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ABSTRACT

Learning surfaces from neural radiance field (NeRF) became a rising topic in
Multi-View Stereo (MVS). Recent Signed Distance Function (SDF)–based meth-
ods demonstrated their ability to reconstruct accurate 3D shapes of Lambertian
scenes. However, their results on reflective scenes are unsatisfactory due to the
entanglement of specular radiance and complicated geometry. To address the
challenges, we propose a Gaussian-based representation of normals in SDF fields.
Supervised by polarization priors, this representation guides the learning of geom-
etry behind the specular reflection and captures more details than existing meth-
ods. Moreover, we propose a reweighting strategy in the optimization process to
alleviate the noise issue of polarization priors. To validate the effectiveness of
our design, we capture polarimetric information, and ground truth meshes in addi-
tional reflective scenes with various geometry. We also evaluated our framework
on the PANDORA dataset. Comparisons prove our method outperforms existing
neural 3D reconstruction methods in reflective scenes by a large margin.

1 INTRODUCTION

Reconstructing 3D shapes from 2D images (Furukawa et al., 2015) is a fundamental problem in
computer vision and graphics, with downstream applications such as 3D printing (Chen & Yang,
2014), autonomous driving (Chen et al., 2017), and Computer Aided Design (Furukawa et al., 2010).
Although diffuse objects are precisely reconstructed, reflective and textured-less scenes remain chal-
lenging. Traditional Multi-View Stereo (MVS) methods (Bregler et al., 2000) rely on stereo match-
ing across views, which is hindered in the presence of specular surfaces and texture absence. Recent
methods utilizing implicit neural representation learning for 3D reconstruction have shown promis-
ing accuracy (Mescheder et al., 2019; Yariv et al., 2021), yet they overlook the specular reflection
between light rays and surfaces, failing to adequately handle glossy objects with high-frequency
specular reflection.

Existing methods (Zhang et al., 2021; Liu et al., 2023; Dave et al., 2022) attempt to separate spec-
ular reflection components from radiance to improve the reconstruction process. These methods
model the interaction of light rays and surfaces by Bidirectional Reflectance Distribution Functions
(BRDFs) and estimate them by neural networks. However, the inverse problem posed by BRDFs
formulation is highly ill-posed (Guo et al., 2014), and low-frequency bias (Xu et al., 2019) of neural
BRDFs making the learned geometry over-smoothed (Liu et al., 2023). Therefore, high-frequency
geometry with specular reflection shown in Fig. 1 (a) is intractable for them. Besides, a few meth-
ods employ polarization priors to facilitate the learning of specular reflection because they reveal
information about surface normals. However, polarization information is always concentrated in
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specular-dominant regions and noisy in diffuse regions (Kajiyama et al., 2023), making the recon-
struction process in diffuse-dominant regions distorted.

Faced with the bias of neural BRDF and noise issues of polarization priors, we present a novel per-
spective for reconstructing the detailed geometry of reflective objects. Our key idea is to extend
the geometry representation from scalar SDFs to Gaussian fields of normals supervised by polar-
ization priors. Given a surface point, the normals within its neighborhood are approximated by a
3D Gaussian. And it’s a more informative representation of geometry. The mean shows the over-
all (low-frequency) orientation of the surface, while the covariance captures high-frequency details.
Coincidentally, the representation can be splatted into the image plane as 2D Gaussians, as illus-
trated in Fig. 1 (b). The splatting skips the disentangled specular radiance. Learning of the 2D
Gaussians can be directly supervised by the polarization information about surface normals. Hence,
it circumvents the separation of complex geometry and specular reflection and manages to learn
detailed geometry.

(a) Neural 3D Reconstruction (b) GNeRP

Figure 1: Visualization of Gaussians of normals in Neural Reconstruction pipelines. 2D Gaussians
can be rendered from 3D Gaussians of learned normals.

Furthermore, to tackle the noise issues of polarization priors, we introduce a Degree of Polarization
(DoP) based reweighting strategy. This strategy adaptively balances the supervision of radiance and
polarization priors, enhancing the reconstructing accuracy in diffuse-dominant regions.

In summary, our contributions are as follows:

• We propose a novel polarization-based Gaussian representation of detailed geometry to
guide the learning of geometry behind specular reflection.

• We propose a DoP reweighing strategy to alleviate noise and imbalance distribution prob-
lems of polarization priors.

• We collect a new challenging multi-view dataset consisting of both radiance and polarimet-
ric images with more diverse and challenging scenes.

2 RELATED WORK

2.1 MULTI-VIEW 3D RECONSTRUCTION

Traditional Multi-view Stereo focuses on the extraction of cross-view features to generate 3D points.
(Schönberger et al., 2016; Galliani et al., 2015) try to estimate the depth map of the observed scene
with multi-view consistency and fuse the depth maps into dense point clouds. These methods suf-
fer from accumulating errors due to complex pipelines, and features are hard to be extracted from
reflective objects. (Mescheder et al., 2019) explicitly models the objects’ occupancy in a voxel grid
to guarantee a complete object model is created. However, the resolution of the voxel limits the ac-
curacy of the reconstructed surface. Recently, the success of NeRF (Mildenhall et al., 2020), which
uses a simple MLP to encode the color and density information for a scene, inspired researchers
to resort to implicit representation for multi-view 3D reconstruction. The representative works are
Unisurf (Oechsle et al., 2021), NeuS (Wang et al., 2021), and VolSDF (Yariv et al., 2021), which
exploit an MLP to model a Signed Distance Function (SDF) for a target scene. These methods opti-
mize the implicit representation, i.e., SDF, by minimizing the MSE loss between the rendered pixel’s
radiance value and the corresponding pixel’s radiance value in GT images. Such a paradigm works
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well with Lambertian surfaces. However, only view-conditioned radiance fields fail in reflective
scenes.

2.2 BRDF FOR REFLECTIVE OBJECTS RECONSTRUCTION

In the regions with complex geometry, BRDFs always exhibit high-frequency variations due to the
normals terms, while the low-frequency implicit bias of neural networks (Xu et al., 2019) disables
neural BRDFs from predicting these abrupt changes. It always results in over-smoothed geometry.
For example, NeRO (Liu et al., 2023) adopts Micro-facet BRDF (Cook & Torrance, 1981) parame-
terized by material and normal distribution terms. Although its results of smooth mirror-like objects
are excellent, the spatial continuity of neural BRDF is a barrier to the combination of complex ge-
ometry and specular reflection. In the regions with complex geometry, sole multi-view images with
disentangled radiance result in severe ill-posedness of the inverse problem, as is shown in Fig. 1 (a).
Moreover, explicit estimation of anisotropic normals distribution has been used in rendering delicate
objects, such as anisotropy shading of hairs (Banks, 1994), to improve the perception of orientation
and shapes (Ament & Dachsbacher, 2015). However, anisotropic normals distribution in neural
SDFs for 3D reconstruction remains under-defined and non-trivial. Our method proposes 3D Gaus-
sians, of which anisotropic 3D covariance is more informative than the scalar normals distribution
term in NeRO. The latter only measures the concentration of normals at a surface point.

2.3 MULTI-VIEW 3D RECONSTRUCTION WITH POLARIZATION

Polarization prior reveals the azimuth angle of the surface normal, i.e., the angle between the nor-
mal projection onto the image plane and the positive x-axis of the image. Shape-from-polarization
has been investigated by other papers (Atkinson & Hancock, 2006; Foster et al., 2018; Fukao et al.,
2021; Cui et al., 2017; Kadambi et al., 2015; Zhao et al., 2020) before the invention of neural 3D
reconstruction. But most of them are focused on common scenes. For example, PMVIR (Zhao et al.,
2020) exploits the relation of the polarization angle and the azimuth angle of normals but with only
Lambert shading, and thus it cannot treat reflective objects at all. Neural 3D Reconstruction with
polarization priors has also been explored. Sparse Ellipsometry (Hwang et al., 2022) develops a de-
vice to capture polarimetric information and 3D shapes concurrently. However, their reconstruction
is always disturbed by the noise in diffuse-dominant regions. For example, PANDORA (Dave et al.,
2022) extends radiance in BRDF into polarimetric dimensions while the geometry of diffuse regions
cannot be learned properly.

2.4 GAUSSIANS IN 3D SCENE REPRESENTATION

Gaussians are used to represent the attributes of 3D scenes. Mip-NeRF (Barron et al., 2021) encodes
Gaussian regions of space rather than infinitesimal points for anti-aliasing. (Zwicker et al., 2001)
proposes Gaussian splatting that taking volume data as 3D Gaussians and nearly projects the 3D
Gaussian to the 2D one (Kerbl et al., 2023). (Kerbl et al., 2023) implements the splatting pipeline
on the NeRF for real-time rendering. In numerical geometry, (Berkmann & Caelli, 1994) calculates
the covariance matrix from the projections of the normal vectors to highlight the edges and local
geometry of surfaces. Inspired by them, we demonstrate a further fact that taking surface normals as
3D Gaussians and going through a similar splatting pipeline would exactly be transformed into 2D
Gaussians. Our 2D Gaussians are coincidentally available for polarization priors. Thus, supervised
by polarization priors, the learned 3D Gaussians capture more details, which represent the average
orientation of normals by means and the changes within the neighborhood by covariance matrices.

3 METHODS

3.1 PRELIMINARY OF POLARIZATION

Here, we introduce the concept of polarization and its mathematical relation to surface normals
projected to the captured images. The prior contributes to the disentanglement of specular radiance
and geometry.
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Figure 2: Illustration of polarization shift in specular re�ection. The right �gure is a detailed de-
scription of the geometry relation between AoP and the surface normal. is the azimuth angle.'
is the AoP, which is the angle from the positive x-axis to the polarized direction.

Polarimetry describes the vibration status of light waves. Since light is a type of transverse wave
that only oscillates in the plane perpendicular to the light path (Collett, 2005), the full polarimetric
cues of rays are always represented by planar ellipses (Smith & Ward, 1974). The magnitude of
vectors inside these ellipses alludes to the amplitude of the light wave vibration along the vectors,
as shown in Fig. 2. Common light sources, such as sunlight and LED spotlights, emit unpolarized
light, i.e., the light vibrates equally in all directions. In our captured scenes, objects are mostly
illuminated directly by light sources, so we assume that the incident light is unpolarized. During
re�ection, the vibration in each direction is absorbed unequally, and unpolarized incident light turns
into partially polarized re�ected light captured by polarization cameras. The Angle of Polarization
(AoP) and Degree of Polarization (DoP) are two cues of the polarization ellipse functionally related
to projected surface normals at the points of re�ection, which can be formulated as:

' (i; j ) =
1
2

arctan
s2(i; j )
s1(i; j )

; � (i; j ) =

p
s2

1(i; j ) + s2
2(i; j )

s0(i; j )
; f ' ; � g 2 RH � W ; (1)

where' ; � are AoP and DoP,(i; j ) is the pixel index, ands = [ s0; s1; s2; s3] is Stokes vector di-
rectly calculated from polarization capture. Generally, in specularity-dominant regions, the relation
between projected normals and AoP is �xed as Fig 2(b) and the equation +

�
2

� ' mod � .

Moreover, DoP is signi�cantly higher in these regions. Details of polarization analysis are shown in
the Appendix.

3.2 GAUSSIAN GUIDED POLARIMETRIC NEURAL 3D RECONSTRUCTIONPIPELINE

Polarimetric neural 3D reconstruction refers to reconstructing surfaces by neural implicit surface
learning, givenN calibrated multi-view imagesX = f C i gN

i =1 with pixel-aligned polarization pri-
orsY = f ' i ; � i gN

i =1 . First, we introduce a general pipeline of learning surface by volume rendering,
taking NeuS (Wang et al., 2021) as an example. Sec. 3.2.2 introduces the 3D Gaussian of surface
normals and its transforms to 2D Gaussian in the image plane. It represents the geometry of sur-
face points more precisely and thus can separate detailed geometry from high-frequency specular
radiance. 3.2.3 presents our full optimization containing radiance loss and Gaussian loss, which
measures the gap between these 2D Gaussians and polarization priors. We propose a DoP reweigh-
ing strategy to alleviate the aforementioned noise and imbalanced distribution of polarization priors.
It balances the in�uence of radiance and polarimetric cues adaptively. Finally, Sec. An overview of
the entire framework is shown in Fig. 3.

3.2.1 LEARNING SURFACE BY VOLUME RENDERING

NeRF (Mildenhall et al., 2020) proposed a novel render pipeline with a combination of spatial neu-
ral radiance �elds and volume rendering (Kajiya & Von Herzen, 1984) to synthesize high-quality
novel view images. Unlike traditional explicit meshes, the representation of 3D scenes in NeRF
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Figure 3: Illustration of our method.

is decomposed into spatial-dependent density �elds and radiance �elds depending on both spatial
position and viewing direction. Then, the color of an arbitrary pixel with a rayr = o + td passed
through can be rendered by volume composition along the ray:

Ĉ (r ) =
KX

k=1

Ti � i ci (r i ; d); Ti = exp ( �
i � 1X

j =1

� j � j ); � j = 1 � exp (� � j (r j )� j ); (2)

, whereK pointsf x jo+ t i dgK
i =1 on the ray are sampled.� i andci are approximated volume density

and radiance predicted by neural networks with positionx and viewing directiond as inputs.� i is
the length of sampled interval[t i � 1; t i ]. � i andTi denote the transmittance and alpha value of points,
and by them the �nal color is alpha composited (Max, 1995). The neural network is optimized by the
mean square error between the ground truth colorC(r ) in the image and the rendered colorĈ (r ).

Despite realistic novel view images, the geometry of scenes extracted from learned density �elds
is inaccurate with �oating artifacts since the shape is not de�ned in the density �eld. NeuS (Wang
et al., 2021) de�nes surfaces as the zero-level set of Signed Distance Field (SDF), and density is
derived from SDF:

[d(x i ); f (x i )] = f (x i ); � i = max
�

� s (d (x i )) � � s (d (x i +1 ))
� s (d (x i ))

; 0
�

; ci = c(x i ; n i ; d; f i ); (3)

wherec andf are the geometry network and radiance network,d(x i ) is the signed distance to the
surface andf i = f (x i ) is the geometry feature.� i is de�ned by SDF with Laplace distribution
� s (x) = (1 + e� sx ) � 1, where the variances is a trainable parameter. The volume rendering pro-
cess is analogous to NeRF, while the radiance network takes normalsn i = r x d(x i ) and geometry
featuref i as additional inputs.

3.2.2 GAUSSIAN SPLATTING OF NORMALS

Neural SDF-based 3D reconstruction excels at smooth Lambertian objects. With neural BRDF
de�ning the specular re�ection between rays and surfaces, smooth surfaces of re�ective objects can
also be properly learned. However, the low-frequency implicit bias of neural networks (Xu et al.,
2019) is a barrier for both of them to recover delicate geometry behind specular re�ection, such as
abrupt normal changes in NeRO (Liu et al., 2023). Thus, we propose a 3D Gaussian estimation of
distributions of normals as an additional representation of geometry details. We show how it can be
splatted to the image plane, making it available for 2D polarization supervision.

Instead of separate vectors assigned to each point, the normal within the neighborhood of an arbitrary
positionx i is assumed as a Gaussian:

G(x jx i ) = N (n(x i ); � (x i )) =
1

(2� )
3
2 j� (x i )j

1
2

exp
�

�
1
2

(x � n(x i ) )T � (x i )
� 1(x � n(x i ) )

�
; z

(4)
wheren 2 R3 is the normal, and� 2 R3� 3 is the covariance of the Gaussian. Given a ray with
discretizationf x i jx + t i dgK

k=1 , additionalM positions within the neighborhood are super-sampled
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to estimate the covariance. In this paper,M is 6 containingx i � 1, x i +1 and four positions around
the ray. Hence, the unbiased estimation of Gaussian can be formulated as:

Ĝ(x jx i ) = N (n(x i ); �̂ (x i )) = N

0

@n(x i );
1

M � 1

MX

j =1

�
n(x j

i ) � n(x i )
� �

n(x j
i ) � n(x i )

� T

1

A ;

(5)
wheren(x j

i ) = r x d(x j
i ); n(x j

i ) 2 R3. However, those 3D Gaussians are not accessible in captured
2D images, and volume rendering in Sec. 3.2.1 only takes 3D scalar �elds into account, making the
projection of 3D Gaussians non-trivial. Alternatively, (Zwicker et al., 2001) presents a splatting ap-
proach treating colors in 3D space as Gaussian kernels and visualizing them on the image plane. We
apply analogous transforms and further prove our normal-based 3D Gaussians are exactly splatted
to 2D Gaussians. Given a viewpoint, the transform can be formulated as:

Ĝ(x jx i )p = N (JWn (x i ); JW �̂ (x i ))W T JT ) = N
��

np (x i )
0

�
;
�

�̂ p (x i )
0

��
; (6)

whereW 2 R3� 3, J 2 R3� 3 are viewing transform matrix and normal projection matrix (Chen
et al., 2022), respectively. Derivation of them is shown in the Appendix. It shows that only the
�rst two rows of the transformed mean vector and the upper2 � 2 square block of the transformed
covariance matrix remain non-zero, splatting 3D Gaussians to 2D Gaussians in the image plane.
For simpli�cation, 2D Gaussians are also denoted byĜ(x jx i )p = N (np (x i ); �̂ p (x i )) , where
np 2 R2; �̂ p (x i )) 2 R2� 2. Moreover, the SVD of the covariance matrix̂� p = V̂ �̂ V̂ T cir-
cumvents the ill-posedness of the covariance matrix and reveals its relation to anisotropic normal
distribution. Intuitively, if the geometry appears smooth from the imaging perspective, then the
corresponding normals of the neighborhood will be projected to similar vectors, resulting in an in-
signi�cant deviation of the eigenvalues. Otherwise, the deviation would be signi�cant. Eigenvectors
also show the local shape of the position, as shown in Fig. 4 (e). Finally, all 2D Gaussians on the
ray passing through the pixelu is composited by volume rendering:

Ĝ(u) = N

 
KX

k=1

Ti � i np (x i );
KX

k=1

Ti � i �̂ p (x i )

!

= N (np (u); �̂ p (u)) ; (7)

whereTi and� i are in Eq. 2.np (u) 2 R2; �̂ p (u) 2 R2� 2. The mean of 3D Gaussiansn(x i ),
which is splatted tonp (u), represents the overall orientation ofx i . And the covariancê� (x i ))
and splatted̂� p (u)) in the image model the high-frequency details. In this way, our representation
captures more details than NeuS and other methods based on the neural BRDF parameterized by
isotropic normals distribution. Another main strength of those 2D Gaussians is direct supervision
by polarization priors, which is introduced in Sec. 3.2.3.

3.2.3 OPTIMIZATION WITH REWEIGHTED POLARIZATION PRIORS

(a) Scene (b) AoP (c) DoP (d) R. AoP

Visualization of DoP Reweighing (e) 2D Gaussians in Polarization

Figure 4: Visualization of Reweighted AoP Priors. Red boxes bound specular re�ection dominant
regions, and the blue boxes bound diffuse ones. (d) is the AoP map reweighted by DoP. Saturation
in (e) indicates the degree of anisotropy, and color represents the direction of the singular vector of
2D Gaussians' covariance. A few 2D Gaussians are drawn as ellipses for intuition.
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The 2D Gaussian in Sec. 3.2.2 can be directly extracted from AoP priorsf ' i gN
i =1 in Eq. 1 by:

eGp (uju i ) = N (enp (u i ); e� p (u i ))

= N

0

@sv( (u i )) ;
1

M 0 � 1

M 0
X

j =1

�
v ( (u j

i )) � v ( (u i )))
� �

v ( (u j
i )) � v ( (u i )))

� T

1

A ;

(8)
whereu ( j )

i = ( x ( j )
i )p is the corresponding pixel index of (super-sampled) points on the ray. There-

fore, M 0 = 4 sincex i � 1 andx i +1 are on the same ray asx i . v (� ) represents a 2D unitary vector
rotated by� . 	 � ' + �

2 mod � is the azimuth angle of normals, derived from the AoP in Eq.
1. And s is a scale factor. Similar to Sec. 3.2.2, the estimated covariance matrix is decomposed
into e� = eV e� eV T . We de�ne the degree of anisotropy (DoA) of those 2D Gaussians as� 0

� 1
. 2D

Gaussians saturated by DoA are visualized in Fig. 4 (e). In this Fig, color is concentrated to and
coherent along the edges of the scene. It shows DoA is higher in the region with complicated geom-
etry and surface changes most dramatically along singular vectors of covariance. Before optimiza-
tion, the polarization prior AoP is reweighted by DoP to alleviate the aforementioned observational
noise and imbalanced distribution problem in Sec. 1. The noise of AoP is mainly generated by
diffuse re�ection because it's always weakly polarized (Kajiyama et al., 2023). The DoP in diffuse-
dominant regions is signi�cantly lower than specular-dominant ones, as shown in Fig. 4 (c) and (d).
Thus, the reweighted AoP de�ned as' � � is proposed as an alternative supervision with less noise.
Meanwhile, radiance is disentangled with surroundings in specular re�ection dominant areas. To
adaptively balance radiance and polarization priors, our full loss function during reconstructing is
de�ned as:

L = � (1 � � )L color + � � (L mean + L cov ) + 
 L eik + � L mask ;

L color = k Ĉ(u) � C(u) k2; L mean = k ^' (np (u)) � ' (u) k1;

L cov =

 










�̂ 1

�̂ 0
�

e� 1

e� 0












1

+ � 0 < V̂ ; eV >

!

(u); L eik =
1
K

KX

i =1

(kr x d(x i )k2 � 1)2;

(9)

where L color and L mask are the radiance rendering loss and the BCE loss of object masks in
NeuS (Wang et al., 2021). Splatted 2D Gaussians is supervised by (u) and e� p (u) in Eq. 8.
^' (np (u)) �  (u) + �

2 mod � and is the azimuth angle of normals. The supervision of ra-
diance and polarization priors are reweighted by the DoP� . Especially, only Anisotropy (ratio of
singular values) and eigenvectors are supervised to avoid scaling and numerical issues. If the local
shape is like a plane, normals will change smoothly in all directions, and the Anisotropy approaches
1. If there are some details like edges, normals tend to change abruptly and exhibit directionality,
represented by eigenvectors.L eik is a regularization term of the gradient of SDF widely used (Gropp
et al., 2020).� , � , 
 and� are hyper-parameters.

4 EXPERIMENTS

To evaluate the effectiveness of our method, we tested GNeRP on objects from multiple scenes and
compared them with existing state-of-the-art neural 3D reconstruction methods.

PolRef Dataset The methods are evaluated on the PANDORA dataset (Dave et al., 2022) and
captured scenes by ourselves. The PANDORA includes3 re�ective objects (Owl, Blackvase, and
Gnome) with polarization priors. However, their ground truth shapes are unavailable for quantitative
evaluation. Moreover, the diversity of materials, geometry, and illumination is not enough for over-
all comparisons. Only the geometry of the Gnome scene is complicated but less re�ective. Only a
mirror-like ball in the Blackvase re�ects surroundings other than highlights. Other common datasets,
including Shiny Blender (Verbin et al., 2022), lack polarization priors for our method. To compre-
hensively evaluate the performance of 3D reconstruction methods, a new challenging multi-view
dataset named PolRef was collected, consisting of objects with re�ective and less-textured surfaces
captured with various illumination. Radiance images and aligned polarization priors were captured
in one shot using polarization cameras. To obtain precise and complete ground truth shapes, objects
were produced using SLA 3D printers, with an accuracy tolerance of� 0:1mm. Detailed descrip-
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