indentation, NLiPsCalib performs a single run of Near-
Light Photometric Stereo to capture the resulting image data,
from which it directly estimates the indented geometry and
surface normals without requiring the ground-truth shape of
the indenting object, thereby significantly simplifying the
creation of a calibration dataset.

We evaluate the NLiPsCalib framework on a physical
sensor. To this end, we introduce NLiPsTac, a modular tactile
sensor featuring individually controllable light sources and
an adaptable structure for various elastomer form factors.
Performing calibration on this sensor requires around 50
casual presses on everyday objects, and the resultant cali-
bration quality is comparable to state-of-the-art device-based
methods in terms of reconstruction error [6], [10], [21].
Furthermore, we validate our approach on elastomers of dif-
ferent shapes to demonstrate its adaptability. By significantly
reducing the effort and expertise required for calibration,
our work makes the design and deployment of custom
visuotactile sensors more practical and accessible.

In summary, our main contributions are:
1) NLiPsCalib: A physics-based and data-efficient cali-

bration framework for curved visuotactile sensors that
requires no specialized external hardware.

2) The adaptation and validation of the Near-Light Photo-
metric Stereo (NLiPs) model for 3D shape reconstruc-
tion in tactile sensing.

3) NLiPsTac: A hardware platform designed for develop-
ing and testing near-light visuotactile sensors.

4) A comprehensive evaluation of the proposed technique,
along with discussions and insights for promoting
broader usage.

II. RELATED WORKS

A. Visuotactile Sensors

Tactile sensing is essential for robotic manipulation, as
it provides contact information that vision alone cannot

TABLE I: Methods and devices for calibrating curved
visuotactile sensors often require external machines or
specialized parts, whereas our sensor achieves calibration
without them.

Sensor Calibration Method or Device
GelSight360 [19] CNC machine indentation

RainbowSight [21] CNC machine indentation
DenseTact 2.0 [26] CNC machine indentation
GelSplitter3D [17] Robotic arm indentation

HumanFT [27] 3D-printed calibration rig
R-Tac [25] 3D-printed calibration rig

NLiPsTac (Ours) NLiPs + Everyday objects

capture. Among various designs, visuotactile sensors have
gained particular attention for their ability to deliver high-
resolution contact geometry. Early work mainly focused on
planar sensors, such as GelSight [10], 9DTact [11], and
DelTact [12], which demonstrated strong performance in
dexterous manipulation tasks. However, planar structures are
most suitable for parallel grippers and are less compati-
ble with biomimetic mechanisms such as humanoid finger-
tips [22], arms [23], or other curved morphologies.

More recently, curved elastomer geometries have been in-
creasingly adopted to improve contact coverage and stability.
Examples include the Soft Finger Sensor [13], OmniTact [5],
GelSight Svelte [14], GelStereo Tip [24] and R-Tac [25],
which feature fingertip-inspired designs that enable stable,
multi-directional contact. Building on this trend, we intro-
duce NLiPsTac, a curved visuotactile sensor inspired by the
human fingertip, designed to provide omnidirectional contact
perception.
B. Reconstruction and Calibration for Visuotactile Sensing

Accurate 3D reconstruction of contact geometry is funda-
mental to a wide range of tactile perception tasks, empow-
ering the estimation of object’s shape [28], [29], pose [30],
[31], and texture [32]. Traditionally, reconstruction has been
performed using different principles. For example, GelSight
employs photometric stereo, while DTact relies on light
intensity under single-light illumination [33]. However, these
methods depend on mappings between light intensity and
either surface shape or normals, and the quality of such
mappings directly affects reconstruction accuracy. Moreover,
while mappings can be reliably established on flat surfaces,
curved-surface sensors inherently suffer from uneven illumi-
nation and near-field effects [34], which invalidate parallel-
light assumptions and compromise reconstruction stability.

To improve mapping fidelity, most existing approaches
perform sensor calibration prior to reconstruction. For exam-
ple, mechanical indentation is a widely used method [10],
[17], [19], [21], typically involving a standard ball probe
driven by a CNC machine or a robotic platform. Some
studies have also employed customized 3D-printed parts for
controlled indentation [25]–[27]. Across these works, the
key requirement is knowledge of the indenter’s pose and
geometry, which makes the ground-truth surface normals
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Fig. 2: System pipeline. Using the proposed NLiPsTac tactile sensor, the framework collects a calibration dataset with NLiPs,
enabling the training of NLiPsNet, a network designed for real-time 3D shape inference under trichromatic illumination.

accessible and thus enables pairing with RGB observa-
tions. Although effective, these calibration procedures are
often complex, requiring specialized hardware (e.g., CNC
machines or spherical probes) or extensive datasets, which
increases cost and limits scalability.

To address these challenges, we propose NLiPsCalib,
a calibration framework based on Near-Light Photometric
Stereo (NLiPs) [20]. By explicitly modeling attenuation
and the spatial distribution of near-field illumination, NLiP-
sCalib enables efficient and high-quality reconstruction while
greatly simplifying calibration, thereby reducing reliance
on specialized hardware and large datasets. This approach
facilitates fast, low-cost, and high-fidelity tactile perception
in curved-surface visuotactile sensors. Comparison between
NLiPsCalib and previous works is shown in Tab. I.

III. OVERVIEW

The goal of calibration is to establish the mapping be-
tween light intensities and surface geometry, serving as a
prerequisite for high-fidelity 3D reconstruction. Specifically,
the calibration process aims to obtain the mapping function
f between pixel intensities and surface normals, expressed
as:

n = f(u, v, r, g, b), (1)

where (u, v) denote pixel coordinates and (r, g, b) represent
the corresponding light intensities in R, G, B color channels,
respectively.

A key challenge in calibration lies in obtaining accurate
geometry n at the indented location, enabling the derivation
of function f for normal inference during test time.

To address this challenge, we introduce NLiPsCalib, a
unified sensor calibration framework that derives ground-
truth geometries directly from multi-source photometric cues.
The design goal of NLiPsCalib is to infer surface normals n
directly using near-light photometric stereo (Sec. IV-A). This
approach offers two key advantages. First, it enables direct
estimation without requiring costly equipment such as CNC-
machined probes or robotic arms. Second, it avoids spatial
misalignment between ground-truth normals n and intensity
measurements (u, v, r, g, b), thereby enabling the creation

of high-fidelity paired calibration datasets for learning f .
Based on the dataset, we further present NLiPsNet, a neural
network for real-time normal prediction during deployment
(Sec. IV-B).

Finally, we describe the design of a novel tactile sensor
that serves as a testbed for validating the proposed framework
(Sec. V). The overall system pipeline is illustrated in Fig. 2.

IV. SENSOR CALIBRATION FOR NORMAL ESTIMATION

A. Geometry Calibration with Near-light Photometric Stereo

Our calibration pipeline generates high-fidelity surface
geometry directly from sensor images, eliminating the need
for external measurement hardware. To achieve this, we
employ NLiPs framework, which is originally developed for
high fidelity 3D reconstruction tasks such as 3D scanning for
surface micro-textures [20]. In this work, we adapt NLiPs
to the optical environment of visuotactile sensors. The core
contribution lies in its novel use for generating high-fidelity
ground-truth data without external devices. In contrast to
parallel illumination commonly used in previous works [10],
NLiPs is more suitable for non-uniform illumination, thus
naturally fits curved surfaces.

The goal of NLiPs is to compute a dense, pixel-wise depth
map, z(p), of the deformed surface. From this depth map,
we can then derive the surface normals, estimate the surface
albedo, and directly reconstruct the 3D surface points as a
dense point cloud. The process involves two key components:
a physical model of light intensity and an optimization
procedure to estimate the depth map.

a) The Physical Model of Light Intensity: The NLiPs
model is built on a physical description of how light from a
known point source reflects off an unknown surface and is
captured by the camera. We define the sensor surface in the
camera’s coordinate system. For each pixel p = (up, vp),
the corresponding 3D point on the surface is x(p) =
(u, v, z(p)). Here, (u, v) are the pixel coordinates converted
to metric units using the camera’s intrinsic parameters, and
z(p) is the unknown depth value we aim to recover.

For the i-th LED, located at a pre-calibrated 3D position
xi
s, the intensity Ii,c(p) observed at a pixel p in color
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channel c ∈ {R,G,B} is given by:

Ii,c(p) = Ψi,c ρc(p)

[
ni
s ·

(
x(p)− xi

s

)∥∥x(p)− xi
s

∥∥
]µi

×
{(

xi
s − x(p)

)
· n(p)

}
+∥∥xi

s − x(p)
∥∥3 (2)

In this model, the unknowns are the surface geometry and
its reflectance. The geometry is described by the 3D positions
x(p) and the unit surface normals n(p), while reflectance is
described by the albedo ρc(p). Note that both x(p) and n(p)
are fundamentally determined by the depth map z(p). The
remaining terms are known parameters of the light sources:
Ψi,c is the calibrated intensity, ni

s is the principal direction
(Fig. 3), and µi is the anisotropy parameter. The operator
{·}+ = max(·, 0) accounts for self-shadowing.

b) Calculating the Depth Map: With the intensity
model in place, the task is to recover the surface geometry
(represented by the depth map z(p)) from multiple intensity
images captured under different lighting conditions. In our
case, these conditions are generated by sequentially acti-
vating the LEDs inside the sensor (refer to Sec. V). Each
lighting condition provides data for solving Eq. (2).

Based on captured data, directly solving Eq. (2) for z(p) is
difficult because the problem is highly non-linear, mainly due
to the depth-dependent distance terms in the denominator.
In addition, it is not possible to solve the surface normal
n(p) independent of the depth z(p), since this breaks the
geometric constraint that the normal is the gradient of the
surface, which may result in inconsistent results.

To address these challenges, we adopt the variational
optimization framework from [20]. This framework resolves
this by framing the optimization solely in terms of the depth
map z(p). In other words, the surface normal n(p) is not
an independent unknown. Instead, it is explicitly computed
as a function of the depth map’s spatial derivatives at each
iteration. For a surface defined by x(p) = (u, v, z(p)), the
normal is derived from its partial derivatives:

n(p) ∝
(
−∂z

∂u
,−∂z

∂v
, 1

)
. (3)

By optimizing over z(p) alone, this approach ensures that
the recovered depth and normals are always geometrically
consistent, producing a valid, integrable surface.

For stable and efficient optimization, we also follow [20]
and [35] to introduce a log-depth parameterization. This is
achieved by setting our optimization variable to be z̃(p) =
log z(p). This transformation offers two key advantages: it
removes the physical constraint of positive depth (z > 0)
by allowing the unconstrained variable z̃(p) to span all
real numbers, and it helps improve numerical stability by
linearizing the image formation model.

With this re-parameterization, the calibration problem can
be reformulated as minimizing a global energy functional
E(z̃, ρ̃), which jointly estimates the log-depth map z̃ and
the “effective albedo” ρ̃ from the observed images:
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Fig. 3: Optical path of near-light photometric stereo cal-
ibration, showing illumination from embedded point light
sources to the sensor surface, which is then observed by the
camera. Controllable LED point light sources are arranged
in a ring (S0−Sk) with known coordinates, and illumination
from a selected source (e.g., S1) defines the shaded region.

min
z̃,ρ̃

E(z̃, ρ̃) =
∑
p,i,c

(
Iobs
i,c (p)− Ipre

i,c (p; z̃, ρ̃)
)2

+ ζ
∑
p

(
z̃(p)− z̃0(p)

)2
, (4)

where the first term penalizes the squared difference be-
tween the observed intensities (Iobs) and those predicted
by our reformulated model (Ipre), and the second term is
a regularization term with respect to an initial prior z̃0,
whose strength is controlled by the weight ζ. Following
[20], the prior z̃0 is initialized using the nominal camera–
surface distance. Although this initialization influences the
optimization process, we found the reconstructed local shape
is robust to variations of z̃0.

To solve this optimization problem, we follow [20] and use
an Alternating Reweighted Least Squares (ARLS) algorithm.
This method iteratively refines the solution by alternating
between two main steps:

1) Albedo Update: With the current log-depth map z̃
held fixed, the problem of finding the optimal effective
albedo ρ̃c simplifies to a pixel-wise linear least-squares
problem, which has a closed-form solution.

2) Depth Update: With the albedo ρ̃c fixed, the energy
functional is linearized with respect to the log-depth
z̃. This results in a large but sparse system of linear
equations, which is solved efficiently for an updated
z̃ using a Gauss-Newton step with a preconditioned
conjugate gradient (PCG) solver.

By iteratively applying these two steps, the energy functional
decreases monotonically until convergence. The final output
is a high-fidelity logarithmic depth map z̃, from which we
recover the physical 3D surface z = exp(z̃) and its corre-
sponding normal field, serving as the ground-truth geometry
for our calibration dataset.
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Fig. 4: Fabrication of the NLiPsTac sensor, including (a) casting a clear elastomer for light transmission and contact support,
(b) assembling the 3D-printed base with the LED board, and (c) casting a coating layer to form the reflective surface.

B. Real-Time Normal Estimation

Near-light photometric stereo excels in reconstruction
quality but is not well suited for real-time applications. This
limitation arises primarily because it requires capturing mul-
tiple images, which increases acquisition time, and because
the optimization process is computationally expensive. To
address this issue, we first construct a training dataset using
the approach introduced in Sec. IV-A, and then develop a
neural network to accelerate the inference process.

a) Dataset Acquisition: The calibration dataset is col-
lected through indentation experiments. Unlike previous
works, our approach (Sec. IV-A) allows direct indentation
of the sensor’s elastomer using textured everyday objects.

For each indentation, we record a set of calibration images.
Using a sensor with 12 LEDs as an example, we collect: (i)
12 single-light RGB images, each with one LED activated
under white illumination; (ii) one dark image with all LEDs
off; and (iii) one tri-chromatic RGB image with all 12 LEDs
activated simultaneously in three color groups (1–4 red, 5–8
green, 9–12 blue). The NLiPs model uses the single-light and
dark images to reconstruct surface normals of the deformed
region, which serve as ground-truth supervision. This enables
the network to learn a mapping from tri-chromatic RGB
images to surface normal ground truths.

b) Network Architecture: We then propose NLiPsNet,
which infers the normal vector n from a 5-dimensional input
(u, v, r, g, b) (Eq. (1)). The network takes as input a single
tactile image captured with all LEDs activated, following the
color configuration in [36].

NLiPsNet is implemented as a lightweight multilayer
perceptron with three hidden layers (256–256–128) and an
output layer predicting a 3-dimensional normal vector. Batch
normalization, ReLU activation, and dropout (p = 0.2) are
applied to improve training stability and reduce overfitting.
During both training and inference, the predicted normals are
normalized to unit length.

c) Training Objective: We use a cosine similarity loss
to train the network, enforcing angular alignment between

the predicted normal n̂i and the ground-truth normal ni for
each valid pixel i ∈ M :

Lcos =
1

|M |
∑
i∈M

(
1− n̂i · ni

∥n̂i∥∥ni∥

)
. (5)

V. SENSOR DESIGN AND FABRICATION

A. Design Goals

We present NLiPsTac, a visuotactile sensor designed to
validate our NLiPsCalib framework. NLiPsTac includes three
key features: (i) integration of multiple individually con-
trollable LEDs, providing directional illumination of the
coating; (ii) does not include a light diffuser. Unlike sensors
that approximate parallel lighting, each LED in our design
acts as a point light source; and (iii) housing both the
camera and LEDs within a single optical medium, mini-
mizing refraction effects. These design choices align the
sensor’s optical behavior with the physical assumptions of
the NLiPs model, reducing model mismatch and simplifying
algorithmic adaptation. The fabrication process of NLiPsTac
is shown in Fig. 4.

B. Details of Sensor Design and Fabrication

Camera. As the core imaging unit of the visuotactile
sensor, we use an IMX274 camera module (30 FPS, Sony
Inc.) equipped with an M14 lens. The 8 MP CMOS sensor
supports a streaming resolution of 4K (3840×2160 pixels).
M14 optical lens provides a 100° field of view for compre-
hensive visualization of the dome-shaped elastomer surface.

Sensor Base. The base is a 3D-printed PLA structure that
supports the LED circuit board, elastomer, and the camera
module.

LED Circuit Board. The LED circuit board provides
illumination for the sensor. It is a printed circuit board (FR4
substrate) populated with WS2812 addressable LEDs. Since
near-field photometric stereo requires illumination from mul-
tiple directions, each LED can be individually controlled to
emit trichromatic light at a user-specified intensity.
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Elastomer. The elastomer is designed to transmit light
to the surface, support the reflective coating, and withstand
mechanical contact during deformation. Following [37], we
used Solaris (Smooth-On Inc.) as the base gel material
and incorporated Thinner (Smooth-On Inc.) to enhance de-
formability by reducing hardness. The gel casting process
employed a custom acrylic mold to avoid surface mold lines.
The A and B components of Solaris were mixed with Thinner
in a 1:1:0.8 ratio, and the sensor base was secured in the
mold before pouring. Following [27], a camera mold was
carefully inserted into the reserved hole to ensure a seamless
fit between the camera and elastomer.

Reflective Coating. The reflective coating is designed to
approximate Lambertian reflectance. For fabrication, we used
Psycho Paint and NOVOCS solvent (Smooth-On Inc.) with
gray pigment. Following [25], the A and B components of
Psycho Paint, NOVOCS solvent, and gray pigment were
mixed in a 1:1:1:0.3 ratio, and the resulting solution was
uniformly sprayed onto the demolded elastomer surface.

VI. EXPERIMENTS

In this section, we conduct experiments to validate the
proposed calibration method, aiming to answer the following
questions: (Q1) Can the NLiPsCalib approach obtain high-
fidelity calibration results (Sec.VI-A)? (Q2) Can NLiPsNet
achieve real-time, high-fidelity normal estimation (Sec.VI-
B)? (Q3) Can the calibration pipeline be applied to elas-
tomers of different form factors (Sec.VI-C)? In addition,
we perform extensive experiments to investigate factors that
influence calibration fidelity (Sec.VI-D).
A. Validation of NLiPs-Based Calibration

We first evaluate whether NLiPsCalib can produce high-
fidelity calibration results (Q1). To this end, we consider two
representative cases: a small sphere (curved surface) and a
cube (planar surface), both with analytically known surface
normals. Using NLiPsCalib, the reconstructed normals were
compared against the analytical ground truth. As shown in
Fig. 5, the calibrations closely match the analytical normals
across the sensor.

For quantitative evaluation, we report accuracy using
the Average Angular Error (AAE, ranging from 0◦ to
180◦), which measures the angular deviation between re-
constructed and ground-truth normals, and the Mean Ab-
solute Error of normal components (MabsE), which mea-

Pressed 

Objects
Location Raw Image Normals Depth 3D-Shape

Fig. 6: Samples from the NLiPsNet training dataset. Each
row shows one pressing instance: the input probe image, in-
dentation location, NLiPs-recovered normals, and 3D shape.

sures the absolute difference across the x, y, and z
components: 1

3|M |
∑

i∈M ∥n̂i − ni∥1.
Our method achieves an AAE of 7.0415◦ and an MabsE

of 0.0588. These results confirm that NLiPsCalib produces
high-fidelity calibration results, validating its effectiveness
for sensor calibration (Q1).
B. Validation of Real-Time Normal Inference

Dataset Preparation. A training dataset is required to
train the normal inference network NLiPsNet. To prepare
this dataset, we press three distinct objects at multiple sensor
locations, resulting in 50 pressing conditions following the
approach described in Sec. IV-B (a). Some samples from the
collected dataset are shown in Fig. 6.

Normal Inference. We next evaluate the real-time normal
inference capability of NLiPsNet. To assess both accuracy
and generalization, we test the network using (1) indenters
included in the training dataset but applied at unseen loca-
tions, and (2) entirely novel indenters. For all test cases, we
also perform NLiPs-based reconstruction to obtain ground-
truth normals, enabling both qualitative and quantitative
comparisons. Example indentation observations, predicted
normals, and NLiPs-derived ground truth are shown in Fig. 7.
The predicted normal maps closely match the ground truth
across all cases, demonstrating that NLiPsNet generalizes
well to novel contact geometries.

Quantitative results (Fig.7) show that the network achieves
an average angular error of 3.332◦ on training-set indenters
and 3.113◦ on unseen indenters. These results highlight
the strong generalization capability of NLiPsNet. The er-
ror levels are comparable to or better than many recent
visuotactile sensors, which often report higher errors (e.g.,
GelRoller [6] reports 16.17◦). This validates that NLiPsCalib
can effectively generate training datasets using only a few
everyday objects and a few dozen indentations (Q2).
C. Generalization Across Curved Elastomer Surfaces

We further demonstrate that the proposed techniques can
be applied to visuotactile sensors with diverse curved geome-
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Seen objects

Screw Driver

Unseen objects

OREO Foot Indenter

Objects

GT

Normals

Err. Map

AAE

MabsE

3.21° 2.97° 2.592° 3.257° 2.855°

0.0217 0.0171 0.0252 0.0227 0.0285

Fig. 7: Evaluation results of NLiPsNet. Columns 1–2 corre-
spond to objects seen during training, and Columns 3–5 to
unseen objects. Rows show the pressed Objects, GT from
NLiPsCalib, predicted Normals, and the corresponding Err.
Map with ground truth from NLiPsCalib. The colorbar (blue
to red) indicates errors from 0.00 to 0.05 in MabsE.

tries. For this purpose, we designed and fabricated elastomer
domes with three distinct surface shapes. For each shape, we
used NLiPsCalib to reconstruct the geometry and compared
it against the corresponding ground-truth model, as shown in
Fig. 8. Following the evaluation protocol in Sec. VI-A, we
quantitatively measured calibration accuracy for each case.
The results show that our approach consistently achieves less
than 10° AAE calibration error while preserving fine-scale
details across varying elastomer geometries. These findings
confirm that the proposed calibration method maintains high
accuracy and robustness regardless of the underlying elas-
tomer curvature (Q3).
D. Influence of LED Channels

Since our approach leverages highly redundant LED il-
lumination, we conducted an ablation study to analyze the
impact of the number of LED channels on NLiPsCalib
performance. We varied the number of active LEDs during
calibration, testing configurations from 3 to 24 LEDs, and
evaluated calibration accuracy by comparing the recovered
geometry of a spherical indenter against the ground-truth
shape. The results are summarized in Tab. II.

Results indicated that calibration accuracy depends on the
number of LEDs. While acceptable results can be obtained
with as few as 3 LEDs, increasing to 12 LEDs significantly
improves both AAE and MabsE, indicating that denser illu-
mination provides richer cues for surface normal estimation.
Beyond 12 LEDs, however, improvements plateau: using 12
LEDs already yields a relatively low AAE, and 18 or 24
LEDs only slightly reduce MabsE. These results suggest that
additional LEDs offer marginal benefits. Considering that
more LEDs linearly increase calibration time with limited

Surface Rec. Surfs
Rec. Pressed 

Screw Surfs

Accuracy

AAE/MabsE

7.48°/0.0689

9.58°/0.0817

9.96°/0.0869

Fig. 8: The proposed approach is applicable to diverse curved
elastomer surfaces. Each row corresponds to a different
elastomer dome geometry. Columns show the fabricated
Surface, reconstructed Rec. Surfs, reconstructed Pressed
Screws, and quantitative Accuracy (AAE, MabsE).

TABLE II: Performance of NLiPsCalib with 3–24 active
LEDs used for calibration and reconstruction.

#LEDs 3 6 9 12 15 18 21 24

AAE ↓ 9.86 8.48 8.17 7.28 7.84 7.17 7.81 7.46
MabsE ↓ 0.0858 0.0754 0.072 0.065 0.069 0.065 0.069 0.063

accuracy gains, we adopt 12 LEDs in our main experiments
as a practical trade-off.

VII. CONCLUSION

We presented NLiPsCalib, an easy-to-use framework for
calibrating curved visuotactile sensors. Our approach ad-
dresses a key bottleneck in the development of custom
tactile sensors: the dependence on costly devices, and labor-
intensive data acquisition procedures. Leveraging a NLiPs
model, NLiPsCalib generates high-fidelity ground-truth ge-
ometry directly from the sensor’s internal illumination, re-
quiring only a few simple contacts with everyday objects and
eliminating the need for specialized hardware. Experiments
on the NLiPsTac sensor validate the effectiveness of this
approach, showing that NLiPsCalib achieves calibration effi-
ciency and accuracy comparable to state-of-the-art methods
while significantly reducing setup time and complexity. The
resulting calibration data enables the lightweight neural net-
work NLiPsNet to perform accurate, real-time 3D reconstruc-
tion from a single image, demonstrating strong generalization
to unseen objects and contact geometries.

A current limitation is the computational cost of NLiPs
optimization during offline calibration (3-4 minutes per re-
construction, and 3 hours for overall calibration without
human intervention), as our implementation is CPU-based
and not parallelized. Future work will focus on improving
computational efficiency of NLiPs, potentially through GPU
acceleration. Moreover, the selection of suitable objects for
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calibration is also still empirical. Although the quantitative
impact is difficult to measure, we provide the following guid-
ance: objects should fully excite the sensor’s normal patterns.
To capture diverse normal conditions, we recommend using
a few different objects that produce salient deformations and
pressing them across locations covering the entire elastomer.
In addition, when LEDs illuminate the surface in sequence,
the object should remain stationary.
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