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Abstract

Shape from polarization (SfP) benefits from advancements like polarization cam-
eras for single-shot normal estimation, but its performance heavily relies on light
conditions. This paper proposes STPUEL, an end-to-end SfP method to jointly
estimate surface normal and material under unknown environment light. To handle
this challenging light condition, we design a transformer-based framework for en-
hancing the perception of global context features. We further propose to integrate
photometric stereo (PS) priors from pretrained models to enrich extracted features
for high-quality normal predictions. As metallic and dielectric materials exhibit
different BRDFs, SfPUEL additionally predicts dielectric and metallic material
segmentation to further boost performance. Experimental results on synthetic and
our collected real-world dataset demonstrate that STPUEL significantly outperforms
existing SfP and single-shot normal estimation methods. The code and dataset is
available at https://github. com/YouweiLyu/SfPUEL.

1 Introduction

Single-shot surface normal estimation is a fundamental task in 3D reconstruction, which is widely
utilized in diverse fields such as robotics, graphics, and virtual reality. With the aid of a snapshot
polarization camera, surface normal can be obtained from a single-shot polarization image recording
image observations under different polarization states, also known as shape from polarization (SfP).
Benefiting from the passive imaging mechanism, SfP is expected to work under more general
conditions compared to photometric stereo which requires controlled lights. Also, the high-resolution
polarization image allows SfP to recover a more detailed surface shape.

Despite the prominent advantages, 7 and 7 /2-ambiguities are inherent in the azimuth angle estimation
of surface normal from SfP (38)). The m-ambiguity can be partially resolved with handcrafted priors
like shape convexity (38)), but handling the 7 /2-ambiguity related to determining specular and diffuse
reflection types is more challenging. Specular and diffuse reflections can blend at any degree under
divergent environment lights, as shown in Fig. [T[a), which leads to noisy angle of linear polarization
(AoLP) maps. Light information and object geometry entangled in polarization cues make SfP highly
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Figure 1: (a) Rendered images and AoLP of metallic/dielectric spheres suggest SfP challenges under
environment lights: AoLP maps vary with different illumination and material types. (b) SfPUEL
predicts surface normal from singe-shot polarized images under unknown environment light. The
visualized results show SfPUEL achieves a better shape prediction over the state-of-the-art method
DeepSfP (4), which is even comparable with the multiview SfP method PANDORA (15).

ill-posed under unknown environment light. In addition, metallic and dielectric surfaces exhibit
different polarization BRDFs under the same illumination, which causes AoLP maps to vary on
different materials, further compounding the normal estimation problem. To avoid the light issue,
previous non-learning-based methods make strong assumptions regarding re ectior38y3286),

which hardly work under general environment light. Current state-of-the-art methods found that
speci c light conditions such as sunny sk¥5j, frontal ash illumination (L6), and an unknown
distant light @85) can provide additional constraints to make disambiguation tractable. However, these
controlled light setups undermine the passive imaging merit of SfP. In this paper, we aim to propose a
method for $iape fom Polarization under Wknown Environment light, abbreviated aSfPUEL

For unknown environment lights, each point on the object's surface is lit by direct illumination and
re ected light from other points, and the global light and geometry information also blends in the
per-pixel polarization properties. Therefore, we propose to extract the global context features by a
transformer-based framework, which incorporates image-level and pixel-level feature interactions.

Another key observation is the consistency between SfP and PS tasks, which inspires us to integrate
PS priors to enhance the representation ability of global context features. Speci cally, SfP and PS
both rely on measurement variations at the same pixel position across multiple images to estimate
the surface normal. Therefore, off-the-shelf PS network backbones and pre-trained weights can be
potentially adopted in the SfP context. On the other hand, the inputs of PS and SfP contain different
physical information. PS relies on radiance variations under different light directions, while SfP
utilizes radiance lItered by different polarizer angles. A polarization-related module is also required
to extract the domain-speci ¢ features. Based on these observations, we propose a transformer
by effectively integrating the PS prior from a pretrained model and encoding polarimetric cues
from polarization images. Speci cally, we utilize the feature encoder from a recent PS network
SDM-UniPS @6) as the PS prior extraction module (PSPEM) with xed weights. To embed the
polarization information, we make a copy of PSPEM as the polarization feature extraction module
(PolFEM) with learnable weights. To integrate polarization information with PS priors, we design

a novel PS and SfP feature fusion block, which takes the degree of linear polarization (DoLP) to
generate the mask probability for conducting two-source masked cross attention.

For the material issue in SfP, previous approaches mostly predict surface normals of dielectric objects
only (3; 4; 17). Considering the in uence of materials on polarization properties, we propose to
jointly estimate semantic material segmentation (metallic and dielectric) and surface normals from
the global context features. Simultaneous supervision of the two tasks could guide the network to
narrow down the latent space of global context features and boost surface normal predictions.

To validate the effectiveness of our method under different material types, we further collect a
real-world dataset as a complement to existing SfP datakgtd) Speci cally, our dataset contains

4 dielectric and 2 metallic objects, which are captured under diverse environment illuminations. For
guantitative evaluation, the ground truth (GT) surface normals are also calibrated. To summarize, the
main contributions of this paper are as follows:



» We introduce SfPUEL, a transformer-based framework to solve shape from polarization
under general unknown environment light via global context feature extraction;

» We jointly utilize polarimetric cue and the representative pretrained priors from PS to solve
SfP for the rst time;

» We solve SfP together with metallic and dielectric material segmentation, which further
boosts surface normal prediction.

2 Related works

Shape from Polarization In the single perspective setup, manually designed constraints, such
as the surface smooth assumptid6; @7) and shape convexityd8; 22; 3) could narrow down the
solution space of SfP. Besides, incorporating shading information by formulating the imaging process
of polarimetric observations as linear equatiofig) or PDEs 84) also helps the disambiguation.
Introducing perspective projection in the polarization image formation model can help to determine
the normal direction of a pland(@). Studies show the polarization information is easily affected by
light conditions (9), and the polarization property pattern under speci ¢ illumination can provide
extra constraints for normal and SVBRDF optimizati® 17; 25; 23; 35). To complement the
affected polarization cues under different illumination and enhance the model performance, we
propose a transformer-based network with the aid of photometric stereo priors from pretrained
models.

Shape from Polarization with Additional Measurements Polarimetric measurements could be
incorporated with additional information for normal estimation with mitigated ambiguity. Coarse
depth maps obtained by the ToF camera assist in predicting accurate surface 2@ymglith
observations from additional perspectives, the azimuth ambiguity could be effectively resolved
by tangent space consisten®) &nd disparitiesd1). On the other hand, polarization cues also
bene t multi-view stereo performance by generating accurate correspondence between tw@yiews (
especially on texture-lesd g, 39) and specular-dominant regior&7j. Recently, a coordinate-based
neural representation approach is proposed for multi-view polarimetric inverse rendering (15).

Single-image-based Normal Estimation and Generation Surface normal estimation from a
single RGB image is exceedingly challenging. Handcrafted prkfisgre designed to relieve the
ill-posedness of the problem. With the advent of deep learning, considering global illumir@tjon (

and introducing inductive biases such as normal probability distributB)rend neighboring normal
relations 6) in network design helps to prevent training bias and further improve model performance.
Inspired by the generative abilities of diffusion models, researchers propose generation techniques to
jointly estimate depth and normal mafds) from a single image, or generate novel views by taking a
single image as a visual prompt for 3D reconstructi@®? 48). Compared to generation approaches,

our method could produce reliable normal predictions with better delity, thanks to incorporating
polarimetric measurements.

3 Prerequisites of Polarization

A polarization image can be obtained by attaching a polarizer with &htglea camera. The image
measurement received by the camera sensor is given by

|#: Imax"'lmin+ Imax |minco52# ); (1)
2 2
in which | maxmin IS the maximum/minimum intensity received by the sensor after a polarizer, and
denotes the oscillation orientation of the polarized components. Stokes vectors represent the
polarization status of taken images, denote® as[ Sp; S1; Sy; Ss]” . Sp represents the intensity of
perceived light, an®, ; S, denote polarized components in the orientations frtd 45, respectively.
The Stokes vectors can be computed via polarization images:

S=[(lo *las +lao +1135)=2 1o loo; las lass ] : 2

Similar to previous SfP methods, we only use the rst three components of a Stokes vector since
linear polarizers are used for polarization acquisition.



Figure 2: Network structure of the proposed SfPUEL.

Following the pPBRDF modelg), two important polarization properties can be utilized for normal
estimation,i.e., AoLP and DoLP. AoLP denotes the oscillation orientation of linear polarization,
correlated with the azimuth angle of surface normal. DoLP is the proportion of polarization compo-
nents that re ects the zenith angle of the surface normal and the material refractive index. These two
polarization properties can be computed using Stokes vectors:

p
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4 Method

4.1 Network Architecture

SfPUEL aims to estimate surface normal and material segmentation under environment illumination
by taking as input polarization images, image intensiti&g,(AoLP and DoLP maps, and the
object mask. Fig. 2 presents the framework structure of SFPUEL, which can be divided into two
parts. The rst part Pol&PS Feature Extractor consists of the polarization feature extraction module
(PolFEM) module and the photometric stereo prior extraction module (PSPEM), which encode
the information from the two elds, respectively. We propose a novel DoLP cross-attention block

to fuse the intermediate features from the two modules. The preceded Global Context Extractor
adopts the image-level and pixel-level attention mechanisms to generate the global context features.
The prediction heads nally predict material segmentation and normal vectors with two MLPSs,
respectively.

Pol&PS Feature Extractor SDM-UniPS @6) has demonstrated appealing performance and exi-
bility on normal estimation under natural lighfThus, our PSPEM adopts its encoder backbone that

is composed of ConvNeXt-13@) to produce representative PS prior features at four stages with the
dimensions of (96, 192, 384, 768). The four stages of features are then fused with an aggregation
module,i.e., UPerNet §1). The weights of PSPEM are frozen in the training course. To obtain
features from the polarimetric measurements, we make a copy of PSPEM as the PolFEM backbone so
that the hierarchical polarization features are aligned with the PS prior features for fusion. PolFEM
encodes features from individual input polarization images in a share-weighted manner, which lacks
information interactions between images. Thus, we further add a polarization encoding block to
obtain features from DoLP and AoLP maps. The AoLP map is encodécdasy?; sin2 ) to be
contiguous in the representation spa8@)( This encoding block contains six cascaded convolutional
blocks and a zero convolutional layer. Each 2D convolution in the convolutional block ha3 a 3
kernel. The zero convolutional layer consists of a kernel size of 1 and a stride of 1 with all weights
initialized as zero at the start of training. The additional encoded polarization features are fused with

We employ SDM-UniPSZ6) to provide the PS priors since SDM-UniP36| and our method are based on
the environment light setting.



Figure 3: The structure of the DoLP cross attention block for combining polarization and PS features,
encourages the network to concentrate on polarization features with high delity.

features generated from the PolFEM shallow layer by addition. Pol&PS Feature Extractor produces
ds1-dimensional feature mappops2 R ™ 941 wherek denotes the number of input polarization
images andh; w are height and width of the original input images, respectively.

Feature Fusion with DoLP Cross-attention Block In Pol&PS Feature Extractor, we use four
DoLP cross-attention blocks to fuse the intermediate features from PolFEM and PSB&IMP

is de ned as the ratio of the polarization intensity to the total light intensity. In the context of SfP,
low DoLP values suggest the desired polarization signals are relatively low compared to unpolarized
intensities, and these weak polarization signals can be easily affected by noise in the imaging process.
The network is expected to focus on polarization cues in high- delity regions but not t on unreliable
information. Therefore, we propose the masked cross-attention block for the spatial interaction of
polarization and PS features. The structure of the DoLP cross-attention block is illustrated in Fig. 3.
DoLP is activated by an exponential function to get the mask probability and then generate the
attention mask. For the hierarchical feature fusion in Pol&PS Feature Extractor, we take the feature
from PoIFEM as the ke and valueV, and the feature from PSPEM as the qu@nyWe then use

the DoLP cross attention to integrate the fused features from two sources, which is given by:

Zused= Q + NornfMaskQ K; (1)) V; (4)

where denotes the spatial interaction between the query and the keydemabtes the matrix multi-

plication. To ensure network ef ciency, We employ the ef cient additive attention mecharign (
with linear complexity regarding the number of pixels. TWasKA; p) operation randomly masks

the elements in the attention matixwith a probability ofp. ( ) generates the mask probability by
given the DoLP value, which is de ned as:

e
= — 5

()= o7 (5)
in which the hyperparametermodulates the decay rate of the mask probability as DoLP increases.
We empirically set to 3 in our implementationV is multiplied by the normalized masked attention

matrix and then added wit® to derive the fused feature.

Global Context Extractor Global Context Extractor takes featufésypsfrom Pol&PS Feature
Extractor and produces the global context features by successively conducting image-level and pixel-
level attention. The featurdspopsare extracted from individual images in a share-weighted manner,
without any image-level interaction, while polarization properties such as AoLP and DoLP are
calculated by the four polarization images. To enrich the extracted features in the image dimension,
we pasd-poipsthrough the image attention block, which contains ve multi-head self-attention blocks
and feed-forward networks. We adopt the light-axis attention module of the SDM-Ua@p&r(d its
weights in the image-axis attention block. After ve interactions in the image axis, we aatjuire
dimensional enhanced featufes,, 2 R ™ 9 To reduce the image dimension and generate the
pixel-corresponding features, we introduce per-pixel geometry queries for cross attentiénwith

The geometry query is a learnable embedding like positional coding. For information interaction over
the image, we use the pixel-level attention mechanism in pixel-sampling Transf@@&)¢o extract

2Fig. 2 displays only one DoLP cross-attention block just for better visualization.



Figure 4: Capture setup and overview of our real-world dataset. The environment light map is placed
at the up-right corner of each object image.

the global context features. The aggregated global context features are derfoggd®aR™ 9.

After gettingF g, we adopt two two-layer MLPs with ReLU activation functions to estimate the
material type logitsh and the surface normal orientati@rin a per-pixel manner, respectively. We

nd that jointly estimating material segmentation and surface normals helps to improve the normal
accuracy.

Loss Functions To supervise normal estimation, we adopt the cosine similarityllagssa to
penalize the cosine distance between the ground truth and predicted normal vectors. The widely used
cross-entropy losk materialis employed for supervising two-class material type predictions. We use
coef cients , and , to balance the two loss functions in the training process. The total loss for
supervising SfPUEL framework is denoted as follows:

L= nLlnomat mLmateriaf (6)

4.2 Dataset

Synthetic Data Generation Baet al. (4) create the SfP dataset consisting of polarization images

and the ground truth normal maps, but the limited amount of data (less than 300) captured in only
three different environment illumination can easily lead to transformer-based model over tting. Since
there is no large-scale SfP dataset under environment light available, we create a synthetic dataset
by Mitsuba2 41) to enable model training and validation. We collect 2,074 high-quality SVBRDFs,

799 HDR environment mapg;(43), and 244 object meshes, @3; 50; 14) for data synthesis. We

use 1,983 SVBRDFs, 651 environment maps, and 200 object meshes as the source data to generate
the training dataset composed of 20,000 sets of images with the resolution 05522and the
remaining materials are adopted for rendering 1,000 validation data with the same resolution as
training ones.

During the data generation, several augmentation approaches are employed to enrich the data
distribution. For augmentation of object shape, we smooth the macro-structure of the mesh model
with 3 different levels using Blender and then increase the model's ne-grained details by applying
various displacements on the mesh. For augmentation of SVBRDF, we randomly change the value of
diffuse albedo in HSV space and shift and scale the UV map of the object to generate richer texture
on the object. We also scale the mean of the roughness map to mimic various material appearances.

Real Data Acquisition Deschaintrest al. (16), Ngoet al. (40), and Lyuet al. (35) only provide
polarization data taken under the controlled light conditions, and the test data in DeepSfP only
contains dielectric objects. Therefore, we create a real-world SfP dataset consisting of 6 dielectric
and metallic objects. We capture polarization images under 6 different light conditions, including
indoor and outdoor scenes. We use Lucid Triton RGB polarization cdraathRICOH THETA SC2

to record the panoramic image as the calibrated environment light. The camera rig, objects, and the
environment light are shown in Fig. 4. For a quantitative evaluation of SfP under environment light,

3https://thinklucid.com/product/triton-5-mp-polarization-camera/
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