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Abstract

Snapshot polarization imaging calculates polarization
states from linearly polarized subimages. To achieve this, a
polarization camera employs a double Bayer-patterned sen-
sor to capture both color and polarization. It demonstrates
low light efficiency and low spatial resolution, resulting
in increased noise and compromised polarization measure-
ments. Although burst super-resolution effectively reduces
noise and enhances spatial resolution, applying it to polar-
ization imaging poses challenges due to the lack of tailored
datasets and reliable ground truth noise statistics. To ad-
dress these issues, we introduce PolarNS and PolarBurstSR,
two innovative datasets developed specifically for polariza-
tion imaging. PolarNS provides characterization of polar-
ization noise statistics, facilitating thorough analysis, while
PolarBurstSR functions as a benchmark for burst super-
resolution in polarization images. These datasets, collected
under various real-world conditions, enable comprehensive
evaluation. Additionally, we present a model for analyzing
polarization noise to quantify noise propagation, tested on
a large dataset captured in a darkroom environment. As
part of our application, we compare the latest burst super-
resolution models, highlighting the advantages of train-
ing tailored to polarization compared to RGB-based meth-
ods. This work establishes a benchmark for polarization
burst super-resolution and offers critical insights into noise
propagation, thereby enhancing polarization image recon-
struction. Both code and dataset are publicly available on
https://github.com/KAIST-VCLAB/polarns.

1. Introduction

Polarization imaging provides valuable scene information
by capturing the polarization state of light, which changes
upon interaction with surfaces according to the Fresnel
equations [1]. This property enables polarization imag-
ing to trace light sources and infer surface characteris-
tics, making it widely applicable in areas, such as dehaz-
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Figure 1. The top row displays the low-resolution burst input cap-
tured using a polarization camera. The second row presents close-
up comparisons of different methods: GT, the low-resolution in-
put, the 2× super-resolution results of the RGB-trained BSRT [47]
trained on a conventional RGB dataset, and the Polar-BSRT
method trained on our polarization image dataset. Training with
our dedicated polarization dataset significantly improves both the
spatial resolution of the intensity image (s0) and the angle of lin-
ear polarization (AoLP) map, demonstrating the importance of
polarization-specific training for burst super-resolution.

ing [20, 46, 61, 74], transparent object segmentation [36,
50, 54], enhancement of ToF imaging [4, 5, 33, 62], re-
flection removal [38, 41, 48, 70], specular-diffuse separa-
tion [24, 49, 57], facial acquisition [2, 25, 27, 30, 58], shape-
from-polarization techniques [1, 31, 51], RGB-D integra-
tion [35], normal regularization [64, 67], multiview acqui-
sition [12, 13, 73, 75], deep learning approaches [3, 15–
17, 22, 42], and neural implicit representations [43, 72].
However, polarization-based measurements are highly sus-
ceptible to noise, which significantly affects their accu-
racy and reliability. Unlike standard intensity images, po-
larization properties are not captured directly but are in-
stead derived from multiple intensity measurements through

https://github.com/KAIST-VCLAB/polarns


computational models. This process inherently amplifies
noise, making polarization-sensitive analysis particularly
challenging.

The propagation of noise in polarization calculations is
complex, often requiring approximations such as first-order
Taylor expansions [6, 11, 14, 29, 44, 59] or assumptions
that noise follows an additive white Gaussian distribution
in the Stokes vector components [39, 53, 56, 63]. The lack
of precise noise characterization limits the development of
robust denoising methods. Moreover, modern snapshot po-
larization cameras employ a double Bayer-patterned sensor
to capture both color and polarization information, result-
ing in lower light efficiency and reduced spatial resolution.
These factors collectively lead to increased noise, further
degrading polarization-based analysis.

While conventional burst super-resolution (BSR) tech-
niques have successfully mitigated noise and enhanced res-
olution in standard intensity images, their application to po-
larization imaging remains unexplored because there are no
dedicated training datasets available. Without reliable po-
larization burst super-resolution datasets or detailed noise
statistics, it is impossible to train or evaluate polarization-
aware super-resolution models effectively.

To address these challenges, we introduce two novel
datasets specifically designed for polarization imaging: Po-
larNS and PolarBurstSR. PolarNS is the first large-scale
dataset focused on polarization noise statistics, providing
a detailed characterization of noise propagation in polariza-
tion images. Captured under diverse real-world conditions
with high precision, it serves as a benchmark for analyzing
polarization noise and evaluating denoising techniques. To
complement this dataset, we propose a polarization noise
analysis model that quantifies noise propagation through an
analytical approach with minimal assumptions, based on a
shot and read noise model of polarization sensors. This
model estimates the statistical distribution of polarization
properties in the presence of noise, offering a physically
grounded validation of the dataset.

In addition, we establish PolarBurstSR, a dataset de-
signed for training and evaluating burst super-resolution
(BSR) models in polarization imaging. By providing high-
quality image sequences tailored to polarization data, Polar-
BurstSR enables the development of BSR techniques that
effectively enhance spatial resolution and reduce noise. See
Figure 1 for an example. To promote further research, we
will publicly release our datasets, along with pretrained
models and training pipelines for burst super-resolution on
polarization images.

2. Related Work

Noise Analysis for Polarization Imaging. Traditional
noise analysis in polarization imaging has focused on con-
trolled ellipsometric setups with strong polarization sig-

nals, multiple image captures, and polarized lighting [23,
26, 28, 52, 60, 65]. Recent work has extended to noise
propagation analysis in polarization properties such as the
degree of linear polarization (DoLP) and angle of linear
polarization (AoLP), often using first-order Taylor expan-
sions [6, 11, 14, 29, 44, 59]. However, these methods as-
sume high signal-to-noise ratios and do not generalize well
to real-world vision tasks where polarization signals are
weak and noise dominates. Unlike previous approaches,
our work introduces a snapshot polarization imaging noise
model tailored for four-channel linear polarization cameras
in uncontrolled settings. By directly modeling noise prop-
agation with minimal assumptions, our method provides
a more comprehensive characterization, capturing not just
variance but the full distribution and bias of polarization
properties.
Polarization Image Datasets. Polarization datasets have
been developed for high-level vision tasks such as segmen-
tation, geometry estimation, and reflection removal [3, 15,
34, 41, 42, 45, 50, 66], typically using off-the-shelf polar-
ization cameras. Low-level tasks, such as demosaicing and
sparse filter design, require full-frame polarization data cap-
tured using rotating polarizers [40, 55], though these setups
are impractical for hand-held capture. In contrast, we in-
troduce a new polarization image dataset specifically de-
signed for burst super-resolution and noise analysis. Our
dataset provides both image variance and metadata, making
it uniquely suited for denoising and super-resolution tasks.
To ensure high-quality ground truth, we employ a burst shot
method, offering 14 low-resolution burst images per scene
alongside a high-resolution and noise suppressed reference.
This dataset serves as a benchmark for polarization burst
super-resolution, addressing a critical gap in existing re-
sources.
Polarization Imaging Applications. Polarization imag-
ing is widely used in applications such as dehazing [20,
46, 61, 74], reflection removal [38, 41, 48, 70], transpar-
ent object segmentation [36, 50, 54], and ToF imaging en-
hancement [4, 5, 33, 62]. While specular reflection provides
strong polarization signals, diffuse polarization is weak and
directly affected by noise, making applications like shape-
from-polarization [1, 31, 51] highly sensitive to noise. Our
work introduces a dedicated noise model for DoLP and
AoLP, addressing the lack of systematic noise characteri-
zation in diffuse polarization imaging. Additionally, our
dataset includes real-world scenes such as glass-through,
reflection-dominant, and road surface imaging, where burst
super-resolution significantly reduces noise.
Multi-Frame Super-Resolution. Multi-frame super-
resolution (SR) has evolved from early algorithmic ap-
proaches [19, 21, 32, 68] to modern burst super-resolution
(BSR) methods that leverage hand-held motion [71].
Learning-based BSR was first introduced by Bhat et al. [7],



whose dataset and evaluation metrics have been widely
adopted [8, 9, 18, 37, 47, 69]. Recent expansions include
self-supervised learning and datasets with improved scene
variety [9, 69]. However, burst super-resolution has not
been explored for polarization imaging, where noise char-
acteristics differ significantly from RGB images. We intro-
duce PolarBurstSR, the first burst super-resolution dataset
and benchmarking framework for polarization imaging, en-
abling denoising and high-resolution reconstruction in this
domain.

3. Dataset
3.1. Polarization Noise Statistic Dataset
We introduce the noise-reduced image and the noise statis-
tic dataset, called PolarNS. We capture this data using
an off-the-shelf polarization RGB camera (FLIR BFS-U3-
51S5PC-C) and a 35mm lens. The noise statistics of each
scene are calculated from the burst images taken in a fixed
position, ensuring that all our scenes remain static. Our
scenes consist of 54 objects in a darkroom and 190 indoor
and outdoor scenes. We capture 10,000 images for each
object in the darkroom and around 1,000 images for each
indoor and outdoor scene. The illumination also remains
static throughout the capture period. The exposure time is
set as a multiple of the AC current period for the indoor
scenes. For the outdoor scenes, occlusion caused by clouds
leads to variations in capture time, so we capture the scenes
when there are no clouds in the sky or at nighttime. We cal-
culate the mean and variance per pixel from the raw burst
images. The dataset includes the mean and variance of the
scenes, along with metadata (e.g., exposure time, gain) for
the images. Figure 2 shows examples of our datasets.

3.2. Burst Super-Resolution Dataset
We also acquire a polarization burst super-resolution dataset
called PolarBurstSR. We follow the same process as the
BurstSR dataset [7] using a polarization camera. The
ground truth of the burst dataset is derived from the mean
image of the noise statistic dataset. When the noise statistics
are captured, 14 hand-held burst images are taken simul-
taneously. The total number of images is 160, distributed
among the training, validation, and test sets as 112, 16, and
32 respectively. Refer to the supplemental document for the
super-resolution image processing details.

4. Noise analysis model
We derive a new noise model for the Stokes vector and
its polarization properties, specifically designed for a con-
ventional image denoising and super-resolution framework.
Key physical findings from this noise model include:
• The variance of the Stokes vector components depends

linearly on the s0 component of the Stokes vector.

Figure 2. Our dataset examples presented in color intensity im-
ages s0 (left) and their DoLP properties (right).

• The degree of linear polarization follows a Rician distri-
bution influenced by the intensity of the s0 component,
polarization intensity, and Stokes vector noise.

• The angle of linear polarization exhibits a Gaussian-like
distribution shaped by the ratio of polarization intensity
to Stokes vector noise.

In the following subsections, we will demonstrate each of
these properties in detail.

4.1. Background
The light is an electromagnetic wave in which the elec-
tric field oscillates perpendicularly to the direction of wave
propagation. This perpendicular oscillation allows for a de-
gree of freedom in the oscillation, which gives light its ori-
entation called polarization. The electric field can oscillate
linearly, circularly, or elliptically, depending on the orienta-
tion and the retardation of the perpendicular components.
The Stokes vector s =

[
s0 s1 s2 s3

]T
is the four-

dimensional vector, which represents the polarization state
of light. s0 indicates the total intensity of light, while s1,
s2, and s3 refer to the intensities of the polarized compo-
nents, describing horizontal/vertical, diagonal/antidiagonal,
and circular polarization, respectively. In this paper, we fo-
cus solely on linearly polarized light because the employed
polarization camera can capture linear polarization only;
therefore, we do not utilize s3 and represent the Stokes vec-
tor as a three-dimensional vector.

From polarization, we can obtain useful properties: the
degree of linear polarization and the angle of linear po-
larization. These properties provide intuitive information
about polarization. DoLP is the ratio of the intensity of lin-
ear polarization to the total intensity. DoLP, denoted as ψ, is

defined as: ψ =
spol
s0

=

√
s21+s22
s0

, where spol represents the
intensity of the polarized components, indicating the degree
of light polarization.

The AoLP refers to the orientation of linear polarization.
The AoLP, denoted as ϕ, is defined as: ϕ = 1

2 tan
−1(

s2
s1
).

It indicates the orientation of the surface normal during dif-
fuse reflection.

To acquire the linear components of the Stokes vector,
at least three different angle linear polarization images are
required. An off-the-shelf polarization camera uses four an-



gles of linear polarization, specifically 0, 45, 90, and 135
degrees, and we will derive the equations in the case of these
four angles in this paper. The polarization images I(·) can
be expressed as

I0
I45
I90
I135

 = 1
2


1 1 0
1 0 1
1 −1 0
1 0 −1


s0s1
s2

 . (1)

The reconstructed Stokes vector ŝ is expressed as

ŝ =

 1
2

(
Î0 + Î45 + Î90 + Î135

)
Î0 − Î90
Î45 − Î135

 , (2)

from observed images Î(·).

4.2. Stokes vector noise model
Image noise has two major categories: shot noise and read
noise. Shot noise arises from the quantum properties of
light. It follows a Poisson distribution regarding the number
of photons and can be approximated by a Gaussian distribu-
tion. Read noise consists of residual noise sources, such as
thermal noise, source follower noise, and ADC quantiza-
tion noise. In many applications, read noise is modeled as
zero-mean Gaussian noise. The observed image Î can be
modeled as the random variable:

Î ∼ N
(
I, Iσ2

s + σ2
r

)
, (3)

where σs is the coefficient of shot noise, and σr is the stan-
dard deviation of read noise.

Equations (1) and (3) express the linear polarization im-
age noise model as

Î0 ∼ N
(
1
2s0 +

1
2s1,

(
1
2s0 +

1
2s1
)
σ2
s + σ2

r

)
,

Î45 ∼ N
(
1
2s0 +

1
2s2,

(
1
2s0 +

1
2s2
)
σ2
s + σ2

r

)
,

Î90 ∼ N
(
1
2s0 −

1
2s1,

(
1
2s0 −

1
2s1
)
σ2
s + σ2

r

)
, and

Î135 ∼ N
(
1
2s0 −

1
2s2,

(
1
2s0 −

1
2s2
)
σ2
s + σ2

r

)
.

(4)
Each image is an independent random variable. The ran-

dom variables are independent and normally distributed, so
they can be subjected to arithmetic operations. By Equa-
tions (2) and (4), the Stokes vector model is expressed as

ŝ0 ∼ N
(
s0,

1
2σ

2
v

)
, ŝ1 ∼ N

(
s1, σ

2
v

)
, ŝ2 ∼ N

(
s2, σ

2
v

)
,

(5)
where Stokes vector noise σ2

v = s0σ
2
s + 2σ2

r .
Note that ŝ0 depends on ŝ1 and ŝ2, while ŝ1 and ŝ2 are in-

dependent of one another. The following sections are based
on this independence, which exists only in the case of the
four angles.

4.3. DoLP noise model
DoLP is the ratio of the polarization components to the to-
tal intensity. The distributions of DoLP and AoLP, when the
polarization component follows a Gaussian distribution, are
known from previous astronomical studies [56, 63]. Intu-
itively, the distribution of the DoLP represents the marginal
distribution of the radius of the noncentral Gaussian distri-
bution, which corresponds to the line integral along the blue
circle in Figure 3(a).

The division of the random variables makes it difficult
to derive the equations. Because the noise of total inten-
sity is much smaller than the total intensity, we approximate
the observed total intensity ŝ0 to the true total intensity s0.
Then, the normalized Stokes vector components are

ŝ1/s0 ∼ N
(
s1/s0, σ

2
v/s

2
0

)
, ŝ2/s0 ∼ N

(
s2/s0, σ

2
v/s

2
0

)
. (6)

The components of the normalized Stokes vector follow
a Gaussian distribution. From the DoLP equation and Equa-
tion (6), the DoLP is distributed as a Rician distribution. It
is expressed as ψ̂ ∼ Rice (ψ, σv/s0). The probability den-
sity function (PDF) of DoLP is expressed as

fRice

(
ψ̂|ψ, σv/s0

)
=
s20ψ̂

σ2
v

exp

−s20
(
ψ̂2 + ψ2

)
2σ2

v

 I0

(
s20ψ̂ψ

σ2
v

)
. (7)

The mean of the distribution is represented as

E
[
ψ̂
]
=
σv
s0

√
π

2
L1/2

(
−s20ψ2

2σ2
v

)
. (8)

Figures 3(b) and (c) exemplify the distribution of DoLP
and its associated bias from the parameters, specifically the
DoLP and the ratio of s0 to Stokes vector noise.

4.4. AoLP noise model
The noise model of AoLP represents the marginal distribu-
tion of the phase of ŝ1 and ŝ2. In Figure 3(a), we observe
the line integral along the green line. The PDF of AoLP is
expressed as

fϕ

(
2ϕ̂|s1, s2, σ2

v

)
=

∫ ∞

0

f (ŝ1, ŝ2) rdr

=
1

2π
exp

(
−
s2pol
2σ2

v

)
+
spol cos

(
2ϕ̂− 2ϕ

)
√
2πσv

· exp

−
s2polsin

2
(
2ϕ̂− 2ϕ

)
2σ2

v

Φ

spol cos
(
2ϕ̂− 2ϕ

)
σv

 ,

(9)
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Figure 3. (a) Description of the noise distribution: The noise dis-
tribution of a real vector s is illustrated in red, while the DoLP
distribution for an arbitrary observation ŝ is depicted as the line
integral of the blue circle. The AoLP distribution corresponds to
the integral of the green line. (b) Distribution of observed DoLP
in relation to true DoLP: The vertical solid line signifies the true
DoLP, and the vertical dashed line indicates the biased maximum.
(c) Distribution of observed DoLP concerning the ratio of s0 and
Stokes vector noise: The vertical solid line represents the true
DoLP, while the vertical dashed line symbolizes the biased max-
imum. (d) Distribution of observed AoLP relative to the ratio of
spol and the Stokes vector noise.

where Φ is the cumulative distribution function of the stan-
dard normal distribution. The entire integration process is
detailed in the supplemental material. The PDF is symmet-
ric about the true AoLP, making the mean unbiased. If the
ratio of the polarization intensity to the Stokes vector noise
is zero, the distribution becomes a uniform distribution with
a density 1/π. If the polarization intensity is much larger
than the Stokes vector noise (spol ≫ σv), it can be approxi-
mated by a Gaussian distribution. Figure 3(d) illustrates an
example of the AoLP distribution based on the ratio of spol
to Stokes vector noise.

5. Noise analysis

5.1. Validation for noise analysis model
We validate the noise analysis model using object scenes in
a darkroom. We obtain pseudo true values from the mean of
10,000 burst images. The observed values are the pixel val-
ues of each image from the scenes. Our noise distribution
model consists of three parts, and we display the distribu-
tion of these parts using a histogram. For validation of the
Stokes vector noise model, refer to the supplemental.

We obtain the observed distribution of DoLP and AoLP
differences using a histogram. The DoLP distribution is a
function of the true DoLP and the signal-to-noise ratio of s0.
To validate the model for each parameter, a 3D histogram
is required, based on the true DoLP, the SNR of s0, and
the observed DoLP value. The differences between the true
AoLP and the observed AoLP are distributed as a function
of the SNR of spol. Similarly to DoLP, we obtain a 2D
histogram from the samples.

The results are illustrated in Figure 4. The colored lines
represent the observed histogram for each SNR, while the
black lines depict our estimated probability density func-
tions. The histograms are normalized by the sample size
and the bin width to match the scale of the probability den-

Table 1. Comparison among the polarized image datasets through
noise level estimation. Bold text signifies the result with the least
noise in that metric.

Dataset Mean (std.dev.)×103 ↓ PSNR↑
KAUST [55] 2.733 (1.383) 50.30
RSP [40] 1.747 (2.231) 50.96
MCubeS [45] 0.973 (0.369) 59.65
Spectro-polarimetric [34] 0.346 (0.252) 67.37
Our dataset 0.056 (0.076) 80.50

sity function. The estimated distribution is not merely the
outcome of curve fitting to the observed histogram; it re-
flects data that closely resembles the observed values. For
the same true DoLP, the biases vary with SNR, as estimated
in Equation (8).

5.2. Comparison with polarization datasets
We compare the noise levels of our GT dataset with those
of other polarization image datasets. Our dataset is the first
to provide noise statistics for polarization image datasets;
thus, prior datasets do not calculate or provide their own
noise statistics. We cannot make direct comparisons using
noise statistics; therefore, we estimate the noise level from
the s0 images utilizing a single-image noise level estimation
method for RGB images [10].

We select general scene polarization RGB image
datasets for comparison: the KAUST polarization image
dataset [55], the RSP dataset [40], the MCubeS dataset [45],
and the spectro-polarimetric dataset [34]. We focus exclu-
sively on real captured, visible spectrum, and RGB images,
thus excluding synthetic, near-infrared, or hyperspectral im-
ages from these datasets. The results of the noise level esti-
mation are presented in Table 1. Our dataset demonstrates
the lowest estimated noise level in both the absolute mean
and squared mean, as indicated in PSNR.

5.3. Statistics of our dataset
Using our noise analysis model, we estimate the statistics
of the physical values from our static scene dataset. The
model treats the pixel values as Gaussian random variables
in Equation (3). Additionally, we captured the static scene
under static illumination, resulting in independent random
variables with the same Gaussian distribution for pixel val-
ues over time at the same position. Through the arithmetic
of Gaussian random variables, the variance of the mean
from N independent Gaussian random variables reduces to
1/N. Similarly, we estimated each pixel’s variance as the
variance of a single pixel divided by the number of captured
frames. From the mean values and estimated variances,
DoLP and AoLP distributions can be reconstructed. Con-
sequently, we accumulated the per-pixel statistics from the
per-pixel DoLP and AoLP distributions into a histogram.
The histogram and its summary are shown in Figure 6 and
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Figure 4. Histogram of polarization properties. The histogram values are normalized to a probability density scale. The black dashed line
indicates the distribution predicted by our model. Each colored line represents the measured DoLP distribution at the corresponding ratio
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Table 2. Dataset statistics predicted by the model indicate that the
image-like component s0 is represented as a general image metric,
while the polarization characteristics are denoted as the percentage
of pixels satisfying the model-based metric. Bold text emphasizes
the result with the least noise in that context metric.

Metric Single image Our dataset

s0 PSNR 52.61 82.83

DoLP

Bias < 0.01 14.64 % 99.97 %
< 0.001 1.47 % 97.85 %

Std.dev. < 0.1 64.20 % 100.00 %
< 0.01 0.10 % 97.30 %

AoLP
Std.dev. < 10◦ 11.57 % 97.41 %

< 5◦ 4.83 % 91.86 %

Table 2.

Although the PSNR of the s0 from the single captures
is reasonable for the image dataset, around 90% of pixels
exhibit over a 10-degree standard deviation in the AoLP,
and more than 80% of pixels display over a 0.01 bias in
the DoLP. Our dataset minimizes noise through static burst
captures, ensuring robustness in the polarization property
domain, not just the intensity domain.

6. Application

Our datasets make it possible to develop and validate
learning-based burst super-resolution of polarization im-
ages. Therefore, we validate the neural network models in
the polarization image domain. We select 5 state-of-the-art
burst SR networks for comparison: MFIR [8], BSRT [47],
Burstormer [18], FBANet [69], and BurstM [37]. The mod-
els are adopted for RGB images, so we modified the code
as needed, such as altering the number of input and output
channels, performing demosaicking if required, or using op-
tical flow with s0. Refer to the supplemental document for
the training details. We validate which strategy performs
better for burst SR in polarization images by comparing
RGB pretrained models with those trained on polarization
image datasets. Next, we compare burst SR networks using
the PolarBurstSR dataset.

6.1. Comparison with RGB pretrained model
As a validation of the training in the polarization image do-
main, we compare pre-trained models on RGB images with
trained models on the polarization image dataset. The in-
put channels, output channels, and Bayer patterns differ be-
tween RGB and polarization images; therefore, the RGB
pre-trained model cannot be applied directly. We consid-
ered the differences in the Bayer patterns to adapt the RGB
pre-trained model for use with polarization raw images. The
polarization Bayer pattern for each of the 0◦, 45◦, 90◦, and
135◦linear polarization angles can be represented as a CFA
Bayer pattern with two pixels dilation. Each angle’s linear
polarization image follows the super-resolution process like
an RGB raw image, and they are aligned by considering
their original positions in the polarization Bayer pattern.

The results are presented in Figure 5 and Table 3. The
models trained with polarization are designated by the pre-
fix p- in the table. Training on the polarization dataset
demonstrates performance improvements across most mod-
els and metrics, regardless of whether the dataset is real or
synthetic. It produces clearer images for the s0 components
and more stable images in the DoLP images, while RGB
pre-trained models yield varying shapes depending on the
specific model. The comparison in the AoLP image shows
a more significant difference. The low-resolution input fails
to generate a normal signal due to noise interference, and
the RGB pre-trained model shows some geometric features
but lacks sufficient information to reconstruct the geome-
try. Conversely, the polarization model, like GT, effectively
reflects the scene’s geometric information. Overall, the re-
sults highlight that the contribution of information propaga-
tion among each polarization image is more significant than
the size of the training dataset.

6.2. Comparison among burst SR models
We compare the burst SR models in the PolarBurstSR
dataset. The results are presented in Figure 5 and Table 3.
BSRT achieves the best result for the metric s0, which
closely resembles the RGB image. However, it does not
perform best in terms of polarization characteristics, DoLP,
and AoLP. FBANet excels in the polarization characteris-
tics, ranking second or third in s0. Nevertheless, in the qual-
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Figure 5. Qualitative comparisons of 2× burst super-resolution results on the PolarNS dataset with various scene conditions. Overall, the
trained models in the polarization dataset in the lower row are sharper than those in the RGB dataset in the upper row and show results
closer to GT. In particular, in AoLP, although much geometric information is lost due to noise in the LR and RGB-trained models, this
information is reconstructed in the polarization-trained models.

itative comparison, the advantage in the polarization char-
acteristics is not clearly demonstrated, while the s0 results
show BSRT’s clarity. This may be due to the absence of
a metric to assess the significance of DoLP or AoLP re-
sults, as PSNR, a metric reliant on mean squared error, is
employed.

7. Discussion

While our model, datasets, and analysis aim to produce ac-
curate results, several limitations remain, leaving these top-
ics open for future research. We discuss limitations in noise
analysis across datasets, the shot-and-read noise model un-



Table 3. Quantitative evaluation. Green text indicates improvement, while red text denotes a performance decrease. We also mark the
top score as bold text. The prefix p- indicates that it is trained on a polarization dataset. In most metrics, models trained on polarization
datasets perform significantly better.

Synthetic polar dataset Real polar dataset

Method
s0 DoLP AoLP s0 DoLP AoLP

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ PSNR↑ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ PSNR↑

MFIR [8] 32.28 0.870 0.091 16.79 14.90 43.16 0.962 0.084 23.76 16.67

p-MFIR
42.18 0.971 0.035 21.26 15.97 45.18 0.977 0.063 22.00 15.74
+9.90 +0.101 -0.056 +4.47 +1.07 +2.02 +0.015 -0.021 -1.76 -0.93

BSRT [47] 31.95 0.860 0.067 20.70 14.29 44.15 0.973 0.073 23.03 16.14

p-BSRT
43.75 0.979 0.021 20.31 17.09 45.69 0.979 0.051 25.17 17.06
+11.80 +0.119 -0.046 -0.39 +2.80 +1.54 +0.006 -0.022 +2.14 +0.92

Burstormer [18] 32.03 0.862 0.071 21.36 15.16 40.72 0.938 0.147 24.90 16.95

p-Burstormer
41.12 0.965 0.049 24.49 16.79 43.29 0.973 0.061 25.84 17.36
+9.09 +0.103 -0.022 +3.13 +1.63 +2.57 +0.035 -0.086 +0.94 +0.41

FBAnet [69] 33.94 0.892 0.201 15.29 13.20 40.57 0.946 0.138 24.28 16.14

p-FBAnet
36.08 0.914 0.193 21.23 16.88 45.64 0.976 0.055 26.92 18.14
+2.14 +0.018 -0.008 +5.94 +3.68 +5.07 +0.030 -0.083 +2.64 +2.00

BurstM [37] 32.00 0.860 0.067 21.77 15.37 43.82 0.972 0.075 22.78 16.64

p-BurstM
39.42 0.953 0.063 21.34 16.08 45.19 0.975 0.063 23.67 16.32
+7.42 +0.093 -0.004 -0.43 +0.71 +1.37 +0.003 -0.012 +0.89 -0.32
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Figure 6. Histogram of the estimated DoLP bias, the DoLP stan-
dard deviation, and the AoLP standard deviation for the dataset.
The histogram is computed in bins on a logarithmic scale, and the
values are normalized to a probability density scale.

derlying noise analysis, scene variety due to the inability to
capture dynamic objects and illumination, and differences
between burst images and GT images due to camera loca-
tions. Please refer to the supplemental material for addi-
tional information.

8. Conclusion
We introduce PolarNS and PolarBurstSR, two novel
datasets designed to enhance noise analysis and burst super-
resolution in polarization imaging. PolarNS offers a de-
tailed characterization of polarization noise statistics, en-
abling precise modeling and evaluation of noise propaga-
tion. Our polarization noise analysis model further quan-
tifies noise behavior, providing a rigorous framework for
assessing the confidence of polarization-derived properties.
As an application, we demonstrate the effectiveness of
burst super-resolution for polarization imaging by compar-
ing models trained on conventional RGB datasets with those
trained on our dedicated polarization dataset. The results
underscore the importance of polarization-specific training
in improving both intensity image resolution and the ac-
curacy of polarization properties. By publicly releasing
our datasets, pretrained models, and training pipelines, we
aim to establish a benchmark for polarization burst super-
resolution and promote future research in the denoising and
high-resolution reconstruction of polarization images.
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