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Abstract

Polarimetric information holds great potential in
improving stereo matching due to its strong correla-
tion with scene geometry. One limitation of polari-
metric stereo matching research is the lack of an eval-
uation dataset allowing comprehensive assessment of
different ways to use polarimetric information. To ad-
dress this limitation, in this study, we create a syn-
thetic dataset for polarimetric stereo matching using
a physically based renderer and systematically investi-
gate effective ways to use polarimetric information for
stereo matching. Based on the investigation, we pro-
pose a stereo matching network, featuring a simple yet
effective way to use polarimetric information based on
Stokes parameters inputs and dual encoders. Experi-
mental results demonstrate that our network achieves
state-of-the-art performance, especially showing strong
robustness to noise.

1 Introduction

Stereo matching, crucial for 3D scene reconstruc-
tion, estimates the disparity from stereo image pairs.
Traditional methods [1, 2, 3] attempt to find corre-
spondences between stereo images, but struggle to re-
cover texture-less regions. Deep learning methods,
such as PSMNet [4], GwcNet [5], and RAFT-Stereo [6]
have significantly improved accuracy and robustness
through end-to-end training and iterative refinement.

Polarization has attracted attention in recent years
in various 3D reconstruction scenarios including stereo
matching [7], multi-view stereo [8, 9], SLAM [10], nor-
mal estimation [11, 12, 13], and inverse rendering [14],
as it captures the orientation and degree of light’s os-
cillation, providing information highly related to scene
geometry. Specifically, the angle of polarization (AoP)
and the degree of polarization (DoP) of reflected light
correlate with the azimuth and zenith angles of an ob-
ject’s surface normal, respectively, allowing the infer-
ence of normal information from polarization.

Most learning-based polarimetric 3D reconstruction
methods use AoP and DoP images, which are concate-
nated to the standard RGB image and fed to a sin-
gle encoder for feature extraction [11, 13]. A recent
method [7] applies dual encoders to extract features

separately from the RGB image and the polarimet-
ric (AoP and DoP) images. As seen in these meth-
ods, AoP and DoP images are most commonly used
for feature encoding of polarization, because of their
relations to the surface normal. However, AoP is vul-
nerable to noise, especially in regions with small DoPs.
This limits the robustness of polarimetric 3D recon-
struction methods. Another limitation is the lack of
suitable evaluation datasets allowing comprehensive as-
sessment of different ways to use polarimetric informa-
tion in each application.

In this paper, we address the task of polarimetric
stereo matching. Our main contributions are fourfold:
(i) We construct a synthetic polarimetric stereo dataset
using Mitsuba2 renderer [15] based on a polarimet-
ric bidirectional reflectance distribution function. This
dataset allows comprehensive and systematic investi-
gation of effective ways to use polarimetric informa-
tion; (ii) Through the investigation using the dataset,
we propose a stereo matching network based on a sim-
ple yet effective way to encode polarimetric informa-
tion utilizing Stokes parameters inputs and dual en-
coders. We demonstrate that a very simple way of
using Stokes parameters, instead of AoP and DoP, sur-
prisingly improves the performance and the robust-
ness; (iii) We experimentally demonstrate that our pro-
posed network achieves state-of-the-art performance on
our synthetic and existing real-world datasets, espe-
cially exhibiting strong robustness to noise; (iv) We
make our dataset and source code publicly available at
http://www.ok.sc.e.titech.ac.jp/res/Polar3D/.

2 Polarimetric Stereo Dataset Generation

The most representative datasets for polarimetric
stereo matching are the ones constructed in [7]. While
the authors of [7] provide both synthetic and real-world
datasets, there are still some limitations. For instance,
the synthetic dataset is generated based on the random
assignment of specular- and diffuse-dominant regions
using the segmentation mask applied to the standard
RGB image. This means that the dataset is not gen-
erated based on a physically-based polarimetric ren-
dering. The ground-truth disparity of the real-world
dataset is obtained using a depth sensor. This lim-
its the acquisition of ground-truth disparities for low-
light and specular regions, resulting in a sparse ground-

19th International Conference on Machine Vision Applications (MVA)
Kyoto, Japan, July 26-28, 2025.

© 2025 IEICE

O2-3 - 2

Authorized licensed use limited to: Institute of Science Tokyo. Downloaded on February 09,2026 at 05:21:03 UTC from IEEE Xplore.  Restrictions apply. 



Test 8

AoP image (left) DoP image (left)RGB image (left)

AoP image (right) DoP image (right)RGB image (right)Disparity map

180∘

0∘

1.0

0

150

0

180∘

0∘

1.0

0

𝐼𝐼0 , 𝐼𝐼45, 𝐼𝐼90, 𝐼𝐼135 (left)

Figure 1: A sample scene of our synthetic polarimetric
stereo dataset.

truth disparity map. Since polarization is expected
to be effective for such challenging regions, the sparse
real-world dataset prevents the evaluation of the full
potential of polarization. These limitations motivate
us to generate a new synthetic dataset that is based
on a physically-based polarimetric rendering and dense
ground-truth disparities.

We created a synthetic dataset using Mitsuba2 ren-
derer [15] for physically based rendering. We set the
stereo camera, whose focal length is 700.0 pixels with a
baseline of 1.0, to render stereo images at 640×480 res-
olution. We randomly selected 5-7 objects from 40 and
17 objects [16, 17] for training/validation and testing,
respectively, without overlapping the objects between
the training and the testing. We set a floor under the
objects in half of the scenes and a wall behind those ob-
jects in the other half of the scenes with a random ori-
entation from −30◦ to 30◦ to avoid the existing of infi-
nite depth (i.e., zero disparity) in the simulation space.
The refractive indexes of the objects were randomly set
from 1.4 to 1.6 with roughnesses from 0.0 (completely
smooth) to 0.3 (extremely rough) and albedos from 0.0
to 1.0 for each RGB channel to represent typical di-
electrics. The light source was randomly set from 10
environment maps [18], including indoor and outdoor.

To render the polarimetric images, we placed a po-
larizer in front of each camera and rotated them to
the directions of 0◦, 45◦, 90◦, and 135◦ to derive po-
larimetric information from four directions: I0, I45, I90
and I135, as in [9, 14]. The Stokes vectors representing
the polarization state of the light can be expressed as
Eq. 1, excluding the component of circular polarization
which has little influence in our scene setting.

s =

[
s0
s1
s2

]
=

[
I0 + I90
I0 − I90
I45 − I135

]
. (1)

The AoP (ϕ) and the DoP (ρ) can be calculated as

ϕ =
1

2
tan−1 s2

s1
, ρ =

√
s21 + s22
s0

. (2)

The dataset includes 900, 100, and 100 scenes for
training, validation, and testing, respectively. Our
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Figure 2: The architectures adopting different feature
encoders: (a) A single encoder processing RGB and po-
larimetric information jointly; (b) Dual encoders han-
dling RGB and polarimetric information separately.

dataset consists of the ground-truth disparity map, the
four-directional polarimetric images (RGB), the inten-
sity (s0) image (RGB), the s1, s2, AoP, and DoP im-
ages calculated according to Eq. 1 and Eq. 2, for which
we used the average intensity of RGB channels. A sam-
ple scene of our synthetic polarimetric stereo dataset
is shown in Fig. 1.

3 Network Architectures

Figure 2 shows the overview of network architec-
tures investigated in this paper. The architectures
are based on RAFT-Stereo [6] and composed of three
steps: (i) Feature extraction from input rectified stereo
images (RGB and polarimetric images), (ii) construc-
tion of the 3D correlation volume for all pairs of pixels
in the horizontal direction, and (iii) a gated recurrent
unit (GRU)-based update operator to perform updates
on the disparity map.
Feature extraction: We integrate polarization into
stereo matching, adopting the architectures shown in
Fig. 2, which includes two types of feature encoders:

(a) Single encoder: A single encoder processes all
channels containing RGB information (IL, IR) and
polarimetric information (PL, PR) jointly, potentially
capturing cross-modal correlations efficiently. We com-
bine RGB information and the following two types of
polarimetric information together as: (i) RGB+ϕ + ρ
and (ii) RGB+s1 + s2.
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(b) Dual encoders: Specialized features of
RGB information (IL, IR) and polarimetric informa-
tion (PL, PR) can be extracted from independent
encoders, whose potential is demonstrated in DPS-
Net [7]. In addition to the original RGB encoder, we
input the following two types of polarimetric informa-
tion into another independent encoder: (i) RGB; ϕ+ ρ
and (ii) RGB; s1 + s2.
Correlation volume calculation: We calculate 3D
correlation volume like RAFT-Stereo [6] from feature
maps f,g ∈ RH×W×W extracted from input images
using Eq. 3.

Cijk =
∑
h

fijh · gikh, C ∈ RH×W×W , (3)

where Cijk denotes the correlation volume, and
{fijh,gikh} represent h-th dimension of stereo features
that belong to the RGB or the polarization domain.
GRU-based update operator: We adopt the same
strategy in RAFT-Stereo [6] to predict a series of dis-
parity fields. During each iteration, we use the cur-
rent estimate of disparity to index the correlation vol-
ume, producing a set of correlation features. These
features are concatenated with the disparity and con-
text features and then injected into the GRU which
updates the hidden state for disparity update predic-
tion. We train the network by minimizing the L1

difference between the predicted disparity di and the
ground truth disparity dgt with exponentially increas-
ing weights with N -times iterations:

L =

N∑
i=1

γN−i||dgt − di||1, where γ = 0.9. (4)

4 Experimental Results

4.1 Implementation Details

We trained the network models on an NVIDIA RTX
4090 GPU for 1000 epochs on both our synthetic and
existing real-world datasets. We cropped the images
to the resolution of 400 × 600 (to cover more vertical
information in our settings) and 320 × 720 (the same
setting as DPS-Net [7]) for the synthetic dataset and
the real dataset, respectively. We set the initial learn-
ing rate to 0.0002, and use AdamW optimizer during
the training which is implemented at a batch size of 8.

4.2 Comparison of Encoder Configurations

We evaluate the performance of different encoder
configurations using our synthetic dataset and stan-
dard stereo matching metrics: end-point error (EPE)
and the percentage of pixels with a disparity error
greater than 2 pixels (Bad2.0). Table 1 summarizes
the EPE and Bad2.0 results. It is clear that polarimet-
ric information is effective in stereo matching, since the

Table 1: Results for different encoder configurations.

Input EPE Bad2.0

Single encoder

RGB 0.326 2.62
RGB+ϕ+ρ 0.318 2.59
RGB+s1+s2 0.313 2.55

Dual encoders
RGB; ϕ+ρ 0.291 2.30
RGB; s1+s2 0.283 2.03
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Figure 3: The results with different noise levels:
(a) EPE results; (b) Bad2.0 results.

results with polarimetric input perform better than the
ones with RGB-only input. From the results of a single
encoder and dual encoders with polarimetric informa-
tion, we can see that separating RGB and polarimet-
ric information for feature encoding by dual encoders
is a better way than merging them into the same en-
coder, as better EPE and Bad2.0 results are achieved
for both representations of polarimetric input (i.e., ϕ+ρ
and s1+s2).

To further showcase the benefit of introducing s1 +
s2 compared to traditional ϕ + ρ, we added Gaus-
sian noises to four-directional polarimetric images with
standard deviations of 1%, 2% and 3% of the mean in-
tensity to simulate the sensor noise at the test time.
The EPE and Bad2.0 results with different noise levels
are shown in Fig. 3, where dual encoders are used. The
results highlight the effectiveness of s1 + s2, which is
much robuster to noise than ϕ+ρ. Given those results,
our final proposal is to use the s1 + s2 input with the
dual encoders, which is further evaluated in the later
experiments.

4.3 Strengths in Dim and Specular Scenes

Polarimetric information is generally considered to
be efficient in dim scenes without enough photometric
information (due to dark lighting or albedo) and in ar-
eas where strong specular reflections exist. To evaluate
polarization’s strength over RGB information in stereo
matching, we create an additional test dataset with dif-
ferent lighting intensities (20%, 60%, and 100% of the
general one) to discuss the performance for introduc-
ing polarization. We assign the refractive indexes of
all objects to 1.5 to avoid the influence from varying
levels of polarization, and the roughnesses to 0.0, 0.05,
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(a) EPE results of different brightnesses (b) EPE results of different roughnesses
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Figure 4: Comparison of EPE results of different set-
tings: (a) Different brightnesses; (b) Different rough-
nesses.

0.1, 0.2 and 0.3, respectively, to control the strength of
specular reflection (stronger with lower roughness).

Figure 4 shows the EPE results of different bright-
nesses and roughnesses settings, demonstrating the effi-
ciency of polarization in dim scenes with low brightness
settings, as the increase of error is suppressed when the
scene becomes darker. In addition, in strong specu-
lar scenes with low smoothness settings, polarization is
demonstrated to be useful in reducing the influence of
specular reflection, and the effect becomes more obvi-
ous as the specular reflection becomes stronger.

4.4 Comparison with Existing Methods

We compare our proposed method with the baseline,
RAFT-Stereo [6], and the state-of-the-art polarimetric
method, DPS-Net [7], using our synthetic dataset with-
out and with Gaussian noise (a standard deviation of
2.0% of the mean intensity) and the real-world dataset
provided in [7].

Table 2 summarizes the EPE and Bad2.0 results.
The results for the noise-free synthetic dataset and
the real-world dataset show that polarimetric meth-
ods (DPS-Net and ours) achieve better accuracy in
both EPE and Bad2.0 than the RGB-only method
(RAFT-Stereo). The results using the synthetic
dataset with and without Gaussian noise also demon-

Table 2: Comparisons of the EPE and Bad2.0 results.

Synthetic Synthetic (noisy) Real-world

EPE Bad2.0 EPE Bad2.0 EPE Bad2.0

RAFT-Stereo 0.326 2.62 0.328 2.64 0.708 4.18

DPS-Net 0.288 2.10 0.395 2.77 0.667 3.79

Proposed 0.283 2.03 0.287 2.10 0.631 3.74

strate the robustness of our method against noise over
DPS-Net. Figure 5 shows comparisons of the esti-
mated disparity results visually, including regions with-
out ground-truth disparities that are difficult to evalu-
ate numerically. Polarimetric methods perform better
especially in estimating the continuous surfaces of the
computer case, the bag and the back of the chair, and
the flat surface of the display stand with consistent
disparity in the horizontal direction. Furthermore, our
method derives more accurate results using a simpler
network without an additional GRU for polarimetric
cost calculation compared to DPS-Net, with around
50%’s improvement in calculation speed (e.g., DPS-Net
estimates at the speed of 8.37 fps while our method
reaches 12.59 fps using the real-world dataset for the
test), which demonstrates the efficiency of our method
to handle polarimetric information.

5 Conclusion

In this paper, we have proposed a simple yet effec-
tive polarimetric stereo matching method. We have ex-
plored better integration of polarimetric information to
extend RAFT-Stereo [6] using a newly generated syn-
thetic dataset to enable comprehensive evaluation of
polarization in stereo matching, which remains under-
explored in previous studies. The effectiveness of using
polarization in the form of Stokes vectors is demon-
strated compared to the commonly used AoP and DoP
information, and stronger robustness against noise is
further proved. We believe that this study provides ac-
tionable design insights for robust polarimetric stereo
matching in adverse environments.

150
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Figure 5: Comparisons of existing methods and our proposed method.
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