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Abstract—Polarization, as an intrinsic property of light along-
side amplitude and phase, has demonstrated great potential
in a variety of downstream applications by providing valuable
physical cues encoded in the degree of polarization (DoP) and the
angle of polarization (AoP). Polarimetric imaging aims to acquire
these polarimetric parameters by capturing polarized snapshots.
However, compared to conventional imaging, it faces greater
difficulties due to the presence of polarizers, which attenuate
light intensity in a spatially variant manner. Such attenuation
complicates exposure control: a short exposure leads to low
signal-to-noise ratio and color distortion, whereas a relatively
long exposure increases the risk of motion blur and saturation.
To address these challenges, this work proposes PolFusion+,
a unified framework that robustly produces clean and sharp
polarized snapshots by complementarily fusing a degraded pair
of short-exposed noisy and long-exposed blurry inputs. Building
upon a polarization-aware three-phase fusion scheme, PolFusion+
introduces two key advancements. First, to handle saturation in
the blurry snapshot, the irradiance restoration phase extracts and
rectifies color information from both inputs, effectively mitigating
saturation-induced degradation. Second, to ensure physically
faithful polarization reconstruction, the framework explicitly
models the individual characteristics and interdependencies of the
DoP and AoP, enabling their joint restoration. These improvements
are supported by a degradation-oriented neural network tailored
to the fusion scheme. Experimental results demonstrate that
PolFusion+ achieves state-of-the-art performance, effectively
benefiting downstream applications.

Index Terms—Polarimetric imaging, polarization-based vision,
deep learning

I. INTRODUCTION

OLARIZATION is an intrinsic property of light, along-

side amplitude and phase. It encodes valuable physical
cues through polarimetric parameters such as the degree of
polarization (DoP) and the angle of polarization (AoP). By
fully exploiting these physical cues, polarization-based methods
often outperform conventional image-based approaches, demon-
strating great potential in a variety of downstream applications
such as reflection removal [26], [35], [57], image dehazing
[44], [69], and shape estimation [1], [3]. Since the effectiveness
of these applications is closely tied to the reliability of the
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physical cues, it is of practical significance to obtain high-
quality polarimetric parameters.

As conventional imaging approaches cannot directly capture
polarimetric parameters, the concept of polarimetric imaging
has been introduced to acquire them in an indirect manner by
capturing polarized images. For instance, retrieving the DoP
and AoP requires a minimum of three polarized images with
different polarizer angles. While a rotating polarizer offers a
way to achieve this, the necessity of multiple shots makes the
capturing process quite cumbersome and the captured images
vulnerable to pixel misalignment. In contrast, polarization
cameras (e.g., Lucid Vision Phoenix!), empowered by the
division of focal plane (DoFP) technique, utilize the four-
directional on-chip micro-polarizers to record all necessary
polarization information in a single shot. The resulting set
of four polarized images, each corresponding to a different
polarizer angle (0°, 45°, 90°, and 135° respectively), is referred
to as a polarized snapshot. The use of polarization cameras
greatly simplifies the capturing process and eliminates pixel
misalignment, bringing polarimetric imaging closer to the
convenience of conventional imaging.

However, despite their convenience, polarization cameras
still pose greater challenges than conventional cameras. This
is primarily because polarizers attenuate light intensity in a
spatially variant manner [66], making it difficult to determine
an appropriate exposure time. As shown in Figure 1 (a), a short
exposure time leads to a low signal-to-noise ratio (SNR) and
color distortion, which negatively impacts the accuracy of the
DoP and AoP. In contrast, a relatively long exposure time may
improve the SNR but introduces a higher risk of motion blur and
saturation, resulting in overly smoothed textures and numerical
errors in the DoP and AoP, as shown in Figure 1 (b). To address
these challenges, a number of post-processing approaches have
been proposed to perform low-light enhancement [28], [56],
[70] and deblurring [71] on the degraded polarized snapshots.
These methods are designed to be polarization-aware, meaning
that they can explicitly take the preservation of polarization
properties into consideration, and therefore often achieve better
performance than their counterparts developed for conventional
images [5], [25], [48], [65]. However, due to the inherently
ill-posed nature of the underlying tasks, the quality of the
restored results remains limited.

Notably, we observe that different types of degraded polar-
ized snapshots contain complementary information. Specifically,
short-exposed snapshots tend to be sharp but noisy, while long-
exposed ones are cleaner but often suffer from blur. This

Uhttps://thinklucid.com/product/phoenix-5-0-mp-polarized-model/
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Fig. 1. In polarimetric imaging, the spatially variant light attenuation caused by polarizers makes it difficult to determine an appropriate exposure time. (a) A
short exposure results in low SNR and color distortion, which degrades the accuracy of the DoP and AoP. (b) A longer exposure improves SNR but introduces
motion blur and saturation, leading to over-smoothed textures and numerical errors in the DoP and AoP. (c¢) Our preliminary work PolFusion [67] introduced
the first polarization-aware complementary fusion framework, achieving improved quality and property preservation, but still struggles under challenging
conditions. (d) In this work, we propose PolFusion+, a unified complementary fusion framework that extends PolFusion [67] for robust polarimetric imaging.
(e) A well-exposed polarized snapshot captured with a tripod, serving as the reference. Throughout this paper, for better visualization, the brightness of the
noisy (short-exposed) polarized snapshots is manually aligned to the reference by normalization, and the DoP and AoP are visualized using color maps after

normalizing and averaging the RGB channels.

observation motivates an intuitive strategy for high-quality
polarimetric imaging by fusing a noisy and blurry pair of
polarized snapshots in a complementary manner. Such a
strategy can serve as a form of boosting, where multiple
suboptimal inputs are combined to produce clean and sharp
results. Moreover, it offers a way to make use of existing
degraded polarized snapshots rather than discarding them.
However, most existing fusion methods [4], [38], [63], [64]
are designed for conventional images and are therefore not
suitable for polarized snapshots, as they do not account for the
preservation of polarization properties during the fusion process.
This often leads to unreliable acquisition of the DoP and AoP.
To deal with this issue, our preliminary work [67], referred to as
“PolFusion”, was the first to propose a polarization-aware com-
plementary fusion framework, which enables quality-improved
and property-preserved polarimetric imaging. Nevertheless,
its performance is limited by the assumption that the blurry
snapshot is not impacted by overexposure, which weakens its
robustness under real-world saturation. More importantly, it
treats the DoP and AoP as independent quantities, whereas
recent findings show that the polarimetric parameters are
intrinsically coupled (i.e., changes in one parameter inevitably
influence the others) [73]. Figure 1 (c) presents an example
where PolFusion [67] struggles to produce satisfying results.

In this work, to address the limitations of our preliminary
work PolFusion [67], we extend it into a unified complementary
fusion framework for robust polarimetric imaging, referred to as
PolFusion+. While PolFusion+ builds upon and redesigns the
overall architecture of PolFusion [67]—namely the polarization-
aware three-phase fusion scheme (irradiance restoration, po-
larization reconstruction, and artifact suppression) and the
degradation-oriented network tailored to this scheme—it in-

troduces several key improvements to the execution of each
fusion phase and the corresponding network modules. First,
in the irradiance restoration phase, to handle the issue of
saturation in the blurry snapshot, we propose to extract color
information not only from the blurry snapshot but also from
the noisy one, and accordingly adapt the network to rectify
degraded color features caused by saturation. Second, in the
polarization reconstruction phase, to ensure the accuracy of
the DoP and AoP, we go beyond treating them as independent
physical quantities; instead, we explicitly model their individual
characteristics and interrelationships to enable joint restoration,
which is further supported by the network design that facilitates
such interaction. As illustrated in Figure 1 (d), PolFusion+
achieves more visually compelling and physically accurate
results compared to PolFusion [67], showing its effectiveness
under more challenging real-world conditions. To summarize,
this work makes contributions by demonstrating:

e We extend our preliminary work PolFusion [67] into
a unified polarimetric imaging framework, PolFusion+,
which features a redesigned polarization-aware three-phase
fusion scheme and a degradation-oriented network tailored
to this scheme. Key improvements include:

e Improved irradiance restoration by extracting color infor-
mation not only from the blurry snapshot but also from
the noisy one, accompanied by network adaptations that
effectively mitigate saturation-induced degradation.

e Enhanced polarization reconstruction by jointly modeling
the individual characteristics and interdependencies of the
DoP and AoP, supported by dedicated network modules
that ensure physically faithful reconstruction.

Experimental results demonstrate that our PolFusion+ not
only achieves state-of-the-art performance on both synthetic and
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real data, but also effectively benefits downstream applications.

II. RELATED WORK
A. Polarimetric Imaging

Most existing polarimetric imaging methods focus on polar-
ized image demosaicing and super-resolution. Polarized image
demosaicing aims to address the mosaic artifacts introduced
by the color-polarization filter array (CPFA) used in DoFP
polarization cameras. Based on numerical optimization, early
methods [31], [33], [37], [42] incorporated handcrafted priors
to suppress mosaic artifacts. To achieve higher performance,
learning-based approaches have been explored, utilizing neural
networks [10], [32], [39], [53], [61] and dictionary learning
techniques [34], [52], [62]. Polarized image super-resolution
aims to perform resolution enhancement while preserving the
polarization properties. Hu et al. [16] designed a neural network
for super-resolving monochrome polarized images. Yu et al.
[59] extended this idea to color polarized images. Recently,
Zhou et al. [74] proposed a complementary polarized image
demosaicing and super-resolution framework. Despite their
effectiveness, these methods are not applicable to tasks such
as low-light enhancement or deblurring.

In addition, several polarimetric imaging methods have
been specifically developed for low-light enhancement and
deblurring. For low-light scenarios, IPLNet [15] and ColorPo-
larNet [56] employed residual dense blocks as the backbone
to process multiple polarized noisy images simultaneously.
Li et al. [28] introduced a realistic noise modeling approach
for low-light polarization data and built a powerful vision
Transformer-based network to effectively suppress noise. PLIE
[70] proposed a Stokes-domain enhancement strategy and a
dual-branch network to mitigate artifacts in the DoP and AoP.
For deblurring, PolDeblur [71] designed a divide-and-conquer
strategy and a two-stage neural network. However, due to the
inherent ill-posedness of the underlying tasks, these methods
often struggle to recover fine details.

There are also benchmark datasets tailored for polarimetric
imaging. For example, Hwang et al. [19] introduced Polar-
BurstSR, a dataset intended for developing and evaluating
burst-based super-resolution models; Jeon et al. [20] presented
both trichromatic and hyperspectral Stokes datasets covering
diverse indoor and outdoor scenes under different illumination
conditions. Although these datasets have substantially supported
research on polarimetric imaging, they do not align with the
objectives and settings of our task.

B. Fusing Noisy and Blurry Pairs

Compared to low-light enhancement [5], [65] and deblurring
[25], [48] methods that only take a single degenerated image
as the input, fusing a pair of noisy and blurry images generally
achieves higher performance and better generalization ability
by leveraging complementary information from both types of
data. Early approaches were primarily based on numerical
optimization. Yuan et al. [60] combined residual and gain-
controlled deconvolution to suppress ringing artifacts. Choi et
al. [6] designed a novel camera system capable of capturing
two blurry images and one noisy image in a single shot, and

proposed a motion-based fusion algorithm. Son and Park [47]
introduced a patch-based method for estimating the point spread
function (PSF) by extracting the structure information from
the noisy image, along with channel-dependent deblurring
method to reconstruct the blur-free image. Later, Son et al.
[46] proposed an iterative scheme that alternates between PSF
estimation and deconvolution, guided by the noisy observation.
Gu et al. [9] adopted a Gaussian mixture model to estimate
the underlying intensity distribution before fusion. However,
these optimization-based methods are very time-consuming,
which cannot meet the requirement of real-time fusing.
Recently, deep learning has also been applied to this problem.
They usually run much faster than optimization-based methods.
LSD2 [38] and LSFNet [4] introduced convolutional neural
networks to fuse image pairs in an end-to-end manner. SelfIR
[63] proposed a self-supervised learning strategy to restore
clean and sharp content. D2HNet [64] further improved image
quality through a two-phase design. However, since these
methods are developed for conventional images, they tend to
perform poorly on polarized snapshots due to their inability to
preserve the polarization properties during the fusion process.

C. Polarization-based Downstream Applications

Polarization-based algorithms have overcome the perfor-
mance limitations of conventional image-based approaches in
a wide range of downstream applications. Among the most
prominent are biomedical imaging and clinical diagnosis [11],
which rely on measuring the vectorial properties of light or
the transformations imparted by biological tissues. Due to
the distinctive polarimetric responses exhibited by transparent
objects, polarization has been extensively applied in robotics
for transparent object segmentation [22], [36]. In the field of
autonomous driving, it has been employed for tasks such as
road detection [27] and scene understanding [29]. Additionally,
polarization is widely used for stress analysis in birefringent
materials [50], as stress-induced changes in birefringence
directly affect the polarization state of transmitted light. Further-
more, since material defects often alter polarization properties,
polarization has also been adopted for defect detection and
analysis in industrial inspection scenarios [30], [58].

Another important application area of polarization is com-
puter vision. Since the polarization properties of light are
influenced by surface normals, textures, and material charac-
teristics of scene objects, polarization has been used to solve
a variety of 3D vision problems such as shape estimation [1],
[3], inverse rendering [7], and depth sensing [21], [49]. In
addition, because reflection and scattering alter the polarization
state of light, polarization information has been applied to
suppress reflection artifacts [26], [35], [57] and remove haze
from images [44], [69]. Due to the fact that the DoP values
of achromatic pixels are always achromatic regardless of the
illumination, polarization can facilitate color constancy [41].
Furthermore, the spatially variant light attenuation introduced
by polarizers can be utilized for high dynamic range imaging
[55], [66]. Since direct sunlight and ambient skylight possess
different polarization properties, polarization has also been
explored for shadow removal [72].
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III. BACKGROUND AND PROBLEM FORMULATION

In this section, we introduce the background in Section III-A,
and detail the problem formulation in Section III-B.

A. Background

When a linear polarizer with angle « is placed in front of a
camera, the captured polarized image I, can be modeled by
Malus’ law [13] as:

L, — %I-(l—p-cos(Q(a—G))), )

where I denotes the total intensity of the light, which can be
regarded as the unpolarized image (i.e., captured without the
polarizer), p € [0,1] and @ € [0, 7] represent the DoP and
AoP of the incoming light to the sensor, respectively. Here, we
assume a linear camera response function, which is commonly
adopted by polarization cameras. In addition, we focus solely
on linear polarization, as polarization cameras are typically
equipped with linear polarizers and do not account for circular
polarization.

Rewriting Equation (1) in polynomial form, I, becomes a
linear combination of three parameters Sg 1 o:

1 1 L.
I, = §So ) cos(2a) - Sy — 5 sin(2a) - Sz, @
where
So=1
S; =1-p-cos(20) 3

Sy =1-p-sin(26)
are the Stokes parameters [24] of the incoming light to the
sensor. Once Sy 1,2 become available, the DoP p and AoP 6
can be computed as:

\/S2 + 82
*71—’_ 2 and

S, 0= %arctan(:—j). )

Polarization-based downstream applications often rely on
accurate acquisition of the DoP p and AoP @ to provide
physical cues, necessitating the solution of Equation (2). As
this equation represents a linear system with three unknowns,
So,1,2, solving it requires at least three polarized images
captured at different polarizer angles. While one could use
a conventional camera and rotate the polarizer to capture
multiple shots, polarization cameras offer a more convenient
solution. This is because polarization cameras are able to
capture four polarized images I, , , , with different polarizer
angles o234 = 0°,45°,90°,135° in a single shot. These
four polarized images comprise a polarized snapshot Z, which
can be written as

=1 &)

By plugging the values of «; 234 into Equation (1),
Equation (2), and Equation (3), we can deduce that the Stokes
parameters Sq 12 can be directly calculated from I, , , ,:

Q1,2,3,4"

1
SO = *(Ial + IOéz + Ia3 + Ia4)

2
=1, +1,, =1, + 1, (6)
S1 =1, — 1,

SQ == IOL4 - IOL2

This makes the acquisition of the DoP p and AoP @ significantly
more efficient and practical.

B. Problem Formulation

As discussed in Section III-A, the analysis implicitly assumes
that the polarized snapshot Z is well-exposed. However,
due to the spatially variant light attenuation introduced by
polarizers, determining an appropriate exposure time in real-
world polarimetric imaging remains a challenging task. As
shown in Figure 1, a short exposure results in low SNR
and color distortion, while longer exposure improves SNR
but introduces motion blur and saturation. Here, following
Equation (5), we denote the short-exposed noisy and long-
exposed blurry polarized snapshots as

L=Ly ,,, and B=B @)

respectively. Substituting I,, , , , in Equation (6) with Ly, , , ,
and By, , , ,, we can obtain the noisy and blurry Stokes parame-
ters S§ ; o and S§ ; o, respectively. Similarly, the corresponding
degenerated DoP and AoP (denoted as p“ and 6%, p® and 6®)
can be computed by substituting Sg 1,2 in Equation (4) with
St.12 and S§ ; 5, respectively.

Our objective is to develop a framework for reconstructing
a well-exposed polarized snapshot Z that is clean, sharp, and
free from color distortion or saturation, thereby enabling high-
quality polarimetric imaging. Given that the short-exposed input
L tends to be sharp but noisy, while the long-exposed input
B is cleaner yet typically suffers from blur, a more promising
strategy is to fuse them in a complementary manner, rather than
relying solely on low-light enhancement of £ or deblurring of
B. Accordingly, the reconstruction process can be formulated
as a maximum a posteriori (MAP) estimation of the output Z
conditioned on the inputs £ and B, with a fusion function f
parameterized by W:

argmax f(Z|L, B, V).
v

x1,2,3,4)

®)

IV. POLARIZATION-AWARE THREE-PHASE FUSION
SCHEME

To solve the MAP problem defined in Equation (8), it is
essential to design an appropriate fusion scheme for the fusion
function f. Although numerous fusion methods have been
developed for conventional images [4], [38], [63], [64], they
are not directly applicable to polarized snapshots, as they
primarily focus on mitigating blur and noise while neglecting
the preservation of polarization properties. To address this issue,
we propose a polarization-aware fusion scheme, as illustrated
in Figure 2, which comprises three key phases: irradiance
restoration, polarization reconstruction, and artifact suppression.
These phases are introduced in detail in the following.

A. Irradiance Restoration

Since Sy physically represents the total intensity of the
light, it inherently contains polarization-unrelated irradiance
information that can serve as a valuable prior for guiding
subsequent polarization-aware processing. Moreover, as noted
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Fig. 2. Our polarization-aware fusion scheme consists of three phases: (a) irradiance restoration, aiming to restore the polarization-unrelated high-level
irradiance information of the scene by recovering the total intensity of the light; (b) polarization reconstruction, aiming to establish the physical correlation
among the polarized images by reconstructing the DoP and AoP in a Cartesian coordinate representation; (c) artifact suppression, aiming to suppress the
artifacts lying in the details by performing refinement in the image domain. In addition, (d) a toy example is provided to illustrate the Cartesian coordinate

representation of the DoP and AoP.

in [71], polarized and unpolarized images captured from the
same scene exhibit strong semantic similarity. This implies that
So, which is equivalent to the unpolarized image I, may share
similar high-level features with the corresponding polarized
snapshot Z. Leveraging these characteristics, we formulate the
first phase as irradiance restoration, which aims to restore the
polarization-unrelated high-level irradiance information of the
scene by recovering the total intensity of the light.

As illustrated in Figure 2 (a), the short-exposed polarized
snapshot £ tends to preserve sharper contours compared to
the long-exposed one B. Therefore, we choose to learn the
residual between S and S} instead of the residual between
S& and S}, Here, S}, denotes the recovered coarse value of Sg.
However, S5 often suffers from color distortion and significant
noise, which hampers effective feature extraction and leads to
incorrect global tone and indistinct local structures. Fortunately,
although SB is affected by motion blur, it retains reliable
color information thanks to the relatively high SNR of 5.
Additionally, SILQ provide valuable structural information, as
both represent the differences between pairs of polarized images
(see Equation (6)) and tend to highlight regions with high
gradients. Thus, we propose to incorporate both the color
information from SE and the structure information from S},
to perform color correction and structure retention on Sg,
respectively. In summary, this phase (denoted as f;) can be
described as:

b= f1(S§, 86,8t ) + St ©)

Compared to our preliminary work PolFusion [67], PolFu-
sion+ explicitly accounts for saturation in 5 and introduces a
more robust strategy that extracts color information not only

from B but also from L. This is motivated by the observation
that pixels saturated in B generally correspond to bright regions
of the scene. These regions remain unsaturated in £ while
maintaining sufficient intensity to ensure a good signal-to-noise
ratio, thereby reducing the impact of color distortion.

B. Polarization Reconstruction

Once the polarization-unrelated high-level irradiance infor-
mation is restored, the next step is to establish the physical
correlation among the polarized images. As indicated by
Equation (4) and Equation (6), this correlation is governed
by the DoP and AoP, given the irradiance of the scene.
Accordingly, we define the second phase as polarization
reconstruction, which aims to reconstruct the high-quality DoP
and AoP that faithfully preserves the polarization properties. To
achieve this, previous polarimetric imaging methods typically
perform indirect reconstruction by restoring the degraded
values in either the image domain [15], [28], [56], [71] or
the Stokes domain [70]. This strategy is mainly adopted
because the degradation patterns of the DoP and AoP are
generally more complex than those of the polarized images
or Stokes parameters, due to the inherent non-linearity in
their formulation (see Equation (4)). However, such indirect
approaches often increase the ill-posedness of the problem
and suffer from error accumulation, which in turn reduces the
overall effectiveness of the optimization.

Notably, we observe that by interpreting the DoP p as the
radial distance and twice the AoP 26 as the angular component
in a polar coordinate system, they together form a vector S
that lies within the unit circle, as illustrated in Figure 2 (d). By
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Fig. 3. Illustration of (a) the irradiance restoration network architecture, including the design details of (b) the CFR (color feature recticfication) and (c) CSCF

(color and structure cue fusion) modules.

converting the polar coordinates into Cartesian coordinates, we
obtain two components x and y, representing the projections of
S along the horizontal and vertical axes, respectively. We refer
to the pair {x,y} as the Cartesian coordinate representation
of the DoP and AoP, which can be computed as:

x = p-cos(20) and y = p -sin(20). (10)
Combining Equation (3) and Equation (10), we can derive the
following equation:

Si So

b'¢ and y =

:SO

S, (1)

which reveals that {x,y} can be interpreted as the normalized
S1,2, with the normalization performed by the total intensity of
the light Sg. This indicates that reconstructing {x,y} not only
mitigates error accumulation by maintaining a direct optimiza-
tion of the DoP and AoP, but also exhibits a comparable level
of ill-posedness to prior indirect reconstruction approaches
in polarimetric imaging [15], [28], [56], [71], as {x,y} keep
a linear relationship with the polarized images I, , ,, (see
Equation (6)).

As shown in Figure 2 (b), we propose to utilize S}, obtained
from the irradiance restoration phase, to perform an initial
estimation first:

Sk Sk
x'==L and y'= =2, (12)
So So

where {x',y'} denote the estimated coarse values of {x,y}.
Subsequently, we propose to refine {x', y'} by learning their
residuals with respect to the enhanced versions {x’,y’},
leveraging the irradiance information provided by S, along
with the additional guidance from {x2,y®}, which are defined
as:

SB SB

B 1 B 2

X' =—= and y° = —%. (13)
S‘S sg

In summary, this phase (denoted as f>) can be described as:

{X/v yl} = fQ({X[7 yt}7 SE)» {XB7yB}> + {Xt7 yt}' (14)

In our previous work PolFusion [67], x' and y' were treated
as two independent physical quantities. In contrast, PolFusion+
performs guided restoration in a joint manner, allowing both
their individual characteristics and interrelationships to be
fully exploited. This joint modeling significantly improves
the accuracy of the reconstructed DoP and AoP.

C. Artifact Suppression

With S}, and {x’,y’} available, the coarse values of the
polarized images (denoted as I’al’z 5..) can be computed
using Equation (10) and Equation (1). However, directly
adopting 1;1,2,3,4 as the final output is inadvisable, as their
quality remains suboptimal. This is primarily attributed to
the phase-wise decoupling: S§ and {x',y’} are estimated
independently in two separate phases, potentially resulting
in inconsistencies between the irradiance and polarization
information. Such inconsistencies often give rise to noticeable
artifacts, manifesting as unnatural intensity variations across
the image plane, which are particularly prominent in textureless
or homogeneous background regions.

To tackle this issue, as shown in Figure 2 (c), we explicitly
introduce a third phase, termed artifact suppression, which is
dedicated to performing detail refinement on 1;112‘3_4 in the
image domain to eliminate the artifacts caused by irradiance-
polarization inconsistencies. Instead of seeking guidance from
other physical quantities, we propose to directly learn the
residual between I, ,  and I, ,,, in a blind manner. This
design leverages the rich contextual information already present
in I/ while avoiding the increased computational cost

«1,2,3,47
associated with incorporating auxiliary inputs that offer limited
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Fig. 4. Illustration of (a) the polarization reconstruction network architecture, including the design details of (b) the EGFP (edge guided feature projection) and

(c) CAMA (coherence-aware mutual aggregation) modules.

performance gain. In summary, this phase (denoted as f3) can
be described as:

+1

@1,2,3,4°

= f3(Lh, 54) 15)

0‘1234

V. DEGRADATION-ORIENTED NEURAL NETWORK

To implement the polarization-aware three-phase fusion
scheme described in Section IV, we adopt an efficient learning-
based approach instead of relying on time-consuming numerical
optimization. Specifically, we design a neural network com-
posed of three dedicated sub-networks, each corresponding
to one of the three fusion phases. These sub-networks are
carefully designed to account for the underlying degradation
processes, thereby ensuring the overall fusion performance.
The architectures of these sub-networks are detailed in the
following.

A. Irradiance Restoration Network

Overall architecture. This sub-network aims to implement
the irradiance restoration phase (f71). According to Equation (9),
it is designed to take Sf, Sf, and S}, as input and output
Si. Specifically, as shown in Figure 3 (a), we first employ a
structure encoder Fg,. to extract multi-scale structure features
F1 5 3 from S%,Q. In parallel, a CFR (color feature recticfication)
module followed by a color encoder Fg,. is used to extract
the multi-scale color features Ff , 5 from both Sf and Sg.
Meanwhile, a feature encoder f-icfnc processes S§ to produce
base features, which are then fed into a modified autoencoder
[14] enhanced with a dense block [18] at the coarsest layer
to learn the residual between S§ and S}. To make full use of
the guidance provided by F{ , 5 and Fj , 5, we replace the
standard skip connections in the autoencoder with three CSCF
(color and structure cue fusion) modules at corresponding
scales, rather than injecting these features directly into the

downsampling part. All encoders (including F3,., Fg,., and
FE ) are designed to be convolutional layers.

CFR: color feature recticfication. The CFR module is
designed to rectify degraded color features caused by saturation.
As shown in Figure 3 (b), we first adopt a mask-based blending

strategy to produce an updated version of S§, denoted as S§:

Sy =S -M+Sj-(1-M), (16)
where M is a binary unsaturation mask defined as:
M(k) = 1 if S§(k) is unsaturated ’ (17

0 otherwise

with k denoting the pixel index. This operation ensures that
saturated regions in SE are replaced with their counterparts
from S, which typically retain more reliable color information.
After the mask-based blending, two bottleneck blocks [12],
denoted as Bp and By, are used to extract features from Sg’
and SY, respectively. An attention gate [40] G is then applied to
these features, followed by a convolutional layer C to produce
initial color features F°. This process can be formulated as:

¢ = CG(g(Fmaim Fgating))a

where Fngin and Fgyine are the main and gating signals for the
attention mechanism, obtained by:

(18)

Fmain = BB(S]S)

. (19)
Faing = Bu (SIOJ)

CSCEF: color and structure cue fusion. The CSCF module
is designed to mitigate issues related to incorrect global tone
and indistinct local structures in the feature space. Without loss
of generality, we illustrate the workflow of CSCF at the ¢-th
scale (¢ = 1,2, 3) in Figure 3 (c), where it takes Fi“ as input
and produces the output F$", guided by the corresponding
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color features F and structure features F3. First, we derive a
multiplier m; and a bias b; from F¢:

, 20
by — Co(Bu(FS)) e

where B, denotes a bottleneck block [12] for feature projection,
and C,,, C}p are two convolutional layers. These parameters
are used to apply an affine transformation to F1, effectively
adjusting the color to correct global tone:

F' =m, -F"+b,, (1)
where F! is the transformed feature. To further enhance local
structure clarity, we apply a deformable convolution layer [75]
D to adaptively align gradient details:

F' = D(F,, AP;, AM,), (22)
where AP; and AM; are the learned spatial offsets of sampling
points and modulation scalars, respectively, obtained from the
structure features:

{APi = Cp(B4(F}))

AM, = Cyr(BA(FD) @y

where B, is another bottleneck block and Cp, Cj; are
additional convolutional layers.

B. Polarization Reconstruction Network

Overall architecture. This sub-network aims to implement
the polarization reconstruction phase (f3). According to Equa-
tion (14), it is designed to take {x',y'}, S}, and {xB,yB} as
input and output {x’,y'}. Specifically, as shown in Figure 4
(a), we first employ an EGFP (edge guided feature projection)
module to project x' and xB, y' and y® into the feature space
separately, guided by Sf,. This yields their respective projected
features, F* and FY. Subsequently, a CAMA (coherence-aware
mutual aggregation) module is adopted to aggregate F* and
FY into their mutual features F*Y, which are then encoded
into multi-scale coherence volumes F§°}213 by a coherence

encoder F. Following this, a polarization encoder F
extracts features from {x',y'}, which are then processed by a
MSCI (multi-scale coherence injection) module to explicitly
inject the coherence information from F§°12‘3 into the residual
learning between {x',y'} and {x’, y’}. All encoders (including
FEh and Fo) are designed to be convolutional layers.
EGFP: edge guided feature projection. The EGFP module
is designed to explore the individual characteristics of the
horizontal and vertical axes of the Cartesian coordinate repre-
sentation. As shown in Figure 4 (b), it explicitly utilizes the fine-
grained edges extracted from S}, via edge detection &, together
with the unsaturation mask M (defined in Equation (17)) as
guidance. Since the acquisition processes for F* and FY are
analogous, we focus on the derivation of F* without loss of
generality. Specifically, we first use two bottleneck blocks [12],
denoted as B; and Bs, to process the concatenated inputs:
B; takes CAT(x',xB M), while By takes CAT(x',&(S})),
yielding the main and gating signals for the subsequent attention

¥ Merged Refined
g dual-group dual-group
S features features
@

g
S
g Attention
£ | Feature U-Net
0 | merger backbone

Fig. 5. Illustration of the artifact suppression network architecture.

mechanism. An attention gate [40] G, is then adopted to
produce F*, formulated as:

F* = G.(B;(CAT(x', x®,M)), Bo(CAT(x', £(S}))). (24)

CAMA: coherence-aware mutual aggregation. The CAMA
module is designed to capture the interrelationships between F*
and FY. As shown in Figure 4 (c), the module begins by inde-
pendently processing F* and F?Y through two bottleneck blocks
[12], which enhance their respective feature representations.
The enhanced features are then concatenated and fused via a
convolutional layer to produce Z; € RVXC*HxW '\where N,
C, H, and W denote the batch size, number of channels, height,
and width, respectively. The resulting Z; serves as an initial
estimation of the mutual features F*Y. Inspired by CBAM [54],
which effectively models feature interrelationships, we propose
to learn a channel attention vector Ay, € RVXCX1x1 and a
spatial attention vector Ay, € RV*IXHXW yging a channel
gate Cj, and spatial gate S, respectively. These attention maps
are utilized sequentially to recalibrate Z; as follows:

FY=Agp Zy=Ag- (A Z1). (25)
Specifically, A, and Ay, are obtained as:
Ay = Ch(Zl) = Sigmoid(MLPl(Psp(Zl))) 26)
Ay, = S,(Zs) = Sigmoid(MLP2(Pen(Z2))) '

where MLP; and MLP» denotes two different multi-layer percep-
trons, P, and P, represent global average pooling operations
along the spatial and channel dimensions, respectively.
MSCI: multi-scale coherence injection. As shown in
Figure 4 (a), the MSCI module functions as a backbone
component that explicitly injects the multi-scale coherence
volumes F§° 5 into the restoration process of {x’,y’}. To
enlarge receptive field and include long-range association, we
adopt Transformer blocks [8] with cross-attention layers as the
core building units. To fully leverage the guidance provided by
F‘i‘_’gyg, we design the complete information flow following the
paradigm of autoencoder [14], enabling hierarchical feature
encoding and decoding for effective multi-scale processing.

C. Artifact Suppression Network

This sub-network aims to implement the artifact suppression
phase (f3). According to Equation (15), it is designed to

take I, , ., as input and output I, ,,,. Specifically, as
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TABLE I
QUANTITATIVE COMPARISONS ON SYNTHETIC DATA. THE COMPARISONS INVOLVE OUR POLFUSION+, OUR PRELIMINARY WORK POLFUSION [67], TWO
STATE-OF-THE-ART POLARIMETRIC IMAGING APPROACHES (PLIE [70] FOR LOW-LIGHT ENHANCEMENT AND POLDEBLUR [71] FOR DEBLURRING) AND
THEIR CORRESPONDING MODIFIED VERSIONS (PLIE_M AND POLDEBLUR_M), FOUR STATE-OF-THE-ART FUSION METHODS DEVELOPED FOR
CONVENTIONAL IMAGES (LSD2 [38], LSFNET [4], SELFIR [63], AND D2HNET [64]). THROUGHOUT THIS PAPER, WE USE THE RED (BLUE) TEXT TO
HIGHLIGHT THE BEST (SECOND-BEST) RESULTS.

PSNR (DoP p) SSIM (DoP p) PSNR (AoP 0)

SSIM (AoP €) PSNR (total intensity Sg)  SSIM (total intensity Sg)

PolFusion+ 29.59 0.825 17.12 0.407 40.47 0.986
PolFusion [67] 28.94 0.793 17.07 0.402 39.82 0.985
PLIE [70] 27.92 0.807 16.99 0.397 39.35 0.983
PolDeblur [71] 25.28 0.671 15.28 0.266 23.45 0.795
PLIE_m 27.40 0.794 16.39 0.368 40.13 0.984
PolDeblur_m 24.49 0.780 16.89 0.401 40.42 0.979
LSD2 [38] 25.61 0.655 13.98 0.268 26.10 0916
LSFNet [4] 26.43 0.722 16.16 0.319 28.71 0.897
SelfIR [63] 21.33 0.749 16.40 0.374 36.02 0.935
D2HNet [64] 23.32 0.663 15.20 0.255 24.35 0.791
shown in Figure 5, we begin by dividing I/, L2, INtO two  where Az 45 are set to 1.0, 0.5, and 1.0, respectively. Here, Ly

groups: I, and If, . This division is based on Equation (6),
that each group contains the complete irradiance information
(Sp) and contains one distinct component of the polarization
properties (S; and S5). We then apply two bottleneck blocks
[12] to extract features from I/, ., and I, ».4» Tespectively. These
features are subsequently merged using a feature merger Fper,
which consists of a residual block [12] followed by a squeeze-
and-excitation block [17], yielding the merged dual-group
features F,,. After that, we employ an attention U-Net [40] U/
to perform pixel-wise detail refinement on Fy,g, producing the
refined dual-group features Fy¢, which can be formulated as:

Fir= U(Fmg) = u(}—mer(B{h (I/ )’ Bgz (1;2)4)))7 27

1,3
where B, and By, denote the bottleneck blocks corresponding
to each group. Finally, two convolutional layers are applied to
decode F¢ into the residuals corresponding to each group.

VI. IMPLEMENTATION DETAILS
A. Loss Function

To optimize our degradation-oriented neural network, we
design three loss functions corresponding to the three sub-
networks fq o 3: the irradiance loss Ly, , the polarization loss
Ly,, and the refinement loss L y,. Each of these losses will be
described in detail in the following.

Irradiance loss. The irradiance loss Ly, is defined as:

Ly, = ML1(Sh, S§) + A2 Lperc (S5, S5), (28)

where A; o are set to 10.0 and 0.05, respectively. Here, L
denotes the ¢y loss, and Ly represents the perceptual loss.
Throughout this paper, the subscript “gt” indicates the ground
truth. The perceptual loss is defined as:

Lpere (S5, S8) = La(6n(Sh), 61(S5)), (29)

where Lo denotes the /5 loss, and ¢ is the feature map
extracted from the h-th layer of a VGG-19 network [45]
pretrained on ImageNet [43]. In our implementation, features
from the VGG3, 3 convolutional layer are used.
Polarization loss. The polarization loss Ly, is defined as:

sz = /\3L1({x’,y’}, {th7ygt}) + )\4Lw({x’,y’})

30
+ASRl({leyl}a{Xglaygl})? ( )

denotes the total variation loss, and R; stands for a polarization-
based regularization term, which is defined as:

Ra({xy'} {x#,y#}) = La(x - y*, 5" - x*).
Refinement loss. The refinement loss Ly, is defined as:

Ly, = )‘GLI(IQ1,2,3,47Ig1,2,3,4) + )\7R2(Ia112,3_’4)
+ )\8R3(I I&

a1,2,3,4) a1,2,3,4)’

3D

(32)

where \g 7 s are set to 10.0 and 100.0, and 1000.0, respec-
tively. Here, Ry 3 stand for another two polarization-based
regularization terms, which are defined as:

R2(1a1,2,3,4) = LQ(IOél + IOA371042 + Ia4) and
R3(Ia1,2,3,47 12172,3‘4) = LQ(I(M - Iaza I(gxts - I}(;th)
+ LZ(Ias - IOé1 ) I%i; - IP&:)»
(33)

respectively.

B. Dataset Preparation

Since public polarization datasets (such as [19], [20]) cannot
fit our specific setting, and existing fusion methods [4], [38],
[63], [64] provide only images without polarization information,
we construct a synthetic dataset tailored to our task. The
generation process consists of the following steps:

(1) We use the PLIE dataset [70] as the data source. It provides
short-exposed noisy polarized snapshots, serving as L,
and their corresponding high-quality reference snapshots,
serving as 7.

(2) We adopt the method from [71] to synthesize polarized
snapshots affected by motion blur, denoted as Biemp.
During this process, we introduce impulsive variations in
the motion trajectories [2], [68] to generate more severe
and diverse motion blur patterns.

(3) To simulate saturation, we adjust the exposure of Biemp
using the technique proposed in [66], thereby producing
B. Note that our preliminary work PolFusion [67] does
not involve this step and directly treat Biepmp as B.

(4) We perform brightness alignment of both £ and B to
match the reference image 7.



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

Reference

Noisy input

Blurry input
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PLIE m PoIDequr m
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Fig. 6. Qualitative comparisons on synthetic data. See the caption of Table I for explanation.

The training and test splits follow the original partition of the
PLIE dataset [70]. For each scene in the training (test) set, we
randomly generate 3 (10) different camera shake trajectories.
To further increase the diversity of the training data, we apply
standard augmentation techniques such as flipping and rotation,
resulting in a total of 7500 training images and 300 test images.
Note that data augmentation is applied only during training.
All images are resized and randomly cropped to 256 x 256
pixels for training and 512 x 512 pixels for testing.

C. Training Strategy

We implement our PolFusion+ model using PyTorch and
train it on two NVIDIA RTX 4090 GPUs, following a two-
stage training strategy. In the first stage, to ensure stable
initialization, we independently train the irradiance restoration

PolFusion+

10

PLIE PolDeblur

PolFusion

SelfIR D2HNet

Total intensity

and polarization reconstruction phases for 300 epochs, using
learning rates of 0.01 and 0.0001, respectively. In the second
stage, we jointly train all three phases for an additional 300
epochs with a unified learning rate of 0.0001. During this joint
training, the loss terms L f1.2.5 Q€ weighted by 5.0, 10.0, and
10.0, respectively.

For optimization, we use the Adam optimizer [23] with
parameters 51 = 0.5 and B2 = 0.999. To introduce non-
linearity, each convolutional layer in the network is followed
by an instance normalization layer [51] and a ReLU activation
function.
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Noisy input Blurry input Reference PolFusion+ PolFusion PLIE PolDeblur
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Fig. 7. Qualitative comparisons on real data. See the caption of Table I for explanation.
VII. EXPERIMENTS and D2HNet [64].
A. Evaluation on Synthetic Data All comparison methods are retrained on our dataset (see

Section VI-B) to ensure a fair evaluation. Following our
preliminary work [67], we assess not only the quality of the
DoP p and AoP 0, but also the total intensity Sy.

To quantitatively evaluate the results, we adopt two widely
used metrics: PSNR and SSIM. The results are reported
in Table I, where our PolFusion+ consistently outperforms
all compared methods across both metrics. Visual quality
comparisons are provided in Figure 6%, with zoom-in regions
selected for detailed analysis. For the DoP p and AoP 8, our
preliminary work PolFusion [67] exhibits noticeable cluster-
like artifacts on the right side, while our PolFusion+ produces
cleaner and sharper edges, thanks to its polarization-aware

To evaluate the performance of our PolFusion+, we compare
it against the following methods:

(1) Our preliminary work, PolFusion [67].

(2) Two state-of-the-art polarimetric imaging approaches:
PLIE [70] for low-light enhancement, and PolDeblur [71]
for deblurring.

(3) Modified versions of PLIE [70] and PolDeblur [71],
denoted as PLIE_m and PolDeblur_m, respectively. These
variants are adapted to fuse a noisy and blurry pair of
polarized snapshots by introducing minor modifications
to their original input structures.

(4) Four state-of-the-art fusion methods developed for con-
ventional images: LSD2 [38], LSFNet [4], SelfIR [63], 2 Additional results can be found in the supplementary material.
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TABLE II
QUANTITATIVE EVALUATION RESULTS OF ABLATION STUDY.

PSNR (DoP p)  SSIM (DoP p)

PSNR (AoP 6)

SSIM (AoP 8) PSNR (total intensity Sg)  SSIM (total intensity Sg)

End2end 25.98 0.802 16.87 0.405 39.87 0.984
Phasel from PolFusion 29.39 0.817 17.05 0.402 39.62 0.982
SelfIR [63] as Phasel 29.16 0.794 16.95 0.379 39.03 0.984
Phase2 from PolFusion 29.25 0.802 17.09 0.406 40.45 0.985
W/o Phase3 29.37 0.814 17.01 0.394 40.22 0.983
W/o Cartesian 29.24 0.805 16.97 0.391 38.99 0.985
W/o R3 29.42 0.819 17.11 0.399 40.42 0.985
Complete PolFusion+ 29.59 0.825 17.12 0.407 40.47 0.986
Noisy input Blurry input  PolFusion result PolFusion+result  Fjgure 73, with zoom-in regions selected for detailed analysis.

Before

Reflection
—
removal

After

Fig. 8. Results of reflection removal (using RSP [35]). Please zoom-in for
better details.

complementary fusion and explicit handling of saturation.
In contrast, PLIE [70] suffers from zigzag artifacts on the
left side, and PolDeblur [71] fails to fully eliminate blur.
Their modified versions (PLIE_m and PolDeblur_m) yield
improved results but still fall short compared to PolFusion+.
Meanwhile, fusion methods developed for conventional images
such as LSD2 [38], LSFNet [4], SelfIR [63], and D2HNet [64]
produce less reliable outputs due to their lack of polarization
awareness. Regarding the total intensity Sy, results from both
PolFusion+, PolFusion [67], PLIE_m, PolDeblur_m, and SelfIR
[63] closely resemble the reference. In contrast, PLIE [70]
produces darker global tone, PolDeblur [71], LSD2 [38], and
D2HNet [64] fail to remove blur effectively, and LSFNet [4]
exhibits ringing artifacts. These results collectively demonstrate
that our PolFusion+ not only restores superior polarimetric
parameters (p and 0), but also ensures the fidelity of the total
intensity S.

B. Evaluation on Real Data and Downstream Application

To assess the generalization capability, we collect several
pairs of noisy and blurry polarized snapshots across diverse
real-world scenes using a Lucid Vision Phoenix polarization
camera. Here, for reference acquisition, the camera is mounted
on a tripod to avoid motion blur, and the exposure time is
carefully adjusted to obtain well-exposed polarized snapshots
without saturation. Visual quality comparisons are presented in

For the DoP p, our preliminary work PolFusion [67] introduces
noise-like artifacts between the two characters “t”, whereas our
PolFusion+ eliminates these artifacts. Other compared methods
suffer from either zigzag distortions or noticeable blur. For
the AoP 6, PolFusion [67] produces cluster-like artifacts at
the bottom of the character “B,” while the result from our
PolFusion+ closely aligns with the reference. In contrast, the
other methods exhibit varying degrees of ringing artifacts. As
for the total intensity Sy, our PolFusion+ achieves the most
faithful global tone compared to the reference. These results
demonstrate that PolFusion+ performs effectively on real-world
data, not only in recovering the polarimetric parameters (p and
0) but also in preserving the total intensity Sg, highlighting
its strong generalization capability.

To demonstrate the practical benefits of our PolFusion+
in polarization-based downstream applications, we select a
representative task in computer vision: reflection removal.
Specifically, we adopt the reflection removal method RSP [35]
and evaluate its performance when applied to four different
inputs: the short-exposed noisy polarized snapshot, the long-
exposed blurry polarized snapshot, the fused result from
our preliminary method PolFusion [67], and the fused result
produced by PolFusion+. Each input is independently processed
by RSP, and the corresponding results before and after reflection
removal are shown in Figure 8. As illustrated, the image
restored from PolFusion+ result exhibits finer textures and
significantly fewer reflection artifacts than those obtained from
the noisy or blurry inputs. In contrast, the result from PolFusion
[67] suffers from intensified artifacts after reflection removal,
further highlighting the superiority of our PolFusion+.

C. Ablation Study

To validate the effectiveness of our overall design as well as
the improvements over our preliminary work PolFusion [67],
we conduct a series of ablation studies summarized as follows:

(1) End2end: Train the entire network in an end-to-end manner
(to evaluate the benefit of our polarization-aware three-
phase fusion strategy).

(2) Phasel from PolFusion: Replace Phasel with that in our
previous work PolFusion [67] (to assess the improvements
introduced in the module designs of Phasel).

(3) SelfIR [63] as Phasel: Replace Phasel with SelfIR [63],
a strong fusion method for conventional images that

3Please see the supplementary material for additional results.
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outperforms other similar methods [4], [63], [64] in Sg
restoration (to highlight the advantage of leveraging S 2
as guidance in Phasel).
Phase2 from PolFusion: Replace Phase2 with that in our
previous work PolFusion [67] (to verify the effectiveness
of our redesigned Phase2, particularly its ability to jointly
model the individual characteristics and interdependencies
of DoP and AoP, which is crucial for improving physical
validity).

(5) W/o Phase3: Remove Phase3 (to examine the necessity
of detail refinement for artifact suppression).

(6) W/o Cartesian: Directly reconstruct the DoP and AoP
in Phase2 (to demonstrate the advantage of using the
Cartesian coordinate representation).

(7) W/o R3: Remove R3 from the refinement loss Ly, (to
show the contribution of this additional loss term).

“)

Quantitative comparisons are presented in Table II, which
confirm that each proposed component contributes to the final
performance, and the full model achieves the best overall
results.

D. Computational Complexity Analysis

To quantitatively evaluate the computational complexity of
our method, we report the number of parameters, FLOPs, and
inference time for different methods using a single NVIDIA
RTX 4090 GPU. The results are summarized in Table III.
The input image size is set to 512 x 512 pixels with 3 color
channels, and the inference time is measured as the average
time required to reconstruct a single scene over all 300 test
scenes. For conventional image fusion methods (LSD2 [38],
LSFNet [4], SelfIR [63], and D2HNet [64]) that are not
designed to process multiple polarized images simultaneously,
we report the total time required to process all four polarized
snapshots as the effective inference time. As shown in the table,
our PolFusion+ exhibits moderate computational complexity,
with fewer parameters and lower FLOPs compared to our
preliminary method PolFusion [67], thanks to the redesigned
network modules. The inference speed demonstrates that
PolFusion+ is capable of real-time polarimetric imaging. To
further improve efficiency, potential simplification strategies
include structured pruning of redundant convolutional filters or
channel-wise quantization of feature maps, which have been
widely used in deep learning-based image reconstruction to
reduce computational load with minimal accuracy loss.

VIII. CONCLUSION

We propose PolFusion+, a unified complementary fusion
framework for robust polarimetric imaging. Building upon
and redesigning the polarization-aware three-phase fusion
scheme and the degradation-oriented network of the preliminary
work PolFusion [67], PolFusion+ introduces several key
improvements to the execution of each fusion phase and the
corresponding network modules. These improvements enable
PolFusion+ to effectively handle saturation by extracting color
information from both blurry and noisy polarized snapshots,
and to ensure the accuracy of the DoP and AoP by explicitly
modeling their individual characteristics and interrelationships.

TABLE 111
QUANTITATIVE EVALUATION RESULTS OF COMPUTATIONAL COMPLEXITY.
SEE THE CAPTION OF TABLE I FOR EXPLANATION. INPUT IMAGES ARE
512 x 512 PIXELS WITH 3 COLOR CHANNELS, AND INFERENCE TIME
REPRESENTS THE AVERAGE TIME TO RECONSTRUCT A SINGLE SCENE.

Number of parameters FLOPs Inference time
PolFusion+ 472 M 337.24 G 0.021 s
PolFusion [67] 11.01 M 507.31 G 0.022 s
PLIE [70] 1.50 M 45394 G 0.016 s
PolDeblur [71] 314 M 360.20 G 0.015 s
PLIE_m 1.64 M 473.79 G 0.018 s
PolDeblur_m 330 M 381.82 G 0.016 s
LSD2 [38] 31.03 M 44644 G 0.262 s
LSFNet [4] 8.38 M 75.80 G 0.112 s
SelfIR [63] 1.08 M 106.31 G 0.083 s
D2HNet [64] 68.13 M 619.49 G 0.416 s

Experimental results demonstrate that our PolFusion+ not only
achieves state-of-the-art performance on both synthetic and
real data, but also effectively benefits downstream applications.

Limitations. Since our PolFusion+ is specifically designed
to reconstruct a single high-quality polarized snapshot from a
degraded pair of noisy and blurry polarized inputs, it is not
applicable to polarized video reconstruction. In addition, it
cannot be used to fuse conventional RGB images, as the first
phase of our PolFusion+ relies on the availability of Stokes
parameters, which are not accessible in standard RGB settings.
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Supplementary Material:
Towards a Unified Complementary Fusion
Framework for Robust Polarimetric Imaging

Chu Zhou*, Yixing Liu, Minggui Teng, Chao Xu, Boxin Shi*

IX. FAILURE CASE ANALYSIS

Although PolFusion+ performs robustly across diverse
scenarios, certain challenging conditions can still lead to
noticeable failures. As shown in Figure 9, the left zoom-in
region suffers from fast non-rigid motion accompanied by
severe color bleeding, where the white and blue parts become
heavily blended. In such cases, the long-exposure snapshot,
which is normally expected to provide relatively reliable color
information, becomes overly degraded. Although the short-
exposure snapshot still provides structurally accurate edges,
the strongly degraded color information in the long exposure
limits the fidelity of the recovered DoP. In contrast, the right
zoom-in region contains extremely dark materials, where both
the short- and long-exposed inputs exhibit very low intensity.
Under such conditions, the Stokes parameters become strongly
noise-dominated, causing unstable estimation of both DoP and
AoP. This issue stems from inherent signal limitations rather
than the fusion strategy itself.

Possible remedies. For degradation caused by fast non-rigid
motion, one potential remedy is to incorporate lightweight
motion-aware consistency constraints that mitigate color bleed-
ing without relying on explicit optical-flow estimation. For
degradation in extremely low-intensity regions, a practical
solution is to introduce noise-aware regularization or integrate
a physics-based denoising prior to stabilize the estimation under
near-zero illumination. These strategies are orthogonal to our
fusion framework and could be incorporated in future work
without altering its core design.

X. CROSS-DEVICE AND CROSS-SCENE GENERALIZATION

To further demonstrate the cross-device and cross-scene
generalization capability of our PolFusion+, we provide an
outdoor scene captured using a FLIR BFS-U3-51S5PC-C
polarization camera, as shown in Figure 10. This camera
model was entirely unseen during training and differs from our

* Corresponding authors: zhou_chu@hotmail.com and shiboxin@pku.edu.cn

Chu Zhou and Imari Sato are with the Digital Content and Media Sciences
Research Division, National Institute of Informatics, Tokyo 101-8430, Japan.

Yixing Liu, Minggui Teng, and Boxin Shi are with the State Key Laboratory
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University, Beijing 100080, China, and also with the National Engineering
Research Center of Visual Technology, School of Computer Science, Peking
University, Beijing 100080, China.

Chao Xu is with the National Key Laboratory of General Artificial
Intelligence, School of Intelligence Science and Technology, Peking University,
Beijing 100080, China.

, Senior Member, IEEE and Imari Sato, Member, IEEE
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Fig. 9. A failure example of our PolFusion+, illustrating two representative
challenging scenarios: (1) fast non-rigid motion with severe color bleeding
(left zoom-in), and (2) extremely low-intensity regions (right zoom-in). Both
conditions result in inaccurate DoP and AoP reconstruction.

synthetic training data not only in sensor characteristics but also
in scene type, since the synthetic dataset is largely composed
of indoor scenes captured using a Lucid Vision Phoenix
polarization camera. Despite these substantial differences,
PolFusion+ consistently outperforms all compared methods,
including our preliminary work PolFusion [7], two state-of-
the-art polarimetric imaging approaches (PLIE [8] for low-
light enhancement and PolDeblur [9] for deblurring) and their
corresponding modified versions (PLIE_m and PolDeblur_m),
four state-of-the-art fusion methods developed for conventional
images (LSD2 [3], LSFNet [1], SelfIR [5], and D2HNet [6])
in reconstructing the DoP and AoP.

The generalization capability of PolFusion+ mainly stems
from two aspects: (1) Physics-grounded modeling: all recon-
struction stages are based on polarimetric imaging principles,
which hold for all linear-response polarization cameras, thereby
reducing reliance on device-specific appearance statistics.
(2) Degradation-oriented design: rather than learning scene-
specific textures, the network focuses on universal degradations,
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Fig. 10. Visual quality comparisons on an outdoor scene captured using a FLIR BFS-U3-51S5PC-C polarimetric camera, demonstrating the cross-device and

cross-scene generalization capability of our PolFusion+.

producing representations that naturally transfer across different
environments. Together, these factors enable robust performance
across unseen devices and scenes.

XI. ADDITIONAL RESULTS OF DOWNSTREAM APPLICATION

In addition to the reflection removal results presented in
the main paper using RSP [2], we further provide additional
reflection removal results using a recent state-of-the-art ap-
proach, PolarFree [4]. As shown in Figure 11, the outcomes
are consistent with those reported in the main paper.

XII. ADDITIONAL RESULTS ON SYNTHETIC DATA

In this section, we provide additional visual quality compar-
isons on synthetic data, as shown in Figure 12, Figure 13,

and Figure 14, corresponding to Footnote 2 of the paper.
The comparisons involve our PolFusion+, our preliminary
work PolFusion [7], two state-of-the-art polarimetric imaging
approaches (PLIE [8] for low-light enhancement and PolDeblur
[9] for deblurring) and their corresponding modified versions
(PLIE_m and PolDeblur_m), four state-of-the-art fusion meth-
ods developed for conventional images (LSD2 [3], LSFNet [1],
SelfIR [5], and D2HNet [6]).

XIII. ADDITIONAL RESULTS ON REAL DATA

In this section, we provide additional visual quality com-
parisons on real data, as shown in Figure 15, Figure 16,
and Figure 17, corresponding to Footnote 3 of the paper.
The comparisons involve our PolFusion+, our preliminary
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Fig. 11. Additional results of reflection removal (using PolarFree [4]). Please
zoom-in for better details.

work PolFusion [7], two state-of-the-art polarimetric imaging
approaches (PLIE [8] for low-light enhancement and PolDeblur
[9] for deblurring) and their corresponding modified versions
(PLIE_m and PolDeblur_m), four state-of-the-art fusion meth-
ods developed for conventional images (LSD2 [3], LSFNet [1],
SelfIR [5], and D2HNet [6]).
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Fig. 12. Additional visual quality comparisons on synthetic data (partl).
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Fig. 13. Additional visual quality comparisons on synthetic data (part2).
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Fig. 14. Additional visual quality comparisons on synthetic data (part3).
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Fig. 15. Additional visual quality comparisons on real data (partl).
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Fig. 16. Additional visual quality comparisons on real data (part2).
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Fig. 17. Additional visual quality comparisons on real data (part3).
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