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Abstract. Light has many properties that vision sensors can passively
measure. Colour-band separated wavelength and intensity are arguably
the most commonly used for monocular 6D object pose estimation. This
paper explores how complementary polarisation information, i.e. the ori-
entation of light wave oscillations, influences the accuracy of pose pre-
dictions. A hybrid model that leverages physical priors jointly with a
data-driven learning strategy is designed and carefully tested on objects
with different levels of photometric complexity. Our design significantly
improves the pose accuracy compared to state-of-the-art photometric
approaches and enables object pose estimation for highly reflective and
transparent objects. A new multi-modal instance-level 6D object pose
dataset with highly accurate pose annotations for multiple objects with
varying photometric complexity is introduced as a benchmark.

1 Introduction

"Fiat lux”.! Light has always fascinated humanity. It is not only the inherent
centre of attention for many of the most significant scientific discoveries in the
last century but also plays a crucial role in society and even sets the basis for
religions. Typical light sensors in computer vision send or receive pulses and
waves for which the wavelength and energy are measured to retrieve colour
and intensity within a specified spectrum. However, intensity and wavelength
are not the only properties of an electromagnetic (EM) wave. The oscillation
direction of the EM-field relative to the light ray defines its polarisation. Most
natural light sources such as the sun, a lamp or a candle emit unpolarised light,
which means that the light wave oscillates in a multitude of directions. Light
becomes perfectly or partially polarised when a wave is reflected off an object.
Polarisation, therefore, carries information on surface structure, material and
reflection angle, which can complement passively retrieved texture information
from a scene [28]. These additional measurements are particularly interesting
for photometrically challenging objects with metallic, reflective or transparent
materials, which pose challenges to vision pipelines and effectively hamper their
use for automation.

! Latin for ”let there be light”.
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Fig. 1. PPP-Net. Our Polarimetric Pose Prediction Pipeline utilises the RGBP im-
ages - a quadruple of four differently polarised RGB images - to compute AOLP/DOLP
and polarised normal maps through our physical model. The polarised information and
the physical cues are individually encoded and fused in our hybrid model. The decoder
predicts object mask, normal map and NOCS, and finally the 6D object pose is pre-
dicted by Patch-PnP [52].

While robust pipelines [21,39,9,12] have been designed for 6D pose esti-
mation and texture-less [23,13] objects have been successfully predicted, pho-
tometrically challenging objects with reflectance and partial transparency have
just recently become the focus of research [37]. These objects pose challenges to
RGB-D sensing, and the field still lacks methods to cope with these problems.
To address these limitations, we move beyond previous methods based on light
intensity and exploit the polarisation properties of light as an additional prior for
surface normals. This allows us to build a hybrid method combining a physical
model with a data-driven learning approach to facilitate 6D pose estimation. We
show that this not only supports pose estimation for photometrically challenging
objects but also improves the pose accuracy for classical objects. To this end,

our core contributions are 2

1. We propose polarisation as a new modality for object pose estimation
and explore its advantages over previous modalities.

2. We design a hybrid pipeline for instance-level 6D pose estimation that
leverages polarisation cues through a combination of physical model
with learning, which shows significant improvement for photometrically
challenging objects with high re ectance and translucency.

3. We construct the first polarimetric instance-level 6D object pose es-
timation dataset with highly accurate annotations.

% Dataset and code publicly available at: https://daoyig.github.io/PPPNet/.
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2 Related Work

2.1 Polarimetric Imaging

Polarisation for 2D. Polarisation cues provide valuable complementary in-
formation for various tasks in 2D computer vision that involve photometrically
challenging objects. This has inspired a series of works on semantic [58] and
instance [28] segmentation for reflective and transparent objects. The absence of
strong glare behind specific polarisation filters further helps to remove reflections
from images [34]. While one polarisation camera can already provide significant
improvements compared to photometric acquisition setups, multispectral polari-
metric light fields [26] boost the performance even more.

Polarisation for 3D. Due to the inherent connection of polarisation with the
object’s surface, previous works on shape from polarisation (SfP) investigated
the estimation of surface normals and depth from polarimetric data. However,
intrinsic model ambiguities constrained setups in early works. Classical methods
leverage an orthographic camera model and restrict the investigations to lab sce-
narios with controlled environment conditions [16, 3, 56, 46]. Yu et al. [56] math-
ematically connect polarisation intensity with surface height and optimise for
depth in a controlled scenario, while Atkinson et al. [3] recover surface orientation
for fully diffuse surfaces. While these methods rely on monocular polarisation,
more than one view can be combined with physical models for SfP [2,10], which
can also be leveraged for self-supervision [50]. Some works also explore the use
of complementary photometric stereo [1] and hybrid RGB+P approaches [61],
which complement each other and allow for metrically accurate depth estimates
if the light direction is known. If an initial depth map exists, polarimetric cues
can further refine the measurements [27]. Furthermore, the polarimetric sensing
model helps estimate the relative transformation of a moving polarisation sen-
sor [11] assuming the scene is fully diffuse. Data-driven approaches can mitigate
any assumptions on surface properties, light direction and object shapes. Ba et
al. [4] estimate surface normals by presenting a set of plausible cues to a neural
network which uses these ambiguous cues for SfP. We take inspiration from this
approach to complement our pose estimation pipeline with physical priors. In
contrast to these works, we are interested in the object poses in an unconstrained
setup without further assuming the reflection properties or lighting. The insights
of previous works enable, for the first time, to design a pipeline which addresses
pose prediction for photometrically challenging objects.

2.2 6D Pose Prediction

Monocular RGB. Methods that predict 6D pose from a single image can be
separated into three main categories: the ones that directly optimise for the pose,
learn a pose embedding, or establish correspondences between the 3D model and
the 2D image. Works that leverage pose parameterisation either directly regress
the 6D pose [55,35,39,33] or discretise the regression task and solve for clas-
sification [30,9]. Networks trained this way directly predict pose parameters
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in the form of SE (3) elements given the parameterisation used for training.
Pose parameterisation can also be implicitly learnt [60]. The second branch of
methods [54,49,48] utilises this to learn an implicit space to encode the pose
from which the predictions can be decoded. The latest and also currently best-
performing methods follow a two-stage approach. A network is used to predict
2D-3D correspondences between image and 3D model, which are used by a con-
secutive RANSAC/PnP pipeline that optimises the displacement robustly. Some
methods in this field use sparse correspondences [43,41,47,25], while others es-
tablish dense 2D-3D pairs [57,40, 36,22]. While these methods typically learn
the correspondences alone, some works learn the task end-to-end [24,52,12].
RGB-D and Re nement. Since the task of monocular pose estimation from
RGB is an inherently ill-posed problem, depth maps serve as a geometrical res-
cue. The spatial cue given by the depth map can be leveraged to establish point
pairs for pose estimation [14] which can be further improved with RGB [6]. In
general, the pose can be recovered from depth or combined RGB-D, and most
RGB-only methods (e.g. [49, 36,40, 33]) benefit from a depth-driven refinement
using ICP [5] or indirect multi-view cues [33]. The complementary information
of RGB and depth has also inspired the seminal work DenseFusion [51] in which
deeply encoded features from both modalities are fused. FFB6D [18] further
improves this through a tight coupling strategy with cross-modal information
exchanges in multiple feature layers combined with a keypoint extraction [19]
that leverages geometry and texture cues. These works, however, crucially de-
pend on input quality, and depth-sensing suffers in photometrically challenging
regions, where polarisation cues for depth could expedite the pose prediction.
To the best of our knowledge, this has not been proposed yet.

Photometric Challenges. The field of 6D pose estimation usually tests on
well-established datasets with RGB-D input [21, 7,55, 29]. Photometrically chal-
lenging objects such as texture-less and reflective industrial parts are also part
of publically available datasets [23,13]. While most of these datasets are care-
fully annotated for the pose, polarisation input is unavailable. Transparency is a
further challenge addressed already in the pioneering work of Saxena et al. [45]
where the robotic grasp point of objects is determined from RGB stereo with-
out a 3D model. Philipps et al. [42] demonstrate how transparent objects with
rotation symmetry can be reconstructed from two views using an edge detec-
tor and contour fitting. More recently, KeyPose [38] investigates instance and
category level pose prediction from RGB stereo. Since their depth sensor fails
on transparent objects, they leverage an opaque-transparent object pair to es-
tablish ground truth depth. ClearGrasp [44] constitutes an RGB-D method that
can be used on transparent objects. The recently available StereOBJ-1M dataset
includes transparent, reflective and translucent objects with variations in illumi-
nation and symmetry using a binocular stereo RGB camera for pose estimation.
However, none of these datasets comprised RGBP data.

To this end, the next natural step connects the shape cues from polarisation to
recover object geometry in challenging environments. We further ask the ques-
tion of how to do so by starting with a look into polarimetric image formation.
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3 Polarimetric Pose Prediction

In contrast to RGBP sensors (see Fig. 2), RGB-D sensors enjoy wide use in the
pose estimation field. Their cost-efficiency and tight integration in many devices
present many possibilities in the vision field, but their design also comes with a
few drawbacks.

3.1 Photometric Challenges for RGB-D

Commercial depth sensors typically use active illumination either by projecting
a pattern (e.g. Intel RealSense D series) or using time-of-flight (ToF) measure-
ments (e.g. Kinect v2 / Azure Kinect, Intel RealSense L series). While the former
triangulates depth using stereo vision principles on projected or scene textures,
the latter measures the roundtrip time of a light pulse that reflects from the
scene. Since the measurement principle is photometric, both suffer on photo-
metrically challenging surfaces where reflections artificially extend the roundtrip
time of photons and translucent objects deteriorate the projected pattern to the
extent that makes depth estimation infeasible. Fig. 3 illustrates such an exam-
ple for a set of common household objects. The semi-transparent vase becomes
almost invisible to the used ToF sensor (RealSense L515). The reflections on
both cutlery can lead to incorrect depth estimates significantly further than the
correct value, while strong reflections at boundaries invalidate pixel distances.

3.2 Surface Normals from Polarisation

Before working with RGBP data, we introduce some physics behind polarimetric
imaging. Natural light and most artificially emitted light is unpolarised, meaning
that the electromagnetic wave oscillates along all planes perpendicular to the
direction of propagation of light [15]. When unpolarised light passes through a
linear polariser or is reflected at Brewster’s angle from a surface, it becomes
perfectly polarised. How fast light travels through the material and how much of
it is reflected is determined by the refractive index. It also determines Brewster’s
angle of that medium. When light is reflected at the same angle to the surface
normal as the incident ray, we speak of specular re ection. The remaining part
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Fig. 2. Polarisation Camera. When unpolarised light hits a surface, the refracted
and reflected parts are partially polarised. A polarisation sensor captures the reflected
light. In front of every pixel are four polarisation filters (PF) arranged at angles 0°,
45°,90°, 135°. The colour filter array (CFA) separates light into different wavebands.




