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Abstract—Vision-based tactile sensors are essential for robotic
applications such as grasping and physical interaction. We
propose a low-cost, polarization-imaging-based tactile sensor that
captures both shape and color information in a single shot. Unlike
photometric-stereo-based solutions like GelSight, which require
precise internal illumination and cannot reliably capture color
due to the reflective coating required for surface reconstruction,
our method leverages the Angle of Linear Polarization (AoLP)
and Degree of Linear Polarization (DoLP) to encode 3D geometry.
This approach enables robust shape reconstruction, even on
transparent or specular targets. The sensor is constructed using
commercial transparent polyethylene (PE) film and an off-the-
shelf polarization camera, making it simple and inexpensive to
build. We demonstrate the effectiveness of our design through
real-world experiments on various contact surface scenarios.

I. INTRODUCTION

e

Fig. 1. System Overview. The proposed system consists of a polarization
camera mounted inside an aluminum cage, facing downward. An elastic
sheet of transparent, glossy polyethylene (PE) film is stretched across the
bottom of the cage, and background illumination is provided from the sides.
During measurement, the user firmly presses the cage against the target
object, allowing the PE film to conform to the object’s surface, serving as
a dielectric coating layer to the object to enable the shape from polarization
(SfP) algorithms to reconstruct the surface normal of the object, using either
neural networks or physics-based methods.

Tactile 3D sensing plays a critical role in robotic manip-
ulation, object recognition, and contact-rich interactions. A
prominent example is the GelSight sensor [5]], which uses pho-
tometric stereo to recover detailed surface geometry through
elastomer deformation. Variations of this approach, such as
in [12], have demonstrated impressive accuracy and grasping
capability. However, GelSight-style sensors require precisely
calibrated internal lighting and a flat, reflective interface for
the photometric stereo principle it relies on, adding mechanical
complexity, limiting robustness, and making simultaneous

color sensing difficult. Recent work, DTact [6, [7], addresses
some of these constraints by employing deformation-induced
optical darkening for 3D shape modeling instead of photo-
metric stereo, using a stack of semi-transparent elastomer
layers and only external lighting. While this innovation reduces
hardware complexity and increases adaptability, it still lacks
the ability to recover surface color.

In this work, we take a first step toward a new class of
vision-based tactile sensors by leveraging polarization imag-
ing. By using a thin sheet of transparent glossy PE film serving
as the interface between the object and a polarization camera,
we exploit the angle-dependent reflection and polarization
patterns to infer surface geometry. Our system enables simul-
taneous shape and color sensing in a single image without
the need for calibrated internal lighting, and can generalize
to non-planar contact surfaces. This approach simplifies the
sensor construction while opening up new directions for low-
cost, compact, high-resolution tactile sensing.

II. SHAPE FROM POLARIZAION

Polarization imaging captures the orientation of light-wave
oscillation, which provides geometric and material informa-
tion for the surface [4, [2]. A typical polarization camera
measures light intensity through four linear polarizing filters
oriented at 0°, 45°, 90°, and 135°, captured in four images
of Iy, 145, Ioo, I135, allowing estimation of the polarization
state at each pixel described by the Stokes parameters Sy,
S1, and Sy, which are computed as follows: Sy = Iy + Igp,
S1 = Iy — Igg, and Sy = I45 — I135. The two key quantities
of polarization can be calculated from the Stokes parameters:

e Degree of Linear Polarization (DoLP): p =
\/S? +52/Sy, which quantifies the proportion of
light that is linearly polarized.

e Angle of Linear Polarization (AoLP):
1tan~'(S2/S1), which represents the
orientation of the electric field vector.

As Fig. [Z] shows, the measured DoLLP and AoLP from the
sensor encodes the surface normal of the target. For specular
reflection, based on the dichromatic reflection model [1} 11}
10]), the DoLP p; is given by Eq[I}
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Fig. 2. Surface normal from polarization. A polarization camera can
capture both the DoLP and the AoLP at each pixel location, which encode
3D surface geometry. For a dielectric material with known refractive index
n, the measured DoLP is dependent on the zenith angle 6 of the 3D
surface normal vector using Eq. 1| and EI while the azimuth angle ¢ maps
directly to AoLP using Eq. |Z| and 4] Accurate recovery of the surface normal
requires resolving the ambiguities between specular and diffuse reflection and
information about the material. In the proposed system, we apply a glossy
polyethylene (PE) film over the surface, which has an known n = 1.5
and ensures dielectric polarization response and suppresses diffuse ambiguity,
enabling shape inference across arbitrary underlying materials.

which depends on the zenith angle of the surface 6, given a
refractive index 7, with maximum DoLP occurring near the
Brewster angle. The corresponding AoLP,

T
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is oriented perpendicular to the plane of reflection, and thus
offset by +5 from the azimuth angle ¢ of the surface normal.

For diffuse reflection, derived from the Fresnel equation [[13],
[1]], the DoLP pg4, expressed in Eq. [3]
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arises from subsurface scattering and internal reflection, with

polarization strength governed by the zenith angle. The AoLP
in this case,
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aligns with the plane of incidence and is offset by +7
from the azimuthal direction. As such, the surface normal
can be inferred from polarization measurements. However,
ambiguities remain, such as reflection type, ps, and ¢’s 7 or
+7 offsets, making exact angle recovery challenging without
additional priors. In our system, a glossy PE film serves as
the contact interface, reducing diffuse/specular ambiguity and
has a known 7 = 1.5.

III. PROPOSED SYSTEM

We constructed an aluminum-extrusion rig housing a Lucid
PHX050S-QC polarization color camera that views an elastic,
glossy PE film stretched across the bottom window as the
tactile interface, operating in real-time at over 25 fps. A
programmable LED ring provides uniform side illumination.
During acquisition, the rig is pressed onto the object so the film
conforms to the surface, acting as a thin dielectric coating for
StP. The captured frames are currently processed offline. The
physics-based SfP can run in real time at over 30 fps, while
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Fig. 3. Results. RGB, DoLP, AoLP, and normal map from NN and physics-
only methods of various objects are provided. See Sec. m for discussion.

the neural network-based SfP takes 1.5 seconds per frame on
an NVIDIA RTX4090 GPU. We use the polarization camera
to capture the raw mosaicked images with 0°, 45°, 90°, and
135° polarization angles in a single shot through the sensor’s
focal plane array division. We demosaic the raw image [9]] and
calculate the DoLP and AoLP images. For physics-based SfP,
we build a look-up-table between p;, ¢, and 6, ¢, respectively
using Eq. [ and ] For ambiguities, we ignore p, larger than
the Brewster angle and only maps ¢, = —7. For neural
network SfP, we directly pass the DoLP and AoLP images
to the STPUEL network [§]] to infer the surface normal.
IV. RESULTS

Figure [3] shows real-world shape and color results from
our system across diverse materials—including conductors,
dielectrics, and insulators—with shiny, diffuse, transparent,
and translucent appearances. Both physics-based and neural
network (NN)-based shape-from-polarization (SfP) methods
are presented, along with a reference sphere for surface
normal visualization. The physics-based approach suffers from
ambiguities due to incomplete zenith look-up tables and —3
azimuth assumptions (See Sec. [[l). The NN method often
yields more plausible surface normals with fine details, as seen
in the AirTag sticker (note the sticker’s thin layer and micro
surface structure) and silver necklace. However, in low-DoLP
regions, it may hallucinate geometry, likely relying on RGB
cues. For example, the fish’s colored strip appears incorrectly
bulged. Transparent objects like glass remain challenging due
to unmodeled inter-reflections.

V. CONCLUSION AND FUTURE WORK

This work takes an initial step toward polarization-based
tactile 3D and color sensing. Our prototype shows that mean-
ingful shape information can be extracted through a conformal
PE film using polarization cues. While promising, the system
remains a proof of concept with several limitations. Results
are currently qualitative; future work will include quantitative
evaluations of surface normal accuracy. We also aim to minia-
turize the hardware and incorporate more physics-based priors
into SfP neural networks [[I1]. Directional lighting from a
programmable LED array may further enhance inference. Ad-
ditionally, stress sensing could be achieved via a polariscope
configuration [3]]. Mechanically, the thin PE film can “tent”
over discontinuities, reducing accuracy. Future designs may
adopt thicker, gel-like materials such as PDMS for improved
surface conformity and polarization response.
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